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ABSTRACT

In production facilities, most of the end product is processed on a set of machines to
be formed. Increase in diversity of the product raises the scheduling problem on a work
shop environment for processing the multiple jobs on a set of machines. In this study, we
examine the flowshop scheduling problem with sequence dependent setup times (FS-
SDST). In regular flowshop problems, the setup time of the jobs or the machines are
considered as negligible or independent from the sequence of the jobs. However, in many
applications, some setup operations such as cleaning, changing or adjusting the machine
tools are required for the machine before processing the following job in the sequence. In
the thesis, we study two FS-SDST problems: F|sj, prmulCrnax and  Fs,
prmuly (Cj+Energy;) . In the F|si, prmu|Cpnax problem, we aim to schedule the jobs to be
processed on the machines when the objective is to minimize the maximum completion
time which is called makespan. In the F|sj, prmu|d (Cj+Energy;) problem, we study
energy-aware FS-SDST problem, in which the aim is to schedule the jobs to be processed
on all machines. However, in the F|siy, prmu|) (Cj+Energy;) problem the objective is to
minimize both the total completion time and the total energy consumption.

We propose a Variable Neighborhood Search (VNS) algorithm for these two FS-
SDST problems. We examine the performance of the VNS algorithm by using the well-
known benchmark set and compare our results with the most powerful metaheuristics from
the literature, when the objective is to minimize the makespan. Since the Fs;,
prmul|Y (Cj+Energy;) problem is studied for the first time in the literature, we generate data
set for the energy-related parameters. Then, we compare the results with a well-known
NEH constructive heuristic. This comparison indicates how we improve the NEH solutions
by proposed VNS algorithm. We conclude that the proposed algorithm is a robust
algorithm for an FS-SDST problem for these two different objectives and we analyze the

strengths and weaknesses of the proposed VNS algorithm.



OZETCE

Uretim tesislerinde ¢ogu iiriinler farkli makineler tarafindan islendikten sonra son
halini alirlar. Uriinlerdeki cesitliligin artmasi ile birlikte islerin makinelerdeki islenme
sirasini belirlemek i¢in degisik atdlye tiplerinde ¢izelgeleme problemi 6n plana ¢ikmistir.
Bu calismada siraya bagli hazirlik siireleri de géz Oniine alinarak akis tipi gizelgeleme
(ATC) problemi incelenmistir. Geleneksel ATC problemlerinde, islerin veya makinelerin
bir sonraki operasyon i¢in hazirlanma siireleri ihmal edilmistir veya is siralamasindan
bagimsiz olarak ele alinmistir. Ancak, ¢cogu uygulamalarda, makinenin bir sonraki isi
islemeden 6nce, makinenin temizlenmesi, makine parcalarinin degisimi veya ayarlanmasi
gibi hazirliklarin yapilmasi gerekmektedir. Bu tezde, siraya bagli hazirlik siireleri de goz
oniine alinarak farkli amag fonksiyonlar1 olan iki ATC problemi c¢ahsilmistir. ilk
problemde amag¢ tiim islerin islenme sirasini, maksimum tamamlanma zamanini en
kiigiikleyecek sekilde belirlemektir. ikinci problemde siraya bagl hazirlik siirelerine ek
olarak enerji tiiketiminin de goz Oniine alindigi akis tipi ¢izelgeleme (ATC) problemi
calisilmistir. Bu problemde amag tiim iglerin islenme sirasini, toplam tamamlanma zamani
ve toplam harcanan enerjiyi kiigiikleyecek seklide belirlemektir.

Incelenen ATC problemleri icin degisken komsuluklu arama (DKA) algoritmasi
onerilmistir. Bu algoritmanin performansi, ilk problem i¢in, yazinda bulunan diger gii¢lii
sezgisel algoritmalarla Karsilastirilmustir. Ikinci problem yazinda ilk defa ¢alisildigr igin
DKA’nin performansi, NEH ¢6ziim kurucu sezgisel algoritma ile kiyaslanmistir. Bu
karsilastirma ile DKA’nin, NEH algoritmasiyla olusturulan ¢oziimii ne kadar gelistirdigi
gosterilmistir. Sonug olarak, siraya bagli hazirlik siireli ATC problemi igin 6nerilen DKA
algoritmasinin, farkli amag fonksiyonlariyla uyumu gézlenmistir. Buna ek olarak DKA’nin

karsilastirilan diger sezgisel yontemlere gore giiglii ve zayif yonleri analiz edilmistir.
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

In the manufacturing plants, many products pass through a series of operations to
reach the end users. Using the same set of machines for processing different jobs may lead
to idle times for the machines, or increase the need for inventory between stations or end
products. To process varied products in the shop environment, manufacturers use
scheduling models to plan production. With controlling the flow of the jobs, companies can
shorten the delivery times, reduce in-process inventory or even decrease the energy
consumption during the operations, which increases the resource utilization and decrease
the cost of company.

In flowshop scheduling, each job is processed on a set of machines in series. The
machine sequence is important for the jobs, since the output of one of the machine will be
the input for the following machines. Each job follows the same order of machines, but the
operations differ from type of the jobs. For instance, one of the machines can be a painting
machine in the shop environment and according to the job, the machine paints the product
in a different color. In regular flowshop scheduling problems, the preparation time of the
machines for the following job in the sequence are considered as negligible or independent
from the sequence of the jobs. However, in many applications, ignoring setup times may
increase the operational costs. Hence, the researchers have studied flowshop scheduling
with sequence dependent setup times (FS-SDST) for many years. Setup operations for the
machine before processing the following job in the sequence may include cleaning,
changing or adjusting the machine tools, positioning work in process material, setting the

required jigs, heat treatment or changing the color for painting. Considering setup times
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leads to significant savings such as increase in production speed, faster changeovers,
smoother flow and hence, reduces the operational costs. Figure 1.1 illustrates the schematic
view of the FS-SDST problem.

Jobs Machines
ON_

@@@@—» n-»{'} >000-> " >
/_ N b

Figure 1.1 Flowshop scheduling problem with sequence dependent setup times

In recent years, sustainable production planning has also been attracted attention by
the researchers for scheduling problems. The reason of the energy-saving practices is
increase in energy consumption globally with rise in population. Government regulations
and global competition force the manufacturers pay attention to the energy-aware
scheduling. Adopting the sustainability practices has benefits for environmental and
economic aspects.

In this thesis, we examine two FS-SDST problems with different objective
functions. In the first problem, each job is characterized with a processing time on each
machine and setup times according to the predecessor and successor jobs. We aim to
schedule the jobs to be processed on all machines when the objective is to minimize the
makespan. This problem is denoted in the literature by F|si;, prmu|Cmax with the three-field
notation (Pinedo, 2002). In this thesis, we also use this notation for our first problem. In the
second problem, we study energy-aware FS-SDST problem. In manufacturing plants, it is
observed that some of the machines are standing idle for a long time and the energy
consumption of these machines may be significantly high. Hence, we use the strategy that
when the machine is kept idle for a long time, instead of keeping the machine idle, turning

off and on the machine can consume lower energy. Hence, for the second problem, we
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consider additional characteristics for the machines. All machines consume energy during
processing a part, idle periods, turning off/on the machine and setup operations. While
considering the energy consumption, we desire to minimize the completion time of the
jobs. When the energy consumption is considered in the scheduling problem in addition to
the traditional objectives such as makespan, these two objectives should be in contrast,
which makes the problem more difficult. The strategy (that when the machine is kept idle
for a long time, instead of keeping the machine idle, we can turn off and on the machine)
implies to lower the total idle time on the machine. This aim is parallel with the makespan
objective for the flowshop scheduling. Hence, to create a trade-off between objectives, we
use the total completion time objective for the second problem. The motivational example
of adding energy objective to the FS-SDST problem with the total completion time
objective will be presented and discussed in Section 3.1.2 in detail. Hence, in our second
problem, the aim is to schedule the jobs to be processed on all machines and decide about
the status of the machine between scheduled jobs so as either to keep the machine idle or to
turn off and turn on the machine, when the objective is to minimize both the total
completion time and the total energy consumption. We denote this problem by F|sjj,
prmuly (Cj+Energy;) and in this thesis, we use this notation for the second problem.

We propose a robust Variable Neighborhood Search (VNS) algorithm for these two
FS-SDST problems. The proposed VNS algorithm uses two neighborhood structures and a
local search procedure systematically. We examine the performance of the VNS algorithm
for the F|sjji, prmu|Crnax problem by using the well-known benchmark set and compare our
results with the most powerful metaheuristics from the literature. Since the F|sjj,
prmu|Y (Cj+Energy;) problem is studied for the first time in the literature, we present a
mathematical model for this problem. We generate a set of instances for the energy-related
parameters. We solve small-sized problems via the mixed integer linear programming
(MILP) model presented in Section 3.2.2 and compare the solutions obtained from the

proposed VNS algorithm with the optimal solutions. For large-sized problems, we compare



Chapter 1: Introduction 4

the VNS results with the well-known NEH constructive heuristic results. This comparison
indicates how we improve the NEH solutions by proposed VNS algorithm.

The chapters of the thesis are structured as follows. In Chapter 2, we review the
studies related with the Flsjji, prmu|Cnax and Flsi, prmu|d(Cj+Energy;) problems.
Additionally, we survey the most relevant studies with these two problems which are
solved by VNS algorithm. In Chapter 3, we give the definition of two FS-SDST problems.
We present the mixed integer linear programming (MILP) models for the F|siji, prmu|Cax
problem which is proposed by Stafford and Tseng (2001) and modified version of this
mathematical model to the F|si;, prmu|} (Cj+Energy;) problem. In Chapter 4, we present
the implementation of the VNS algorithm. In Chapter 5, we give the computational results
and the analysis of these results for two FS-SDST problems. Finally, in Chapter 6, we give

conclusions and the important remarks for future research.
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Chapter 2

LITERATURE SURVEY

In this chapter, we survey the studies related to the flowshop scheduling problem
with sequence dependent setup times when different objectives are considered as in our
study. Moreover, we investigate the VNS algorithm and the studies in which the authors

use VNS algorithm as their solution methodology.

2.1 Flowshop Scheduling Problem with Sequence Dependent Setup Times

The flowshop scheduling problem with sequence dependent setup times (FS-SDST)
is a well-known problem in the literature and several studies exist with different objectives.
In this study, we consider two FS-SDST problems when the objectives are to minimize
makespan, referred to as F|siji, prmu|Cmax, and to minimize both the total completion time
and the energy consumption, referred to as F|sij, prmu|d (Cj+Energy;). For the problem
Flsiji, prmu|Crax, there are studies regarding both exact algorithm methods and heuristic
algorithms. However, to the best of our knowledge, the Fisij, prmuld(C;+Energy;)
problem is studied for the first time in the literature. Hence, we review most related articles

with energy-aware scheduling.

2.1.1 Fsij, prmu|Cax Problem

The article written by Srikar and Ghosh (1986) is one of the fundamental studies on

the FS-SDST problem when the objective is to minimize the makespan. In this article, they
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propose a mixed integer linear programming (MILP) model for the F|sj, prmu|Cpmax
problem with unique binary variable for sequencing. They emphasize that minimizing the
makespan in a single machine scheduling with sequence dependent setup times (SDST)
implies to minimize the setup times, which resembles the traveling salesman problem
(TSP). Different from the traditional TSP-based binary variable for sequencing which takes
the value of 1 if job j is scheduled immediately before job I, they define the binary variable
for sequencing which takes the value of 1 if job j is scheduled anytime before job I.
Proposed binary variable decreases the number of variables. They also solved some small-
sized problems up to six jobs and six machines with mixed integer linear programming
model. Stafford and Tseng (1990) report some corrections on the MILP model for the FS-
SDST problem developed by Srikar and Ghosh (1986). The corrections are made on the
calculation of mean flow time and the order of index of the sequence dependent setup time
parameter in one of the constraint sets. They also solve the problem up to seven jobs to five
machines with integer programming. Additionally, they propose three more MILP models
with the decision variable defined by Srikar and Ghosh (1986) for the flowshop problems
with different characteristics. Tseng and Stafford (2001) also propose two new MILP
models for the FS-SDST problem. First model is based on the assignment problem where
the binary variable takes the value of 1 if job j is scheduled in position k. In the constraint
sets, they use equality constraints with using two decision variables: idle time on machines
and idle time on jobs. In the second model, they use the same binary variable for
sequencing the jobs, but they change their constraint set by using inequalities such as the
model proposed by Srikar and Ghosh (1986). They solve different size of problems up to
seven jobs to seven machines with integer programming and they compare the computation
times with the model proposed by Srikar and Ghosh (1986). They claim that their two
MILP models are solved optimally in less CPU time than the model proposed by Srikar and
Ghosh (1986). In addition to the integer programming model, branch and bound technique
is also used for solving the FS-SDST problem. Rios-Mercado and Bard (1999a) propose
branch and bound algorithm for the FS-SDST problem considering makespan objective.
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They implement lower and upper bound procedures, and dominance rules. Same authors
also study branch and cut algorithm (1998a, 2003). In these articles, they consider two
MILP models. One of them is TSP based mathematical model and second one is the model
proposed by Srikar and Ghosh (1986). They relax the integrality constraints of the models
and generate powerful valid inequalities for the polyhedron, which leads to obtaining better
results compared to branch and bound technique.

The flowshop scheduling problem with sequence dependent setup times is shown as
strongly NP-hard by Gupta and Darrow (1986), when the objective function is makespan.
They show that even when one of the machines has sequence dependent setup times in the
two-machine flowshop problem, it is still strongly NP-hard. Since the FS-SDST problem is
solvable up to ten jobs and few machines optimally, the authors have proposed some
heuristic methods for the F|si, prmu|Cnax problem. Ruiz et al. (2005) propose a genetic
algorithm and a memetic algorithm in which they improve the genetic algorithm with local
search. To compare the quality of the solutions obtained from the proposed algorithms,
they adapt several heuristic methods which are proposed for regular flowshop problem.
Additionally, they compare the results with alternative methods which have already been
proposed for the FS-SDST problem when the objective is makespan. To compare the
results in a fair platform, Ruiz et al. code each algorithm in the same computer and use
same benchmark sets. For instance sets, they use the data set generated by Taillard (1993)
for the regular flowshop problems. In this set, the sizes of instances are combination of 20
jobs to 500 jobs and 5 machines to 20 machines. Ruiz et al. generated four groups of
sequence dependent setup times (SDST) values for each instances. This article is a
comprehensive article, since in the experimental evaluation, twelve heuristic algorithms are
used. The powerful heuristics for the regular flowshop problem which are modified to the
FS-SDST problem are the genetic algorithm of Reeves (1995), simulated annealing of
Osman and Potts (1989), iterated local search procedure of Stiitzle (1998), tabu search of
Widmer and Herzt (1989) and genetic algorithm by Aldowaisan and Allahverdi (2003).
Ruiz et al. modify the calculation of the makespan value of these algorithms by adding the
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sequence dependent setup times. Moreover, some of the adapted heuristics originally
initialize their algorithm with a constructive heuristic, Nawaz-Ed-Ham (1983) (NEH)
algorithm, which uses a local search procedure based on the insertion neighborhood. Ruiz
et al. (2005) replace this NEH heuristic with the NEH_RMB heuristic modified by Rios-
Mercado and Bard (1998b) for the FS-SDST problem. The other metaheuristics, which
have been already proposed for the FS-SDST, are NEH_RMB and greedy randomized
adaptive search procedure (GRASP) of Rios-Mercado and Bard (1998b), the Total and
Setup heuristics of Simons (1992), the TSP based heuristic of Rios-Mercado and Bard
(1999b) and the saving index algorithm, which is based on the selection of job that has
maximum time savings, of Das et al. (1995). Lastly, Ruiz et al. (2005) propose a simple
heuristic which generates random solutions and takes the best one. In computational
experiments, Ruiz et al. (2005) observe that the proposed memetic algorithm dominates all
other 13 algorithms. The reasons of the power of this memetic algorithm are the new
crossover operations which are created for the F|sj, prmu|Cmax problem specifically and
hybridization of the proposed genetic algorithm with the local search procedure based on
node insertion neighborhood.

Gajpal et al. (2006) propose an ant colony algorithm for the FS-SDST problem to
minimize the makespan. They improve the ant colony algorithm, which was proposed for
the regular flowshop problem by Rajendran and Ziegler (2004), by changing the
initialization and local search procedures. In the ant colony algorithm, initially one solution
is constructed and it is improved by local search. In the next step, the pheromone trail is
updated and these procedures continue until the stopping condition is met. Gajpal et al.
(2006) compare their results with the GRASP algorithm of Rios-Mercado and Bard
(1998b) and saving index algorithm of Das et al. (1995). They generate the instance set
randomly to compare the results of these algorithms. They observe that the proposed ant
colony algorithm gives better results compared to other heuristics. However, since they use
a different benchmark set, the comparison of this algorithm with the other alternative

heuristics in the literature is not possible.
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Ruiz and Stiitzle (2008) presented two new iterated greedy (IG) heuristics for the
FS-SDST problem with two different objectives: makespan and weighted tardiness. The
same author has already proposed the iterated greedy algorithm for the regular flowshop
problem and the algorithm works efficiently for this flowshop problem (2007). Hence, they
extended the algorithm to the FS-SDST problem. In the article, one of the proposed
algorithms was based on simple IG algorithm; the other one was hybridization of the IG
algorithm with a descent local search based on insertion neighborhood. IG algorithm starts
with an initial solution and it has destruction and construction phases basically. In
destruction phase, some of the components of the solutions are removed and each removed
components are added to the partial solution one by one to obtain the best permutation. In
the local search procedure, each component (job) in the sequence, which is obtained after
construction phase, is removed from the sequence and inserted into another position which
gives a lower makespan value. Ruiz and Stiitzle (2008) compared their computational
results with the alternative heuristics. Since Ruiz et al. (2005) conducted a comprehensive
comparison between 14 algorithms; Ruiz and Stiitzle (2008) choose the two best algorithms
among them to compare their results: genetic and memetic algorithm of Ruiz et al. (2005).
Ruiz and Stiitzle (2008) improve the memetic algorithm by the local search procedure
which they propose for the IG algorithm. Additionally, they extend the ant colony
algorithm, which is proposed by Rajendran and Ziegler (2004) for the regular flowshop, to
the FS-SDST problem. Ruiz and Stiitzle (2008) test their algorithms and alternative
methods with the four instance sets generated by Ruiz et al. (2005). The results indicate
that the 1G algorithm proposed with the descent local search procedure outperforms the
other alternative heuristics. Moreover, they emphasize that for the F|sj, prmu|Cpmax problem
the local search algorithms, especially based on node insertion neighborhood, have an
important role to improve the quality of the solutions.

After the article of Ruiz and Stiitzle (2008), some authors have published studies on
the FS-SDST problem when the objective is makespan. However, since they generate their

own instance sets to compare their results with other alternative heuristics, the proposed
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iterated greedy heuristic with descent local search procedure of Ruiz and Stiitzle (2008) is
taken as the state-of-the-art method for the instance set of Ruiz et al. (2005). On the other
hand, some of the studies on the FS-SDST problem after aim to develop the existed type of
heuristics, not to improve the solutions for the well-known benchmark set. Mirabi (2011)
develops a new ant colony optimization technique for the F|sj;, prmu|Cpmax problem, since
Ruiz and Stiitzle (2008) indicates in their study that the memetic algorithm which is
proposed by Ruiz et al. (2005) outperforms the ant colony algorithm of Rajendran and
Ziegler (2004). The proposed ant colony algorithm is compared with the genetic and
memetic algorithms of Ruiz et al. (2005) and a tabu search algorithm which is proposed by
Eksioglu et al. (2008). In the computational experiments, the author generates instance sets
different from the sets generated by Ruiz et al. (2005) and concludes that the proposed ant
colony algorithm improves the results. Vanchipura and Sridharan (2013) propose two
constructive heuristic, since only one strong constructive heuristic is proposed for the F|sjji,
prmu|Crax problem in the literature so far, which is the NEH_RMB heuristic modified by
Rios-Mercado and Bard (1998b) to the FS-SDST problem. Proposed two constructive
heuristics are setup ranking algorithm (SRA) based on only setup times and fictitious job
setup ranking algorithm (FJSRA) which is related to the job pairs that has minimum setup
times. Vanchipura and Sridharan (2013) generate the instance sets to compare these three
heuristics. They observe that FJISRA algorithm outperforms the NEH_RMB heuristic
(Rios-Mercado and Bard, 1998b) on the large instance sets. When the number of jobs
increases, the importance of the setup time also increases. Since the FISRA heuristic is
based on the setup times, it gives better results compared to NEH_RMB (Rios-Mercado
and Bard, 1998b).

In the literature, the FS-SDST problem is studied mostly with a simple objective
function which is makespan, since the F|s;;, prmu|Cmax problem is a difficult problem. To
the best of our knowledge, the FS-SDST problem when the objective is to minimize the
total completion time has not been studied before, but there are several related works to this

problem. On the other hand, in this thesis, an energy-related objective function is added to
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the FS-SDST problem with total completion time objective, denoted by Fisj,
prmuly (Cj+Energy;), for the first time in the literature. In the next section, we review the

most related works with the F[si;, prmu|} (Cj+Energy;) problem.

2.1.2 F|siy, prmu|y (Cj+Energy;) Problem

The FS-SDST problem when the objective is to minimize the total completion time
iIs formulated similar to the FS-SDST problem when the objective is to minimize
makespan. In a mixed integer linear programming model, the constraint sets of the FS-
SDST problem with total completion time objective are same, when the completion time is
defined as a decision variable. The difference is only seen in the objective function. Hence,
Srikar and Ghosh (1986), Stafford and Tseng (1990) and Tseng and Stafford (2001) model
the FS-SDST problem considering both makespan and total completion time as the
objective function. In these articles, the objective is defined as mean flow instead of total
completion time. Since the release dates are assumed to be zero in these studies, the
formulation of mean flow and total completion time are the same.

In the literature, the FS-SDST problem with the total completion time objective has
not been studied before, to the best of our knowledge. Allahverdi et al. (2008) has a survey
of the scheduling problems with setup times. In this article, it is observed that even though
there are many studies on the FS-SDST problem with makespan objective, there is not
article yet with the total completion time objective, except the one with no-wait constraint
in a flowshop. Allahverdi and Aldowaisan (2001) study a two-machine no-wait FS-SDST
problem when the objective is to minimize the total completion time. They obtain the
optimal solutions for the problem under some assumptions and propose dominance rules.
They also develop a simple heuristic which uses the insertion technique repeatedly. After
the literature survey of Allahverdi et al. (2008) on scheduling problems with setup time,
Salmasi et al. (2010) publish an article for the FS-SDST problem when the objective is to
minimize the total flow time without any release dates (so equivalent to the total
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completion time). However, they consider that the setup times depend on the group of jobs,
not on individual jobs. They develop a mathematical programming model for this problem.
They also propose two heuristic algorithms, a tabu search (TS) and hybrid ant colony
optimization (HACQO) algorithms. Since there were no studies published on this problem,
they compare the results of these heuristics with each other and a lower bound developed
by branch and price technique. They observe that the proposed HACO algorithm works
better than the TS algorithm.

In recent years, researchers have tended to study energy aware scheduling problems.
They approach the green manufacturing in three main categories: machine level, product
level and manufacturing system level (2012, 2013). At the machine level, the researchers
focus on reducing energy consumption in the system by designing more energy-efficient
machines. Similarly, at the product level, the researchers study designing the products to
minimize embodied product energy. However, the energy consumption can also be
decreased by managerial decisions without redesigning the machine or the product, which
is studied at the manufacturing system level. In the literature, there are several studies on
energy aware scheduling problems at the manufacturing system level with different energy
and scheduling objectives. Nolde and Morari (2010) study minimizing peak and off-peak
energy consumption on machines in a steel plant. Similarly, Bruzzone et al. (2012) propose
a mathematical model for flexible flowshop when the objective is to minimize peak of
power. In this study, they also consider multiple objectives in terms of minimization of
tardiness and makespan. Fang et al. (2013) study the flowshop scheduling problem with
peak power consumption constraint. They consider two objectives for the flowshop
problem, which are to minimize the makespan and the peak power consumption. They
handle these multiple objectives by fixing the upper bound for the peak power and use the
makespan objective in the mathematical model.

Different from the objective of minimization the peak power, Yildirim and Mouzon
(2008) study a single machine scheduling problem to minimize the total tardiness and total

energy consumption considering the power consumption during the idle time. Since some
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of the machines in the manufacturing plants, which are kept idle between two consecutive
jobs for a long time, consume significant amount of energy; they propose to turn off the
machine in that period and turn on when the following job is ready to be processed on that
machine. They aim to minimize the total energy consumption by deciding to keep the
machine idle or to turn off and on the machine in the idle period. In that paper, they
propose a mathematical model for this problem and a greedy random adaptive search
procedure (GRASP) to obtain set of solutions. The same authors, Yildirim and Mouzon
(2012) consider the same machine environment and energy objective with a different
scheduling objective, which is to minimize the total completion time. They propose a
mathematical model to schedule the jobs on a single machine to minimize the total
completion time and total energy consumption by deciding whether to keep the machine
idle or to turn off and on the machine when the idle time occurs on that machine between
two consecutive jobs. They propose a multi-objective genetic algorithm for this problem.
To increase the efficiency of the proposed genetic algorithm, they improve a dominance
rule and a heuristic to obtain the Pareto front. In both articles, the authors aim to find both
the sequence of the jobs to be processed on the machine and the starting times for each job.

Minimization of production rate is also used as energy objective in the literature.
Gutowski et al. (2006) analyze the energy consumption of the manufacturing processes
such as milling machine, considering different production rates. Zanoni et al. (2014) also
study minimizing the energy consumption in two stage production system by controlling
the production rate. They analyze the production system as different cases depending on
machine power strategies with continuous and interrupted batch production. Different from
Yildirim and Mouzon (2008, 2012), Zanoni et al. (2014) used the machine power as a
parameter within different cases rather than a decision variable. Since there are two
production stages, they create the cases for the idle time on the machine between two
consecutive jobs as such: keep two machines idle between two consecutive processes, keep
the first machine idle but turn on/off the second machine, turn on/off the first machine but

keep the second machine idle and lastly, turn on/off both two machines. For given cases,
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they aim to minimize both the cost of storing the product and energy cost during the
production of a product (related to production rate) and the idle state of the machine.

Additionally, Mashaei and Lennartson (2013) study a pallet-constrained flowshop
problem when the objective is to minimize the energy consumption while providing the
desired throughput for the plant. The used strategy to reduce the energy is similar with the
strategy which is used by Yildirim and Mouzon (2008, 2012). Mashaei and Lennartson
(2013) control the idle machines by turning them off and on in a closed-loop flow shop
plant. In the article, they propose a nonlinear mathematical model and develop a simple
heuristic to solve the closed-loop flowshop problem.

2.2 Variable Neighborhood Search

Mladenovic and Hansen (1997) design a new metaheuristic approach called variable
neighborhood search (VNS) for combinatorial optimization problems. Developed VNS
heuristic contains the local search procedure that enforces to find the local optimum for one
neighborhood structure, which leads to intensification and increase the quality of the
solution in that neighborhood structure. In the existing heuristic algorithms such as
simulated annealing, tabu search, genetic algorithm etc., some methods are used in the
algorithm to avoid being stuck in the local optimum in the search space, which makes the
algorithms more complicated. However, the motivation for the design of the VNS
algorithm is to escape from the local optimum by changing the neighborhood structure
systematically.

This new metaheuristic has been applied in many different areas such as industrial
applications, location problems, data mining, scheduling. Hansen et al (2009) review the
algorithm characteristics and the application areas of the VNS. Several authors design a
VNS algorithm or a hybrid algorithm with VNS to solve the flowshop scheduling problem
with various characteristics and objective. Costa et al. (2011) propose a VNS algorithm for

a regular flowshop problem when the objective is to minimize makespan. Moreover,
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Tasgetiren et al. (2007) and Zobolas et al. (2009) use VNS algorithm to construct a hybrid
algorithm with other metaheuristics, particle swarm optimization and genetic algorithms
respectively, for the regular flowshop problem. For the FS-SDST problem, the VNS
algorithm has not been proposed, yet. However, in the literature, there are some related
works with VNS application to the FS-SDST.

Naderi et al. (2008) propose a variable neighborhood search for a hybrid flexible
flowshop with SDST where the objective is to minimize the total completion time. They
use three different insertion neighborhood structures and in each neighborhood they use
variable neighborhood descent (VND) framework. In the first neighborhood structure, each
job is removed from the current sequence one by one and inserted into another position
which gives the lower objective function value among all possible positions. In the second
neighborhood structure, they choose all two pairs of jobs from the sequence and insert
other positions randomly, since the insertion of all combination of two jobs into all possible
positions takes a long time. In the last structure, they remove randomly three different jobs
from the sequence and insert into three other positions. For all neighborhood structures,
search continues until there is no improvements. Naderi et al. (2008) evaluate the quality of
the proposed VNS algorithm with the other alternative metaheuristics and some dispatching
rules. They conclude that the proposed algorithm gives better results compared to the
alternative algorithms.

Vanchipura et al. (2014) study the FS-SDST problem where the objective is to
minimize makespan, F|siji, prmu|Cnax, as in our study. They improve two existing
constructive heuristics with the variable neighborhood descent (VND) algorithm. These
two constructive heuristics are NEH_RMB heuristic which is modified by Rios-Mercado
and Bard (1998b) and fictitious job setup ranking algorithm (FJSRA) by Vanchipura and
Sridharan (2013). In this study, Vanchipura et al. (2014) use these constructive heuristics to
obtain the initial solution and the solutions are improved with node insertion neighborhood
search. These two algorithms are tested with the 960 instance sets which are generated by

Vanchipura et al. (2014). The results show that the initial solutions affect the quality of the
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solutions after applying the proposed VND algorithm. They also analyze the relative
performance improvement of the solutions which are obtained by the constructive
heuristics and the improved version with VND, separately for NEH_RMB (Rios-Mercado
and Bard, 1998b) and FISRA (Vanchipura and Sridharan, 2013).
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Chapter 3

FLOWSHOP SCHEDULING PROBLEM WITH SEQUENCE DEPENDENT
SETUP TIMES

In this chapter, we study two flowshop problems where separate sequence
dependent setup times are explicitly considered. In the following sections, we define these
problems in detail with their respective assumptions and present mathematical models for

both problems.

3.1 Problem Definition

In the flowshop environment, there are m machines in series and n jobs. A job j, j=1, ...
, N, has to be processed on each machine i, i=1, ... , m, and each job has to follow the same
route on the machines. In other words, each job should be processed by all machines from
1 up to m in this order. The aim of the flowshop scheduling problem is to schedule these n
jobs to be processed on m machines by minimizing a given objective function. In our study,
the order of jobs which are processed on a machine is same for every machine, which is
called a permutation flowshop problem in the literature. Processing an operation of job j on
machine i requires a certain time which is denoted by pj, i=1, ... , m and j=1, ... , n.
Moreover, we consider a sequence dependent setup time between two adjacent jobs in the
sequence and the required time for this setup is denoted by s;; when job | is processed
immediately after job j, on machine i, i=1, ..., m, j=1, ..., n, I=1, ..., n and |#j. Figure 3.1
shows the Gantt chart for a FS-SDST problem with 4-jobs and 3-machines. In the figure,
M1, M2 and M3 refer the machines; J1, J2, J3 and J4 refer the jobs. Empty boxes show the
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processing times p;; and boxes with diagonal lines show the setup times s, which are

illustrated on the chart. For the given problem in Figure 3.1, the permutation of jobs is J3,

J2,J4 and J1.
job1 job 2 job 3 job 4
P12 - S14
M1
S232
M2
M3

Figure 3.1 Gantt chart for schedule of 4-jobs on 3-machines

For other characteristics of the FS-SDST problem, we use the following assumptions.

