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The simultaneous consideration of economic and environmental objectives in batch production scheduling is today a subject
of major concern. However, it constitutes a complex problem whose solution necessarily entails production trade-offs.
Unfortunately, a rigorous multiobjective optimization approach to solve this kind of problem often implies high
computational effort and time, which seriously undermine its applicability to day-to-day operation in industrial practice.
Hence, this work presents a hybrid optimization strategy based on rigorous local search and genetic algorithm to efficiently
deal with industrial scale batch scheduling problems. Thus, a deeper insight into the combined environmental and economic
issues when considering the trade-offs of adopting a particular schedule is provided. The proposed methodology is applied
to a case study concerning a multiproduct acrylic fiber production plant, where product changeovers influence the problem
results. The proposed strategy stands for a marked improvement in effectively incorporating multiobjective optimization in
short-term plant operation. VVC 2012 American Institute of Chemical Engineers AIChE J, 59: 429–444, 2013

Keywords: LCA, multiobjective optimization, evolutionary algorithms, multiproduct batch scheduling, product
changeover, sequence dependency

Introduction

Tighter economic demands and increasingly stringent
safety and environmental policies in process industries
require more sophisticated decision-making tools. Thus,
shorter periods of time for decision-making are imposed by
market and process uncertainty affecting all enterprise levels.
Specifically, the scheduling function, which is related to the
organization of the human and other resources used in a
company and directly linked to the satisfaction of customer
demands, significantly affects the company results.

Environmental, safety, and economic concerns are the ba-
sis for most of the criteria that can be used to analyze the
scheduling problem. In practice, the decision maker often
faces the situation of choosing a given solution under differ-
ent and conflicting objectives such as cost, performance, reli-
ability, safety and productivity among others.1 The absence
of a universal and unique criteria to establish the goodness
of a given schedule increases the complexity of the decision-
making process, because a large number of solutions may be
suitable. Therefore, the goal of management is frequently
multifold and prefers to be guided through a set of good
alternatives available rather than a single ‘‘best one’’ pro-
posal. The analysis of the decision maker’s alternatives

under conflicting objectives is performed by means of multi-

criteria decision analysis. Therefore, efficient multiobjective

optimization strategies, which can generate different alterna-

tives for decision analysis in production scheduling, stand a

great chance of adding competitive advantage to business.2

In the literature, several authors present alternative meth-
odologies to account for engineering, economic, and environ-
mental trade-offs arising in batch process scheduling. How-
ever, most of existing contributions are problem oriented.
Two different approaches are usually adopted, namely, (1)
techniques based on mathematical programming and (2)
techniques based on heuristics and metaheuristics.

Mathematical programming approaches are extensively
used for solving scheduling problems; remarkable examples
are reviewed by Mendez et al.3 The most important feature
provided by these approaches is that optimal solutions can
be proved global under certain problem circumstances (e.g.,
linearity, convexity, casting the problem into a MILP). How-
ever, the combinatorial nature of the scheduling problem
poses serious computational difficulties when using mathe-
matical rigorous approaches. Therefore, it is widely recog-
nized that full-space mathematical programming approaches
cannot tackle long scheduling time horizons or with many
batches to be assigned to many resources, that is, problems
of important size.4 Even more, the integration of multiobjec-
tive issues at the operational level increases the problem
complexity. Therefore, the generation of multiobjective opti-
mal solutions for scheduling problems, which entail almost
immediate results for day-to-day decisions, can only be
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provided for models of limited complexity given the capabil-
ities of the current software–hardware systems.5

Despite the former issues, several authors discussed possi-
ble approaches to tackle economic and environmental con-
siderations associated with the scheduling problem. In prac-
tice, different methods can be applied to study a given multi-
objective problem. Methods such as optimizing a single
criterion at a time, goal programming, and physical program-
ming have been proposed to deal with this type of problem.6

However, the most accepted technique for tackling with mul-
tiobjective problems consists of the Pareto-based evaluation,7

where a vector containing all the objective values represents
the solution fitness. The generally accepted solution of a
multiobjective problem is known as the Pareto front (PF),
which encompasses a set of solutions, for which any
improvement in one objective can only take place if at least
one other objective worsens.6 Some authors8 identify their
Pareto optimal solutions reformulating their mathematical
problem as a parametric programming problem; however, in
this work, the strategy of filtering of the solutions obtained
from the optimization has been adopted.