All jobs and machines are available at time zero.

Processing times and setup times are deterministic and known in advance.

A machine can process only one job at a time; and a job is processed only on one
machine at a time.

There are no due dates for the jobs.

Interrupting a job while processing is not allowed.

There is no precedence relation among the jobs.

The general definition and assumptions presented for the FS-SDST problem are valid

for both of the problems which are studied in this thesis. However, the objective functions

of F[siji, prmu|Crax and F|si;, prmu|y (Cj+Energy;), and specific characteristics of these two

problems are different and the details are explained in the following subsections.
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3.1.1 The F|sjj, prmu|Cpax Problem

In the F|sj;, prmu|Crax problem, each job has a processing time pj; on each machine
and setup times s;j; according to the predecessor and successor jobs, i=1, ... , m, j=1, ..., n,
I=1, ..., nand I#. The completion time Cjx shows the time when the operation of the job in
position Kk is finished on machine i from time zero, i=1, ... , m, k=1, ..., n. In the F[sj,
prmu|Crax problem, we aim to schedule the jobs to be processed on all machines when the
objective is to minimize the maximum completion time C,,. Namely, the completion time
of the job which is scheduled in the last position n in the order, on the last machine m gives

the value of the maximum completion time, which is also called makespan in the literature.

3.1.2 The F|siy, prmu|Y (Cj+Energy;) Problem

In the F|si;, prmu|d (Cj+Energy;) problem, we consider the energy consumption of
the operations while scheduling these operations in a flowshop environment. As a result,
we consider additional characteristics for the F|sy, prmu|d.(Cj+Energy;) problem. As a
characteristic of a machine, it consumes energy while processing a part and during the time
period when it is kept idle (not processing a part). Turning off and on a machine also
consumes a fixed amount of energy. Additionally, while turning a machine off and on, a
certain amount of time is required. When a machine is kept idle for a long time, instead of
keeping the machine idle, turning off and on the machine can consume lower energy; but
the amount of idle time on that machine should be sufficient for the time required for
turning off/on the machine. This decision mechanism is also used in the articles of
Mouozon and Yildirim (2008) and Yildirim and Mouzon (2012) to reduce the total energy
consumption on a single machine.

In the Flsiji, prmu|Y(Cj+Energy;) problem, idle time on a machine denotes the
period of time between the end of processing of a job on that machine and the start of

preparing the machine for the following job (beginning of the sequence dependent setup
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time). It is assumed that the requirement for a setup operation on a machine, which is
whether this machine should be switched off or on during the setup, is not considered. The
decision for the status of the machine is independent from the setup operation. For setup
operations such as cleaning or changing the equipment, machines may also consume
energy. Hence, we consider setup energy which differs from machine to machine and we
assume that the consumed energy will be in direct proportion to setup time.

In the F|siy, prmu|Y(C;+Energy;) problem, we aim to schedule the jobs to be
processed on all machines and decide about the status of the machine between scheduled
jobs so as either to keep the machine idle or to turn off and turn on the machine. The
objective of the F|sij, prmu|d(Cj+Energy;) problem is to minimize both the total
completion time and the total energy consumption where the total energy consumption can
be due to processing a job, keeping the machine idle, turning off/on the machine or setup.

To observe the impact of the new objective, which is minimization of the energy
consumption in addition to the total completion time, three different scenarios are discussed
based on an instance with three machines and seven jobs. The data of the instance is given
in Table 3.1 and three scenarios are given in Figures 3.2, 3.3 and 3.4. We generate the
processing time uniformly in [1, 99], setup time in [1, 49], idle cost in [15,25], setup cost in
[35,45], on/off cost in [350,450] and required time for turning off/on the machine in [1,20].
We explain the selection of the data ranges in Section 5.1.2 in detail. We use the weighted
sum parameters w; and w,, which will be explained in Section 3.2.2, to combine the
objectives the total production cost and the total energy cost. In the given instance, we set
wz and w, to 0.5, when we consider the total energy cost. In Figures 3.2, 3.3 and 3.4, each
job is shown with a different color and setup times are shown with gray. Moreover, length

of the colored block shows the amount of processing time.
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Table 3.1 Data of the instance

P

J1 J2 J3 14 J5 J6 17

M1
M2
M3

12 91 17 77 26 85 55
72 78 51 17 48 50 23
53 93 36 85 25 97 72

S1ji

J1 J2 J3 J4 J5 J6 17

1
J2
3
4
J5

J6
J7

0 39 37 31 18 24 30
21 0 13 17 10 29 10
12 26 0 45 49 11 28
21 4 40 0 34 33 15
9 15 1 12 0 29 33
25 11 21 32 18 0 28
5 10 12 20 26 13 0

S2jl

J1 J2 3 J4 J5 J6 17

J1
J2
13
14
J5
16
17

0 7 19 39 34 33 23
19 0 29 40 33 27 38
30 40 0 23 28 12 24
16 16 7 0 27 24 9
5 19 20 29 0 5 16
39 21 24 17 20 0 6
13 12 23 39 48 32 0

S3j1

J1 J2 3 14 J5 J6 17

J1
J2
3
J4
J5
J6
J7

0 20 30 37 10 11 24
29 0 36 43 49 4 20
8 5 0 12 32 4 35
37 23 27 0 8 22 18
3 34 20 22 0 24 10
33 13 38 37 42 0 10
30 30 9 39 31 43 0

Energy Cost

Idle Cost Setup Cost ON/OFF Cost ON/OFF Time

M1
M2
M3

20 45 412 13
17 41 433 17
21 45 357 15




Chapter 3: Flowshop Scheduling Problem with Sequence Dependent Setup Times 22

job1 job 2 job 3 job 4 job 5 job 6 job 7
M1

M2

M3

Figure 3.2 Gantt chart for the FS-SDST while minimizing the total production cost

M1
M2

M3

tl
Figure 3.3 Gantt chart for the FS-SDST while minimizing the total production cost and the
total energy cost, without setup cost

M1
M2

M3

tll
Figure 3.4 Gantt chart for the FS-SDST while minimizing the total production cost and the
total energy cost

In the first scenario seen in Figure 3.2, the objective is only to minimize the total
production cost. On the other hand, in the second scenario, energy cost is added to the
objective function. Energy cost due to setups on machines is assumed as zero or negligible.

In the first scenario seen in Figure 3.2, the optimal sequence is [1, 5, 7, 3, 4, 2, 6]; however,
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in the second scenario seen in Figure 3.3, the optimal sequence is changed to [3, 7, 1, 5, 4,
2, 6]. As a result, adding the energy cost to the objective function affects the optimal
sequence explicitly. We observe that even though the value of the total production cost is
increased, a lower value of the objective function (total cost) is obtained due to the energy
cost. It is observed that, the objective function of this scenario forces idle times to be
reduced in the schedule, since idle times increase the energy cost. However, this results in
exploiting the sequence dependent setup times, in the sense that longer sequence dependent
setup times may be used in order to decrease the idle time, which may increase the
completion time of some jobs. Hence there is a trade-off between the cost of idle time (in
turn the cost of energy) and the cost of completion time.

In the third scenario, it is assumed that during the setup, machines consume energy
in direct proportion with the amount of setup times. Hence, the setup cost is added to the
calculation of the total energy cost. In the third scenario seen in Figure 3.4, the optimal
sequence is changed to [1, 5, 4, 7, 3, 6, 2]. When this scenario is compared with the second
scenario, it is observed that the total production cost and the energy cost due to idle period
or turning off/on the machine increase but the energy cost due to setup decreases. On the
other hand, since the setup cost decreases, it affects the total objective function value
(decreases the total energy cost). As a result, it leads to a different optimal schedule. The
production cost, energy cost due to idle/on-off the machine and setup, and the total cost

values of the three scenarios are given in Table 3.2.

Table 3.2 Production cost and energy cost values for three scenarios

. w1 w2 |Production Energy Cost Total
Scenarios
(%) (%) Cost Idle/On-off Setup Cost
Scenariol | 1.0 0.0 12845 1384 15104 | 12845
Scenario2 | 0.5 0.5 12895 170 15763 | 6532.5
Scenario3 | 0.5 0.5 13200 433 12223 | 12928
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Consequently, when minimization of energy consumption is concerned in addition
to minimize the total completion time, the optimal sequence changes. This is the motivation
to develop a solution procedure for the large-sized instances of the problem. This can be a
useful application for the manufacturing companies who desire to decrease not only the

total completion time of the jobs but also the energy consumption.

3.2 MILP Formulation for the FS-SDST

In the following subsections, the mixed integer linear programming models for two

problems, which are studied in this thesis, are presented.

3.2.1 MILP Formulation for the F|sj;, prmu|Cpax Problem

The FS-SDST problem is a well-known problem in the literature. Since the
makespan objective is the simplest objective function to study the FS-SDST problem, there
are several mixed integer linear programming (MILP) models proposed for the F|sjj,
prmu|Cnax problem, which we reviewed in Section 2.1.1. In this section, we present a
MILP model for the F|sjji, prmu|Cmax problem which is proposed by Stafford and Tseng
(2001). Stafford and Tseng (2001) propose two MILP models which are deriven from
assignment problem where the binary variable takes the value of 1 if job j is scheduled in
position k, j=1, ... , n and k=1, ... , n. The model presented in this study for the FS-SDST
problem is called TS2 model by Stafford and Tseng (2001). As a small modification of the
existing model, the initial setup times are assumed to be zero in this thesis, thus initial setup
time parameter is eliminated from the model.

The system parameters, decision variables and the mathematical model are

presented below.
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Sets and parameters:

n number of jobs to be processed,

m number of machines,

Dij processing time of job jon machine j =1, ..., m, /=1, ..., n,

siy  sequence dependent setup time for job /on machine 7 when job jprecedes job /

immediately in the sequence, /=1, ..., m, j=1, ..., n, [=1, ..., nand /#j.

Decision variables:

. {1, if jobjisinposition k in the sequence,j =1,..,n,k=1,...,n.
Jk = | 0,otherwise,

j=1,....nk=1,...,n,l=1,...,nand [ #.

1,ifjob j is in position k in the sequence and is immediately followed by job [
qjk1 = {
0, otherwise,

Cir completion time of the job in position k of the sequence on machine i,

i=1,...mk=1,...,n

Obijective function:

Minimize: Cpyppx = Cin (3.2)

Constraint sets:

D=1 ziy=1 (G =1,.,n) (3.2)
Yz =1 (k=1,.,n) (3.3)
Zjg = Xi=1djkl G=1..,nk=1.,n (3.4)
Zjg = Xe1 k-1, G = Lo,nk =2,..,n) (3.5)
Zj1 = Xi=1qm;j i=1,..,n) (3.6)
Cire + Xje1 Xi=1Siji Qjrr + 2iz1DijZjk+1 < Ciks1

i=1...mk=1.,n—-1) (3.7

Cl'k + Z?=1pi+1,j2jk < Ci+1,k (l = 1, e, m — 1, k = 1, ...,Tl) (38)
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YiciPijzin < Cy (i=1,..,m) (3.9)

Decision variables z;, is defined based on an assignment problem; job j is assigned
to the position k, j=1, ... , nand k=1, ..., n. Additionally, gqjy, is defined for indicating two
adjacent jobs, which is used with the sequence dependent setup time in constraint sets, j=1,
., N k=1, ...,n1=1, ..., nand I#.

Constraint set (3.1) demonstrates that the objective function which is to minimize
the maximum completion time, Cy,,. Constraint sets (3.2) and (3.3) ensure that each job is
assigned to only one position; conversely, one position is assigned to only one job,
respectively. Constraint sets (3.4), (3.5) and (3.6) link the two decision variables z;, and
Qjki, J=1, ..., n, k=1, ..., n,1=1, ..., nand I#. When job j is processed in position k; only
one job (job 1) follows job J, j=1, ..., n, k=1, ..., n, I=1, ..., n and I#}. On the other hand,
when job j is in position k, there is only one job, job I, in position k-1, j=1, ..., n, k=2, ..., n,
I=1, ..., n and I#j. Constraint set (3.6) demonstrates the special case of the equation set
(3.5) when a job is in the first position. In this situation, the job in the previous position
represents the job in position n (last position) in the sequence. Constraint set (3.7)
guarantees that the completion time of the job in position k+1 is equal or greater than the
summation of the completion time of the job in position k, the setup time between two
adjacent jobs in positions k and k+1 and the processing time of the job in position k+1, k=1,
..., n-1. On the other hand, constraint set (3.8) guarantees that the completion time of job j
on a machine is equal or greater than the summation of the processing time of job j on that
machine and the completion time of job j on the previous machine, j=1, ... , n. Constraint
set (3.9) indicates the special case when the job in the first position is processed. The
completion time of that job on machine i should be equal or greater than the processing
time of that job on machine i, i=1, ... , m. We modified only this constraint from the
original model which is proposed by Stafford and Tseng (2001). We eliminate the initial

setup parameter from this constraint.
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3.2.2 MILP Formulation for the F[sj;, prmu|) (Cj+Energy;) Problem

For the F|sij, prmu|y (Cj+Energy;) problem, we use the same managerial decision
for the minimization of energy consumption as Mouozon and Yildirim (2008) and Yildirim
and Mouzon (2012) use, which is that when the machine is kept idle for a long time,
instead of keeping the machine idle, we can turn off and on the machine. However these
authors consider the energy objective on a single machine scheduling problem, the
parameter definitions and the proposed mathematical model in (2008) and (2012) are used
and modified for the energy part of the FS-SDST problem.

The MILP model of the F|sj;, prmu|Crnax problem contains fundamental constraints
for the FS-SDST problem. Since the F|sjy, prmul}(Cj+Energy;) problem has more
characteristics in addition to the F|sj, prmu|Cpnax problem; sets and parameters, decision
variables and constraint sets of the F|sj, prmu|Cpax problem are used directly in the F|sj,
prmu|y (Ci+Energy;) problem. Below, the additional system parameters, decision variables

and constraint sets are presented.

Sets and parameters:

e; cost of turning off/on machine j /=1, ..., m,

d; cost per time unit for idle period of machine j /=1, ..., m,

t; required time for turning off/on machine j /=1, ..., m,

b; breakeven duration for machine j /=1, ..., m,

u; cost per unit time for setup period of machinej /=1, ..., m,

a cost per unit time of work in process inventory for all jobs
big number.

Decision variables:

X;, idle time on machine i before processing the job in position k,
i=1,...mk=1,...,n,
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Xig+1 *di — e, energy cost when x;, > b;,
Vik = i=1..mk=1,..n-1,
0, otherwise,

1,ifxik < bi,i = 1,...,m,k = 1,...,",
0, otherwise.

Vik =

Objective function:
Minimize: wy(a Yi=1 Coui) +

wo (T TR (i geer di — Vigrr )+ 2its Xi=1 Pt Wi SileIjkzui) (3.10)

Constraint sets:

n n n —
Cik + Xi=1 2121 Siji ikt + 2j=1DijZiks1 + Xiksr = Cikar

(i=1...m k=1,..,n-1) (3.7)
xie < bi+ M(1—v;544) i=1,..mk=1,.,n-1) (3.11)
b; < Xip+1 + MV;piq i=1..mk=1,..,n—1) (3.12)
Vik+1 < Xigs1di — €+ Mvjpy (i=1,...mk=1,..,n-1) (3.13)
Xigs1di— € — MV 1 <Vigps1 (@=1.mj=1.,n-1) (3.14)
Yik+1 < M1 —v;p41) i=1..mk=1..,n-1) (3.15)
M1 —=Vips1) < YVik+1 i=1..mk=1,.,n—-1) (3.16)

The constraint set (3.10) shows the multiobjective function. In the Fsjj,
prmul|y (Cj+Energy;) problem, we have two objectives which are to minimize the total
completion time and to minimize the total energy cost during keeping the machine idle,
turning off/on operation when it consumes less energy instead of keeping the machine idle,
and setup energy. Since the energy consumption during processing any job is fixed, it is not
included into the function. In order to combine these two objectives into a single objective,
we need to convert the total completion time to cost. For conversion, we multiply the total

completion time value with a parameter a, which denotes the cost per unit time of work-in-
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process inventory. Hence, we basically multiply the total completion time with the a value
and we consider this cost as a total production cost for this flowshop problem. In constraint
set (3.10), we combine these two objectives into a single objective by weighted sum
method. In this method, two objectives are scaled into a single objective function with
weighted sum parameters w; and w,. According to the relative importance, multiplied
weights are set, which will be discussed in Section 5.1.2. Consequently, the constraint set
(3.10) minimizes the total cost of the system which includes the total production cost due to
total completion time and total energy cost.

Constraint sets (3.2)-(3.9) which are presented in Section 3.2.1 are also used for the
Flsiji, prmu|y (Cj+Energy;) problem except for constraint set (3.7). For the energy part of
the problem, since we examine the idle times of the machines, we define a decision
variable x;;, , which denotes the idle time on machine i before processing the job in position
k,i1=1, ..., m, k=1, ..., n. As a consequence, the constraint set (3.7) is modified by inserting
the new decision variable x;, i=1, ... , m, k=1, ... , n, and converted into an equality
constraint. Hence, instead of equation set (3.7), we use the modified constraint set (3.7°).
Constraint sets (3.11) to (3.16) are developed for the energy part of the problem. Constraint
sets (3.11) and (3.12) determine the values of decision variable v;;, which indicates whether
the idle time on machine i before processing the job in position k is greater than breakeven
duration for this machine or not, i=1, ... , m, k=1, ... , n. Breakeven duration is the least
amount of duration when turning off and on the machine between two consecutive jobs is
more favorable than keeping the machine idle. Namely, breakeven duration shows the
critical time for turning off/on the machine. This parameter is calculated by the Equation
set (3.17) shown below. To calculate the breakeven duration, we use the cost of turning
off/on the machine, cost per time unit for idle period of machine and the least required time
for turning off/on the machine. When the amount of idle time on machine i before
processing the job in position k is greater than the breakeven duration; then v;;, will be
zero, which means that turning off and on the machine consumes less energy, i=1, ... , m,
k=1, ... , n. According to constraint sets (3.13), (3.14), (3.15) and (3.16), the decision
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variable y;, i=1, ... , m, k=1, ... , n, is calculated, which indicates the difference of the
energy cost between keeping the machine idle and turning off/on the machine. Otherwise
(when vy, is one), y;;, value, i=1, ..., m, k=1, ..., n, will be zero; which means that keeping

the machine idle is more favorable.

b; = max{%, ti} (i=1,..,m) (3.17)
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Chapter 4

A SOLUTION APPROACH

The FIsiji, prmu|Crax problem is shown as strongly NP-hard by Gupta and Darrow
(1986), when the objective function is makespan. The F[s;;, prmu|Y(Cj+Energy;) problem
is also NP-hard since it is more complex than the F|sjj, prmu|Cmax problem. Due to the
complexity of these problems, it is not expected to solve these problems with exact
methods in a reasonable time. Hence we propose a robust heuristic algorithm which is used
for both of these two problems. When we survey the literature, we observe that the hybrid
heuristic algorithms with a local search procedure have better performance for the FS-
SDST problem. Hence, we are motivated to propose a VNS algorithm. Moreover, to the
best of our knowledge, the VNS algorithm has not been applied to the FS-SDST problem in
the literature.

In the following sections, the basic steps of the VNS algorithm and our

implementation of this algorithm are given in detail.

4.1 Variable Neighborhood Search

Variable neighborhood search (VNS) is a metaheuristic algorithm which is used to
solve various combinatorial optimization problems. This metaheuristic was proposed by
Mladenovic and Hansen (1997). The VNS algorithm searches for the best solution in the
multiple neighborhood structures and uses local search systematically. Initially, the number
of neighborhoods and the type of neighborhood structures should be determined for the

algorithm. The steps of the basic VNS algorithm are given in Figure 4.1. Moreover, Figure
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4.2 illustrates the scheme of the basic VNS algorithm. General VNS algorithm starts with a
solution, generates another solution in the neighbor of this solution and performs a local
search on this solution aiming for a better solution. As it can be seen from Figure 4.1 and
4.2, VNS contains ‘shaking’, ‘local search’ and ‘move or not’ steps. In the ‘shaking’ step,
one candidate solution is selected from the neighborhood of the current solution. Then, the
local search procedure is applied to this candidate solution. In the last step, the objective
function value of the solution found at the end of the local search is compared with the
incumbent solution. If the solution is improved, then this solution is accepted as the current
solution and the algorithm continues with the first step in the first neighborhood structure.
Otherwise, the current solution is not updated and the algorithm continues with the first
step but in the next neighborhood structure. These steps will be repeated until the stopping

criterion is met.

Initialization Select the set of neighborhood structures Ny, for k=1, ..., Knax, that will be
used in the search; find an initial solution x; choose a stopping condition;

Repeat the following sequence until the stopping condition is met:

(1)Set k—1;

(2)Repeat the following steps until k = Kpa:

(a) Shaking Generate a point x’ at random from the K™ neighborhood of x (x” € Nk(x));

(b) Local search Apply some local search method with x’ as initial solution; denote with
x’’ the so obtained local optimum;

(c) Move or not If this local optimum is better than the incumbent, move there (X < x "),
and continue the search with Ny (k < 1); otherwise, set k «— k+1;

Figure 4.1 Steps of the basic VNS (Mladenovic and Hansen, 1997)
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Move or not

Shaking [ ocal search

Figure 4.2 Scheme of the basic VNS

In the following section, we explain our design and implementation of the VNS
algorithm for the FS-SDST problem in detail.

4.2 Implementation of the VNS Algorithm

For the VNS algorithm, firstly we determine the representation of the solution.
Then, as decisions for the initialization of the VNS algorithm, we develop initial solution
procedures, set of neighborhood structures and the local search procedures with respect to
the properties of the flowshop problem with sequence dependent setup times. Finally, we
present the stopping criterion for our VNS. Additionally, we use different acceptance
criteria for the last step (‘move or not’) in the VNS algorithm. These decisions are
explained in detail in the following subsections. The same design desicions are used for
both the F|siji, prmu|Cmax problem and the Flsj, prmu|Y (Cj+Energy;) problem, since the

basic characteristics of the problems are the same.

4.2.1 Solution Representation

Since we consider a permutation flowshop environment, it is sufficient to consider

one sequence for all machines in order to represent a solution to the problem. Hence, we
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represent a solution in the VNS algorithm as a permutation of the jobs [ji, J2, ..., jn]. In this
representation, j,, indicates that corresponding job is processed in the n™ order in the
sequence. As an example, to indicate the sequence of 10 jobs (n=10) processed on m
machines, an array of one to ten (1 x n) dimension such that [3592 6 84 1 7 10] is used.
This array indicates that job 3 is processed in the 1% position on all m machines; job 5 in the
2" position; job 9 in the 3" position; job 2 in the 4™ position and the other jobs in the given

array are interpreted in the same pattern.
4.2.2 Initial Solution

In order to observe whether our implementation of VNS is sensitive to the initial
solution or not, we consider two different procedures to create the initial solution in the
proposed VNS algorithm. The first procedure generates a random sequence of jobs. The
second procedure uses the extended version of a well-known construction heuristic,
Nawaz-Enscore-Ham (NEH) heuristic (Rios-Mercado and Bard, 1998b). Original NEH
heuristic was proposed for flowshop problems with makespan objective by Nawaz et al.
(1983). This method is based on inserting a job into all possible positions of the partial
scheduled solution; and constructing the solution by adding the job into the best position
that gives a better objective function value. Since this method’s complexity is O(mn?),
Taillard (1990) proposed speed-ups to decrease the computational complexity to O(mn?)
for the m machine, n job flowshop scheduling problem with makespan objective. Rios-
Mercado and Bard (1998b) extended this NEH heuristic (NEH_RMB) with proposed
acceleration to the FS-SDST problems.

NEH_RMB heuristic (Rios-Mercado and Bard, 1998b) takes a set of unscheduled
jobs and constructs a feasible solution S. Each job is taken from a set which contains
unscheduled jobs under a priority rule. We use largest processing time (LPT) rule which
was suggested by Nawaz et al. (1983). In LPT rule, jobs are ordered from the largest to the

smallest total processing time on all m machines. This order creates the job list P. At each
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iteration of the NEH_RMB algorithm (Rios-Mercado and Bard, 1998b), the first job on the
list P, job j, is removed and inserted into all possible positions in the partial schedule S.
Rios-Mercado and Bard (1998b) defines a greedy function y(k) which takes the value of
makespan of the new schedule after inserting job j into the position k. Rios-Mercado and
Bard (1998b) also refer this greedy function y(k) as partial makespan since it computes the
makespan values of partial schedule S. According to calculation of w(k) function (partial
makespan) for every position k=1, ... , |S+1|, the lowest makespan value is found and job j
is inserted into that corresponding position, denoted by k', in the partial schedule S. This
procedure continues until there is no job in the list P, meanwhile the constructed set S
contains all n jobs. Figure 4.3 gives the pseudocode of the NEH_RMB procedure (Rios-
Mercado and Bard, 1998b).

Procedure NEH_RMB

Input: Set P of unscheduled jobs.
Output: Feasible schedule S.

Step0. SetS=0
Step 1. Sort the jobs in P to form an LPT priority list
Step 2. while |P|>0do

Step 2a. Remove j, the first job from P

Step 2b. Compute (k) for every positionk =1, ..., [S+1|
Step 2c. Find k™ = argmin,{ yw(K)}

Step 2d. Insert job j at position k™ in S

Step 3. Output S

Step 4. Stop

Figure 4.3 Pseudocode of NEH_RMB procedure (Rios-Mercado and Bard, 1998b)
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Rios-Mercado and Bard (1998b) use Taillard’s speed-ups to compute partial
makespan when job j is inserted into each position in the sequence, given in Step 2b of
Figure 4.3. Instead of computing the completion times for every position, Taillard (1990)
proposed to calculate the earliest completion times and tails of a partial solution S; and then
to calculate the relative completion times and partial makespan values after the insertion of
job j into schedule S. Earliest completion time measures the duration between the starting
time of the operations and the end of processing of job j, j=1, ..., n, on machine i, i=1, ...,
m. The earliest completion times are computed recursively from the first job in the
sequence on the first machine to the last job in the schedule S on the last machine, m. Tail
calculates the duration between the starting time of job j on the machine i and the end of
operations. Tails are also computed recursively; but from the last job of the scheduled
sequence on machine m to the first job in the schedule S on the first machine. The earliest
completion times and tails are calculated once until one job, job j, is added to the schedule
S, which eliminates the redundant computations. The relative completion time and values
of the partial makespan (k) are calculated when job j (from set P) is inserted in position k.
To compute the relative completion times and values of the partial makespan, we use the
earliest completion times, the tails, the processing time of job j and the related sequence
dependent setup times; instead of computing the whole completion times when job j is
inserted in every position in the schedule S. Figure 4.4 presents the pseudocode for the
procedure of computing values of partial makespan (Rios-Mercado and Bard, 1998b).

For the Flsiji, prmu|Cmax problem, the presented NEH_RMB algorithm (Rios-
Mercado and Bard, 1998b) with Taillard’s speed ups is used as explained above. However
for the F|sij,prmu|} (C;j+Energy;) problem, the greedy function y(j) calculates the total cost
of the system which includes the total production cost due to total completion time and
total energy cost, instead of makespan. Moreover, since the Taillard’s speed ups are
proposed specifically for the flowshop problem with makespan objective, we do not use
any speed up procedures for the F|sj;, prmu|d (Cj+Energy;) problem.
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Procedure Makespan ()
Input: Partial schedule S=(1,2, ..., k-1) and job j to be inserted.

Output: Vector y(k) with the value of the makespan when job j is
inserted in the k-th position of the schedule S.

Step 1. Compute the earliest completion times
Step 2. Compute the tails

Step 3. Compute the relative completion times
Step 4. Compute values of partial makespan (k)

Step 5. Output vector (k)

Step 6. Stop

Figure 4.4 Pseudocode of procedure for computing partial makespan (Rios-Mercado and
Bard, 1998b)

4.2.3 Neighborhood Structure

Selecting the neighborhood structures, the sequence of the selected neighbors and
the local search procedure play an important role in the performance of the VNS algorithm.
Inherently, search space of neighborhoods affects the quality of the algorithm. A large
neighborhood contains the global optimum solution with higher possibility compared to a
small neighborhood. However, a large neighborhood visits to any solution in the search
space with lower probability.

In the preliminary tests, we try various neighborhood structures with different
combinations in order to obtain better solutions. We present these preliminary results in
Section 5.2. As neighborhood structure, we employ several neighborhood structures: swap,
adjacent swap, node insertion, 2-opt, maximum setup one-job insertion, maximum setup

two-job insertion and minimum setup two-job insertion. Moreover, we use several local
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search procedures based on different neighborhoods. In the following, we explain these
neighborhood structures in detail and in Section 4.2.4, we will explain the implementation
of these neighborhood structures in local search procedures.

Swap: We employed swap operator as one of the neighborhood structure for VNS
algorithm. In this operator, we generate two different values in job set n. These two values
represent job positions whose corresponding jobs will be swapped. For instance, if the
current solution is [359 2 6 8 1 4 7 10], for n=10, and the generated random values are 4
and 7; then the new solution becomes [359 1 6 8 2 4 7 10]. Before the swap move, job in
the fourth position in the sequence is 2, and job in the seventh position is 1. After the swap
move, jobs in the fourth and the seventh positions in the sequence are 1 and 2, respectively,
while other jobs remain in the same position.

Adjacent Swap: In adjacent swap move, two adjacent jobs interchange their
positions in the sequence. To determine adjacent jobs, we generate one random number
which represents a random position in the current solution. We swap the corresponding job
of the selected position with the job which will be processed in the following position. For
instance, the current solution is [3592 6 8 1 4 7 10], and the generated random value is 4.
Then, we interchange job 2 which corresponds to position 4 and job 6 which will be
following job processed in the sequence. In consequence, we obtain the new solution as [3
5962814710].

Node Insertion: In the node insertion operation, we generate one value randomly to
select a job which will be removed from the sequence and to be inserted into another
position. For inserting the removed job, we can select the position randomly or we can find
the best position which gives the lowest objective function value. The second procedure
makes the shaking part intensified; on the other hand increases time spent in the
neighborhood. For example, if the current solution is [359 2 6 8 1 4 7 10] and the
randomly generated value is 5 which shows the position in the sequence, corresponding job
will be 6. We remove job 6 from the sequence, insert this job into every position excluding

5 position (which is the current solution) and calculate the objective function value for the
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new sequence. After the computation of the objective function value, we determine the
lowest fitness value and insert job 6 into the corresponding position. In the example, if this
corresponding position is 2, the new sequence will be [36592 81 4 7 10]. We also use
this neighborhood structure for two jobs. Instead of removing one job in the sequence, we
eliminate two jobs randomly. Then, we reinsert these two jobs in the sequence under the
explained procedures.

2-opt: In the 2-opt neighborhood, we select two adjacent job pairs, namely two
edges from the sequence. We remove these selected two edges and reconnect in the other
way to the partial sequence. For example, if the current solution is [35926 8 14 7 10]
and we select [9 2] and [4 7] adjacent job pairs in the sequence, the new solution becomes
[3594186 27 10]. The edges between the jobs [9 2] and [4 7] are removed and the
partial sequence between job 9 and job 7 (which are [2 6 8 1 4]) is reconnected with the
main sequence in opposite way.

Maximum Setup One-job Insertion: Since the problem is flowshop problem with
sequence dependent setup times, we develop three setup time dependent neighborhood
structures. For these neighborhood structures, we use the setup times between two adjacent
jobs only on the first machine. In the preliminary tests, we use also the total setup times
between each job pairs on all machines. However, using the setup times on the first
machine gives us better results. In the maximum setup one-job insertion, according to the
current solution, we determine the largest setup time between every adjacent job on the first
machine. Then, we remove the job right after the largest setup time and insert it to another
position in the sequence randomly. Random insertion leads to diversification after the
selection of the removed job. For instance if the current solution is [3592 6 8 1 4 7 10]
and the largest setup time on the first machine is between job 4 and job 7, then we remove
job 7 from the sequence. We generate a random number from the set (1, ... , n, in this
example n is 10), say 3; then we insert job 7 into position 3. So, the new sequence will be
[35792681410].
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Maximum Setup Two-job Insertion: The second neighborhood structure based on
setup times is similar to the maximum setup one-job insertion. Firstly, we determine the
greatest setup time between adjacent jobs in the current solution on the first machine.
Different from the previous one, two adjacent jobs which have the largest setup time are
removed from the sequence and are inserted in a different position in the sequence. For
example, if the current solution is [359 26 8 1 4 7 10] and the largest setup time on the
first machine is between job 4 and job 7, then we remove both job 4 and job 7 from the
sequence. After generating a random number, say 5, we insert jobs 4 and 7 adjacently into
positions 5 and 6. So, the new solution becomes [3592 476 8 1 10].

Minimum Setup Two-job Insertion: The third neighborhood structure we
developed based on setup times is similar to the maximum setup two-job insertion. The
difference in this neighborhood is that we determine the lowest setup time between two
adjacent jobs. Then, we eliminate these two jobs from the sequence and insert into another
position generated randomly. In the previous example, if the minimum setup time is
observed in between jobs 3 and 5, and random number is 9; then we insert jobs 3 and 5 into
positions 9 and 10 respectively. Consequently, the new solution will be [9268 147 10 3
5].

Neighborhood structures based on setup times which contains maximum setup one-
job insertion, maximum setup two-job insertion and minimum setup two-job insertion In

the preliminary tests,

4.2.4 Local Search Procedure

Local search takes the solution, x, which is obtained at the ‘shaking’ step of the
VNS algorithm, as an initial solution and we search a new solution in the neighborhood of
initial solution x, N(x). The local search procedure may consist of one or multiple
neighborhood structures, which we give the details of these structures below. On the other

hand, to improve the solution x in N(x), best improvement (steepest descent) and first
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improvement (random descent) strategies are tested for the local search procedure. In the
steepest descent strategy, we search the whole neighborhood and accept the solution x’
which gives the best improvement to the objective function, also called local minimum of
the neighborhood. On the other hand, random descent strategy selects solutions from the
neighborhood randomly and accepts the first solution x’ that improves the objective
function.

For the local search procedure based on one neighborhood structure, we employ
several neighbors: swap, adjacent swap, node insertion, 2-opt and maximum setup two-job
insertion. The details of these neighborhood structures are given in Section 4.2.3. For the
local search procedure based on multiple neighborhood structures, we test the same
neighborhood structures used for the local search procedure based on one neighbor. To use
the multiple neighborhoods systematically in the local search, we implement the variable
neighborhood descent (VND) algorithm, which is proposed by Mladenovic and Hansen
(1997). Different from the VNS algorithm shown in Figure 4.1, there is no ‘shaking’ phase
in the VND algorithm, since it finds steepest descent solution in the selected search space.
The neighborhood structures of the VND algorithm may be different from the VNS
algorithm. The initial solution for the VND comes from the ‘shaking’ phase of the VNS
algorithm. Then the best improved solution is searched in the first neighborhood structure
in the VND algorithm. Then, similarly in the ‘move or not’ phase, the new solution is
decided to be accepted or not after comparing with the incumbent of the VND algorithm.
According to the acceptance, the neighborhood structure is changed. For this VND
algorithm, the stopping condition is the improvement of the solution according to the
incumbent value of the main VNS algorithm. When there is no improvement any more,
then the local search phase of the VNS (here it is VND) is completed.

After the preliminary tests, which we provide the detailed analysis of these local
search procedures in Section 5.2.2, we observe that the local search procedure based on
node insertion neighborhood with steepest descent strategy gives best results among the

local search procedures based on other neighborhood structures and strategies. Moreover,
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Ruiz and Stiitzle (2007, 2008) also use the local search procedure based on node insertion
neighborhood with steepest descent strategy for the F|sj;, prmu|Crax problem in their state-
of-the-art algorithm and they emphasize that the node insertion neighborhood structure is

highly effective for the local search procedure for the FS-SDST problems.

Function LocalSearch_Nodelnsertion(x)
improve=true;
while (improve=true) do
improve=false;
fori=1tondo
remove job h from sequence x randomly without repetition
X’= best sequence obtained by inserting job h in all possible positions in x;
if F(x*) < F(x) then
X=X
improve=true;
endif
endfor
endwhile
return x

end

Figure 4.5 Local search based on node insertion with steepest descent strategy
(Ruiz and Stiitzle, 2007, 2008)

Figure 4.5 shows the pseudocode of this local search procedure (Ruiz and Stiitzle,
2007, 2008). In the local search procedure based on node insertion, one job is selected from
the sequence of the starting solution, x; removed and inserted in all possible positions
except for its original one. While we are computing the makespan values for each
corresponding position for the F|sij, prmu|Cpax problem, we use Taillard’s speed-ups. The

position which gives the lowest objective function value will be the new position for this
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selected job and we obtain new sequence, X’. If the objective function value of the new
sequence, F(x’), is lower than the starting sequence, F(x), then we update the solution and
continue with this new sequence; otherwise we continue with the starting (original)
sequence. We select another job from the sequence and do the same procedure as explained
before, for all jobs in the sequence. We call this explained procedure until we do not

improve the objective function value anymore (until we obtain local optimum).

4.2.5 Acceptance Criterion

After obtaining a sequence from the local search, the corresponding objective
function value is compared with the incumbent value which is the lowest objective function
value found until that time. According to that comparison, we decide whether this new
solution is accepted or not as an incumbent solution; and to move to the following
neighborhood structure to search better solutions. In the acceptance phase, we employ two
different criteria: a simple acceptance criterion and a simulated annealing-like acceptance
criterion. In the first one, we accept the new sequence if its objective function value is
lower than the incumbent value. However, we observe that sometimes the local search gets
stuck at a solution in earlier stages of the algorithm. Hence to prevent this situation, we
accept some solutions which have higher objective function values than the incumbent
value in the second acceptance criterion. This strategy, which provides diversification to
the algorithm, leads us to search solutions in different parts of the solution space and
prevents stagnation. We use the following well-known equation for the simulated

annealing-like acceptance criterion:

F(incumbent)—F(x)} 4.1)

rand < ex {
p temperature
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In Equation 4.1, rand is a random number between 0 and 1. If x represents the new
sequence, then F(x) shows the objective function value for the new sequence. Similarly,
F(incumbent) indicates the objective function value of the incumbent solution. Thus,
Equation 4.1 gives the probability of accepting a worse solution. We use the following
equation for the temperature which was proposed by Osman and Potts (1989) and was
adopted by Ruiz and Stiitzle (2007, 2008).

Yit1 X1 pij

nxmx10

temperature = A 4.2)

The value of the parameter temperature depends on the instance since it uses the
total processing time of all jobs on the all machines, the number of jobs and the number of
machines, as seen in Equation 4.2. In this equation, A is a parameter which needs to be
tuned. In Section 5.3.1, the experimental results for tuning A are shown.

We present the pseudocode of the proposed VNS algorithm in Figure 4.6.

Notation

Kimax maximum number of neighborhood structure
Xo the initial solution

X* the incumbent solution

X the current solution

X’ the solution generated from Ng(X)

X"’ the local optimum solution from x’

Nk(x) the kth neighborhood of solution x

F(x) the objective function value of x

rand random number generated between 0 and 1

temperature a constant value calculated in Equation 4.2
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Xo = NEH_RMB; %lInitialization
X=Xo;

X*= Xo;

F(x*) =F(xo);

k=1;

while termination criterion is not met do

while k < ks do

Generate x’ from N(x) %Shaking
x’’= LocalSearch_Nodelnsertion(x"); %L ocal search
if F(X*) < F(x*) then %Acceptance & move or not
X=X"";
X*=X;
k=1;
else if (rand < exp{-(F(x")-F(x*))/temperature}) then
X=X"";
k=1;
else
k=k+1;
endif
endwhile

endwhile

Figure 4.6 Pseudocode of proposed VNS algorithm
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Chapter 5

COMPUTATIONAL STUDIES

In this chapter, we conduct computational studies to analyze the performance of the
VNS algorithm, which is proposed for the Flsjj, prmu|Cnax and the Fis,
prmu|y (Cj+Energy;) problems. Firstly, in Section 5.1, we describe the data sets that we
use for the F|sj;, prmu|Cnax problem and we generate additional data sets for the energy-
related parameters for the F|s;j, prmu|Y (Cj+Energy;) problem. In Section 5.2, we present
our test results to make the decisions for our implementation of the VNS algorithm. In
Section 5.3, we give the results of the performance of the proposed VNS algorithm. Lastly,
we analyze these results for the Fsj, prmu|Cnax problem and the Fis,

prmuly(Cj+Energy;) problem in Section 5.4.

5.1 Data Sets

5.1.1 Data Set for the F|sj, prmu|Cpax Problem

We conduct the computational studies for the F|siji, prmu|Cmax problem with the
data set generated by Ruiz et al. (2005). This instance set is based on the well-known data
set proposed by Taillard (1993) for the regular flowshop problem. Taillard’s set has 12
instance groups with different number of jobs and machines. Nine of these instance group
sizes are the combination of 20, 50, 100 jobs and 5, 10, 20 machines. For the larger
instances, there are three more groups: 200 jobs 10 machines, 200 jobs 20 machines and

500 jobs 20 machines. In each group, there are 10 instances, so there are totally 120
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instances in the data set. For these instances, the processing time of jobs on each machine is
generated uniformly between 1 and 99. To modify this data set to the FS-SDST problem,
Ruiz et al. (2005) generated setup time values as four groups according to the 10%, 50%,
100% and 125% of the processing time range [1,99]. Hence, the setup times are generated
uniformly in [1,9], [1,49], [1,99], [1,124] and called SDST10, SDST50, SDST100,
SDST125, respectively. In total, there are 480 instances with different setup time groups
and we use all 480 instances to test our proposed VNS algorithm for the F|siji, prmu|Cax

problem.

5.1.2 Data Set for the F|sj;;, prmu|Y(Cj+Energy;) Problem

For the energy-aware FS-SDST problem, we need the following parameters for
computational experiments: processing times of each job on each machine, sequence
dependent setup times, setup cost, idle cost, cost for turning off/on machine and the
minimum required time for turning off/on the machine. For the processing and setup time,
we will use the benchmark set generated by Ruiz et al. (2005) for the FS-SDST problem as
explained in Section 5.1.1. For the smaller instances, to compare the solutions obtained
from the proposed VNS algorithm with the optimal solutions, we generate the processing
time uniformly in [1, 99] and setup time in [1, 9], [1, 49], [1, 99], [1, 124]. Since there are
few studies about energy-aware scheduling, there are no known data sets for energy-related
parameters. As a result, we generated the energy-related data sets for the computational
experiments. For data generation, firstly we created random 30 instances which have job
number in [20,200] and machine number in [5, 20]. The processing times were generated
uniformly in the range of [1, 99]. Setup times were generated uniformly in the ranges of
[1, 9], [1, 49], [1, 99], and [1, 124] with random selection of setup time groups. The
parameter &, which is used to convert the total completion time into the cost in the
multiobjective function, was selected as 5. We utilize the total weighted completion time

articles for cost conversion. Belouadah et al. (1992) generate weight data for the single



Chapter 5: Computational Studies 48

machine scheduling problem to minimize the total weighted completion time in their study.
They choose the range as [1, 10] for weight where the processing time is generated
uniformly in [1, 100] range. Since we have the similar processing time range and we
assume that all jobs have the same a value, we took the mean value of [1, 10] range, as 5,
and used this constant value for all jobs. Created 30 instances were run with the proposed
VNS algorithm where the objective is only the total production cost (single objective
function). According to the cost values, three different range groups were determined for
the energy-related parameters: low, medium and high. In Table 5.1, the data ranges for the
different groups are presented. The required time for turning off/on the machine was
generated uniformly in the range of [1, 20] for all groups.

Table 5.1 Data ranges of different groups for energy-related parameters

Group Idle Cost Setup Cost ON/OFF Cost
Low [1,5] [1,10] [10,100]
Medium [15,25] [35,45] [350,450]
High [30,40] [70,80] [700,800]

On the other hand, we set the weighted sum parameters w, and w, which we
defined in Section 3.2.2, to combine the objectives the total production cost and the total
energy cost into a single objective function by weighted sum method. For these weighted
sum parameters w,; and w,, three sets were used: (0.1, 0,9), (0.5, 0.5), (0.9, 0.1) and (1.0,
0.0). Since we add the energy objective to the traditional flowshop problem, we use (1.0,
0.0) values for the weighted sum parameters to evaluate the effect of the energy cost to the
objective function. As a result, for one instance from Ruiz et al. (2005) data set (with
processing and setup times), three instances were generated due to different range groups
for the energy related parameters. Moreover, each new instance was run four times since

there are four different values for the weighted sum parameters.
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5.2 Selection of the VNS Decisions

As decisions of the VNS algorithm, we presented initial solution procedures, set of
neighborhood structures, local search procedures, stopping and acceptance criteria in
Section 4.2. In this section, we test these decisions to select the best combination for the
proposed VNS algorithm. Firstly, we describe the termination criterion for the algorithm.
While using this criterion, we show the results of the preliminary tests for different
initialization procedures, neighbors, local search procedures and acceptance criteria. Then,
we tune the acceptance criterion parameter in the last subsection. For the preliminary tests,
only the F|sjji, prmu|Cmax problem is used, since it is the simplest version of the FS-SDST
problem. Moreover, the best known solutions of the Taillard’s instance set for the F|s;,
prmu|Cmax problem are published, which allow us to measure the performance of the test

results.

5.2.1 Termination Criterion

For the F|siji, prmu|Cnax problem, we set the stopping condition based on the CPU
times since we compare our results with the state-of-the-art and other methods, which are
implemented with the same stopping criterion by Ruiz and Stiitzle (2008). We set the CPU
time as (n x m/2) x t milliseconds as proposed by Ruiz and Stiitzle (2008). Hence, the
termination criterion depends on the size of the instances. Ruiz and Stiitzle (2008) set t as
30, 60 and 90 in their article but we only use t = 90 in our study.

For the F|sij, prmu|) (Cj+Energy;) problem, since we do not compare our result
with a benchmark, we give longer CPU time as a termination criterion. One reason for this
is that the F|siji, prmu|Y (Cj+Energy;) problem is more complex than the F|siji, prmu|Cpax
problem. Moreover, for the F|sj, prmu|Cpax problem, we use Taillard’s speed up methods

to calculate the makespan value after insertion operation as explained in Section 4.2.2.
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Figure 5.1 Convergence graph of a 50x10 instance with SDST100 for F|sjji, prmu|Cax
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Figure 5.2 Convergence graph of a 20x5 instance with SDST10 and high group energy data
set for F|sij, prmu|Y (Cj+Energy;), when w;=0.5, w,=0.5

However, this speed up procedure cannot be applied to the minimization of total
completion time objective. As a result, one iteration takes much more time compared to the
Fsiji, prmu|Cmax problem. To obtain a good solution in a reasonable time period depending
on the instance size, we use the same stopping condition for the F|sjj, prmu|Y (C;+Energy;)
problem, but we set t as 180 due to the difficulty of the F|sj, prmu|Y (C;+Energy;) problem.
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Since we use the time as termination criterion, we also analyze whether the solution
converges or not. As an example, Figure 5.1 and 5.2 show the convergence graphs of the
Flsiji, prmu|Cmax and the Fsiy, prmu|) (Cj+Energy;) problems, respectively, for the
proposed VNS algorithm.

5.2.2 Initialization, Neighbors, Local Search and Acceptance

The most important parts of designing a VNS algorithm are to select neighborhood
structures, the sequence of these neighborhoods and the local search procedure. In the
preliminary tests, we tried various neighborhood structures and local search procedures
with different combinations in order to obtain better solutions. As neighborhood structures,
we used adjacent swap, swap, node insertion as one job (Insertion (1)) and adjacent two-job
(Insertion (2)), maximum setup insertion as one-job (MaxSetup(1l)) and two-job
(MaxSetup(2)), minimum setup two-job insertion (MinSetup(2)) and 2-opt. These
neighborhood structures were explained in detail in Section 4.2.3. In addition to the
neighborhood structures, we also conducted preliminary tests about initialization procedure
and acceptance criterion. As the initial solution, we used random initial solution and
NEH_RMB constructive heuristic (Rios-Mercado and Bard, 1998b). On the other hand, we
used simple and simulated annealing-like (SA-like) acceptance criteria. Since we have too
many decisions for designing a VNS algorithm, instead of combining each decision, we
conducted our preliminary tests as following. Firstly, we kept the neighborhood structures
as node insertion (Insertion(1)) and swap operations which are commonly used for
flowshop and TSP based problems in the literature. We observed the effect of the initial
solution, acceptance criterion and the neighborhood structure in the local search. The
quality of the solutions was evaluated by average percentage deviation from the best known
solutions, which is explained in detail in Section 5.3.3. For the first step of the preliminary
test, we used small and medium size instance sets among the well-known data set from
Section 5.1.1.
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Table 5.2 Average percentage deviation of the VNS solutions from the best known
solutions for different initial solutions, local search procedures and acceptance criteria

Initial Local Acceptance SDST SDST  SDST SDST

Solution Search Criterion 10 50 100 125 A
NEH_RMB Adjacent Swap Simple acc. 2.74 3.78 423 5.76 4.13
NEH_RMB Insertion(1) Simpleacc. 1.77 3.41 3.96 4.98 3.53
NEH_RMB Adjacent Swap SA-like 1.94 343 4.01 5.33 3.68
NEH_RMB Insertion(1) SA-like 143 297 3.61 4.52 3.13

Random Insertion(1) SA-like 1.89 3.05 3.92 4.61 3.37

In Table 5.2, we observe that for each SDST groups, starting the VNS algorithm
with NEH_RMB (Rios-Mercado and Bard, 1998b) gives better results compared to random
initialization. Since we used the stopping condition based on CPU time, improving an
initial solution with higher quality, such as NEH_RMB (Rios-Mercado and Bard, 1998b)
solution, is faster than a random solution. To start the algorithm with a good solution may
cause early convergence in heuristic algorithms in general; however the structure of the
VNS algorithm with systematic change in neighborhood structures leads to diversification
and prevents the convergence in early iterations. On the other hand, with simulated
annealing-like acceptance criterion, we allow more diversification to the algorithm. Table
5.2 shows that using SA-like acceptance criterion gives better results for the F|sy;,
prmu|Cnax problem. We used the NEH_RMB constructive heuristic (Rios-Mercado and
Bard, 1998b) and SA-like acceptance criterion for the proposed VNS algorithm. In the
local search procedure, we used best improvement strategy in the neighborhood structure.
At the beginning of the preliminary tests, we used a simple neighborhood structure, that is
adjacent swap, and a more complex one, that is node insertion. The VNS algorithm spends
most of its computational time on the local search procedure to find the best solution in the
specific neighbor. It is observed that evaluating the quality of each solution in the search
space of the adjacent swap operator consumes less time than the insertion operation, which
leads more iterations for the main loop of VNS algorithm under a CPU time based stopping

condition. Although searching the best solution in node insertion neighbor takes longer
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time and leads to less iterations for the main loop, Table 5.2 shows that it gives better
results. Namely, searching the best solution in the larger search space increases the quality
of the solution. In Table 5.2, we observe that the adjacent swap operator is a weak
neighborhood structure for a local search procedure compared to the insertion
neighborhood operator.

Table 5.3 Average percentage deviation of the VNS solutions from the best known
solutions for different neighborhood structures

Neighborhood Structure SDST10 SDST50 SDST100 SDST125  Avg.
Swap - MaxSetup(1) 0.56 1.01 1.46 1.68 1.18
MaxSetup(1) - Swap 0.63 0.97 1.43 1.80 1.21
Swap - MaxSetup(2) 0.61 1.10 1.56 1.65 1.23
MaxSetup(2) - Swap 0.52 1.02 1.36 1.66 1.14
Swap - MinSetup(2) 0.56 1.02 1.48 1.80 1.21
MinSetup(2) - Swap 0.59 1.13 1.56 1.73 1.25

Swap — Insertion(1) - MaxSetup(1) 0.60 1.02 1.61 1.77 1.25
Swap - MaxSetup(1) — Insertion(1) 0.66 1.18 1.61 1.78 1.31
Insertion(1) - Swap - MaxSetup(1) 0.65 1.10 1.58 1.72 1.26
Insertion(1) - MaxSetup(1) - Swap 0.55 0.89 1.61 1.60 1.16
MaxSetup(1) - Swap - Insertion(1) 0.58 1.10 1.34 1.77 1.20
MaxSetup(1) - Insertion(1) - Swap 0.59 1.09 1.48 1.75 1.23
Swap - Insertion(1) - MaxSetup(2) 0.66 0.97 1.51 1.76 1.22
Swap - MaxSetup(2) - Insertion(1) 0.56 1.02 1.53 1.68 1.20
Insertion(1) - Swap - MaxSetup(2) 0.58 1.13 1.54 1.84 1.27
Insertion(1) - MaxSetup(2) - Swap 0.56 1.09 1.40 1.69 1.18
MaxSetup(2) - Swap - Insertion(1) 0.60 1.02 1.56 1.56 1.18
MaxSetup(2) - Insertion(1) - Swap 0.61 1.00 1.52 1.79 1.23
Swap - Insertion(1) - MinSetup(2) 0.58 1.04 1.46 1.72 1.20
Swap - MinSetup(2) - Insertion(1) 0.61 1.01 1.42 1.63 1.17
Insertion(1) - Swap - MinSetup(2) 0.61 1.08 1.62 1.77 1.27
Insertion(1) - MinSetup(2) - Swap 0.61 1.08 1.55 1.64 1.22
MinSetup(2) - Swap - Insertion(1) 0.59 1.04 1.49 1.69 1.20

MinSetup(2) - Insertion(1) - Swap 0.56 1.10 1.53 1.55 1.19
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In the second step of our preliminary test, the aim is to select the neighborhood
structures among swap, node insertion, maximum setup insertion as one-job and two-job,
and minimum setup two-job insertion. Moreover, the sequence of these neighborhoods
need to be determined. For this step, we fixed the initial procedure as NEH_RMB
constructive heuristic (Rios-Mercado and Bard, 1998b), acceptance criterion as SA-like
and local search procedure based on node insertion neighborhood. First we used two
neighborhood structures. Since we have the local search procedure based on insertion, for
two neighborhood structures, we combined the swap operator with each setup-dependent
neighborhood structures. Then, we added the node insertion neighborhood as the third
neighborhood structure to the algorithm. We used different instance sets from the first
group of experiments as given in Table 5.2. We observe from the average percentage
deviations given in Table 5.3 that there are no dominant neighborhood structures. However,
using the maximum setup one-job insertion and the swap neighborhood structures in that

order gives better results, on the average, among other neighborhood combinations.

Table 5.4 Average percentage deviation of the VNS solutions from the best known
solutions for different neighborhood structures and local search procedures

Ne;i:‘l:::::()d Local Search SDST10 SDST50 SDST100 SDST125 Avg.
MaxSetup(2) - Swap Insertion(1) 0.52 1.02 1.36 166 1.14
MaxSetup(2) - Swap (*) Insertion(1) 2.34 3.97 6.07 6.74 4.78
MaxSetup(2) - Swap VND (Swap - MaxSetup(2)) 1.69 3.12 4.62 5.16 3.65
MaxSetup(2) - Swap  VND (Insertion(1) - MaxSetup(2))  1.49 2.79 3.89 452 3.17
AdjacentSwap - Swap AdjacentSwap - Insertion(1) 0.76 1.37 1.94 2.10 1.54
Insertion(2) - Swap Insertion(2) - Insertion(1) 0.99 1.86 2.61 2.82 2.07

2-opt - Swap 2-opt - Insertion(1) 0.84 1.64 2.04 245 1.74

(*) With first improvement strategy

In the last step of the preliminary tests, we kept the initialization procedure and the

acceptance criterion the same as discussed above. However, to improve our solution
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further, we used different techniques. First row in Table 5.4 shows the design of the VNS
algorithm, which gives the best result so far (from Table 5.3) and will be referred to as the
best combination. In the following three tests, we kept the neighborhood structures of the
main algorithm the same but used different local search techniques. Firstly, we used the
same neighborhood for the local search but instead of taking the best solution in the
solution space (best improvement), we used the first improvement strategy. Moreover, we
used variable neighborhood descent (VND) algorithm with two neighborhood structures in
the local search procedure in our tests. We also tested using different neighbors in the local
search procedures for each neighborhood structure in the main part of the algorithm. In the
last three test results given in Table 5.4, we used different neighbors instead of
MaxSetup(2) from the best combination of the given VNS design and we used the same
neighborhood structure with the shaking part of the algorithm for the local search
procedure. In other words, when a solution was generated from the adjacent swap
neighbors randomly, the neighborhood structure would also be the same in the local search
phase. Except from the current solution and the solution that was obtained from ‘shaking’
part, the best improvement strategy was used to find the candidate solution. After SA-like
acceptance, this candidate solution was accepted as the current solution or not. When the
current solution was not accepted and the neighborhood structure was changed to the swap
operation, in the local search procedure the node insertion neighbor was used. The
algorithm continues until the stopping condition is met. From the results given in Table 5.4,
we observe that we could not improve the solutions of the VNS algorithm referred as best
combination further.

Consequently, we set the decisions of the proposed VNS algorithm as follows:
NEH_RMB constructive heuristic (Rios-Mercado and Bard, 1998b) for the initial solution,
SA-like acceptance criterion for ‘move or not’ phase of the algorithm, maximum setup one-
job insertion and swap neighborhood structures in that order for the neighborhood
structures of the ‘shaking’ phase, and node insertion neighborhood for the local search

procedure.
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5.2.3 Tuning the Parameter of Acceptance Criterion

In the simulated annealing-like acceptance criterion, we used the equation (4.2) for
the temperature which was explained in Section 4.2.4. In this equation, there is a constant
parameter, A, which needs to be tuned. To design the VNS algorithm in Section 5.2.2, we
took this parameter as 0.5, which is the same value as in Ruiz and Stiitzle (2008). However,
we conducted a test to set this parameter after all other parameters and decisions of the
proposed VNS algorithm were established. We used a small number of instance set to
adjust the parameter A and we again used the average percentage deviation to evaluate the
results. In this test, we considered the values from 0.1 to 1.0 with the slot of 0.1 for A. Table
5.5 shows the results according to the given A values. In this table, we observe that when
the A value is tuned to 0.7, it gives the best results among other A values, on the average. As

a result, we set the A value to 0.7 in our proposed VNS algorithm.

Table 5.5 Average percentage deviation of the VNS solutions from the best known
solutions for different A values in simulated annealing-like acceptance criterion

Avalues SDST10 SDST50 SDST100 SDST125 Average

0.1 0.14 0.38 0.44 0.59 0.39
0.2 0.17 0.29 0.57 0.61 0.41
0.3 0.14 0.23 0.45 0.55 0.34
0.4 0.12 0.33 0.56 0.62 0.41
0.5 0.11 0.31 0.43 0.49 0.33
0.6 0.10 0.27 0.39 0.59 0.34
0.7 0.09 0.19 0.44 0.37 0.28
0.8 0.13 0.30 0.29 0.43 0.29
0.9 0.11 0.25 0.37 0.43 0.29

1.0 0.12 0.32 0.41 0.57 0.36
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5.3 Results of the Computational Study

In this section, we present the results of the computational experiments we
conducted with the proposed VNS algorithm. We compared the results of the Fsy,
prmu|Crax problem with the benchmarks. For the F|s;j, prmu|} (Cj+Energy;) problem, we
solved small-sized problems via the mixed integer linear programming (MILP) model
presented in Section 3.2.2 and compared the solutions obtained from the proposed VNS
algorithm with the optimal solutions. For large-sized problems, we compared the VNS
results with the well-known NEH constructive heuristic results.

5.3.1 Computational Platform

We code the VNS algorithm in Microsoft Visual Studio 2010 with C++
programming language. For solving the integer linear programming model, we used the
IBM ILOG CPLEX Optimization Studio 12.5 Version. The computational experiments
were conducted on a computer with an Intel(R) Core(TM) i5-2520M CPU at 2.50 GHz
processor with 4.00 GB RAM.

5.3.2 Benchmarks

For the F|siji, prmu|Cmax problem, to analyze the quality of the proposed VNS, we
compared our results with the results of alternative heuristics and of the state-of-the-art
algorithm. The iterated greedy algorithm with local search procedure (IG_LS) (Ruiz and
Stiitzle, 2008) is state-of-the-art algorithm for the FS-SDST problem when the objective is
makespan. 1G_LS was also compared with some effective heuristics. Two of them are
genetic algorithm (GA) and memetic algorithm (MA), which are developed by Ruiz et al.
(2005). Moreover, Ruiz and Stiitzle (2008) modify an ant colony optimization algorithm
(PACO) proposed by Rajendran and Ziegler (2004), which also gives good quality of
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solutions. Ruiz and Stiitzle (2008) use a stopping condition, which is based on CPU time,
to compare the performance of these heuristic algorithms. Since we have the average
deviation percentage values for these heuristics from the article (2008), we used these
benchmark data to compare the performance of our VNS algorithm.

Genetic Algorithm (GA): Genetic algorithm is an evolutionary algorithm, which
starts with a set of solutions called population, and after some genetic operations this
population evolves. Ruiz et al. (2005) initialize some of the individuals in the population
with a modified version of the NEH_RMB constructive heuristic (Rios-Mercado and Bard,
1998b) and generate other individuals randomly. They use classical selection mechanisms,
which are roulette wheel and tournament selection. As crossover operation, they propose
new operations based on that the common jobs or blocks of two parents are transferred to
the children. As mutation operation, Ruiz et al. (2005) use simple node insertion operation
by selecting a job randomly and inserting it to a random position in the sequence. After
these operations, they replace the population by new individuals if their makespan values
are lower than that of the parents in the population. In addition to this classical structure of
genetic algorithm, Ruiz et al. (2005) implement a restart scheme to avoid the local
optimum. Finally, to compare the performance of the GA (Ruiz et al., 2005) Ruiz and
Stiitzle (2008) used CPU time as the stopping condition.