The work of Song et al.9 considers the scheduling prob-
lem, modeled by a MILP formulation, of a refinery process
taking into account the environmental impact. The e-con-
straint method is used to obtain a set of Pareto solutions for
the multiobjective optimization that considers global envi-
ronmental impacts by means of the critical surface-time 95
assessment methodology. Berlin et al.10 consider a case
study of the dairy industry, where the production sequencing
affects the environmental impact from a life-cycle perspec-
tive. They developed a heuristic method to minimize produc-
tion waste based on production rules. Their methodology is
further applied by Berlin and Sonesson11 to a case study
with two dairy products. The authors conclude that the envi-
ronmental impact of processing cultured milk products can
be greatly reduced by adopting sequences with fewer
changes of product. Park et al.12 present a goal constrained
programming algorithm for the multiobjective optimization
with priority for the scheduling of cutting papers, and vari-
ous optimal schedule sets are provided. Our former work5

aimed at providing a robust algorithm for the generation of
reliable Pareto fronts while considering different metrics.

Due to the former considerations for the rigorous optimiza-

tion regarding limitations of software–hardware systems and

the inclusion of multiobjective formulations, the application

of evolutionary optimization presents itself as an alternative to

efficiently solve large-scale problems at the cost of not ensur-

ing the assessment of global optimality. Many works have

used different evolutionary algorithms, for example, Coello-

Coello and Landa-Becerra13 provide with a review of these

methods. Specifically, different works tackle the batch sched-

uling problem using metaheuristic multiobjective optimization

techniques. For example, the ant colony optimization (AC)

was applied by Jayaraman et al.14 for the optimal design and

scheduling of batch chemical processes of a multiproduct

batch plant. Arnaout et al.15 have also used AC optimization

for minimizing makespan on unrelated parallel machines with

sequence-dependent setup times; they divided the scheduling

problem into two subproblems: assignment and sequencing,

each of which was solved using different ant trails collabora-

tively. The use of other metaheuristics such as simulated

annealing (SA)16 and particle swarm optimization17 for solv-

ing the scheduling problem has also been exemplified.

One of the most used techniques in metaheuristic optimi-
zation, which is well suited to address any type of problem
regardless of its structure, consists of the genetic algorithm
(GA). This technique has been applied for solving the prob-
lem of unrelated parallel machine scheduling, in some cases
including planning18 or other features such as job sequence-
and machine-dependent setup times.19 He and Hui20 present
a heuristic approach based on GA for solving large-size mul-
tistage multiproduct scheduling problem in batch plants suit-
able for different scheduling objectives, such as total process
time and total flow time. They present techniques that
greatly reduce unnecessary search space and increase the
search speed using a penalty method for handling the con-
straints in the problem, which avoids the infeasibility during
the GA search and further greatly increases the search speed.

Other authors combine different optimization heuristics, as
for example in the work of Ponnambalam and Mohan-
Reddy21 where SA is combined with GA, where SA serves
as a local optimizer. In this context, it is important to note
the inclusion of discrete-event simulation (DES) model to
represent dynamically the production system behavior as in
Azzaro-Pantel et al.,22 or the replacement of such DES by
an artificial neural network.23,24 Other developments include
fuzzy logic25 or probabilistic26 representations for different
variables in the treatment of uncertainty.

While mathematical programming approaches coupled

with rigorous optimization solvers profit of model derivatives

and/or higher-order model information, derivative-free opti-

mization (DFO) approaches such as evolutionary algorithms

and others,27 jointly known as metaheuristics, rely mainly on

the model’s objective function evaluation. Consequently, in

these approaches the scheduling problem can be considered

as a black box model and no information regarding first- or

higher-order derivatives is required, and only the objective

function value and some constraints satisfaction is checked.