Memetic Algorithm (MA): To improve the performance of the proposed GA, Ruiz et
al. (2005) apply a local search procedure, which is based on node insertion neighborhood,
to the solutions, after the crossover and mutation operation. Since this procedure takes too
long time in the proposed GA, they implement this local search procedure to the
individuals in the population with an “enhancement probability”. Namely, they apply the
local search operation to some of the individuals. They also do not conduct a full node
insertion operation. The iteration number of the local search procedure is limited by a
parameter. Ruiz et al. (2005) calibrate the parameters of the local search procedure to
balance the quality of the solution and the computational time spent. This proposed hybrid

GA is called as memetic algorithm (MA).
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Memetic Algorithm with Modified Local Search (MA_LS): Ruiz and Stiitzle (2008)
replace the applied local search procedure of MA with the descent local search procedure
and call it MA_LS. In the descent local search algorithm, Ruiz and Stiitzle (2008) use the
same neighborhood structure, which is node insertion. They remove each job in the
sequence one by one and insert into the best position that gives a lower makespan value,
among all possible positions. After this procedure is finished for all jobs, if any solution
obtained from the local search procedure gives any improvement compared to the current
solution, the whole process is repeated, until there is no improvements on the solutions.
This procedure leads to a local optimum. Although it takes longer computational time, Ruiz
and Stiitzle (2008) test this modified version of the memetic algorithm (MA_LS) in their
study, with the given CPU time.

Ant Colony Optimization Algorithm (PACO): Ant colony optimization algorithm is
a population based algorithm but Rajendran and Ziegler (2004) use only one ant for each
iteration in their study. They initialize the pheromone trails by well-known NEH heuristic.
Then, one ant constructs a full solution by adding components one by one iteratively. After
construction, the solution is improved by a local search based on the job-index procedure
proposed by Rajendran and Ziegler (2004), which is indeed the same local search
procedure used by Ruiz and Stiitzle (2008). Then, the ant gives feedback about the
components; hence accordingly the parameters are updated. The procedure continues until
the stopping condition is met. Rajendran and Ziegler (2004) propose this heuristic for
regular flowshop problem when the objective is to minimize makespan. Ruiz and Stiitzle
(2008) modify this heuristic to the FS-SDST and change the initialization heuristic to
NEH_RMB (Rios-Mercado and Bard, 1998b). Since Ruiz and Stiitzle (2008) use this
heuristic to compare the performance of their proposed algorithm, they use CPU time as the
stopping condition for the modified algorithm and call it as PACO.

Iterated Greedy (IG): Iterated greedy algorithm starts with an initial solution and
has destruction, construction and acceptance phases in the main loop. Ruiz and Stiitzle

(2008) initialize their proposed IG with well-known constructive heuristic NEH_RMB
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(Rios-Mercado and Bard, 1998b). In the destruction phase, some of the components of the
solution are removed from the sequence and in the construction phase, each removed
components are added to the partial solution one by one to obtain the best permutation,
which gives a lower makespan value. The reconstructed solution is compared with the
incumbent solution in the acceptance step. As acceptance condition, they use simulated
annealing-like acceptance criterion. In this criterion, different from the simple acceptance
criterion, which accepts only better solutions, they also accept some of the candidate
solutions that have worse fitness value as a new solution. The main loop continues with this
new reconstructed solution. This procedure is repeated until the stopping condition is met,
which is based on the CPU time.

Iterated Greedy with Local Search (IG_LS): Ruiz and Stiitzle (2008) improve their
proposed IG algorithm with the descent local search procedure based on the node insertion
neighborhood, which is explained in the MA LS. Ruiz and Stiitzle (2008) apply this local
search to the initial solution, which is constructed by NEH_RMB heuristic (Rios-Mercado
and Bard, 1998b). Moreover, after the destruction and the construction phases of the IG,
the local search is also applied to the reconstructed solution. Lastly, in the acceptance
phase, with simulated annealing-like acceptance criterion, the solution obtained from the
local search is compared with the incumbent. Among the other benchmarks, this heuristic
gives the best results when the stopping condition is the CPU time. The proposed iterated
greedy algorithm with local search is the state-of-the-art for the FS-SDST problem when
the objective is makespan (F|sij, prmu|Cnax) for the published instance set of Ruiz et al.
(2005).

Since the Flsij, prmul)(C;+Energy;) problem is studied for the first time in the
literature, there are not any benchmarks. To analyze the performance of the proposed VNS
algorithm for the F|s;;, prmu|}Y (Cj+Energy;) problem, we solved small-sized problems with
the MILP model, which was presented in Section 3.2.2. We compared the solutions of the
proposed VNS algorithm with the optimal solutions. For large-sized problems, we

compared the VNS results with the results obtained from the well-known NEH constructive
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heuristic. The NEH algorithm is actually used as an initial solution for the proposed VNS
algorithm. Hence, this comparison indicates how much we improve the NEH solutions by
the proposed VNS algorithm.

For the Flsiji, prmul)(Cj+Energy;) problem, we also relaxed some of the binary
variables of the MILP model to obtain lower bounds (LB) on the optimal solution to the
problem and compared the VNS results with these LBs. In the MILP model, there are three
binary variables which are z;;, for assigning a job j to a position K, q;, for indicating two
adjacent jobs, job j in position k in the sequence and immediately followed by job I, and vy,
for checking whether the idle time is greater than the breakeven duration on machine i
before the job in position k. The variable v;, is a positive continuous energy-related
variable and it is added to the objective function as negative. Hence, when we relax this
binary variable to a continuous variable in the range of [0, 1], the variable v;;, takes a high
value, which makes the objective function value negative. It should be noted that relaxing

other binary variables, that is, z;, and qjy,;, does not give a better relaxation.

5.3.3 Performance Measures

To evaluate the results of the proposed VNS algorithm, we need performance
measures. For the F|sijy, prmu|Cnax problem, we use percentage deviation (PD) of the
solution obtained by a heuristic algorithm from the best known solution for each instance.
The best known solution for each instance can be found at the website http://soa.iti.es/rruiz
(Ruiz, 2008). Equation 5.1 shows the calculation of the PD.

PD = Solution!—BestKnown % 100 (51)

BestKnown

In Equation 5.1, Solution! is the objective function value obtained from heuristic

algorithm H for one instance. BestKnown is the best objective function value of that
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instance known so far. Since there are 480 instances to test for the F|sijy, prmu|Cpax
problem, the results are shown as average percentage deviation (APD). For one instance
size group such as 20 jobs to 5 machines, we take the average of the PD results.

For the F|si, prmu|) (Cj+Energy;) problem, there are no benchmark sets and best
known solutions to compare our result with. However, we find the optimal solutions for the
small instances, and we use the NEH heuristic results for the large instances in our
comparison. Optimal and NEH results are compared with the proposed VNS solutions and
as the performance measure, we also use percentage deviation (PD) method. For the F|sjj,
prmu|y (Ci+Energy;) problem, in Equation 5.1, H = VNS, whereas BestKnown is either the

optimal solution for small-sized instances or the NEH solution for large-sized instances.

5.3.4 Results for Proposed VNS algorithm

We conducted computational experiments for the F|sjy, prmu|Cmax and Fisij,
prmuly(Cj+Energy;) problems with the instance sets explained in Section 5.1 and present
our results in this section. For the F|sjj, prmu|Cmnax problem, we compare our results with
the benchmarks which are given in Section 5.4. Tables 5.6-5.9 indicate the results of the
Flsiji, prmu|Cmax problem as the maximum, the minimum and the average percentage
deviation (PD) of the objective function values of the VNS solutions from that of the best
known solutions for each instance size. Results are tabulated in the consecutive tables for
each SDST group. Bold numbers show our average results and that of the heuristics, which
give at least as good as our results. Tables 5.10 and 5.11 indicate the maximum, the
minimum and the average percentage deviation (PD) of the objective function values of the
VNS solutions from the NEH heuristic according to the SDST groups for the F|sjj,
prmu|Cnax problem, which we will analyze these results to evaluate the F|sjj,
prmul|y (Cj+Energy;) problem. For the F|siy, prmu|Y (Cj+Energy;) problem, Tables 5.12 and
5.13 show the average PD of the objective function values of the VNS solutions from the

optimal solutions. Tables 5.14-5.17 indicate the average PD of the objective function
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values of the VNS results from the NEH heuristic results. For detail analysis, we tabulated

the maximum, the minimum and the average PD of both total production cost and total

energy cost values obtained from VNS algorithm,

prmuly(Cj+Energy;) problem in Table A1-36 in Appendix.

separately,

for the Fisi,

Table 5.6 Performance of the benchmarks and the VNS algorithm for the F|sj, prmu|Cpax
problem when SDST10

SpSTI10 GA MA MA_LS PACO IG_LRS IG_RS_LS VNS
Avg. (%) Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) | Max.(%) Min.(%) Avg.(%)

20x5 0.41 0.70 0.08 0.18 0.14 0.04 0.42 0.00 0.08
20x10 0.56 0.36 0.13 0.22 0.24 0.04 0.49 0.00 0.17
20x20 0.39 0.56 0.10 0.12 0.19 0.04 0.21 0.00 0.08
50x5 0.92 0.77 0.30 0.42 0.84 0.27 0.84 0.41 0.58
50x10 2.01 1.26 0.81 1.06 1.43 0.53 1.84 0.50 1.03
50x20 2.10 1.28 0.82 1.01 1.54 0.60 1.54 0.62 1.18
100x5 1.03 0.63 0.31 0.76 1.34 0.33 0.81 0.31 0.51
100x10 1.33 0.90 0.48 0.77 1.32 0.38 1.26 0.59 0.95
100x20 1.83 1.06 0.82 1.12 1.47 0.54 1.63 0.68 1.32
200x10 1.32 0.65 0.48 0.85 1.33 0.32 1.16 0.27 0.65
200x20 1.71 0.87 0.76 0.95 1.12 0.38 1.19 0.59 0.93
500x20 1.27 0.48 0.43 0.61 0.82 0.21 0.69 0.23 0.43
Average 1.24 0.79 0.46 0.67 0.98 0.31 1.01 0.35 0.66
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Table 5.7 Performance of the benchmarks and the VNS algorithm for the F|s, prmu|Cpax
problem when SDST50

SDSTS0 GA MA MA_LS PACO IG_RS IG_RS_LS VNS
Avg. (%) Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) | Max.(%) Min.(%) Avg.(%)

20x5 1.15 1.50 0.30 0.51 0.58 0.10 0.84 0.00 0.39
20x10 1.17 0.77 0.32 0.44 0.58 0.19 0.84 0.00 0.36
20x20 0.49 0.78 0.16 0.25 0.37 0.07 0.37 0.00 0.16
50x5 3.43 2.18 1.13 1.98 2.42 1.04 2.71 0.66 1.90
50x10 3.01 1.68 1.08 1.62 2.12 0.92 2.39 1.52 1.92
50x20 2.43 1.69 0.89 1.28 2.03 0.82 2.43 0.66 141
100x5 3.98 2.34 1.38 3.95 2.33 1.09 3.52 1.47 2.52
100x10 3.07 1.52 1.21 3.10 2.13 0.88 2.39 0.99 1.72
100x20 2.51 1.54 1.03 2.45 1.82 0.81 2.60 092 1.74
200x10 3.49 1.35 1.21 3.37 1.90 0.63 1.98 0.85 1.48
200x20 2.67 1.19 1.02 2.64 1.51 0.53 1.53 0.80 1.24
500x20 2.07 0.76 0.79 2.00 1.28 0.31 1.02 0.44 0.72
Average 2.46 1.44 0.88 1.97 1.59 0.62 1.89 0.69 1.30

Table 5.8 Performance of the benchmarks and the VNS algorithm for the F|sj, prmu|Cpax
problem when SDST100

GA MA MA_LS PACO IG_LRS IG_RS_LS VNS

SDST100 - - - -

Avg. (%) Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) | Max.(%) Min.(%) Avg.(%)
20x5 1.82 1.43 0.39 0.61 1.24 0.17 1.69 0.00 0.57
20x10 1.27 1.09 0.29 0.48 1.03 0.18 1.27 0.00 0.42
20x20 0.94 1.14 0.17 0.48 0.74 0.17 0.89 0.00 0.31
50x5 5.26 3.02 1.99 3.31 3.70 1.82 4.71 1.74 2.72
50x10 4.18 2.55 1.50 2.49 2.99 1.30 3.33 0.80 2.20
50x20 3.11 1.77 1.18 1.98 2.40 1.11 2.74 0.95 1.96
100x5 6.00 3.04 2.16 6.65 3.48 1.63 4.64 2.24 3.28
100x10 4.15 2.45 l.61 4.89 2.77 1.02 3.50 1.94 2.75
100x20 3.49 2.39 1.53 3.91 2.46 1.05 3.07 1.23 2.16
200x10 4.71 2.19 1.77 5.53 2.49 0.92 3.12 1.56 217
200x20 3.48 1.68 1.40 3.82 1.92 0.76 2.30 1.18 1.66
500x20 2.64 1.16 1.14 2.75 1.50 0.46 1.67 0.20 0.91
Average 3.42 1.99 1.26 3.08 2.23 0.88 2.75 0.99 1.76
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Table 5.9 Performance of the benchmarks and the VNS algorithm for the F|s, prmu|Cpax
problem when SDST125

SDST125 GA MA MA_LS PACO IG_RS IG_RS_LS VNS
Avg. (%) Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) | Max.(%) Min.(%) Avg.(%)

20x5 1.90 1.40 0.32 0.65 1.24 0.30 1.84 0.00 0.40
20x10 1.52 1.24 0.37 0.56 1.44 0.36 1.24 0.00 0.64
20x20 0.95 1.21 0.24 0.39 0.81 0.19 1.42 0.00 041
50x5 5.63 3.48 1.97 3.67 4.00 2.01 5.82 1.65 3.80
50x10 4.59 3.35 1.50 2.96 3.47 1.54 4.02 0.62 2.62
50x20 3.25 1.63 1.26 2.06 2.59 1.18 3.43 0.93 2.06
100x5 6.82 3.65 2.52 7.75 4.14 1.91 6.07 2.56 4.08
100x10 4.80 2.84 1.94 5.61 3.26 1.34 4.21 1.46 2.89
100x20 3.50 2.16 1.50 4.15 2.60 1.00 3.04 1.23 2.23
200x10 5.37 2.63 2.14 6.20 2.94 1.17 3.49 1.62 2.61
200x20 3.69 1.69 1.49 4.16 2.24 0.76 1.90 0.84 1.35
500x20 2.83 1.36 1.23 3.02 1.64 0.52 1.21 0.55 0.93
Average 3.74 2.22 1.37 3.43 2.53 1.02 3.14 0.96 2.00

Table 5.10 Percentage deviation of the VNS results from the NEH solutions for the F|sj;,
prmu|Cmax problem when SDST10 and SDST50

SDST10 |Max. (%) Min.(%) Avg.(%) |SDST50 | Max.(%) Min.(%) Avg.(%)
20x5 -4.90 -1.68 -3.47 |[20x5 -9.20 -3.20 -6.23
20x10 -5.40 -2.96 -3.99 |[[20x10 -8.61 -4.35 -5.85
20x20 -7.28 -1.95 -3.70 [[20x20 -5.94 -2.88 -4.39
50x5 -3.63 -1.76 -2.54 |[50x5 -8.69 -4.45 -6.04
50x10 -6.15 -3.33 -4.17 |[50x10 -6.76 -2.60 -5.17
50x20 -5.92 -2.69 -3.94 |[[50x20 -5.95 -3.37 -4.36
100x5 -3.18 -2.38 -2.69 |[100x5 -7.27 -4.11 -5.35
100x10 -3.65 -2.09 -2.66 |[100x10 -5.60 -3.65 -4.68
100x20 -4.08 -2.29 -2.99 |[100x20 -4.44 -2.84 -3.65
200x10 -2.49 -1.74 -2.12  |[200x10 -4.05 -2.94 -3.66
200x20 -2.78 -1.77 -2.22  |[200x20 -3.14 -2.35 -2.73
500x20 -1.61 -0.90 -1.28 |[500x20 -1.95 -1.61 -1.78
Average -4.26 -2.13 -2.98 | Average -5.97 -3.20 -4.49
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Table 5.11 Percentage deviation of the VNS results from the NEH solutions for the F|sj;,
prmu|Cpmax problem when SDST100 and SDST125

SDST100 | Max.(%) Min.(%) Avg.(%) |SDST125 | Max.(%) Min.(%) Avg.(%)
20x5 -11.36 -6.25 -9.07 [[20x5 -13.32 -4.33 -9.12
20x10 -7.83 -5.34 -6.37 [[20x10 -9.11 -3.39 -6.68
20x20 -6.42 -3.70 -4.78 |[20x20 -6.70 -1.93 -4.75
50x5 -10.50 -5.66 -8.18 [[50x5 -10.46 -6.01 -9.07
50x10 -8.91 -5.44 -6.83 |[50x10 -10.45 -4.74 -7.10
50x20 -6.74 -4.20 -5.28 [[50x20 -8.29 -3.98 -6.51
100x5 -8.37 -6.02 -7.13  |[100x5 -9.17 -7.07 -8.21
100x10 -6.67 -3.53 -5.54 |[100x10 -8.54 -3.39 -5.71
100x20 -5.67 -3.33 -4.40 |[100x20 -5.84 -2.83 -4.60
200x10 -6.10 -3.46 -4.77 |[200x10 -5.98 -4.59 -5.10
200x20 -4.48 -2.53 -3.36 [[200x20 -4.30 -2.97 -3.75
500x20 -3.08 -1.92 -2.50 |[500x20 -3.06 -2.37 -2.71
Average -7.18 -4.28 -5.68 | Average -7.94 -3.97 -6.11
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Table 5.12 Percentage deviation of the VNS results from the optimal solutions for the
small-sized instances of F|sjji, prmu|Y (C;j+Energy;) problem when SDST10 and SDST50

Setup |En. Data| w1 w2 | 10x2 10x3 10x4 10x5 15x2 15x3
Group | Group |(%) (%)|Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) Avg. (%)
0.1 0.9 0.70 0.54 1.62 2.76 0.31 2.18

Low 0.5 05| 0.00 0.00 0.08 0.19 0.00 0.11

0.9 0.1| 0.00 0.00 0.00 0.02 0.00 0.08

1.0 0.0 0.00 0.00 0.00 0.00 0.06 0.05

° 0.1 09| 253 8.87 14.59 18.31 5.03 6.67
E Medium 0.5 0.5 0.88 0.79 1.72 3.11 0.28 0.94
2 0.9 0.1| 0.00 0.02 0.00 0.30 0.04 0.00
1.0 0.0| 0.00 0.00 0.00 0.00 0.00 0.10

0.1 09 4.21 12.31 19.79 25.88 7.21 7.68

High 0.5 0.5 2.06 2.08 3.48 4.78 1.02 1.79

09 0.1 0.00 0.01 0.05 0.41 0.00 0.00

1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.04

0.1 0.9 0.04 0.50 1.81 1.98 1.91 1.35

Low 0.5 05| 0.08 0.04 0.10 0.19 0.37 0.68

09 01| o0.01 0.00 0.02 0.02 0.44 0.00

1.0 0.0| 0.00 0.00 0.00 0.00 0.01 0.00

° 0.1 09| 272 5.26 9.27 10.06 3.73 3.52
E Medium 0.5 05| 0.25 0.61 1.75 1.94 0.19 1.02
2 09 0.1 0.00 0.00 0.02 0.16 0.66 0.19
1.0 0.0| 0.00 0.00 0.00 0.00 0.00 0.00

0.1 09| 4.10 5.84 10.90 11.71 5.64 6.27

High 0.5 05| 044 1.48 3.43 3.23 1.24 2.09

0.9 0.1 0.00 0.00 0.10 0.23 0.11 0.00

1.0 0.0| 0.00 0.00 0.00 0.00 0.62 0.00
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Table 5.13 Percentage deviation of the VNS results from the optimal solutions for the
small-sized instances of F|sjji, prmu|Y (C;j+Energy;) problem when SDST100 and SDST125

Setup |En. Data| w1 w2 | 10x2 10x3 10x4 10x5 15x2 15x3
Group | Group |(%) (%)|Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) Avg. (%)

0.1 09 0.43 1.15 0.81 0.99 0.94 0.34

Low 0.5 05 0.01 0.06 0.09 0.06 0.00 0.36

0.9 0.1 0.00 0.01 0.01 0.01 0.00 0.10

1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.06

o 0.1 0.9 2.05 3.70 3.82 5.44 3.44 3.97

S . 0.5 05 0.13 0.52 0.59 1.04 2.62 1.58

= | Medium

a 0.9 01 0.00 0.05 0.11 0.04 0.73 0.16

«» 1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.08

0.1 09 2.26 4.70 4.26 6.11 3.70 5.89

High 0.5 0.5 0.70 1.25 1.30 2.39 0.82 1.44

0.9 0.1 0.00 0.08 0.19 0.07 0.00 0.20

1.0 0.0 0.00 0.00 0.00 0.00 0.84 0.20

0.1 09 0.48 0.33 1.63 1.19 0.24 1.10

Low 0.5 0.5 0.01 0.61 0.06 0.16 0.00 0.43

0.9 0.1 0.00 0.00 0.01 0.02 1.24 0.38

1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.16

™ 0.1 0.9 0.70 3.50 4.43 3.82 4.03 3.57

S . 0.5 0.5 0.05 1.13 0.71 0.97 2.30 0.75

@ |Mediumiog 01| 000 000 006 018 000 046
A . . . . . . . .

«» 1.0 0.0 0.00 0.00 0.00 0.00 0.94 0.01

0.1 09 1.56 4.02 4.32 4.58 4.24 2.60

High 0.5 05 0.13 1.27 1.69 1.56 2.67 0.99

0.9 0.1 0.00 0.04 0.15 0.26 0.08 0.21

1.0 0.0 0.00 0.00 0.00 0.00 0.38 0.01
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Table 5.14 Percentage deviation of the VNS results from the NEH solutions for the F|sj;,
prmuly (Cj+Energy;) problem with 20 and 50 jobs to 5, 10 and 20 machines for SDST10
and SDST50

Setup |En. Data| w1 w2 | 20x5 20x10 20x20 50x5 50x10 50x20
Group | Group |(%) (%)|Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) Avg. (%)
0.1 09| -7.12 -6.15 -4.49 -6.66 -4.93 -4.17

Low 0.5 05| -434 -4.64 -3.00 -6.89 -4.42 -3.26

09 01| -4.46 -4.38 -3.25 -5.90 -4.29 -4.19

1.0 0.0| -451 -4.20 -3.24 -5.58 -4.33 -4.05

° 0.1 09| -12.12 -8.74 -7.29 -8.78 -7.09 -5.47
E Medium 0.5 05| -6.29 -6.18 -4.54 -6.65 -4.83 -3.63
[a) 09 01| -451 -4.32 -3.07 -5.96 -4.50 -3.49
@ 1.0 0.0| -4.47 -4.26 -3.18 -5.60 -4.01 -4.03
0.1 09| -11.39 -8.52 -6.95 -8.09 -71.77 -6.05

High 0.5 05| -8.16 -7.82 -4.91 -7.26 -5.29 -4.44

09 0.1| -452 -4.43 -3.32 -6.03 -4.55 -3.64

1.0 0.0| -443 -4.18 -3.25 -5.87 -4.17 -4.06

0.1 09| -9.83 -6.60 -3.78 -6.95 -5.21 -3.88

Low 0.5 05| -6.03 -4.52 -3.29 -6.53 -4.22 -3.32

09 0.1| -5.98 -4.93 -3.01 -6.20 -3.97 -3.82

1.0 0.0] -5.91 -5.29 -3.34 -6.29 -4.43 -3.27

° 0.1 09| -10.17 -6.48 -5.16 -8.82 -5.50 -4.08
E Medium 0.5 05| -7.78 -5.88 -4.05 -7.08 -4.33 -3.15
o 09 0.1| -6.40 -4.68 -3.56 -6.91 -4.42 -3.14
@ 1.0 0.0| -6.08 -5.40 -3.29 -6.10 -4.20 -3.71
0.1 09| -11.07 -7.21 -5.16 -9.35 -6.40 -3.78

High 0.5 05| -10.24 -6.67 -4.06 -7.29 -5.83 -3.63

0.9 0.1| -5.49 -4.54 -3.68 -6.70 -4.22 -2.92

1.0 0.0| -6.13 -5.33 -3.15 -6.04 -4.17 -3.50




Chapter 5: Computational Studies

70

Table 5.15 Percentage deviation of the VNS results from the NEH solutions for the F|sj;,

prmuly (Cj+Energy;) problem with 20 and 50 jobs to 5, 10 and 20 machines for SDST100

and SDST125
Setup |En. Data| w1 w2 | 20x5 20x10 20x20 50x5 50x10 50x20
Group | Group |(%) (%)|Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) Avg. (%)
0.1 09| -9.07 -6.12 -4.07 -7.74 -5.08 -3.64
Low 0.5 05| -7.34 -5.52 -3.22 -7.66 -5.32 -3.53
09 01| -821 -6.30 -4.20 -7.34 -4.49 -3.87
1.0 0.0| -7.98 -5.45 -4.38 -6.94 -5.15 -3.54
o 0.1 09| -9.13 -5.99 -4.39 -6.55 -4.66 -3.72
S . 0.5 05| -9.08 -5.27 -3.83 -7.29 -5.38 -3.07
= |Medium
A 09 0.1| -7.98 -4.76 -3.63 -8.25 -4.48 -3.53
» 1.0 0.0 -8.09 -5.95 -4.32 -7.92 -5.16 -3.68
0.1 09| -11.88 -6.26 -4.75 -8.89 -5.40 -4.19
High |05 0.5| -9.72 -5.20 -3.78 -6.87 -4.95 -3.45
09 0.1| -847 -5.37 -3.48 -8.00 -4.96 -3.79
1.0 0.0 -7.97 -5.91 -4.29 -6.87 -4.64 -4.02
0.1 09| -10.47 -6.22 -3.93 -7.48 -4.84 -3.26
Low 0.5 05| -848 -6.50 -4.02 -7.93 -5.06 -3.07
09 01| -853 -6.75 -4.51 -9.06 -4.84 -3.84
1.0 0.0| -7.84 -7.12 -4.34 -7.45 -5.60 -3.70
" 0.1 09| -12.30 -5.79 -3.86 -7.42 -6.33 -3.47
o . 0.5 05| -9.79 -4.94 -3.90 -7.92 -5.54 -3.12
= [Medium
A 09 0.1| -8.61 -4.52 -3.21 -7.96 -5.65 -3.29
«» 1.0 0.0| -8.09 -7.33 -4.50 -7.87 -6.29 -3.35
0.1 09| -12.57 -5.93 -4.21 -9.07 -5.61 -3.54
High 0.5 0.5| -10.92 -5.84 -3.93 -8.12 -4.68 -3.35
0.9 0.1| -9.68 -5.43 -4.16 -7.20 -4.71 -3.52
1.0 0.0| -7.96 -7.08 -4.38 -6.72 -5.11 -3.50
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Table 5.16 Percentage deviation of the VNS results from the NEH solutions for the F|sjj,

prmuly (Cj+Energy;) problem with 100 jobs to 5, 10 and 20 machines, 200 jobs to 10 and
machines and 500 jobs to 20 machines for SDST10 and SDST50

Setup |En. Data| w1 w2 | 100x5 100x10 100x20 200x10 200x20 500x20
Group | Group |(%) (%)|Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) Avg. (%)
0.1 09| -521 -2.97 -2.49 -2.18 -1.42 -0.30

Low 0.5 05| -574 -3.29 -2.50 -2.46 -1.39 -0.42

09 01| -5.75 -3.10 -2.24 -2.10 -1.85 -0.45

1.0 0.0| -441 -3.42 -2.16 -2.45 -1.20 -0.53

° 0.1 09| -6.30 -3.97 -3.21 -2.17 -2.03 -0.26
E Medium 0.5 05| -6.42 -3.23 -2.82 -2.14 -1.69 -0.44
[a) 09 0.1| -572 -3.36 -1.97 -2.05 -1.45 -0.27
@ 1.0 0.0| -4.29 -3.46 -1.74 -2.33 -1.41 -0.51
0.1 09| -7.05 -4.50 -3.26 -2.12 -1.75 -0.46

High 0.5 05| -5.85 -2.84 -2.32 -1.98 -1.34 -0.41

09 0.1| -4.96 -3.35 -2.48 -2.34 -1.60 -0.34

1.0 0.0| -4.68 -3.63 -2.40 -2.25 -1.50 -0.40

0.1 09| -538 -2.77 -1.91 -1.69 -0.66 -0.28

Low 0.5 05| -5.61 -2.88 -1.97 -1.94 -1.39 -0.38

0.9 01| -5.05 -2.68 -2.27 -1.97 -1.17 -0.34

1.0 0.0| -4.95 -3.44 -1.92 -2.09 -1.27 -0.33

° 0.1 09| -7.10 -3.66 -2.70 -2.49 -1.35 -0.16
E Medium 0.5 05| -5.24 -2.73 -2.13 -1.75 -1.36 -0.20
o 0.9 0.1| -559 -2.71 -2.14 -2.08 -1.35 -0.38
@ 1.0 0.0| -4.08 -3.65 -1.65 -2.17 -1.17 -0.34
0.1 09| -6.98 -3.92 -2.73 -2.00 -1.25 -0.15

High 0.5 05| -6.08 -2.70 -2.29 -1.94 -1.03 -0.27

0.9 0.1| -5.49 -2.62 -1.97 -1.43 -1.36 -0.24

1.0 0.0| -4.65 -3.23 -2.35 -2.09 -1.01 -0.24
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Table 5.17 Percentage deviation of the VNS results from the NEH solutions for the F|sjj,
prmuly (Cj+Energy;) problem with 100 jobs to 5, 10 and 20 machines, 200 jobs to 10 and
machines and 500 jobs to 20 machines for SDST100 and SDST125

Setup |En. Data| w1 w2 | 100x5 100x10 100x20 200x10 200x20 500x20

Group | Group |(%) (%)|Avg. (%) Avg.(%) Avg.(%) Avg.(%) Avg.(%) Avg. (%)

0.1 09| -6.09 -2.90 -1.88 -1.09 -1.25 -0.15

Low 0.5 05| -6.00 -3.20 -2.30 -0.96 -0.92 -0.10

0.9 0.1| -6.66 -3.24 -2.18 -1.31 -1.48 -0.25

1.0 0.0| -5.15 -3.75 -2.56 -2.19 -1.31 -0.31

o 0.1 09| -6.50 -3.43 -2.25 -1.36 -1.19 -0.09

= . 0.5 05| -6.03 -2.64 -1.87 -1.04 -1.01 -0.17
= |Medium

A 09 0.1| -6.32 -3.34 -2.09 -0.99 -1.01 -0.34

» 1.0 0.0| -5.81 -3.99 -2.03 -2.10 -1.40 -0.38

0.1 09| -5.68 -3.10 -2.35 -1.21 -1.14 -0.18

High |05 0.5| -5.47 -3.50 -2.72 -1.14 -0.91 -0.19

0.9 0.1| -6.00 -3.09 -2.31 -0.74 -0.89 -0.24

1.0 0.0 -541 -4.00 -2.35 -2.34 -1.06 -0.39

0.1 09| -6.42 -3.39 -2.03 -0.30 -0.84 -0.02

Low 0.5 05| -5.90 -3.55 -1.99 -0.38 -1.15 -0.13

09 01| -6.62 -3.93 -2.19 -0.65 -1.56 -0.26

1.0 0.0| -5.13 -3.40 -2.30 -2.43 -1.29 -0.55

" 0.1 09| -6.11 -3.42 -2.30 -0.37 -1.21 -0.18

o . 0.5 05| -5.86 -2.80 -2.08 -0.28 -1.46 -0.24
= [Medium

A 09 0.1| -6.92 -3.17 -2.35 -0.60 -1.29 -0.26

«» 1.0 0.0| -5.36 -3.06 -2.35 -2.53 -1.42 -0.22

0.1 09| -6.79 -3.27 -2.40 -0.21 -1.48 -0.35

High 0.5 05| -5.79 -2.91 -1.99 -0.36 -1.21 -0.11

09 01| -6.71 -3.47 -1.86 -0.44 -1.05 -0.05

1.0 0.0 -5.16 -3.61 -2.03 -2.51 -1.44 -0.42

5.3.5 Trade-off Between the Total Production Cost and the Total Energy Cost

To observe the impact of the energy cost objective in addition to the total
production cost for the F|si, prmu|d (Cj+Energy;) problem, we tabulate the production

cost, the energy cost and the total cost values separately in Table 5.18. We used ten
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instances with 50 jobs and 10 machines. We select the sequence dependent setup time

values as SDST50 and for the energy-related parameters, we select medium range group.

We will discuss the results in Section 5.4.2.

Table 5.18 Production cost and energy cost values for the F|siy, prmu|Y.(C;+Energy;)

problem with 50 jobs to 10 machines

Ins. wi w2 | Production Energy Total Ins. wi w2 | Production Energy Total
(%) (%) Cost Cost Cost (%) (%) Cost Cost Cost
— [ 0.1 09| 674930 345480 378425 o [0.1 09| 643125 341330 371510
§ 0.5 0.5| 603775 378529 491152 § 0.5 0.5| 605255 364258 484757
% 0.9 0.1| 586990 403152 568606 % 0.9 0.1| 586465 418091 569628
= 1.0 0.0 583905 424416 583905 = 1.0 0.0| 579805 436164 579805
~ |01 09| 657915 341087 372770 ~ |0.1 0.9| 664260 359073 389592
§ 0.5 0.5| 577540 372449 474995 § 0.5 0.5| 604065 393594 498830
% 0.9 0.1| 558030 404851 542712 % 0.9 0.1| 590415 433339 574707
<110 00| 566540 429647 566540 | = |1.0 0.0| 582425 444452 582425
» |01 09| 618830 356234 382494 | » [0.1 0.9| 662295 357041 387566
§ 0.5 0.5| 578935 368908 473922 § 0.5 0.5| 588120 386021 487071
% 0.9 0.1| 546450 412006 533006 § 0.9 0.1| 582050 418120 565657
= 1.0 0.0 550485 432083 550485 = 1.0 0.0| 580355 443575 580355
< [0.1 09| 636100 344286 373467 o |01 09| 642030 337323 367794
§ 0.5 0.5| 591845 366356 479101 § 0.5 0.5| 590530 347636 469083
% 0.9 0.1| 585215 403684 567062 § 0.9 0.1| 578595 402438 560979
= 1.0 0.0 584265 447127 584265 = 1.0 0.0| 574725 405950 574725
n 0.1 09| 669090 356331 387607 S |01 09| 674330 340492 373876
§ 0.5 0.5| 594445 389206 491826 § 0.5 0.5| 600990 365933 483462
% 0.9 0.1| 576565 429527 561861 g 0.9 0.1| 592380 411946 574337
= 1.0 0.0 590395 453894 590395 £ 11.0 0.0| 593140 424523 593140

5.4 Analysis of the Results

In this section, we summarize the results of the computational studies which are

tabulated in Tables 5.6-5.17 and analyze them separately for the F|sij, prmu|Cmax and F|sjj,




Chapter 5: Computational Studies 74

prmuly(Cj+Energy;) problems. Our main discussion will be on the average percentage
deviation (PD) values of objective functions for both two problems. In addition, we will
also discuss the percentage deviation (PD) of the total production cost and total energy cost
values from the optimal and NEH values for the F[s;;, prmu|} (Cj+Energy;) problem, which
are tabulated in Table A1-36 in Appendix.

5.4.1 Analysis of the Results for the F|sjji, prmu|Cpax Problem

We observe from the results given in Tables 5.6-5.9 that the proposed VNS
algorithm outperforms the genetic algorithm (GA) for each SDST group and each instance
size. The reason of the low performance of the GA can be due to combining several
solutions with the crossover operation, which may lead too much diversification. With the
local search procedure of the proposed VNS algorithm, we explore all solutions in a
smaller search space dictated by the neighborhood structure used, which leads to
intensification and an increase in the quality of the solution.

The advanced genetic algorithm with local search procedure, called memetic
algorithm (MA), improves the results for most of the instance sizes for each SDST group,
when we compare with the results of GA. For larger instance sizes, some results of MA
give better results than the VNS algorithm. The reason for the better performance of MA in
some of the instances can be due to the local search strategy of MA. Ruiz et al. (2005) use
this local search procedure with limited iteration number, which decreases the consumed
time in local search and increase the iteration number in genetic algorithm part. In Table
5.7, half of the instance size groups outperform the proposed VNS algorithm when the
setup time is SDST50. However, on the average, for each SDST groups, proposed VNS
algorithm shows a better performance compared to MA as can be seen in Table 5.6-5.9.

When Ruiz and Stiitzle (2008) replace the applied local search procedure in MA
with the descent local search procedure, called MA_LS, they improve the solution quality

according to MA. From Tables 5.6-5.9, it is observed that the average percentage deviation
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(APD) of the MA_LS results from the best known solutions are lower than the APD of the
proposed VNS algorithm for each SDST groups. However, for the largest instance 500x20,
the VNS algorithm gives better results than the MA_LS algorithm in SDST50, SDST100
and SDST125 group of setup times, as can be seen in Tables 5.7, 5.8 and 5.9, respectively.
Even though the local search procedure is the same in both VNS and MA_LS algorithms,
MA_LS shows a better performance overall than the proposed VNS algorithm. One of the
reasons may be that MA_LS is an evolutionary algorithm and the solutions are evolved
through the iterations. On the other, in shaking part of the VNS, the solution is generated
randomly, and then this solution is improved with the local search procedure. Hence, there
are two different strategies used in MA_LS and VNS algorithms: intensification and
diversification, respectively. For the F[sj;, prmu|Cmax problem, the computational results
show that MA with descent local search (MA_LS) works better than VNS. Additionally,
since the stopping condition is CPU time, coding the algorithm has an important role.
Using an additional speed-up in MA_LS may affect the performance of the algorithm.

The PACO algorithm has a lower APD value than the proposed VNS for the
instance sizes 50x5, 50x20, 100x10 and 100x20, as it can be observed in Table 5.6. In
Table 5.7, there are only two instance groups, 50x10 and 50x20, where PACO algorithm
performs better results than the VNS algorithm. Table 5.9 shows that for the largest SDST
group, 20x10, 20x20, 50x5 and 50x20, PACO algorithm achieves lower APD value than
VNS algorithm. However, for each SDST group, the proposed VNS algorithm has a better
performance on the average. Since PACO also uses the same local search procedure with
MA LS, IG_LS and the proposed VNS, PACO is outperformed by all of these three
algorithms on the average. The reason of the weak performance of the PACO may be due
to its feedback mechanism, which is based on the job position while constructing a
solution. This information does not carry the successor or predecessor relationship between
the adjacent jobs. However, this flowshop problem is affected by the sequence dependent
setup times (SDST). On the other hand, proposed VNS has a setup-dependent
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neighborhood structure. As a result, after the same local search part, VNS shows a better
performance than the PACO.

The VNS algorithm outperforms the 1G algorithm in each instance size of each
SDST group, except one instance, as shown in Tables 5.6-5.9. In Table 5.7, only the APD
of the 1G for instance 100x5 has a lower value than the VNS algorithm. The structure of the
IG is based on node insertion. Some of the components of the solution are removed from
the sequence and inserted into the best position that gives a lower makespan value. The
local search procedure of the proposed VNS algorithm is also based on node insertion.
However, different from IG algorithm, instead of selecting some of the jobs in the sequence
we remove each job in the sequence one by one and insert into the best position that gives a
lower makespan value, among all possible positions.

The hybrid version of I1G with the local search procedure, IG_LS, is the state-of-the art
for the F|siy, prmu|Cmax problem. IG_LS algorithm outperforms the proposed VNS
algorithm in each SDST group and instance as can be seen in Tables 5.6-5.9. It is observed
that adding the local search procedure to the IG algorithm improves the quality of the
algorithm significantly. In general, IG_LS is based on the node insertion operation in both
the main part and the local search part of the algorithm. The reason of the power of the
IG_LS algorithm may be that Ruiz and Stiitzle (2008) use less diversification techniques in
their algorithm compared to the proposed VNS algorithm. Ruiz and Stiitzle (2008) only
select the jobs from the sequence randomly, but they place these jobs in a logical way. On
the other hand, in shaking part of the VNS, we move to a random solution in the
neighborhood and considering this solution as the initial solution, we explore the best
solution in its neighborhood in the local search part. Moreover, as we discuss in MA_LS
and VNS comparison, coding the algorithm has an important role, since the stopping
condition is CPU time. Ruiz and Stiitzle (2008) use this local search procedure with MA
and IG, and we observe that MA_LS and IG_LS algorithms have better performance than

VNS algorithm. Ruiz and Stiitzle (2008) may use an additional speed-up in their local
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search procedure and it may lead to having more iterations, which may increase the quality

of the solutions.

To conclude, we can infer the following conclusions for the F|sij, prmu|Cpax problem

from the results given in Tables 5.6-5.9:

The node insertion neighborhood structure is a powerful move operation for the
Flsiji, prmu|Cmax problem. Especially, using this neighborhood in a local search
procedure improves the performance of an existing algorithm significantly, as
indicated by the results of MA_LS and IG_LS.

When the same local search procedure is used in two different heuristic algorithms,
then the structure of the main algorithm becomes important, which determines the
initial solution for the local search. We observe that while constructing or
improving a solution in the heuristic, we should consider the successor and
predecessor relationship between jobs in the algorithm. Namely, the problem-
specific operations may result in a better performance as seen in PACO and VNS
comparison. On the other hand, using more intensified strategies such as
evolutionary algorithms or iterated greedy algorithm instead of generating random
solutions, such as the shaking part of the VNS algorithm, may lead the solution to
converge in a better value, since the stopping condition is CPU time (See the
analysis of VNS with MA_LS and IG_LS).

In the proposed VNS algorithm, we observe that the solution is mostly improved by
the local search phase and most of the CPU time is consumed in that phase. We
utilize the Taillard’s speed up techniques in the computation of the local search
phase in our proposed VNS algorithm as explained in Section 4.2.2. Ruiz and
Stiitzle [22] do not declare their speed up procedure in their article but the results
imply that they also use some powerful speed up techniques. Since the stopping
criterion is CPU time, the speed ups and the coding skills play an important role in

the heuristic algorithms.
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Tables 5.10 and 5.11 present the maximum, the minimum and the average percentage
deviation (PD) of the VNS results from the NEH heuristic for the F|sjji, prmu|Cmax problem
according to the SDST groups. Since there are no benchmark data for the F|sj,
prmuly(Cj+Energy;) problem, we compare the VNS results with the NEH heuristic results
for the large-sized instances. To analyze these APD values for the F|s,
prmu|y (Ci+Energy;) problem in a fair manner, we also obtained the APD values for the
Flsiji, prmu|Crmax problem to observe the improvement. The proposed VNS algorithm has
already been initialized by the solution which is constructed by NEH heuristic. Hence, the
result of the proposed VNS algorithm will give at least the same value of the NEH heuristic
but expectedly a lower objective function value. As a result, the PD values in Tables 5.10
and 5.11 are negative, which indicate that there are improvements in the solution quality. In
Table 5.10 and 5.11, the maximum and the minimum percentage values are considered as
absolute values. These tables indicate how much we improve the NEH solutions by the
proposed VNS algorithm. We observe that when the SDST values increase the absolute
values of the average percentage deviation (APD) also increase. It means that the proposed
VNS algorithm improves the solutions more when there are higher setup time values. The
reason can be that the proposed VNS has a setup-dependent neighborhood structure. When
the setup time value increases, the improvement gives a higher deviation. We will analyze
the results given in Tables 5.10 and 5.11 to evaluate the performance of the VNS algorithm

for the F|siy, prmu|} (Cj+Energy;) problem in the following subsection.

5.4.2 Analysis of the Results for the F|sjji, prmu|Y (C;j+Energy;) Problem

We study the Fsjj, prmu|) (C;+Energy;) problem for the first time in the literature.
Hence, firstly we conduct the preliminary experiments for small-sized instances. To
analyze the performance of the VNS heuristic, we compare the heuristic results with the
optimal solutions which are obtained by CPLEX. Tables 5.12 and 5.13 display the

percentage deviation (PD) of VNS results from the optimal solutions for the F|sjj,
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prmuly (Cj+Energy;) problem. The results are tabulated according to the instance size,
setup groups, energy-related data groups and weighted sum parameters. We find the
optimal solutions for the problem up to 10 jobs with 5 machines and 15 jobs with 3
machines in reasonable time. We also conduct some experiments on 20 jobs with 2
machines and 15 jobs with 4 machines. However, we observe that when the weighted sum
parameter of the total production cost w; (due to the total completion time) is 0.1 and the
weighted sum parameter of the total energy cost w is 0.9, these problems cannot be solved
optimally within one hour. We limited the time for CPLEX as one hour in our study, since
we aim to have this comparison as a preliminary work for the F|si, prmu|Y (C;+Energy;)
problem.

In Tables 5.12 and 5.13, we expect to find the optimal solutions by the proposed
VNS algorithm, since the size of the problems is small. However, we observe that we reach
the optimal solutions with the proposed VNS algorithm mostly in instances 10x2 and 15x2.
On the other hand, except from some of instances, we obtain close results to the optimal
solutions. The reason of the deviation is that we consider the F|sjj, prmu|Y.(C;+Energy;)
problem without inserted idle time during scheduling in the VNS algorithm. Our solution
representation is permutation of the jobs in the algorithm and we schedule the Fs;,
prmu|y (Cj+Energy;) problem according to the this permutation. Since we minimize a non-
regular objective function in the F|syj, prmu|Y(Cj+Energy;) problem, to find the global
optimum we should use the inserted idle time. However, since it leads to high time
consumption in the proposed VNS algorithm, we study this problem without inserted idle
time in the proposed heuristic.

In Tables 5.12 and 5.13, it is observed that the average percentage deviation of the
proposed VNS algorithm solution from the optimal solution is higher when the data of the
energy-related parameter is high, for each instance size and setup time group. Moreover,
for each instance group, when the weighted sum parameter of the total production cost w;
(due to the total completion time) is higher than the weighted sum parameter of the total

energy cost wy, the results of the VNS heuristic have closer values to the optimal solutions.
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Additionally, these problems are solved in CPLEX in shorter time than the problems which
have higher w, value. Namely, when the multi-objective problem is closer to the total
production cost problem, we obtain better results with the VNS algorithm in a shorter time.
On the other hand, when we increase the importance of the energy objective, the problem
gets harder. These observations are expected because when the effect of the energy-related
objective increases in the objective function value by the energy data values or the
weighted sum parameter, the problem gets more complex. The reason is that when the
objective function is only to minimize the total production cost, which is a regular objective
function, the proposed VNS algorithm performs better solutions. On the other hand, when
we increase the importance of the energy objective in the objective function, which is a
non-regular objective function, inserting idle time into the schedule may give better results.

In Tables 5.14-5.17, the percentage deviation values are negative similar to the
results given in Tables 5.10 and 5.11, which means that there is an improvement over the
NEH solutions. The values are tabulated as their absolute values under the maximum and
the minimum PD columns. Tables indicate that when the machine number increases for
specific number of jobs, the absolute value of the average percentage deviation decreases
for each setup and energy groups, which implies that there is less improvement on the NEH
solutions. This decrease is also observed in Tables 5.10 and 5.11 which shows the PD of
VNS results from the NEH solutions for the F|sj;, prmu|Crax problem, except the SDST10
group. The reason of this reduction may be the stopping condition of the proposed
heuristic. The stopping condition is based on CPU time and it depends on the instance size.
Although for larger instances we run the algorithm in longer time, we observe that the total
number of iterations reduces faster due to complexity of the problem.

On the average, the improvement of the NEH solution is almost same for the large-
sized instances. However, for 20 jobs and 50 jobs instances, we observe that when the
weighted sum parameter of the total production cost w; is 0.1 and the weighted sum
parameter of the total energy cost w; is 0.9, we can improve the NEH solution by the VNS

algorithm more. One of the reasons for this behavior can be that the change in the sequence
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even by one job affects the energy cost more in the Flsjj, prmu|Y.(Cj+Energy;) problem,
which also leads to a decrease in the total cost when we give higher weight to the energy
cost objective.

We observe that for small-sized problems, the improvement of the NEH solution by
the proposed VNS heuristic is greater for the F|s;j, prmu|d (Cj+Energy;) problem when we
compare with the F|sjji, prmu|Crax problem. However, for large-sized instances, the value
of the APD decrease dramatically in the F|siy, prmu|Y (Cj+Energy;) problem.

In Table 5.18, we observe that when we add the energy cost to the objective
function or increase the value of the weighted sum parameter of the total energy cost wo,
the total energy cost value decreases as we expected. On the other hand, when the value of
the weighted sum parameter of the total production cost w; increases, the value of the total
production cost decreases except some instances. For the instances 2, 3, 5 and 10 seen in
Table 5.18, when we change the weighted sum parameters w;=0.9 and w,=0.1 to w;=1.0
and w,=0.0, the total production cost also increases. The reason may be that when we set
the weighted sum parameters different from 0, the structure of the problem changes. Hence,
unexpected results can be observed such as instances 2, 3, 5 and 10.

We can conclude with the following observations for the F[s;;, prmu|} (C;+Energy;)
problem from the results shown in Tables 5.14 -5.18:

e The proposed VNS algorithm improves the solutions effectively for the F|sj,
prmu|Y (Cj+Energy;) problem but when the instance size gets larger, the
performance of the algorithm decreases. The most important reason is that we
do not use any speed up algorithm for calculation of the objective function value
in the local search procedure. When a job is removed from the sequence and
inserted into another position among all possible positions, Taillard’s speed up
works effectively for the F|s;ji, prmu|Crmax problem. Since the stopping condition
is based on CPU time, for large-sized problems, the VNS algorithm iterates for
a small number of iterations to improve the solution due to the complexity of

the F|sij, prmu|}y (Cj+Energy;) problem. For 500 jobs with 20 machines, we use
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15 minutes as termination criterion according to the equation (n x m/2) x t
milliseconds as proposed by Ruiz and Stiitzle (2008) and when t is 180.
Allowing more time to the proposed VNS algorithm will increase the quality of
the solution but it may not be desirable due to high time consumption.

e When we consider the energy cost into the objective function, we obtain

significant energy saving.

In the Appendix, for the F|si;, prmu|) (Cj+Energy;) problem we tabulated also the
maximum, the minimum and the average percentage deviation (PD) of the total production
cost, the total energy cost and the total cost values of the VNS solutions from the optimal
and NEH heuristic solutions, according to the size of the instances. Tables A1-12 show the
PD values of the VNS algorithm from the optimal solutions for the small-sized problem.
Tables A13-36 show the PD values of the VNS algorithm from the NEH solutions for the
large-sized problem.

For the small-sized problems seen in Table A1-12, we observe high PD values
when the weighted sum parameter of the total production cost w; is 0.1 and the weighted
sum parameter of the total energy cost w, is 0.9. In general, the average PDs of the total
production cost values are negative, which means that with VNS algorithm, we find better
schedule according to the total production cost. On the other hand, the average PDs of the
total energy cost values are positive, which means that VNS has worse performance for
minimizing total energy cost. Namely, when we have the average PD of the VNS results
from the optimal solution, we obtain a better schedule for the total production cost
objective and a worse schedule for the total energy cost objective. In addition, when the
instance sizes get larger, the absolute values of the PD values get higher. The reason of the
deviation is that we consider the F|si, prmu|) (Cj+Energy;) problem without inserted idle
time during scheduling in the VNS algorithm. When we increase the value of the weighted
sum parameter of the energy cost objective, we obtain some worse results, since our

objective acts more like non-regular objective.
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For the large-sized problems seen in Table A13-36, we observe that we improve the
NEH solutions with the proposed VNS algorithm by improving the total production cost
and the total energy cost almost equally. Namely, both the total production cost and the toal
energy cost values are improved by VNS algorithm. For some of the instances, some
positive PD values are observed. It means that the total cost is still improved by the
proposed VNS algorithm; however the improvement is done by worsening one of the

objective function value (which has positive PD value).
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Chapter 6

CONCLUSIONS AND FUTURE RESEARCH

6.1 Conclusions

In this thesis, we studied two flowshop scheduling problems with sequence
dependent setup times (FS-SDST): F|siji, prmu|Cpmax and F|siy, prmu|y (Cj+Energy;). In the
F|siji, prmu|Crax problem, each job is characterized with a processing time on each machine
and setup times according to the predecessor and successor jobs. We aimed to schedule the
jobs to be processed on all machines to minimize the makespan. In the F|sy;,
prmu|y (Ci+Energy;) problem, we studied energy-aware FS-SDST problem. We used the
strategy that when the machine is kept idle for a long time, instead of keeping the machine
idle, turning off and on the machine can consume lower energy. For the Fs;j,
prmu|y (Cj+Energy;) problem, we considered that all machines consume energy during
processing a part, idle period, turning off/on the machine and setup operations. While
considering the energy consumption, we desired to minimize the completion time of the
jobs to minimize the in-process inventory. In the F|sj, prmu|Y (C;+Energy;) problem, the
aim is to schedule the jobs to be processed on all machines and to decide about the status of
the machine between scheduled jobs so as either to keep the machine idle or to turn off and
turn on the machine, when the objective is to minimize both the total completion time and
the total energy consumption.

We proposed a Variable Neighborhood Search (VNS) algorithm for these two FS-
SDST problems. The proposed VNS algorithm uses two neighborhood structures and a

local search procedure systematically. After the preliminary tests, we decided to start the
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algorithm with NEH heuristic initialization. As the neighborhood structures, we used the
maximum setup one-job insertion and the swap neighborhood structures in that order for
the ‘shaking’ phase of the VNS algorithm. To improve the quality of the solution, we
applied the local search procedure based on the node insertion neighborhood with the
steepest descent strategy. We observe that the node insertion neighborhood structure is a
powerful move operation for the FS-SDST problem. We also used the simulated annealing-
like acceptance criterion for ‘move or not’ phase of the algorithm, which provides
diversification to the proposed VNS.

We analyzed the performance of the VNS algorithm for the F|siy, prmu|Cpax
problem by using the well-known instance set. We compared our results with the genetic
algorithm (GA), memetic algorithm (MA), MA with modified local search (MA_LS), ant
colony optimization algorithm (PACO), iterated greedy (IG) and IG with local search
(IG_LS) from the literature. While the VNS algorithm gives better results in comparison to
GA, MA, PACO and IG algorithms, the MA_LS and IG_LS outperform the proposed VNS
algorithm. For the F|sjji, prmu|) (Cj+Energy;) problem, since it is studied for the first time
in the literature, we generated a set of instances for the energy-related parameters. We
solved small-sized problems with MILP model and proposed VNS algorithm, and
compared the results to analyze the performance of VNS algorithm. For large-sized
problem instances, we compared the VNS results with the well-known NEH constructive
heuristic. This comparison indicates how much we improve the NEH solutions by the
proposed VNS algorithm. We observed that the proposed VNS algorithm is a robust
algorithm for the FS-SDST problem for different objectives. The proposed VNS algorithm
gives competitive and acceptable results for the F|si, prmu|Cnax problem and the Fs;,

prmul|Y (Cj+Energy;) problem.



Chapter 6: Conclusions and Future Research 86

6.2 Future Research

Since the VNS algorithm has some decisions to make, the performance of the
algorithm still can be improved by changing the some of the decisions made in the
algorithm. New neighborhood structures can be proposed or the number of neighborhood
structures can be increased. The solution quality is mostly improved by the local search
phase compared to neighborhoods, hence another local search procedure can be proposed.
For the F|sij, prmuly(Cj+Energy;) problem, the algorithm can be improved by inserting
idle time to the schedule. Moreover for the calculation of the total completion time

objective, some speed up algorithms can be developed for future research.
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APPENDIX

This Appendix presents the maximum, the minimum and the average percentage

deviation (PD) of the total production cost, the total energy cost and the total cost values of

the VNS solutions from the optimal and NEH heuristic solutions, according to the size of

the instances for the F|sij, prmu|Y (Cj+Energy;) problem.

Table Al Percentage deviation of the VNS results from the optimal solutions for the 10x2
sized F|siy, prmu|y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En. Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group | Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 245 -0.72 0.43 11.70 0.00 3.35 2.23 0.00 0.70

Low 0.5 0.5| 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00

0.9 0.1| 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00

1.0 0.0/ 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00

o 0.1 09| 0.00 -5.00 -2.36 | 24.58 0.00 8.57 849 0.00 2.53
E Medium 0.5 0.5 0.00 -2.17 -0.83 | 2146 0.00 9.10 1.99 0.00 0.88
o 0.9 0.1| 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00
@ 1.0 0.0/ 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00
0.1 09| 000 -388 -1.76 | 25,58 0.00 7.79 | 1452 0.00 4.21

High 0.5 0.5| 000 -1.76 -0.50 | 1542 0.00 9.81 | 4.01 0.00 2.06

0.9 0.1| 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00

1.0 0.0/ 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00

0.1 09| 0.00 -0.62 -0.22 | 094 0.00 046 | 0.09 0.00 0.04

Low 0.5 0.5| 0.48 0.00 0.12 0.00 -2.26 -0.56| 0.33 0.00 0.08

0.9 0.1| 0.00 0.00 0.00 500 000 125 | 0.04 0.00 0.01

1.0 0.0/ 0.00 0.00 0.00 0.00 000 0.00 | 000 0.00 0.00

° 0.1 0.9| 0.00 -22.97 -10.95| 1142 0.00 6.39 6.61 000 272
E Medium 0.5 0.5/ 000 -0.93 -0.28 | 3.89 0.00 1.07 1.01 0.00 0.25
o 0.9 0.1| 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00
@ 1.0 0.0/ 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00
0.1 09| 0.00 -22.97 -11.70| 1091 0.00 6.36 | 8.23 0.00 4.10

High 0.5 05| 000 -185 -0.51 | 444 0.00 1.20 1.69 0.00 0.44

0.9 0.1| 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00

1.0 0.0/ 0.00 0.00 0.00 0.00 000 0.00 | 0.00 0.00 0.00
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Table A2 Percentage deviation of the VNS results from the optimal solutions for the 10x2

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En. Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group | Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 0.00 -2.62 -0.66 6.59 0.00 1.65 1.74 0.00 0.43

Low 0.5 05/ 000 -0.03 -0.01 0.53 0.00 0.13 0.03 0.00 0.01

0.9 0.1| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1.0 0.0| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

o 0.1 09| 0.00 -9.50 -4.69 7.28 0.00 3.17 5.15 0.00 2.05
E Medium 0.5 05/ 000 -2.62 -0.66 4.80 0.00 1.20 0.50 0.00 0.13
‘3 0.9 0.1| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
» 1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.1 09| 0.00 -18.56 -7.39 5.99 0.00 3.18 3.72 0.00 2.26

High |05 05| 0.00 -8.74 -2.84 7.48 0.00 3.00 1.60 0.00 0.70

0.9 0.1| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.1 09| 0.00 -2.27 -0.69 3.51 0.00 1.38 1.14 0.00 0.48

Low 0.5 0.5/ 0.00 0.00 0.00 0.14 0.00 0.03 0.02 0.00 0.01

0.9 0.1| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1.0 0.0| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

" 0.1 09| 0.00 -18.04 -7.19 4.96 0.00 1.82 2.01 0.00 0.70
E Medium 0.5 05,000 -191 -0.48 2.07 0.00 0.52 0.18 0.00 0.05
‘8 0.9 0.1| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
«» 1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.1 09| 0.00 -10.74 -4.85 5.39 0.00 2.05 4.38 0.00 1.56

High 0.5 0.5/ 9.89 0.00 2.47 0.00 -3.77 -0.94 0.51 0.00 0.13

0.9 0.1| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1.0 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table A3 Percentage deviation of the VNS results from the optimal solutions for the 10x3
sized F|sj;, prmu|Y.(Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group | Group |(%) (%)|Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09588 -1.98 0.97 |14.38 -15.27 -0.22 1.42 0.00 0.54

Low 0.5 0.5/ 0.00 0.00 0.00 | 048 0.00 0.12 | 0.02 0.00 0.00

0.9 0.1] 0.00 0.00 0.00 | 000 0.00 0.00 | 000 0.00 o0.00

1.0 0.0| 0.00 0.00 0.00 | 0.00 -2343 -590| 0.00 0.00 0.00

° 0.1 09]503 -1498 -398 |50.98 0.69 18.26| 21.48 0.95 8.87

s . 05 05331 -162 0.06 |13.84 -6.29 3.82 | 1.67 0.00 0.79
»n | Medium

=) 09 0.1]000 -024 -0.06 | 767 0.00 192 | 0.09 0.00 0.02

1.0 0.0| 0.00 0.00 0.00 | 0.00 -841 -2.10| 0.00 0.00 0.00

0.1 09|-4.75 -18.04 -12.08 |51.35 5.36 21.83| 31.31 1.34 1231

High 0.5 05|545 -4.44 0.65 | 27.31 -4.37 6.22 4.70 0.00 2.08

0.9 0.1] 0.00 0.00 0.00 | 0.67 0.00 0.17 | 005 0.00 0.01

1.0 0.0| 0.00 0.00 0.00 | 0.00 -20.10 -6.75| 0.00 0.00 0.00

0.1 09| 000 -488 -1.70 | 6.07 026 3.23 | 092 0.12 0.50

Low 05 05/000 -0.12 -0.03 | 251 000 081 | 009 0.00 0.04

0.9 0.1] 0.00 0.00 0.00 | 0.58 0.00 0.22 | 001 0.00 0.00

1.0 0.0/ 0.00 0.00 0.00 | 0.00 -2.81 -0.88| 0.00 0.00 0.00

° 0.1 09| 0.00 -13.65 -5.08 |1569 0.00 7.37 | 10.30 0.00 5.26

ol . 0.5 0.5 3.33 0.00 1.06 | 1.26 -2.14 0.07 | 092 0.00 0.61
»n | Medium

a 09 0.1]0.00 0.00 0.00 | 000 0.00 0.00 | 000 0.00 o0.00

1.0 0.0| 0.00 0.00 0.00 | 0.O0O 0.00 0.00 | 0.00 0.00 0.00

0.1 09| 0.00 -2420 -9.91 |16.67 0.00 7.72 | 11.89 0.00 5.84

High 0.5 0.5/ 000 -9.03 -3.83 |1396 0.00 579 | 299 0.00 1.48

0.9 0.1] 0.00 0.00 0.00 | 0.O0O 0.00 0.00 | 000 0.00 o0.00

1.0 0.0| 0.00 0.00 0.00 | 0.00 -1.72 -0.43 | 0.00 0.00 0.00
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Table A4 Percentage deviation of the VNS results from the optimal solutions for the 10x3

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 0.00 -598 -256 | 7.51 0.30 4.01 2.58 0.17 1.15

Low 0.5 0.5/ 000 000 0.00 | 129 0.00 039 | 019 0.00 0.06

09 0.1 000 000 0.00 | 129 0.00 069 | 002 0.00 0.01

1.0 00| 0.00 0.00 0.00 | 0.00 -0.12 -0.03| 0.00 0.00 0.00

o 0.1 0.9|16.26 -14.99 -2.77 |1150 0.78 460 | 826 1.58 3.70
g Medium 05 05|-0.81 -198 -141 | 380 105 219 | 112 0.14 0.2
b4 09 0.1 000 000 0.00 | 146 000 036 | 022 0.00 0.05
2 1.0 00| 0.00 0.00 0.00 | 0.80 -0.14 0.17 | 0.00 0.00 0.00
0.1 0.9|-350 -14.99 -868 |12.88 2.05 568 | 10.79 1.78 4.70

High |05 0.5 -1.25 -4.84 -2.56 | 6.04 1.34 3.04 2.57 0.55 1.25

09 0.1/ 000 000 0.00 | 133 0.00 033 | 032 0.00 0.08

1.0 0.0/ 0.00 0.00 0.00 | 0.00 -0.13 -0.03| 0.00 0.00 0.00

0.1 09| 027 -369 -086 | 3.71 -0.04 103 | 0.84 0.00 0.33

Low 0.5 0.5|3.03 000 076 | 000 -039 -0.10| 245 0.00 0.61

09 0.1 000 000 0.00 | 029 0.00 0.07 | 001 0.00 0.00

1.0 00| 0.00 0.00 0.00 | 000 -0.76 -0.22 | 0.00 0.00 0.00

" 0.1 09|-3.8 -10.83 -7.34 | 6.06 255 450 | 481 2.03 3.50
S Medium 05 05| 176 -139 -043 | 523 0.07 233 | 212 045 113
b4 09 0.1 000 000 0.00 | 0.0O0 0.00 0.00| 000 0.00 0.00
@ 1.0 0.0/ 0.00 0.00 0.00 | 0.00 -0.68 -0.17 | 0.00 0.00 0.00
0.1 0.9|-3.86 -20.65 -12.45| 6.82 2.65 495 | 547 239 4.02

High 05 05| 598 -262 033 |28 -136 153 | 199 0.81 1.27

09 01| 029 000 0.07 | 0.00 -035 -0.09| 0.14 0.00 0.04

1.0 0.0/ 0.00 0.00 0.00 | 0.00 -0.54 -0.13 | 0.00 0.00 o0.00
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Table A5 Percentage deviation of the VNS results from the optimal solutions for the 10x4
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group | Group |(%) (%)|Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09000 -4.77 -1.58 |20.41 0.18 1094 | 3.08 0.03 1.62

Low 05 05|054 -0.14 0.07 | 3.22 -10.85 -0.82 | 0.10 0.06 0.08

0.9 0.1] 0.00 0.00 0.00 | 288 0.00 0.87 | 0.01 0.00 0.00

1.0 0.0| 0.00 0.00 0.00 | 0.00 -0.40 -0.10| 0.00 0.00 0.00

° 0.1 09]-0.82 -22.24 -8.45 |54.12 2.19 2893 | 24.14 1.05 14.59

s . 05 05000 -2.87 -0.90 |1255 0.00 884 | 3.07 0.00 172
»n | Medium

=) 0.9 0.1| 0.00 0.00 0.00 | 0.O0O 0.00 0.00 | 0.00 0.00 0.00

1.0 0.0| 0.00 0.00 0.00 | 0.00 -340 -1.14| 0.00 0.00 0.00

0.1 09]0.71 -2224 -990 |56.18 7.52 30.03|36.02 216 19.79

High 05 05[-0.24 -6.03 -3.85 |29.82 132 18.05| 6.52 0.17 3.48

09 0.1|000 -0.18 -0.11 | 3.14 0.00 167 | 0.12 0.00 0.05

1.0 0.0| 0.00 0.00 0.00 | 0.00 -0.86 -0.21 | 0.00 0.00 0.00

0.1 09|95 -247 118 | 552 -078 262 | 355 073 1.81

Low 05 05000 -0.12 -0.04 | 161 0.00 085 | 0.25 0.00 o0.10

0.9 0.1] 0.00 0.00 0.00 | 3.13 0.00 093 | 0.08 0.00 0.02

1.0 0.0/ 0.00 0.00 0.00 | 0.79 -0.64 0.08 | 0.00 0.00 0.00

° 0.1 09]-9.05 -25.00 -16.89 |18.17 6.80 13.63| 12.14 4.56 9.27

ol . 05 05(-0.63 -3.27 -190 |1030 320 593 | 3.00 0.88 1.75
»n | Medium

a 0.9 0.1| 0.00 0.00 0.00 | 0.73 0.00 0.18 | 0.09 0.00 0.02

1.0 0.0| 0.00 0.00 0.00 | 0.57 -0.74 -0.13 | 0.00 0.00 0.00

0.1 09]-9.05 -29.48 -1861|17.41 6.33 13.58| 14.33 5.12 10.90

High 0.5 0.5|-2.16 -6.38 -4.23 | 1132 448 803 | 526 174 3.43

09 0.1]000 -0.12 -0.03 | 094 0.00 063 | 0.17 0.00 o0.10

1.0 0.0/ 0.00 -1.08 -0.27 | 144 -160 -0.34| 0.00 -1.08 -0.27




Appendix

98

Table A6 Percentage deviation of the VNS results from the optimal solutions for the 10x4

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| -0.13 -3.14 -133 | 3.90 1.63 2.28 1.68 0.34 0.81

Low 0.5 05| 0.00 000 000 | 150 000 055 | 0.24 0.00 0.09

09 0.1| 000 000 000 | 150 013 059 | 0.03 0.00 0.01

1.0 00| 0.00 0.00 0.00 |-0.14 -198 -0.67 | 0.00 0.00 0.00

o 0.1 0.9] -6.11 -14.29 -12.04| 7.65 254 527 | 580 169 3.82
g Medium 0.5 05| -0.03 -099 -047 | 220 004 131 | 1.18 0.01 0.59
b4 09 0.1| 0.O0 -002 000 | 1.27 000 0.73 | 0.16 0.00 0.11
2 1.0 00| 0.00 0.00 0.00 |-0.14 -193 -0.77 | 0.00 0.00 0.00
0.1 0.9|-13.54 -15.62 -1430| 828 3.00 5.24 | 697 2.06 4.26

High |05 05| -0.03 -5.14 -2.81 | 533 008 289 | 252 0.05 1.30

09 0.1| 0.00 -0.20 -0.06 | 1.11 0.72 091 | 0.26 0.08 0.19

1.0 0.0| 0.00 0.00 0.00 |-0.03 -1.41 -0.64| 0.00 0.00 0.00

0.1 09| -0.19 -9.20 -3.60 |11.05 245 545 | 192 150 1.63

Low 0.5 05| 0.00 -035 -0.14 | 220 0.00 1.08 | 0.22 0.00 0.06

09 0.1 000 000 000 | 063 000 0.19 | 0.02 0.00 0.01

1.0 0.0 0.00 0.00 0.00 | 0.14 -0.55 -0.10| 0.00 0.00 0.00

" 0.1 09| -4.62 -29.97 -14.28|13.01 129 631 | 844 088 4.43
S Medium 0.5 0.5| -0.05 -4.00 -2.27 | 433 047 239 | 163 027 071
b4 09 0.1| 0.85 -1.70 -0.21 | 6.38 -3.70 090 | 0.16 0.00 0.06
@ 1.0 0.0| 0.00 0.00 0.00 | 030 -0.12 0.06 | 0.00 0.00 0.00
0.1 0.9]-10.90 -29.97 -20.42| 818 225 560 | 6.09 127 4.32

High 0.5 05| -0.05 -8.46 -424 | 577 046 3.58 | 238 034 1.69

09 01| 1.75 -0.16 040 | 1.38 -422 -0.59| 0.28 0.00 0.15

1.0 0.0 0.00 0.00 0.00 | 0.25 -0.33 -0.10| 0.00 0.00 0.00
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Table A7 Percentage deviation of the VNS results from the optimal solutions for the 10x5
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group | Group |(%) (%)|Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09|0.32 -544 -2.16 |2758 585 16.14| 4.02 141 2.76

Low 05 05(000 -0.10 -0.03 | 805 295 437 | 031 0.07 0.19

0.9 0.1] 0.00 0.00 0.00 | 431 123 275 | 0.03 0.01 0.02

1.0 0.0/ 0.00 0.00 0.00 | 1.08 -5.18 -2.07 | 0.00 0.00 0.00

° 0.1 09|-6.85 -21.72 -14.78 | 61.91 26.35 38.21|30.90 10.88 18.31

E Medium 05 05]424 -230 034 |2664 0.03 10.72| 566 0.67 3.11

=) 09 0.1]000 -0.02 -0.01 |[10.04 3.09 591 | 050 0.17 0.30

1.0 0.0| 0.00 0.00 0.00 | -0.64 -11.85 -5.51 | 0.00 0.00 0.00

0.1 09|-6.85 -30.58 -17.27 |75.81 20.86 41.56| 45.43 14.60 25.88

High 0.5 05|-0.14 -426 -201 [3743 330 17.89| 9.65 1.11 4.78

09 0.1]0.71 0.00 0.18 | 887 -428 275 | 0.77 0.27 0.41

1.0 0.0| 0.00 0.00 0.00 | -0.40 -5.57 -3.09| 0.00 0.00 0.00

0.1 09000 -281 -1.41 | 957 215 488 | 438 046 1.98

Low 05 05[000 -134 -034 | 953 079 350 | 032 0.10 0.19

0.9 0.1] 0.00 0.00 0.00 | 1.67 0.27 1.17 | 0.03 0.01 0.02

1.0 0.0/ 0.00 0.00 0.00 | 0.20 -2.26 -0.86| 0.00 0.00 0.00

° 0.1 09|-8.58 -26.02 -17.99 |20.45 7.79 1460 | 14.42 4.88 10.06

ol . 05 05/000 -476 -290 |1056 4.45 686 | 271 052 194
»n | Medium

2 0.9 0.1| 0.00 0.00 0.00 | 163 080 1.24 | 0.20 0.10 0.16

1.0 0.0| 0.00 0.00 0.00 | 0.10 -1.81 -0.99 | 0.00 0.00 0.00

0.1 09|-9.76 -23.53 -17.05|18.82 7.42 14.18 | 15.78 591 11.71

High 0.5 0.5| 6.50 -12.66 -4.82 |15.77 -040 816 | 464 177 3.23

09 0.1)000 -117 -029 | 573 059 219 | 029 0.12 0.23

1.0 0.0| 0.00 0.00 0.00 | -0.21 -199 -1.15| 0.00 0.00 0.00
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Table A8 Percentage deviation of the VNS results from the optimal solutions for the 10x5

sized F|sij, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.
0.1 09| 1225 -1.73 218 | 3.33 -3.20 0.83 1.80 0.48 0.99

Low 0.5 0.5| 0.00 -0.06 -0.02 | 049 013 031 | 011 0.03 0.06

09 0.1| 000 -0.02 0.00 | 088 013 042 | 003 0.00 0.01

1.0 0.0/ 0.00 000 0.00 |-0.06 -1.06 -0.54 | 0.00 0.00 0.00

o 0.1 09| -0.53 -16.14 -10.95|10.00 3.02 7.02 | 7.77 281 544
g Medium 0.5 0.5| -0.88 -9.27 -4.28 | 825 215 440 | 131 0.77 1.04
b4 09 0.1| 0.00 -0.09 -0.02| 056 000 030 | 011 0.00 0.04
2 1.0 0.0/ 0.00 000 0.00 | 006 -1.07 -0.36 | 0.00 0.00 0.00
0.1 0.9| -0.53 -22.98 -13.23|10.67 203 7.21 | 939 195 6.11

High |05 0.5| -0.88 -13.32 -549 | 9.21 2.18 5.16 3.55 1.50 2.39

09 0.1| 000 -0.09 -0.02 | 054 000 031 | 016 0.00 0.07

1.0 0.0 0.00 000 000 |059 -108 -0.17 | 0.00 0.00 0.00

0.1 09| -068 -462 -291|690 191 388 | 241 042 119

Low 05 05| 236 -0.03 058 | 093 -741 -150 | 035 0.00 0.16

0.9 0.1|343.54 0.00 85.88| 1.11 -96.87 -23.55| 0.03 0.00 0.02

1.0 00| 0.00 000 0.00 | 081 -162 -0.46 | 0.00 0.00 0.00

" 0.1 09| -7.74 -19.36 -15.09| 751 232 520 | 553 169 3.82
S Medium 0.5 05| -0.51 -858 -325| 652 144 296 | 1.72 071 0.97
b4 09 0.1| 000 0.00 0.00 |2109 055 084 | 023 011 0.18
@ 1.0 00| 0.00 000 0.00 | 099 -0.64 -0.05 | 0.00 0.00 0.00
0.1 0.9|-13.71 -31.35 -20.55| 761 3.29 563 | 599 269 458

High 05 05| -1.25 -9.11 -433 | 456 179 327 | 276 095 156

09 0.1| 000 -0.14 -0.03| 155 003 0.86 | 044 0.01 0.26

1.0 0.0/ 0.00 000 0.00 |110 -0.78 -0.22 | 0.00 0.00 0.00
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Table A9 Percentage deviation of the VNS results from the optimal solutions for the 15x2
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09| 0.75 -062 0.03 | 3.66 0.00 1.78 1.04 0.00 031

Low 0.5 0.5| 0.02 0.00 0.00 | 000 -0.77 -0.19| 0.00 0.00 0.00

09 0.1| 0.00 0.00 0.00 | 0.OO 0.00 000 ]| 0.00 0.00 0.00

1.0 00| 023 0.00 0.06 | 1.10 0.00 0.28 | 0.23 0.00 0.06

° 0.1 09| 0.00 -11.03 -4.14 | 42,65 0.00 16.68| 15.65 0.00 5.03

s . 05 05| 0.00 -1.67 -0.79 |26.20 0.00 9.05 1.11 0.00 0.28
»n | Medium

=) 09 01| 0.07 000 0.02 | 472 -133 0.8 0.10 0.00 0.04

1.0 0.0/ 0.00 0.00 0.00 | 0.00 -1456 -3.64 | 0.00 0.00 0.00

0.1 09| 471 -11.56 -5.33 |46.72 -1.48 1897 | 17.08 110 7.21

High 0.5 05| 0.84 -1.72 -0.38 | 24.03 0.00 7.40 2.73 0.00 1.02

09 0.1| 0.00 0.00 0.00 | 0.OO 0.00 000 ]| 0.00 0.00 0.00

1.0 0.0/ 0.00 000 0.00 | 2271 0.00 0.68 | 0.00 0.00 0.00

0.1 09| 357 -033 133 |14.16 -754 150 | 448 022 191

Low 0.5 0.5| 095 -0.16 0.20 |19.22 0.00 8.17 1.30 0.00 0.37

09 0.1 098 0.00 043 |3570 -3.52 8.04 1.04 0.00 0.44

1.0 00| 0.04 000 0.01 | 294 000 074 | 004 0.00 0.01

° 0.1 09| 0.00 -756 -4.05|13.01 0.00 6.96 7.68 0.00 3.73

E Medium 0.5 0.5|4940 -1.71 11.65| 521 -49.40 -9.60 | 0.42 0.00 0.19

a 09 0.1| 120 -046 0.18 |29.17 0.00 12.33| 194 0.00 0.66

1.0 0.0/ 0.01 0.00 0.00 | 0.00 -1.88 -0.47 | 0.01 0.00 0.00

0.1 09| 404 -833 -1.15|17.44 0.00 7.27 | 15.09 0.00 5.64

High 05 05| 940 -330 135 | 7.94 -792 122 260 038 1.24

0.9 0.1| 0.00 -0.16 -0.04 | 8.18 0.00 2.05 0.44 0.00 0.11

1.0 00| 1.84 0.00 0.62 |3736 -0.22 13.22| 1.84 0.00 0.62
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Table A10 Percentage deviation of the VNS results from the optimal solutions for the 15x2

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 0.28 -2.68 -0.97 | 6.18 1.62 4.04 2.81 0.04 094

Low 0.5 0.5/ 0.00 0.00 0.00 | 000 0.00 000 ]| 0.00 0.00 0.00

09 0.1| 0.00 0.00 0.00 | 0.OO 0.00 000 ]| 0.00 0.00 0.00

1.0 00| 0.00 0.00 0.00 | 0.O0O 0.00 0.00 | 000 0.00 0.00

o 0.1 09| 598 -10.05 -1.56|11.50 0.00 470 | 7.18 0.00 3.44
g Medium 0.5 05| 672 -433 -0.02|18.09 0.00 7.88 | 6.98 0.00 2.62
b4 09 0.1| 336 0.00 084 | 0.00 -245 -0.61| 2.92 0.00 0.73
2 1.0 0.0/ 0.00 0.00 0.00 | 000 -0.30 -0.08| 000 0.00 0.00
0.1 09| 3.11 -10.05 -4.84|11.82 0.79 487 | 9.06 0.79 3.70

High |05 05| 3.13 -0.88 0.54 | 206 0.00 1.05 2.58 0.00 0.82

09 0.1| 0.00 0.00 0.00 | 0.OO 0.00 000 ]| 0.00 0.00 0.00

1.0 00| 336 000 0.84 | 000 -2.83 -0.75| 3.36 0.00 0.84

0.1 09| 191 -060 0.24 | 1.38 -0.61 0.36 | 0.67 0.00 0.24

Low 0.5 0.5/ 0.00 0.00 0.00 | 010 0.00 0.03| 0.01 0.00 0.00

09 0.1| 3.81 0.00 1.28 | 9.15 -15.64 -3.61 | 3.89 0.00 1.24

1.0 0.0/ 0.00 0.00 0.00 | 000 -0.19 -0.05| 0.00 0.00 0.00

" 0.1 0.9|1537 0.00 6.44 | 7.00 0.00 3.63 8.14 0.00 4.03
S Medium 0.5 05| 522 -036 187 | 6.42 0.04 3.22 5.73 0.29 2.30
b4 09 0.1| 0.00 0.00 0.00 | 00O 0.00 000 | 000 0.00 o0.00
@ 1.0 00| 226 0.00 094 | 208 -12.12 -397 | 226 0.00 0.94
0.1 0.9|1199 -11.71 0.76 | 757 0.00 4.65 7.93 0.00 4.24

High 05 05| 455 -122 135 | 7.16 0.66 391 6.05 0.94 2.67

0.9 0.1| 0.00 -093 -0.23 | 817 0.00 2.04 | 0.33 0.00 0.08

1.0 00| 1.13 0.00 0.38 | 1.76 -12.60 -5.69 | 1.13 0.00 0.38
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Table A1l Percentage deviation of the VNS results from the optimal solutions for the 15x3
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09| 191 -3.18 -0.55]21.50 470 1288 | 2.46 1.70 2.18

Low 0.5 0.5| 0.56 0.00 0.14 | 043 -3.09 -0.67 | 041 0.00 0.11

09 0.1] 0.24 0.00 0.06 |14.12 0.00 3.93 0.30 0.00 0.08

1.0 0.0| 0.19 0.00 0.05|11.74 -9.86 0.37 0.19 0.00 0.05

° 0.1 093340 -1097 7.82 |27.95 -11.85 9.09 | 1250 2.37 6.67

s . 05 05| 262 -452 -0.69|31.65 -6.73 9.03 1.25 0.22 094
»n | Medium

=) 0.9 0.1| 0.00 0.00 0.00 | 000 000 0.00 | 0.00 0.00 o0.00

1.0 0.0| 0.22 0.00 0.10 | 9.59 -3.64 361 0.22 0.00 0.10

0.1 09| 140 -10.67 -3.56|32.51 6.05 14.42| 1808 3.52 7.68

High 0.5 05| 2.92 -3.42 -1.07 |21.66 -1.20 11.83 3.19 1.08 1.79

09 01| 177 0.00 0.44 | 000 -20.00 -5.00| 0.00 0.00 0.00

1.0 0.0| 0.16 0.00 0.04 |11.77 -294 3.03 0.16 0.00 0.04

0.1 09| -0.22 -10.86 -4.16|13.32 154 8.34 3.07 0.26 1.35

Low 05 05| 3.28 -048 0.70 |11.97 -9.54 0.83 2.00 0.03 0.68

0.9 0.1| 0.00 0.00 0.00| 0.78 0.22 0.39 0.01 0.00 0.00

1.0 0.0| 0.00 0.00 0.00 |-009 -7.16 -2.34| 0.00 0.00 0.00

° 0.1 09| 3.29 -094 136 | 6.92 1.68 4.09 6.22 1.67 3.52

ol . 05 05| 0.00 -251 ~-1.10]| 7.65 1.79 4,57 200 014 1.02
»n | Medium

2 0.9 0.1] 1.30 0.00 032034 -723 -172 | 0.73 0.00 0.19

1.0 0.0| 0.00 0.00 0.00| 000 -148 -0.72 | 0.00 0.00 0.00

0.1 09]1558 -950 ~-148| 990 390 7.48 8.04 5.01 6.27

High 05 05| 1.8 -251 -0.74| 747 182 500 | 460 049 2.09

0.9 0.1] 0.00 0.00 0.00| 000 0.00 0.00 | 000 0.00 0.00

1.0 0.0| 0.00 0.00 0.00| 005 -281 -0.69| 0.00 0.00 0.00




Appendix

104

Table A12 Percentage deviation of the VNS results from the optimal solutions for the 15x3

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09|-0.112 -179 -0.81| 29 038 150 | 0.88 0.09 0.34

Low 0.5 0.5| 056 -0.67 -0.04| 665 038 3.62 | 059 002 0.36

0.9 0.1| 0.42 0.00 0.13 | 426 -9.41 -124 | 0.22 0.00 o0.10

1.0 0.0| 0.23 0.00 0.06 | 044 -3.57 -0.84| 023 0.00 0.06

o 0.1 09| 3.84 -1244 -469| 883 0.61 548 | 6.79 1.00 3.97
g Medium 0.5 05| 294 -0.87 038 | 897 -015 3.04 | 409 010 1.58
b4 09 0.1| 0.00 -0.23 -0.06| 828 0.00 2.07 | 063 000 0.16
2 1.0 0.0| 0.33 0.00 0.08 | 316 -061 060 | 033 0.00 0.08
0.1 09| 5.73 -18.73 -9.78 |10.08 5.07 7.45 9.72 297 5.89

High |05 05| -1.54 -296 -1.97 | 4.32 3.04 3.72 1.71 1.13 1.44

0.9 0.1| 0.82 0.00 020 051 000 0.20 | 0.77 0.00 0.20

1.0 0.0| 0.35 0.00 020|193 000 130 | 035 0.00 0.20

0.1 09| 229 -012 157|288 -038 066 | 253 016 1.10

Low 0.5 0.5| 0.35 0.00 0.09 |11.30 0.00 3.21 1.21 0.00 043

0.9 0.1]| 1.37 0.00 048 | 0.01 -13.64 -4.89 | 1.07 0.00 0.38

1.0 0.0| 0.62 0.00 0.16 | 1.00 -6.81 -1.45| 0.62 0.00 0.16

" 0.1 09| 417 -182 049 | 552 232 396 | 5.05 2.53 357
S Medium 0.5 05| 479 -545 -0.64| 6.59 -099 2.07 193 0.06 0.75
b4 09 0.1| 1.06 0.00 049 | 1.60 -0.68 0.23 1.00 0.00 0.46
@ 1.0 0.0| 0.05 0.00 0.01| 047 -297 -064| 0.05 0.00 0.01
0.1 09| -391 -1034 -6.47| 6.42 131 3.28 | 520 0.74 2.60

High 05 05| 261 -145 0.76 | 3.77 -0.76 1.09 3.11 0.00 0.99

0.9 0.1| 0.69 0.00 0.25| 131 -1.07 0.09 | 058 0.00 0.21

1.0 0.0| 0.05 0.00 0.01 ] 002 -289 -0.73| 0.05 0.00 0.01
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Table A13 Percentage deviation of the VNS results from the NEH solutions for the 20x5
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09|-248 -937 -6.00|-091 -22.33 -10.85|-2.16 -10.66 -7.12

Low 0.5 0.5|-190 -6.79 -437)| 6.56 -13.51 -2.63 |-2.43 -6.30 -4.34

09 0.1|-243 -6.47 -447 | 7.55 -13.98 -2.35 |-2.40 -6.45 -4.46

1.0 0.0} -2.34 -7.15 -4,51 1052 -12.01 -2.75 |-2.34 -7.15 -4.51

° 0.1 0.9]|-1.10 -19.15 -7.44|-3.16 -21.36 -14.89|-8.42 -15.82 -12.12
E Medium 0.5 0.5|-2.99 -10.75 -5.88| 4.80 -19.41 -7.59 |-2.59 -10.15 -6.29
8 09 01|-262 -6.76 -451|13.12 -12.85 -3.11 |-2.33 -6.71 -451
1.0 00|-243 -7.15 -4.47 (1063 -9.64 -2.19 |-243 -7.15 -4.47

0.1 0.9]-1.19 -12.10 -5.54 |-4.45 -18.21 -13.41|-6.69 -14.79 -11.39

High 0.5 05|-145 -13.84 -599|-047 -25.51 -12.68|-4.83 -10.96 -8.16

09 0.1]|-2.15 -752 -4.68|16.25 -12.27 -090 |-2.30 -7.23 -4.52

1.0 00|-240 -6.91 -4.43|9.05 -1563 -3.11 (-2.40 -691 -4.43

0.1 09| 201 -1483 -7.29|-8.17 -20.03 -12.87 |-6.46 -12.45 -9.83

Low 0.5 0.5|-093 -898 -545|-0.10 -17.25 -10.87 |-1.68 -9.37 -6.03

09 0.1|-1.45 -845 -591 | 4,57 -22.65 -10.90|-1.60 -8.44 -5.98

1.0 00|-145 -876 -591|-0.38 -23.40 -13.16 |-1.45 -876 -5.91

° 0.1 09| 29 -11.79 -3.61|-2.31 -17.91 -11.32|-3.94 -15.01 -10.17
E Medium 0.5 0.5|-0.10 -10.13 -5.56|-3.62 -17.25 -10.76 |-5.31 -11.40 -7.78
a 09 0.1|-0.89 -9.44 -583|-5.44 -18.96 -12.22 |-1.78 -9.94 -6.40
1.0 00|-145 -8.80 -6.08|-4.15 -27.64 -13.90|-145 -880 -6.08

0.1 09| 540 -13.49 -291|-7.50 -15.21 -11.84|-7.66 -14.25 -11.07

High 0.5 0.5| 2.03 -11.41 -7.24|-0.75 -16.28 -12.32|-5.62 -13.26 -10.24

09 01|-174 -844 -481|-0.31 -1951 -9.15 |-2.69 -8.01 -5.49

1.0 00|-145 930 -6.13|-1.65 -29.17 -12.21|-145 -9.30 -6.13
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Table A14 Percentage deviation of the VNS results from the NEH solutions for the 20x5

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 0.04 -13.28 -7.21|-459 -17.54 -10.21|-2.84 -12.93 -9.07

Low 0.5 0.5| -3.45 -10.27 -6.79 | -0.63 -21.82 -10.40|-3.64 -11.50 -7.34

09 0.1| -5.55 -11.50 -8.14| 0.11 -18.38 -11.55|-5.62 -11.53 -8.21

1.0 00| -546 -1096 -7.98 |-9.85 -25.46 -14.50|-5.46 -10.96 -7.98

o 0.1 09| 747 -13.66 -3.49|-1.41 -16.36 -9.72 |-1.50 -15.68 -9.13
g Medium 0.5 05| -4.19 -1246 -8.59|-3.30 -16.51 -9.47 |-6.22 -10.87 -9.08
‘3 09 01|-370 -11.85 -7.88|-1.04 -13.65 -8.72 |-3.39 -12.01 -7.98
2 1.0 00| -5.55 -11.49 -8.09 |-3.09 -24.02 -10.50 |-5.55 -11.49 -8.09
0.1 09| 3.83 -1049 -3.42|-574 -17.49 -12.36|-5.50 -16.46 -11.88

High |05 0.5 3.12 -1461 -6.74|-5.12 -18.87 -11.11|-5.76 -14.81 -9.72

0.9 0.1| -0.57 -15.08 -8.04 | -6.97 -16.49 -10.09 |-1.87 -14.60 -8.47

1.0 00| -443 -11.44 -797|-6.06 -23.58 -11.36 |-4.43 -11.44 -7.97

0.1 09| -154 -1755 -7.77|-8.13 -1792 -12.72|-5.98 -15.82 -10.47

Low 0.5 0.5| -3.68 -15.73 -7.98 | -3.96 -20.81 -11.14 |-4.03 -14.78 -8.48

0.9 0.1| 454 -1455 -8.49|-0.63 -22.50 -10.35|-4.57 -14.67 -8.53

1.0 0.0| -4.44 -14.07 -7.84|-0.52 -26.12 -12.08 |-4.44 -14.07 -7.84

" 0.1 09| 447 996 -495|-6.46 -17.01 -12.99|-6.30 -15.96 -12.30
S Medium 0.5 0.5| -4.22 -14.17 -9.54|-3.36 -14.99 -9.99 |-549 -12.65 -9.79
b4 09 0.1| -472 -12.29 -8.23|-4.93 -25.37 -10.95|-4.82 -14.28 -8.61
@ 1.0 00| -445 -14.07 -809| 1.30 -21.37 -11.72 |-4.45 -14.07 -8.09
0.1 0.9|10.39 -18.04 -6.27 |-7.02 -18.79 -12.87 |-6.74 -17.97 -12.57

High 0.5 0.5| -2.90 -10.56 -7.64|-7.82 -16.57 -12.33 |-6.31 -14.78 -10.92

0.9 0.1]| -3.06 -14.11 -9.00 | -5.27 -20.79 -12.14|-5.18 -13.55 -9.68

1.0 0.0| -449 -14.07 -7.96|-1.29 -21.42 -11.09|-4.49 -14.07 -7.96
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Table A15 Percentage deviation of the VNS results from the NEH solutions for the 20x10
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09| 235 -10.23 -3.66|-501 -19.47 -10.85]|-3.82 -9.84 -6.15

Low 05 05|-284 -737 -5.04| 827 -802 123 |-2.78 -6.89 -4.64

09 0.1]-322 -762 -444| 952 -569 266 |-3.23 -7.61 -4.38

1.0 0.0|-2.27 -7.38 -4.20|11.87 -1.64 445 | -2.27 -7.38 -4.20

° 0.1 09 3.32 -1259 -2.47|-599 -14.29 -10.88|-3.64 -11.39 -8.74

s . 05 05]-1.82 -10.58 -5.67| 0.67 -14.84 -7.42 |-3.30 -854 -6.18
»n | Medium

8 09 01,-350 -6.73 -453 | 882 -6.47 -0.62 |-2.79 -6.65 -4.32

1.0 0.0|-2.09 -7.40 -426|9.48 -332 390 |-2.09 -740 -4.26

0.1 09 3.19 -13.65 -2.15]|-6.13 -13.69 -9.68 | -5.15 -12.02 -8.52

High 0.5 05| 094 -15.04 -7.24 | 0.62 -20.01 -847 |-4.06 -12.08 -7.82

09 0.1|-241 -749 -486| 422 -654 -036 |-1.83 -6.50 -4.43

1.0 0.0|-211 -7.29 -4.18 (10.70 -2.51 436 |-2.11 -7.29 -4.18

0.1 09| 240 -13.27 -6.07|-0.53 -12.25 -6.98 |-2.01 -12.28 -6.60

Low 05 05|-253 -683 -439| 3.83 -15.15 -5.16 |-2.76 -6.28 -4.52

09 01]-2.17 -7.07 -493| 523 -12.26 -495 |-2.30 -6.95 -4.93

1.0 00|-390 -7.20 -5.29 | 5.02 -941 -3.26 |-390 -7.20 -5.29

° 0.1 09| 3.28 -957 -3.79|-2.79 -10.54 -6.74 |-3.13 -10.39 -6.48

ol . 05 05]-1.11 -1067 -6.08|-1.46 -996 -5.70 |-4.44 -7.54 -5.88
»n | Medium

a 09 0.1]-128 -701 -473| 278 -13.17 -424 |-180 -6.10 -4.68

1.0 0.0|-3.80 -7.20 -5.40|-0.08 -11.13 -532 |-3.80 -7.20 -5.40

0.1 09| 443 -825 -2.16|-2.63 -10.48 -7.48 |-2.75 -10.03 -7.21

High 0.5 0.5| 2.00 -14.84 -6.26 |-3.97 -12.64 -6.72 |-5.17 -9.33 -6.67

09 0.1|-1.04 -741 -4.45|-0.14 -10.17 -480 |-240 -6.36 -4.54

1.0 0.0|-394 -754 -533|-242 -6.51 -433 |-394 -754 -533




Appendix

108

Table A16 Percentage deviation of the VNS results from the NEH solutions for the 20x10

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 3.04 -884 -397|-442 -985 -7.02 |-3.46 -877 -6.12

Low 0.5 0.5]|-1.16 -7.74 -531| 0.10 -14.25 -5.72 |-2.47 -8.21 -5.52

09 0.1|-439 -795 -6.31| 0.68 -11.32 -5.35 | -4.48 -8.02 -6.30

1.0 0.0 -349 -801 -545)|-356 -16.29 -7.81 |-349 -8.01 -545

o 0.1 09| 441 -865 -2.06|-2.16 -858 -6.22 |-2.19 -8.01 -5.99
g Medium 0.5 0.5| 3.55 -12.65 -494|-1.09 -9.83 -539 |-2.56 -9.13 -5.27
‘3 09 01|-195 -645 -492 | 168 -11.46 -4.01 |-2.18 -6.26 -4.76
2 1.0 00|-3.62 -834 -595|-3.07 -13.19 -8.02 |-3.62 -834 -595
0.1 09| 660 -6.87 -152|-3.8 -8.80 -6.42 |-3.73 -873 -6.26

High |05 0.5| 2.82 -930 -341|-221 -885 -569 |-351 -786 -5.20

09 0.1| 0.14 -10.72 -529| 1.29 -10.76 -5.43 |-1.36 -8.06 -5.37

1.0 00|-3.65 -834 -591|-290 -13.03 -8.32 |-3.65 -834 -591

0.1 09| 0.05 -11.64 -6.26 |-2.37 -8.74 -6.24 |-3.59 -9.33 -6.22

Low 0.5 0.5|-299 -975 -6.74|-1.26 -933 -5.67 |-3.49 -939 -6.50

0.9 0.1|-2.87 -10.87 -6.68 | 3.34 -15.93 -8.06 |-2.68 -10.73 -6.75

1.0 00|-407 939 -7.12|-1.05 -12.85 -7.14 |-407 -9.39 -7.12

" 0.1 09| 484 -11.15 -3.88|-2.53 -8.86 -5.89 |-2.64 -882 -5.79
S Medium 0.5 0.5| 099 -12.04 -552| 0.12 -834 -461 |-2.86 -738 -4.94
b4 09 0.1|-063 -716 -493| 190 -8.26 -2.96 |-1.07 -7.39 -4.52
@ 1.0 00| -4.25 -10.87 -7.33 | 0.24 -1194 -6.11 |-4.25 -10.87 -7.33
0.1 09| 406 -1589 -448|-1.11 -8.86 -597 |-1.12 -8.77 -5.93

High 0.5 05| 0.60 -11.71 -4.22 |-2.17 -9.09 -6.24 |-2.74 -7.81 -5.84

09 0.1|-298 -892 -527|-415 -885 -576 |-3.76 -7.83 -5.43

1.0 00|-431 -9.29 -7.08|-1.77 -9.62 -6.83 |-431 -9.29 -7.08
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Table A17 Percentage deviation of the VNS results from the NEH solutions for the 20x20
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09| 360 -1154 -422 | 720 -13.73 -435]|-294 -6.33 -4.49

Low 05 05|-178 -6.11 -3.70|11.11 -493 396 |-1.36 -5.03 -3.00

09 01]-135 -532 -3.33]|1221 -5.64 347 |-127 -532 -3.25

1.0 0.0} -1.35 -463 -3.24| 9.60 -345 239 |-135 -463 -3.24

° 0.1 09| 342 -321 0.01|-663 -10.91 -8.85|-561 -8.73 -7.29

s . 05 05| 103 -746 -3.59| -235 -13.53 -6.01|-3.18 -5.64 -4.54
»n | Medium

8 09 01|-113 -525 -335| 548 -6.18 0.12 | -1.59 -491 -3.07

1.0 00|-135 -454 -318| 839 -064 444 |-135 -454 -3.18

0.1 09| 393 -3.04 0.14 | -400 -13.45 -7.75|-3.74 -12.28 -6.95

High 05 05| 016 -9.18 -3.64| -290 -886 -6.15|-3.36 -6.68 -4.91

09 0.1|-230 -486 -366| 573 -7.41 -092|-220 -4.15 -3.32

1.0 0.0|-135 -454 -325(10.11 -1.09 4.09 |-135 -454 -3.25

0.1 09| 1.04 -10.44 -3.20|-0.03 -599 -4.03|-2.37 -538 -3.78

Low 05 05|-057 -560 -3.25| 0.11 -535 -3.27|-1.71 -5.43 -3.29

09 01]-132 -559 -3.06| 196 -7.49 -136|-1.37 -5.44 -3.01

1.0 00|-194 -531 -334| 469 -7.08 0.08 |-194 -531 -3.34

° 0.1 09| 177 -5.18 -0.66| -2.76 -8.98 -5.47|-2.48 -8.60 -5.16

ol . 05 05)-138 -11.31 -5.24| 0.67 -6.35 -330|-2.63 -5.16 -4.05
»n | Medium

a 09 01)-129 -771 -343|-179 -7.00 -4.08|-191 -7.43 -3.56

1.0 00|-196 -554 -329| 165 -517 -166|-196 -554 -3.29

0.1 09| 381 -259 069 |-244 -790 -537|-222 -7.57 -5.16

High 05 05|-035 -6.12 -245)|-255 -740 -455]|-2.15 -6.03 -4.06

09 01]-073 -6.75 -440| 042 -539 -1.85|-1.01 -5.71 -3.68

1.0 0.0|-1.73 -536 -3.15| 2.84 -5.04 -141)|-173 -536 -3.15
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Table A18 Percentage deviation of the VNS results from the NEH solutions for the 20x20

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 181 -9.62 -3.14 | -246 -6.85 -4.27|-195 -6.27 -4.07

Low 0.5 0.5|-2.41 -432 -333|-0.25 -6.15 -2.90|-1.99 -430 -3.22

09 0.1]|-267 -678 -430| 3.23 -640 -2.11|-2.58 -6.68 -4.20

1.0 0.0| -2.27 -6.86 -4.38 | -1.27 -835 -436|-2.27 -6.86 -4.38

o 0.1 09| 345 -757 -103|-2.32 -642 -452|-2.15 -6.40 -4.39
g Medium 0.5 05| 147 -6.47 -295|-2.14 -6.36 -4.12|-2.54 -558 -3.83
b4 09 0.1|-045 -653 -393| 034 -6.18 -2.74|-199 -525 -3.63
2 1.0 00|-193 -6.97 -432|-067 -10.12 -3.57|-193 -6.97 -4.32
0.1 09| 352 -582 0.00 |-358 -7.24 -4.85|-3.62 -7.04 -4.75

High |05 0.5| 2.67 -870 -462 | -1.26 -6.24 -3.61|-158 -5.08 -3.78

09 0.1| 064 -89 -4.11| 134 -485 -2.41|-1.27 -527 -3.48

1.0 00|-254 -6.83 -429| 0.71 -10.97 -436|-2.54 -6.83 -4.29

0.1 09| 070 -952 -298|-1.28 -7.10 -4.18|-1.52 -6.05 -3.93

Low 0.5 0.5|-284 -770 -435| 236 -7.50 -3.35|-2.85 -4.78 -4.02

09 0.1]|-222 -726 -449|-135 -955 -4.66|-2.47 -6.95 -4.51

1.0 00|-246 -7.22 -434|-057 -997 -460|-246 -7.22 -4.34

" 0.1 09| 424 -9.11 -169| -2.07 -588 -3.94|-193 -576 -3.86
S Medium 05 05| 129 -761 -3.16|-1.10 -6.36 -4.08|-2.50 -5.56 -3.90
b4 09 0.1|-084 -715 -364| 1.21 -484 -2.12|-1.16 -519 -3.21
@ 1.0 00|-244 -7.04 -450| 144 -839 -420|-244 -7.04 -4.50
0.1 09| 813 -861 046 | -2.03 -649 -429|-1.85 -6.40 -4.21

High 0.5 05| 023 -795 -3.18|-1.75 -582 -4.05]|-1.54 -551 -3.93

09 0.1|-019 -881 -438)| 096 -6.94 -3.78|-1.41 -559 -4.16

1.0 00|-2.70 -7.22 -438| 0.00 -9.78 -4.29|-2.70 -7.22 -4.38
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Table A19 Percentage deviation of the VNS results from the NEH solutions for the 50x5
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09|-219 -959 -689 | 181 -12.65 -4.75 |-3.04 -877 -6.66

Low 05 05479 -999 -690|3.78 -1596 -6.41 |-4.97 -9.90 -6.89

09 0.1]|-427 -824 -590|-1.59 -16.86 -7.95 |-4.26 -825 -5.90

1.0 0.0|-434 -846 -558|0.44 -1055 -6.08 |-434 -846 -5.58

° 0.1 09|-293 -15.31 -9.38|-3.39 -13.44 -7.90 |-5.83 -13.92 -8.78

s . 05 05| -465 -884 -6.47| 443 -1598 -8.20 |-5.04 -7.98 -6.65
»n | Medium

=) 09 01|-361 -796 -597|083 -992 -569 |-359 -7.97 -5.96

1.0 00|-458 -829 -560|6.01 -17.01 -494 |-458 -829 -5.60

0.1 09]-3.08 -13.81 -6.77 |-4.68 -13.81 -9.01 |-5.08 -9.47 -8.09

High 05 05|-417 -980 -7.24|-1.13 -16.14 -7.10 | -5.17 -8.88 -7.26

09 0.1]|-414 -810 -6.05|0.50 -10.45 -5.46 |-4.24 -7.93 -6.03

1.0 0.0|-449 -802 -587|4.68 -1425 -594 |-449 -8.02 -5.87

0.1 09|-459 -833 -6.38|-3.26 -14.02 -831 |-4.97 -883 -6.95

Low 05 05|-335 -756 -6.26 |-7.20 -18.00 -11.61|-3.69 -7.57 -6.53

09 0.1]|-405 -873 -6.19|-1.47 -17.29 -8.76 |-4.07 -877 -6.20

1.0 00|-490 -7.32 -6.29 |-2.44 -15.09 -864 |-490 -7.32 -6.29

° 0.1 09|-111 -9.19 -5.29|-4.07 -14.22 -10.16 | -5.02 -11.12 -8.82

ol . 05 05]-279 -968 -6.55| 202 -12.89 -851 |-3.27 -9.48 -7.08
»n | Medium

a 09 01]|-417 -9.62 -6.75|-5.26 -14.79 -10.54 | -4.21 -9.59 -6.91

1.0 00|-403 -755 -6.10| 3.55 -1445 -7.32 |-403 -7.55 -6.10

0.1 09| 038 -823 -3.64|-7.22 -13.18 -10.50| -6.99 -11.44 -9.35

High 0.5 05|-3.78 -804 -6.04|-591 -12.15 -9.28 |-5.26 -9.48 -7.29

09 0.1|-477 -9.07 -6.43|-564 -15.17 -10.11|-5.16 -9.52 -6.70

1.0 00|-435 -815 -6.04 |-4.63 -13.62 -885 |-435 -8.15 -6.04
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Table A20 Percentage deviation of the VNS results from the NEH solutions for the 50x5

sized F|siy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09|-246 -12.16 -6.93 |-3.29 -1561 -8.79 |-4.70 -10.65 -7.74

Low 0.5 0.5|-560 -992 -745|-2.79 -1552 -9.78 | -6.02 -9.57 -7.66

09 0.1|-419 -969 -732|-6.66 -1456 -9.96 |-4.21 -9.73 -7.34

1.0 0.0] -3.32 -11.07 -6.94 |-296 -1194 -8.80 |-3.32 -11.07 -6.94

o 0.1 09| 135 -997 -4.65|-3.83 -10.10 -7.01 |-3.55 -9.69 -6.55
g Medium 0.5 0.5|-255 -9.21 -6.73 |-1.94 -13.00 -8.45 |-4.89 -10.40 -7.29
‘3 09 0.1)|-538 -11.16 -8.15|-4.31 -18.79 -9.89 |-5.31 -11.19 -8.25
2 1.0 00|-6.02 -9.74 -7.92|-1.59 -17.00 -10.63 |-6.02 -9.74 -7.92
0.1 09| 251 -550 -2.72|-5.54 -15.35 -9.67 |-5.36 -14.21 -8.89

High |05 05(-3.77 -790 -5.89 |-1.06 -11.34 -7.88 |-435 -9.52 -6.87

0.9 0.1|-437 -1093 -7.77 |-8.02 -15.48 -10.00 | -4.87 -11.38 -8.00

1.0 00|-45 -9.11 -6.87 |-2.12 -1592 -9.10 |-456 -9.11 -6.87

0.1 09]-232 -12.04 -7.43|-3.31 -16.15 -7.67 |-2.77 -12.96 -7.48

Low 0.5 0.5|-559 -947 -7.76 |-4.99 -20.30 -10.20 | -5.62 -10.57 -7.93

0.9 0.1|-6.57 -11.46 -9.05 |-1.43 -15.54 -9.73 | -6.59 -11.48 -9.06

1.0 00|-437 -9.88 -7.45|-541 -1434 -951 |-437 -9.88 -7.45

" 0.1 09| 1.03 -11.49 -390 |-3.74 -15.69 -8.13 | -435 -14.16 -7.42
S Medium 0.5 0.5|-433 -939 -6.37|-7.66 -14.54 -10.57 |-5.89 -9.69 -7.92
b4 09 0.1|-4.40 -10.69 -7.86|-3.79 -15.02 -9.31 |-439 -10.87 -7.96
@ 1.0 00|-432 -11.79 -7.87 |-0.70 -14.80 -8.85 |-4.32 -11.79 -7.87
0.1 09| 180 -846 -3.38|-6.92 -12.63 -9.71 | -6.55 -11.64 -9.07

High 0.5 0.5|-3.60 -12.70 -6.79 |-2.93 -12.98 -9.38 | -4.28 -10.79 -8.12

0.9 0.1|-3.80 -9.48 -7.01|-5.40 -14.92 -8.58 |-3.97 -930 -7.20

1.0 0.0|-3.33 -10.14 -6.72 |-2.62 -12.87 -8.64 |-3.33 -10.14 -6.72
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Table A21 Percentage deviation of the VNS results from the NEH solutions for the 50x10
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09|-361 -741 -505| 3.10 -10.81 -454|-359 -6.51 -4.93

Low 05 05|-187 -6.12 -444| 383 -9.60 -3.87|-196 -591 -4.42

09 01]-232 -669 -430| 352 -7.29 -1.76|-2.31 -6.66 -4.29

1.0 0.0] -3.16 -6.12 -4.33 | 2.56 -4.83 -1.12|-3.16 -6.12 -4.33

° 0.1 09|-120 -597 -2.77|-5.89 -14.11 -9.97|-410 -9.46 -7.09

s . 05 05|-297 -761 -489| 179 -10.89 -4.45|-3.53 -591 -4.83
»n | Medium

8 09 01,-390 -585 -457| 419 -10.26 -2.17|-3.75 -5.80 -4.50

1.0 0.0|-223 -654 -401| 6.17 -568 -1.33|-223 -6.54 -4.01

0.1 09| 3.26 -695 -2.69| -5.64 -15.61 -9.58|-4.70 -12.73 -7.77

High 05 05|-263 -783 -5.07|-0.12 -9.14 -581|-400 -6.95 -5.29

09 0.1]-3.24 -595 -461|11.28 -10.35 -3.19|-3.13 -5.62 -4.55

1.0 0.0|-2.66 -6.48 -4.17 | 256 -10.77 -3.47 |-2.66 -6.48 -4.17

0.1 09|-1.76 -888 -5.17| -2.07 -9.38 -535]|-2.71 -8.03 -5.21

Low 05 05|-257 -550 -4.16| -0.67 -10.13 -4.87|-2.39 -525 -4.22

09 01]-212 -475 -395| 0.31 -13.00 -5.84|-2.15 -4.82 -3.97

1.0 00|-263 -557 -443|-0.10 -10.00 -540|-2.63 -557 -4.43

° 0.1 09|-094 -1004 -411|-131 -9.68 -576|-291 -9.26 -5.50

ol . 05 05|-245 -699 -3.71|-163 -859 -531|-259 -6.61 -4.33
»n | Medium

a 09 0.1]-298 -552 -433|-1.34 -8.49 -544)|-3.02 -575 -4.42

1.0 0.0|-281 -539 -420| 0.01 -810 -4.16|-2.81 -539 -4.20

0.1 09| 0.88 -438 -140| -419 -10.16 -6.94|-4.04 -9.32 -6.40

High 0.5 0.5|-3.13 -856 -565|-3.77 -841 -598|-480 -790 -5.83

09 0.1]-3.10 -6.06 -4.15| 0.77 -9.20 -4.62|-3.12 -596 -4.22

1.0 0.0|-2.60 -6.03 -4.17|-096 -6.37 -349)|-260 -6.03 -4.17
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Table A22 Percentage deviation of the VNS results from the NEH solutions for the 50x10

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09]|-333 -817 -5.06|-2.20 -822 -5.09|-332 -6.64 -5.08

Low 0.5 0.5]|-2.17 -6.73 -5.15| -3.70 -10.72 -6.63|-2.45 -7.02 -5.32

09 0.1|-335 -590 -450| 3.20 -9.75 -3.50|-3.43 -589 -4.49

1.0 00| -3.23 -717 -515)|-152 -994 -555|-323 -7.17 -515

o 0.1 09| 475 -6.27 -1.15]| -3.10 -826 -5.10|-3.38 -6.87 -4.66
g Medium 0.5 05|-279 -741 -523|-350 -7.79 -5.54|-4.28 -6.25 -5.38
‘3 09 01|-334 542 -439| 1.88 -10.65 -513]|-297 -565 -4.48
2 1.0 00|-419 -6.66 -516|-096 -13.93 -7.00|-419 -6.66 -5.16
0.1 09| 287 -780 -249)|-3.16 -839 -560]-3.26 -7.69 -5.40

High |0.5 0.5| 0.37 -6.26 -355|-195 -740 -5.71|-274 -6.52 -4.95

09 0.1]-312 -871 -498|-2.28 -869 -4.81|-3.28 -790 -4.96

1.0 00|-2.74 -6.90 -4.64|-164 -1136 -6.40|-2.74 -6.90 -4.64

0.1 09|-079 -770 -3.73|-2.80 -7.86 -5.55]|-3.61 -599 -4.84

Low 0.5 0.5|-3.25 -6.65 -507| 4.10 -9.94 -5.07|-2.23 -6.95 -5.06

09 0.1|-3.08 -714 -484| 0.26 -9.58 -4.78|-3.05 -7.15 -4.84

1.0 00|-363 -698 -560|-2.89 -959 -486|-3.63 -6.98 -5.60

" 0.1 09|-136 -761 -410| -497 -819 -6.58|-4.69 -7.60 -6.33
S Medium 0.5 0.5|-235 -6.06 -4.18| -2.24 -10.07 -6.73|-3.62 -6.60 -5.54
b4 09 0.1|-408 -777 -563| 1.71 -11.17 -5.74|-3.92 -7.78 -5.65
@ 1.0 00|-450 -801 -6.29| 132 -9.10 -6.34|-450 -8.01 -6.29
0.1 09| 9.06 -13.25 -2.32 | -3.34 -10.60 -5.79 |-3.38 -9.98 -5.61

High 05 05|-142 -723 -3.54|-238 -825 -5.26/|-2.05 -6.87 -4.68

09 0.1|-2.64 -6.24 -477|-061 -7.65 -447)|-3.08 -6.45 -471

1.0 00|-3.69 -8.02 -511| 1.16 -12.05 -492|-3.69 -8.02 -5.11
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Table A23 Percentage deviation of the VNS results from the NEH solutions for the 50x20
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09|-142 -6.34 -403 | -0.06 -10.80 -4.38| -3.21 -541 -4.17

Low 05 05|-2.11 -545 -3.44| 7.62 -3.83 -0.14| -2.14 -5.14 -3.26

09 0.1]|-246 -533 -421)| 9.69 -7.43 -0.66| -2.50 -5.32 -4.19

1.0 0.0} -2.52 -518 -4.05|1286 -6.68 -1.24| -2.52 -518 -4.05

° 0.1 09| 036 -400 -1.34|-3.70 -10.06 -6.99 | -2.58 -7.77 -5.47

s . 05 05|-2.04 -458 -3.15|-048 -7.32 -4.86| -2.77 -4.97 -3.63
»n | Medium

8 09 01|-221 -540 -3.70|11.49 -3.11 1.07 | -2.22 -5.02 -3.49

1.0 0.0|-250 -536 -4.03| 806 -447 -046| -2.50 -5.36 -4.03

0.1 09| 048 -570 -1.63|-432 -851 -6.94)| -4.40 -7.69 -6.05

High 0.5 05|-2.21 -10.24 -426 | -0.04 -879 -467 | -272 -6.29 -4.44

09 0.1|-246 -668 -392| 398 -3.04 -0.25| -2.42 -588 -3.64

1.0 0.0|-296 -554 -406| 829 -409 0.65 | -296 -554 -4.06

0.1 09|-0.84 -49 -296|-2.13 -7.26 -456| -199 -467 -3.88

Low 05 05|-193 -537 -345)|-0.10 -593 -257|-1.93 -5.05 -3.32

09 01|-215 -585 -3.8 | 1.65 -4.64 -192| -2.12 -578 -3.82

1.0 0.0|-140 -477 -327| 023 -7.70 -298| -1.40 -4.77 -3.27

° 0.1 09| 088 -448 -198| -3.43 -554 -432| -334 -5.08 -4.08

ol . 05 05|-1.22 -474 -334)|-059 -481 -296|-2.57 -3.76 -3.15
»n | Medium

a 09 0.1|-1.28 -551 -319| 070 -691 -2.69| -1.61 -507 -3.14

1.0 0.0|-219 -512 -371| 0.21 -6.34 -3.38|-2.19 -5.12 -3.71

0.1 09|-0.16 -3.83 -2.20|-1.59 -6.29 -3.88| -1.65 -5.97 -3.78

High 05 05| 037 -806 -381| 031 -7.06 -3.48| -1.22 -4.86 -3.63

09 01]-181 -514 -3.22| 085 -434 -1.68| -2.12 -4.16 -2.92

1.0 0.0|-143 -486 -350|-0.15 -9.22 -3.36| -143 -486 -3.50
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Table A24 Percentage deviation of the VNS results from the NEH solutions for the 50x20

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 0.24 -4.74 -2.27 | -3.03 -6.03 -436| -293 -503 -3.64

Low 0.5 0.5|-234 -493 -358|-090 -548 -335]|-239 -468 -3.53

09 0.1|-3.01 -514 -3.89|-0.43 -6.41 -3.00|-297 -505 -3.87

1.0 0.0} -2.12 -531 -3.54 | 155 -7.30 -357| -212 -531 -3.54

o 0.1 09| 142 -222 -0.63|-295 -540 -394 -2.79 -5.07 -3.72
g Medium 0.5 0.5|-0.74 -487 -260|-1.58 -470 -3.35|-1.78 -4.38 -3.07
‘3 09 01|-1.29 -458 -346| -1.29 -6.14 -389| -2.04 -463 -3.53
2 1.0 00|-207 -488 -3.68| 0.19 -6.54 -222| -2.07 -4.88 -3.68
0.1 09| 261 -450 ~-167|-3.00 -552 -429|-2.89 -549 -4.19

High |0.5 0.5| 0.36 -5.14 -3.19 | -2.27 -494 -352 | -2.20 -392 -345

09 0.1|-243 -621 -418)| 0.11 -471 -2.72| -241 -521 -3.79

1.0 00|-246 -542 -4.02|-0.04 -6.23 -3.20| -2.46 -542 -4.02

0.1 09|-047 -537 -3.14|-192 -431 -331|-2.07 -461 -3.26

Low 0.5 05|-1.82 -547 -330| 160 -583 -2.19| -1.76 -4.84 -3.07

09 0.1|-166 -631 -3.81|-132 -9.14 -474|-168 -6.33 -3.84

1.0 00|-169 -6.00 -3.70|-2.74 -800 -491|-169 -6.00 -3.70

" 0.1 09| 29 -763 -167|-252 -499 -3.59| -239 -460 -3.47
S Medium 0.5 0.5|-1.03 -556 -3.00|-1.02 -542 -3.18]| -1.35 -4.81 -3.12
b4 09 0.1|-253 -418 -351| 125 -570 -2.29| -2.33 -4.26 -3.29
@ 1.0 00|-220 -593 -335|-067 -5.78 -3.27|-2.20 -593 -3.35
0.1 09|-0.18 -829 -230|-2.02 -455 -3.58|-199 -449 -3.54

High 0.5 05| 098 -7.26 -2.27 | -1.44 -523 -3.66| -1.65 -5.08 -3.35

09 0.1|-270 -580 -3.72|-1.24 -3.82 -3.03|-2.61 -499 -3.52

1.0 00|-2.25 -562 -350|-0.86 -6.81 -4.09| -2.25 -5.62 -3.50




Appendix

117

Table A25 Percentage deviation of the VNS results from the NEH solutions for the 100x5
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09|-408 -6.88 -509|-297 -11.66 -6.67 |-4.01 -6.75 -5.21

Low 05 05|-420 -720 -5.74|148 -9.87 -4.82 |-414 -7.18 -5.74

09 0.1|-465 -987 -575]|-195 -11.97 -6.70 |-4.65 -9.87 -5.75

1.0 0.0| -255 -587 -4.41)0.82 -1541 -6.66 |-254 -587 -441

° 0.1 09|-222 -798 -488|-6.80 -15.08 -9.49 |-395 -9.72 -6.30

s . 05 05]-529 -799 -6.41|-2.71 -12.47 -6.67 |-5.27 -7.83 -6.42
»n | Medium

8 09 01,-416 -700 -5.70|-2.44 -1535 -7.56 |-4.19 -7.01 -572

1.0 0.0|-2.69 -534 -429|-2.33 -1242 -6.06 |-2.69 -534 -4.29

0.1 09]-3.79 -10.74 -6.27 |-4.12 -15.42 -7.97 |-5.47 -9.78 -7.05

High 05 05|-3.17 -853 -576| 047 -12.11 -6.58 |-3.37 -856 -5.85

09 01]-372 -6.05 -492|-3.11 -12.12 -7.19 |-3.71 -6.02 -4.96

1.0 0.0|-352 -589 -4.68 |-3.27 -13.08 -6.98 |-3.52 -5.89 -4.68

0.1 09]-327 -718 -5.00|-3.59 -1247 -6.97 |-3.79 -7.18 -5.38

Low 05 05|-333 -6.88 -550(-4.03 -1433 -9.82 |-3.41 -7.02 -5.61

09 0.1]-3.06 -681 -5.03]-8.78 -13.26 -10.78 | -3.09 -6.82 -5.05

1.0 0.0|-3.10 -7.45 -495 |-437 -1242 -7.97 |-3.10 -745 -4.95

° 0.1 09|-206 -7.70 -4.46|-5.27 -12.88 -8.96 |-5.12 -9.85 -7.10

ol . 05 05|-3.12 -762 -4.81|-3.28 -12.88 -7.59 |-3.51 -7.64 -5.24
»n | Medium

a 09 0.1|-250 -830 -552|-3.31 -13.16 -8.76 |-2.53 -841 -5.59

1.0 0.0|-121 -560 -4.08 |-0.75 -987 -6.51 |-1.21 -560 -4.08

0.1 09|-030 -583 -3.35|-5.07 -12.78 -8.37 |-3.89 -10.82 -6.98

High 0.5 0.5|-3.56 -865 -5.26|-5.48 -14.30 -8.57 |-4.47 -833 -6.08

09 0.1]|-4.05 -6.54 -532/|-8.07 -12.14 -9.78 | -4.21 -6.69 -5.49

1.0 0.0|-2.39 -6.24 -465| 218 -11.22 -7.26 |-2.39 -6.24 -4.65
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Table A26 Percentage deviation of the VNS results from the NEH solutions for the 100x5

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| -4.28 -948 -587|-3.81 -13.73 -6.87 | -4.30 -10.38 -6.09

Low 0.5 0.5|-3.51 -836 -591|-4.40 -13.75 -8.28 |-3.66 -8.43 -6.00

0.9 0.1|-458 -9.65 -6.64 |-4.64 -16.87 -10.67 | -4.61 -9.70 -6.66

1.0 00| -281 -7.76 -5.15|-1.27 -9.89 -565 |-281 -7.76 -5.15

o 0.1 09|-095 -568 -3.86|-5.76 -11.40 -7.72 |-4.65 -9.14 -6.50
g Medium 0.5 0.5|-3.70 -717 -556|-5.09 -995 -7.80 |-4.00 -7.60 -6.03
‘3 09 01|-422 -835 -6.26|-4.76 -11.48 -8.22 |-4.24 -842 -6.32
2 1.0 00|-423 -815 -581|-4.82 -11.23 -7.84 |-423 -8.15 -5.81
0.1 09|-1.15 -6.23 -3.59|-468 -946 -6.19 |-4.21 -8.06 -5.68

High |05 05(-230 -6.92 -4.71|-3.07 -11.56 -6.97 |-3.22 -7.88 -5.47

09 0.1]-377 -776 -590|-3.89 -11.60 -7.59 |-3.78 -7.83 -6.00

1.0 00|-3.38 -6.14 -5.41(-3.30 -11.57 -7.94 |-3.38 -6.14 -5.41

0.1 09|-425 -859 -6.34|-221 -860 -6.68 |-5.27 -847 -6.42

Low 0.5 0.5|-2.56 -10.75 -5.82 |-1.36 -12.57 -7.36 |-2.52 -10.81 -5.90

0.9 0.1]|-3.76 -11.77 -6.61 |-2.70 -18.63 -8.76 | -3.76 -11.80 -6.62

10 00|-271 -6.81 -513|-2.88 -11.61 -7.25 |-2.71 -6.81 -5.13

" 0.1 09| 030 -6.63 -3.61|-3.15 -11.68 -7.10 |-2.76 -9.13 -6.11
S Medium 0.5 0.5|-3.26 -838 -546|-3.52 -10.69 -7.17 |-3.48 -890 -5.86
b4 09 0.1|-538 -859 -6.83|-6.25 -11.97 -9.40 |-5.47 -851 -6.92
@ 1.0 00|-3.06 -6.99 -536|-2.82 -10.06 -7.22 |-3.06 -6.99 -5.36
0.1 09]|-143 -550 -3.57|-5.19 -10.15 -7.48 |-490 -890 -6.79

High 0.5 0.5|-2.87 -720 -498 |-4.75 -11.24 -7.24 |-3.70 -826 -5.79

0.9 0.1|-5.00 -8.06 -6.69 |-2.40 -11.32 -6.86 |-5.15 -8.02 -6.71

1.0 00|-258 -6.95 -516|-595 -886 -7.12 |-2.58 -6.95 -5.16
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Table A27 Percentage deviation of the VNS results from the NEH solutions for the 100x10
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.

0.1 09| -1.88 -5.08 -2.84 | 043 -10.18 -3.82| -1.91 -566 -2.97

Low 05 05| -18 -466 -332| 338 -823 -158)| -1.88 -4.53 -3.29

09 01| -235 -398 -3.10| 0.13 -7.25 -3.13| -235 -3.98 -3.10

1.0 0.0| -2.52 -432 -342 | 145 -6.72 -2.17 | -2.52 -432 -3.42

° 0.1 09| -096 -509 -332|-1.26 -999 -477| -181 -6.62 -3.97

s . 05 05| -1.78 -442 -327 |-067 -6.09 -2.88| -1.86 -4.14 -3.23
»n | Medium

=) 09 0.1 -183 -479 -336| 390 -9.15 -3.16| -1.81 -4.82 -3.36

1.0 0.0| -250 -5.10 -3.46 | 143 -634 -292| -2.50 -5.10 -3.46

0.1 09| -138 -583 -3.03|-290 -796 -543| -3.03 -5.98 -4.50

High 0.5 05| -167 -515 -2.88 |-0.73 -590 -2.57| -1.77 -455 -2.84

09 01 -218 -438 -336| 127 -571 -3.01|-219 -439 -3.35

1.0 00| -3.10 -491 -363 | 052 -6.40 -3.01]|-3.10 -491 -3.63

0.1 09 -105 -410 -2.29|-121 -639 -3.92| -137 -3.87 -2.77

Low 05 05| -235 -3.70 -2.80 | 0.14 -817 -4.26| -2.49 -3.77 -2.88

09 01 -171 -402 -2.67 |-194 -701 -400]| -1.71 -4.01 -2.68

1.0 0.0| -2.42 -397 -3.44 |-1.80 -8.07 -470| -2.42 -397 -3.44

° 0.1 09| -075 -519 -233|-265 -517 -413| -251 -5.18 -3.66

ol . 05 05| -1.27 -447 -2776 |-099 -399 -263| -1.65 -393 -2.73
»n | Medium

95 09 01| -144 -384 -2.71 | 1.11 -6.64 -2.73 | -1.34 -397 -2.71

1.0 0.0| -2.16 -538 -3.65|-4.07 -8.14 -6.56| -2.16 -5.38 -3.65

0.1 09| 037 -479 -1.85|-254 -759 -430)| -2.23 -6.51 -3.92

High 05 05| -082 -3.75 -2.19 |-1.16 -6.22 -3.47| -1.40 -3.48 -2.70

09 01| -096 -3.78 -2.62 |-090 -494 -2.68| -095 -3.77 -2.62

1.0 00| -236 -4.03 -3.23 |-3.15 -6.61 -5.19| -2.36 -4.03 -3.23
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Table A28 Percentage deviation of the VNS results from the NEH solutions for the 100x10

sized F|siy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Avg.
0.1 09| 044 -396 -2.82|-138 -564 -3.16| -1.23 -3.89 -2.90

Low 0.5 05| -049 -599 -3.20| 056 -7.84 -323| -040 -583 -3.20

09 0.1]| -2.16 -535 -3.22 |-3.04 -6.51 -453| -217 -536 -3.24

1.0 00| -1.88 -6.26 -3.75|-291 -730 -446| -1.88 -6.26 -3.75

o 0.1 09| 124 -3.54 -2.06 |-2.77 -558 -3.73| -2.11 -5.11 -3.43
g Medium 0.5 05| -1.14 -343 -248 |-031 -520 -291| -151 -403 -2.64
‘3 09 01| -201 -481 -335|-152 -533 -321| -200 -4.72 -3.34
2 1.0 00| -1.72 -6.66 -3.99 | 1.22 -7.14 -3.82 | -1.72 -6.66 -3.99
0.1 09| 009 -506 -2.17 |-1.87 -569 -3.21| -1.84 -535 -3.10

High |05 05| -096 -4.72 -3.21 |-1.62 -6.05 -3.78| -1.82 -495 -3.50

09 01| -1.86 -442 -3.10 |-0.60 -481 -299| -193 -446 -3.09

1.0 00| -2.57 -6.20 -4.00 | -2.51 -5.55 -436| -2.57 -6.20 -4.00

0.1 09| -2.21 -483 -3.18 |-2.80 -466 -3.67| -2.81 -4.25 -3.39

Low 0.5 05| -1.22 -596 -3.59 |-0.64 -554 -3.08| -1.16 -5.61 -3.55

09 0.1 -292 -714 -393|-213 -815 -435]|-294 -7.16 -3.93

1.0 00| -2.25 -5.17 -3.40 |-249 -7.17 -4.08| -2.25 -5.17 -3.40

" 0.1 09| 105 -428 -2.02|-192 -552 -370|-1.84 -4.85 -3.42
S Medium 0.5 05| -1.68 -3.85 -2.74 |-1.17 -422 -290| -1.64 -3.65 -2.80
b4 09 01| -181 -538 -3.19 | 014 -559 -2.78| -1.76 -5.37 -3.17
@ 1.0 00| -2.15 -471 -3.06 | 1.27 -566 -3.36| -2.15 -4.71 -3.06
0.1 09| 196 -6.20 -1.50 |-1.26 -5.23 -345| -1.34 -490 -3.27

High 0.5 05| 0.07 -394 -243 |-1.81 -565 -3.34|-198 -4.85 -2091

09 0.1 -081 -531 -3.46 |-0.58 -507 -349| -093 -5.25 -3.47

1.0 00| -245 -4.62 -361 |-200 -6.51 -450| -2.45 -4.62 -3.61
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Table A29 Percentage deviation of the VNS results from the NEH solutions for the 100x20
sized F|siy, prmu|y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.

0.1 09| -1.80 -3.10 -2.57 | -0.27 -580 -2.20 | -1.48 -3.11 -2.49

Low 05 05| -190 -3.77 -2.51| -0.47 -3.23 -220 | -193 -3.72 -2.50

09 01 -187 -263 -2.25| 135 -257 -0.56 | -1.87 -2.62 -2.24

1.0 00| -1.88 -2.68 -2.16 | 3.63 -573 -094 | -1.88 -2.68 -2.16

° 0.1 09| -0.25 -3.03 -1.58 | -2.95 -579 -4.18 | -1.92 -4.47 -3.21

s . 05 05| -241 -447 -321| 284 -385 -1.05| -2.63 -3.16 -2.82
»n | Medium

8 09 01| -154 -279 -199 | 054 -426 -1.16 | -1.62 -2.72 -1.97

1.0 00| -1.54 -225 -174 | 099 -4.12 -1.10 | -1.54 -2.25 -1.74

0.1 09| -031 -172 -1.17 | -2.89 -570 -3.95 | -2.52 -4.69 -3.26

High 0.5 05| -0.68 -3.72 -2.20 | -042 -4.07 -2.61 | -1.21 -3.82 -2.32

09 01 -155 -3.22 -255| 142 -195 -1.10| -1.55 -3.00 -2.48

1.0 0.0| -1.80 -2.86 -240 | 1.32 -2.87 -040 | -1.80 -2.86 -2.40

0.1 09| -051 -271 -197| 0.58 -320 -1.84 | -0.70 -295 -191

Low 05 05| -138 -277 -198 | 0.26 -541 -195 | -1.26 -3.00 -1.97

09 01 -162 -3.09 -2.27 | -1.08 -3.48 -2.07 | -1.62 -3.09 -2.27

1.0 00| -093 -366 -1.92 | -0.44 -353 -164 | -093 -3.66 -1.92

° 0.1 09| -090 -3.55 -2.20 | -096 -5.10 -2.79 |-139 -4.61 -2.70

ol . 05 05| -139 -212 -1.67 | -1.21 -417 -2.80 | -1.51 -2.61 -2.13
»n | Medium

95 09 01| -171 -3.07 -2.21 | -042 -192 -1.37 | -1.67 -296 -2.14

1.0 00| -1.02 -2.20 -1.65| -0.22 -2.87 -1.40 | -1.02 -2.20 -1.65

0.1 09| 023 -169 -0.48 | -2.12 -411 -296 | -191 -3.78 -2.73

High 05 05| -144 -331 -235| -1.52 -270 -2.24 | -1.80 -2.98 -2.29

09 01| -156 -2.77 -2.08 | -0.05 -2.81 -1.27 | -1.55 -2.78 ~-1.97

1.0 00| -0.88 -3.24 -235 | -046 -3.23 -1.81 | -0.88 -3.24 -2.35
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Table A30 Percentage deviation of the VNS results from the NEH solutions for the 100x20

sized F|sij, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.
0.1 09| -1.67 -448 -262 | 002 -283 -1.31 | -1.29 -2.40 -1.88

Low 0.5 05| -1.63 -291 -232|-0.79 -3.56 -2.14 | -1.69 -2.87 -2.30

09 0.1 -131 -3.27 -219| 0.09 -291 -1.65 | -1.28 -3.26 -2.18

1.0 0.0| -1.85 -3.57 -256 | -099 -482 -3.07 | -1.85 -3.57 -2.56

o 0.1 09| 055 -1.77 -1.02 | -1.08 -434 -239 | -090 -4.06 -2.25
g Medium 0.5 05| -0.72 -247 -157 | -061 -3.81 -2.17 | -1.24 -251 -1.87
‘3 09 01| -176 -292 -2.16 | -0.68 -1.89 -145 | -1.76 -2.80 -2.09
2 1.0 00| -1.62 -290 -2.03 | -0.75 -5.04 -249 | -1.62 -2.90 -2.03
0.1 09| -0.16 -2.27 -1.46 | -1.63 -2.87 -240 | -1.66 -2.71 -2.35

High |05 05| -0.29 -3.60 -2.28 | -1.84 -3.86 -2.96 | -2.14 -3.76 -2.72

09 0.1]-122 -332 -224|-117 -414 -260| -146 -3.33 -231

1.0 00| -199 -292 -235 | -1.83 -4.84 -3.01|-199 -292 -2.35

0.1 09 -1.78 -243 -220| -1.17 -261 -191 | -143 -250 -2.03

Low 0.5 05| -1.10 -3.48 -2.10| -0.76 -192 -1.28 | -1.16 -3.26 -1.99

09 0.1]-101 -3.10 -220| 1.07 -501 -1.51| -097 -3.13 -2.19

1.0 00| -2.01 -251 -230 | -0.41 -4.64 -2.40 | -2.01 -2.51 -2.30

" 0.1 09| 158 -3.46 -0.88 | -192 -3.11 -2.45 | -1.75 -3.14 -2.30
S Medium 0.5 05| -1.36 -2.58 -2.05| -0.25 -298 -2.10| -1.33 -2.50 -2.08
b4 09 0.1| -1.56 -3.97 -237 | -093 -461 -2.22 | -164 -405 -2.35
@ 1.0 00| -1.22 -3.19 -235 | -043 -523 -274 | -1.22 -3.19 -2.35
0.1 09| 0.61 -2.01 -0.56 | -1.15 -3.22 -2.51 | -1.20 -3.02 -2.40

High 0.5 05| -0.56 -413 -2.25| -159 -241 -1.86 | -1.28 -2.75 -1.99

09 01| -061 -291 -19 | -037 -3.51 -147 | -058 -2.63 -1.86

1.0 00| -143 -254 -2.03 | 047 -354 -2.07 | -143 -254 -2.03
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Table A31 Percentage deviation of the VNS results from the NEH solutions for the 200x10
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.

0.1 09| -1.23 -328 -2.12 | -046 -7.23 -3.07 | -1.36 -3.22 -2.18

Low 05 05| -1.67 -3.28 -2.46 | -0.40 -4.25 -2.46 | -1.67 -3.27 -2.46

09 01| -153 -259 -2.10| 049 -654 -259 | -153 -2.59 -2.10

1.0 00| -194 -3.15 -245 | 1.00 -6.02 -3.06 | -1.94 -3.15 -2.45

° 0.1 09| 027 -3.48 -130| -1.16 -7.10 -3.96 | -0.97 -3.95 -2.17

s . 05 05| -134 -260 -2.10| -1.76 -3.97 -2.72 | -1.37 -2.62 -2.14
»n | Medium

8 09 01| -132 -267 -205| 111 -514 -2.05 | -1.32 -2.64 -2.05

1.0 00| -1.63 -3.13 -233 | 0.27 -6.03 -3.10 | -1.63 -3.13 -2.33

0.1 09| -0.26 -250 -1.45| -1.83 -392 -290 | -1.23 -2.76 -2.12

High 0.5 05| -093 -294 -192 | -0.18 -496 -250 | -1.35 -291 -1.98

09 01 -158 -3.21 -233 | -0.26 -5.69 -2.99 | -1.60 -3.24 -2.34

1.0 00| -139 -290 -225| 0.12 -493 -2.75 | -1.39 -290 -2.25

0.1 09| -1.26 -244 -1.73 | -0.27 -3.26 -147 | -1.13 -2.61 -1.69

Low 05 05| -132 -294 -192 | -069 -427 -255|-132 -2.88 -1.94

09 01 -122 -285 -197 | -0.81 -495 -2.18 | -1.22 -2.85 -1.97

1.0 00| -1.68 -239 -2.09 | -0.03 -510 -2.62 | -1.68 -2.39 -2.09

° 0.1 09| -1.28 -470 -2.22 | -2.10 -3.65 -2.66 | -1.80 -3.87 -2.49

ol . 05 05| -115 -2.47 -1.81 | 0.46 -298 -138 | -1.16 -2.56 -1.75
»n | Medium

a 09 01| -146 -299 -2.08 | -1.06 -3.51 -2.08 | -147 -298 -2.08

1.0 00| -1.66 -293 -2.17 | -1.67 -5.01 -3.19 | -1.66 -293 -2.17

0.1 09| 0.00 -2.76 -139| -0.97 -351 -2.21 | -1.04 -3.09 -2.00

High 0.5 05| -048 -2.42 -182 | 029 -3.47 -2.26 | -0.66 -2.59 -1.94

09 01| -049 -250 -1.44 | 130 -3.60 -1.32 | -0.40 -2.49 -143

1.0 0.0| -1.80 -2.50 -2.09 | -0.62 -391 -2.84 | -1.80 -2.50 -2.09
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Table A32 Percentage deviation of the VNS results from the NEH solutions for the 200x10

sized F|siy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.
0.1 09, 000 -241 -113 | 137 -2.76 -0.79 | 0.00 -2.38 -1.09

Low 0.5 0.5| -0.06 -256 -1.03 | 0.56 -3.11 -0.68 | -0.08 -2.48 -0.96

09 01| 000 -3.27 -133 | 187 -3.57 -1.00| 0.00 -3.28 -1.31

1.0 00| -1.32 -3.08 -219 | -142 -486 -3.07 | -132 -3.08 -2.19

o 0.1 09| 029 -263 -130| -0.12 -3.84 -1.51| -033 -2.63 -1.36
g Medium 0.5 05| 0.00 -29 -1.15| 193 -2.72 -0.78 | 0.00 -2.62 -1.04
‘3 09 01| -028 -199 -102 | 125 -2.76 -090 | -0.17 -2.17 -0.99
2 1.0 00| -1.02 -3.65 -2.10 | -1.10 -5.46 -2.94 | -1.02 -3.65 -2.10
0.1 09| 000 -261 -1.23 | 144 -3.13 -0.82 | 0.00 -258 -1.21

High |05 05| 0.86 -247 -0.64 | 0.00 -2.84 -1.25| 0.00 -2.16 -1.14

09 0.1| 000 -2.11 -097| 057 -210 -030 | 0.00 -2.11 -0.74

1.0 00| -1.67 -3.09 -2.34 | -1.27 -4.11 -3.08 |-1.67 -3.09 -2.34

0.1 09| 000 -094 -052 | 133 -0.17 0.26 | 0.00 -0.62 -0.30

Low 0.5 05| 0.00 -0.70 -0.42 | 1.88 -0.25 0.40 | 0.00 -0.62 -0.38

09 0.1| 000 -1.26 -0.65| 0.79 -147 -032 | 0.00 -1.26 -0.65

1.0 00| -148 -385 -243 | -139 -6.20 -3.78 | -1.48 -3.85 -2.43

" 0.1 09| 058 -1.29 -0.26 | 0.11 -1.24 -041 | 0.00 -0.94 -0.37
S Medium 0.5 0.5| 0.07 -093 -0.28 | 039 -094 -0.27 | 0.00 -0.87 -0.28
b4 09 01| 123 -095 0.05 | 1.38 -1.18 0.53 | -0.14 -1.76 -0.60
@ 1.0 00| -1.06 -3.97 -253 | -192 -551 -354 | -1.06 -3.97 -2.53
0.1 09| 0.67 -140 -037| 023 -047 -0.18 | -0.04 -0.50 -0.21

High 0.5 05| 0.02 -095 -040| 029 -140 -0.28 | 0.00 -0.79 -0.36

09 01| 131 -062 063 | 1.58 -0.87 0.69 | -0.36 -091 -0.44

1.0 00| -0.66 -3.70 -2.51 | -235 -569 -3.83 | -0.66 -3.70 -2.51
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Table A33 Percentage deviation of the VNS results from the NEH solutions for the 200x20
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.

0.1 09| -0.30 -2.13 -129 | -1.13 -3.06 -2.28 | -0.64 -2.00 -1.42

Low 05 05| -112 -157 -1.40| -0.25 -1.76 -093 | -1.14 -1.55 -1.39

09 01]-123 -215 -1.85| -2.10 -5.27 -3.15| -1.23 -2.15 -1.85

1.0 00| -1.02 -1.34 -1.20 | -0.07 -3.27 -2.21 | -1.02 -134 -1.20

° 0.1 09| -009 -294 -1.65| -135 -4.77 -2.44 | -1.54 -259 -2.03

s . 05 05|-103 -285 -1.75| 145 -401 -1.20| -1.03 -2.37 -1.69
»n | Medium

a 09 01| -0.86 -2.51 -145 | -0.24 -348 -138 | -0.85 -2.53 -1.45

1.0 00| -1.13 -1.75 -141 | -0.21 -429 -243 | -1.13 -175 -141

0.1 09| -051 -2.02 -1.21 | -0.86 -3.24 -2.07 | -097 -232 -1.75

High 0.5 05| -0.64 -162 -129 | 045 -3.04 -156 | -0.77 -1.81 -1.34

09 01| -096 -2.14 -1.57 | -1.23 -392 -236 | -097 -2.12 -1.60

1.0 00| -091 -191 -150 | -036 -3.15 -142 | -091 -191 -1.50

0.1 09| -047 -115 -0.78 | 0.15 -1.01 -0.44 | -051 -0.88 -0.66

Low 05 05| -066 -1.73 -1.43 | 031 -153 -0.76 | -0.65 -1.65 ~-1.39

09 01| -067 -162 -1.17 | 0.05 -2.00 -1.05 | -0.68 -1.61 ~-1.17

1.0 00| -0.53 -1.64 -1.27 | -1.03 -3.07 -1.85 | -0.53 -1.64 -1.27

° 0.1 09 -134 -197 -176 | -0.71 -1.70 -1.21 | -1.01 -1.71 -1.35

ol . 05 05| -080 -206 -133 | -0.91 -187 -1.46 | -1.05 -1.74 -1.36
»n | Medium

a 09 01| -090 -200 -140| 035 -195 -0.32 | -0.86 -2.00 -1.35

1.0 00| -0.68 -1.57 -1.17 | -0.50 -2.87 -1.68 | -0.68 -1.57 -1.17

0.1 09| -040 -2.05 -1.20 | -0.67 -2.14 -1.26 | -0.70 -2.13 -1.25

High 0.5 05| -0.68 -2.07 -1.38 | -0.05 -1.42 -0.52 | -042 -142 -1.03

09 01} -115 -1.72 -1.43 | 0.12 -198 -0.52 | -1.13 -1.63 -1.36

1.0 00| -042 -141 -101| 005 -162 -091 | -042 -141 -1.01
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Table A34 Percentage deviation of the VNS results from the NEH solutions for the 200x20

sized F|sijy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.
0.1 09| -0.63 -171 -106 | -0.74 -2.28 -155| -0.83 -191 -1.25

Low 0.5 05| -069 -147 -096 | 0.20 -1.08 -0.36 | -0.65 -145 -0.92

09 01| -104 -188 -148 | -031 -231 -146 | -1.05 -1.88 -148

10 00| -0.84 -189 -131|-097 -293 -195 | -0.84 -189 -131

o 0.1 09| -0.13 -1.29 -0.73 | -094 -157 -129|-079 -152 -1.19
g Medium 0.5 05| -0.22 -153 -1.08 | -0.15 -1.19 -0.88 | -0.19 -140 -1.01
‘3 09 01| -062 -177 -105| 055 -090 -0.32 | -0.54 -170 -1.01
2 1.0 00| -091 -194 -1.40 | -1.10 -3.03 -2.05 | -091 -1.94 -1.40
0.1 09| 015 -159 -0.66 | -0.89 -1.70 -1.19 | -0.78 -1.62 -1.14

High |05 05| -0.24 -162 -0.85 | 004 -161 -0.97 | -0.10 -1.54 -0.91

09 0.1 -057 -139 -090 | -0.12 -2.10 -0.79 | -0.52 -1.27 -0.89

1.0 00| -0.58 -1.50 -1.06 | -0.44 -3.04 -1.73 | -0.58 -1.50 -1.06

0.1 09| -041 -1.16 -0.83 | -043 -1.18 -0.84 | -0.48 -1.17 -0.84

Low 0.5 05| -066 -1.71 -1.26 | 0.32 -0.16 0.03 | -0.59 -1.58 -1.15

09 0.1] -1.18 -2.12 -157 | -045 -2.05 -1.16| -1.18 -2.11 -1.56

1.0 00| -0.74 -1.82 -129 | -0.58 -3.13 -1.85 | -0.74 -1.82 -1.29

" 0.1 09| 101 -174 -042 | -061 -188 -136| -0.67 -186 -1.21
S Medium 0.5 05| -094 -197 -159 | -0.89 -1.76 -1.25| -1.14 -1.72 -1.46
b4 09 01| -097 -152 -132|-021 -138 -0.82|-093 -151 -1.29
@ 1.0 00| -1.04 -191 -142 | -1.05 -2.31 -158 | -1.04 -1.91 -1.42
0.1 09| 0.64 -144 -094 | -1.17 -204 -153 | -1.13 -197 -148

High 0.5 05| -0.76 -2.11 -133 | -052 -180 -1.11 | -1.01 -137 -1.21

09 01| -057 -154 -113 | 0.64 -1.15 -0.44 | -0.52 -1.46 -1.05

1.0 00| -1.17 -190 -144 | -090 -197 -135| -1.17 -190 -1.44
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Table A35 Percentage deviation of the VNS results from the NEH solutions for the 500x20
sized F|siy, prmu|Y (Cj+Energy;) problem when SDST10 and SDST50

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost

Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.

0.1 09| -0.07 -050 -030| 035 -096 -0.32 | -0.07 -0.53 -0.30

Low 05 05| -0.23 -061 -0.42 | -0.21 -1.23 -0.69 | -0.23 -0.61 -0.42

09 01 -032 -058 -0.45 | 0.01 -207 -091 | -0.32 -0.59 -045

1.0 0.0| -037 -0.66 -053 | -030 -2.17 -1.40 | -0.37 -0.66 -0.53

° 0.1 09| -013 -042 -0.24 | -0.12 -059 -0.32 | -0.15 -0.34 -0.26

s . 05 05| -037 -048 -0.42| 0.29 -181 -0.70 | -0.35 -0.53 -0.44
»n | Medium

8 09 01| -0.16 -0.41 -0.27 | 0.07 -131 -041 | -0.16 -0.42 -0.27

1.0 0.0| -0.40 -0.68 -051 | -1.20 -235 -1.92 | -0.40 -0.68 -0.51

0.1 09| -0.22 -1.25 -0.54 | 082 -1.08 -0.35| -0.36 -0.58 -0.46

High 05 05| 0.00 -0.73 -0.40 | 0.07 -136 -0.60| 0.00 -0.78 -0.41

09 01| 0.00 -053 -033| 000 -273 -1.16 | 0.00 -0.56 -0.34

1.0 0.0| -0.16 -0.63 -0.40 | -1.17 -155 -1.38 | -0.16 -0.63 -0.40

0.1 09| -0.27 -040 -0.32 | 038 -0.31 -0.09 | -0.27 -0.30 -0.28

Low 05 05| -034 -042 -039| 0.23 -0.14 0.03 | -0.33 -0.41 -0.38

09 01| -031 -038 -034 | -0.02 -0.76 -0.37 | -031 -0.38 -0.34

1.0 00| -0.28 -0.46 -0.33 | 057 -0.49 -0.11 | -0.28 -0.46 -0.33

° 0.1 09| -015 -0.32 -0.21| 0.05 -041 -0.13 | -0.04 -0.37 -0.16

ol . 05 05| -014 -039 -0.24| 0.10 -0.06 0.03 | -0.13 -0.32 -0.20
»n | Medium

a 09 0.1|-022 -048 -038| 042 -0.87 -0.20| -0.21 -0.46 -0.38

1.0 0.0| -0.14 -0.44 -034 | -0.18 -0.92 -0.62 | -0.14 -0.44 -0.34

0.1 09| -003 -051 -033 | 0.08 -0.26 -0.08 | -0.05 -0.31 -0.15

High 0.5 05| -0.10 -045 -0.27 | 0.01 -043 -0.26 | -0.13 -0.45 -0.27

09 0.1 -014 -041 -0.24 | 047 -0.28 -0.05 | -0.14 -0.41 -0.24

1.0 0.0| -0.13 -0.40 -0.24 | 036 -0.26 0.00 | -0.13 -0.40 -0.24
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Table A36 Percentage deviation of the VNS results from the NEH solutions for the 500x20

sized F|siy, prmu|Y (Cj+Energy;) problem when SDST100 and SDST125

Setup |En.Data| w1 w2 | PD (%) of Prod. Cost PD (%) of En. Cost PD (%) of Total Cost
Group| Group |(%) (%)| Max. Min. Avg. | Max. Min. Avg. | Max. Min. Awvg.
0.1 09| -0.08 -052 -0.26 | 0.35 -0.02 0.21 | 0.00 -0.33 -0.15

Low 0.5 0.5| -0.08 -0.16 -0.12 | 0.53 0.12 0.29 | -0.06 -0.15 -0.10

09 0.1 -014 -041 -0.25| 035 -0.81 -0.28 | -0.14 -0.41 -0.25

1.0 0.0| -0.23 -0.43 -0.31 | 0.04 -0.66 -0.21 | -0.23 -043 -0.31

o 0.1 09| 0.04 -0.25 -0.13 | 0.06 -0.31 -0.07 | -0.03 -0.29 -0.09
g Medium 0.5 0.5| 0.00 -041 -0.20| 0.18 -0.18 -0.02 | 0.00 -0.30 -0.17
‘3 09 01| -0.24 -0.43 -035| 0.16 -0.28 -0.04 | -0.24 -0.42 -0.34
2 1.0 00| -0.22 -0.61 -0.38 | 0.27 -1.02 -0.40 | -0.22 -0.61 -0.38
0.1 09| 0.00 -067 -032| 0.16 -050 -0.14 | 0.00 -045 -0.18

High |05 05| -0.02 -0.32 -0.20 | -0.05 -0.20 -0.15 | -0.07 -0.28 -0.19

09 0.1| -0.14 -035 -0.26 | 046 -0.09 0.14 | -0.12 -0.33 -0.24

1.0 00| -0.09 -0.59 -0.39 | -0.27 -0.90 -0.58 | -0.09 -0.59 -0.39

0.1 09| 0.00 -0.25 -0.09 | 0.82 0.00 0.23 | 0.00 -0.05 -0.02

Low 0.5 05| -0.04 -033 -0.14 | 039 0.01 0.18 | -0.03 -0.32 -0.13

09 0.1]-012 -042 -0.27 | 043 -038 0.12 | -0.12 -042 -0.26

1.0 00| -040 -0.70 -0.55 | -0.16 -0.74 -0.48 | -0.40 -0.70 -0.55

" 0.1 09| 007 -038 -0.20| 0.01 -0.28 -0.17 | -0.07 -0.31 -0.18
S Medium 0.5 0.5| -0.22 -068 -036 | 026 0.06 0.18 | -0.12 -0.50 -0.24
b4 09 0.1| -0.16 -043 -0.26 | 0.26 -0.68 -0.11 | -0.16 -0.41 -0.26
@ 1.0 00| 0.00 -0.37 -0.22 | 053 -0.56 -0.11 | 0.00 -0.37 -0.22
0.1 09| 004 -070 -035| 0.02 -0.57 -035| 0.00 -0.58 -0.35

High 0.5 05| 0.00 -048 -019| 031 -0.20 0.03 | 0.00 -0.21 -0.11

09 0.1| 000 -0.17 -0.06 | 0.35 0.00 0.12 | 0.00 -0.14 -0.05

1.0 00| -0.16 -0.65 -0.42 | 0.04 -0.60 -0.28 | -0.16 -0.65 -0.42