Even more, many metaheuristic formulations are inherently

multiobjective, including the Pareto efficiency concept in the

way new solutions are tested and gathered. However, one

important drawback on metaheuristic optimization is the fact

that the solution method is based on procedural search tech-

niques, and the violation of constraints is handled through

penalty functions. Therefore, it may be difficult to obtain

actual feasible solutions for highly constrained problems,

because the penalty functions may lead to accept solutions

that do not fulfill the problem constraints.
This work is intended to assist in the systematic and effi-

cient production scheduling under consideration of economic
and environmental impact, proposing a global general algo-
rithm computationally efficient. The detailed problem state-
ment is referred to the one described in Ref. 5. The schedul-
ing problem is formulated using mathematical programming
but solved using a multiobjective genetic algorithm on top
of a classical optimization software, which allows the imple-
mentation of an efficient optimization procedure. This sec-
ond layer optimization problem will be different depending
on the objective functions being studied and on the degree
of freedom that the GA allows for the integer solutions.
Therefore, if the binary variables are fixed by the multiob-
jective optimization problem, then problem constraints are
checked as a feasibility problem of the mathematical formu-
lation and continuous variables, such as processing times
and makespan, are obtained from the resulting second layer
problem. It is also proposed to allow some freedom for
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changing the integer decisions, because the second layer acts
as a local search optimizer using a bit change method. The
proposed methodology is illustrated through a case study
based on a multiproduct batch facility producing acrylic
fibers.

Methodology

This work represents a comprehensive step over the previ-
ously presented approaches by systematically assisting in the
production scheduling under different economic and environ-
mental impact considerations. The following sections include
a brief discussion of the objective functions adopted in this
work and the features of the proposed multiobjective genetic
algorithm.

Overall algorithm

The solution strategy involves the use of the multiobjec-
tive genetic algorithm (MOGA) to create and improve a set
of possible solutions defined by the integer decisions related
to batch assignment, sequencing, and cleaning method.
Therefore, such decision variables are properly coded to
implement the MOGA. Next, the resulting solutions are
transformed into binary variables to be passed to the mathe-
matical programming formulation, so that the continuous
variables such as processing times and makespan are eval-
uated for those decisions. This step also allows for the prob-
lem constraints to be checked by the mathematical solver.
Moreover, the mathematical programming model provides
with the objective function values, that the GA uses for its
selection operator. Thus, a rigorous local search may be
applied, to improve the solution quality, see Figure 1.

The scheduling problem is modeled by a mathematical
formulation based on the immediate precedence concept,28

which has been adequately extended to consider product
batching, different interbatch cleaning methods and addi-
tional objective functions (e.g., makespan, productivity, and
environmental impact). The resulting mathematical formula-
tion is thoroughly described by Capón-Garcı́a et al.5 In the
model, a single unit per stage is assumed, and the major
decisions concern: (1) the batch allocation, that is, whether a
batch i of product p should be performed, represented by the
binary variable Wi, producing the quantity specified by the
batch size parameter BSi; and (2) the batch sequencing and
interbatch cleaning method represented by the binary vari-
able Xii0c, which is 1 if batch i precedes batch i0 and the
cleaning method c is used.

Objective functions

Different objective functions have been used in this work
to measure different aspects of the problem at hand, specifi-

cally economic and environmental metrics. However, the
proposed methodology can be applied considering other typi-
cal scheduling objective functions based on time metrics,
such as makespan, earliness, and tardiness.

Environmental Impact. Environmental aspects are being
incorporated into the design of chemical processes due to
pressures from regulation policies and a global trend toward
sustainability in businesses.29 A wide range of process design
frameworks including environmental considerations have been
proposed: the methodology for obtaining minimum environ-
mental impact process (MEI methodology),30 the waste reduc-
tion algorithm31 proposed by the United States Environmental
Protection Agency, which uses the pollution balance concept
and the environmental fate and risk assessment tool,32 are
only some representative examples. Most of these methodolo-
gies embed the concepts of life cycle assessment (LCA).33

Within LCA, the overall life cycle of a process or product is
analyzed, taking into account upstream and downstream flow
in the process from cradle to grave. Consequently, the LCA
technique is also selected in this work as the best suited envi-
ronmental tool for process development and optimization.

The implementation of a LCA for a given process or prod-
uct requires the gathering of data regarding process environ-
mental interventions (e.g., raw material consumption, uncon-
trolled emissions, and waste generation). This set of data is
organized in a life cycle inventory (LCI), which is the basis
for the environmental impact calculation. Specifically, if
only scheduling decisions are considered, the LCI is directly
related to product recipes and product changeover proce-
dures. Within this model, and to avoid emissions double
counting, raw material emissions are not aggregated to prod-
uct manufacturing, similarly cleaning environmental inter-
ventions are considered separately.

The total environmental impact, which includes both the
batch i production process environmental impact (EnvImi)
and batch changeover between i and i

0
at stage k using clean-

ing method c environmental impact (EnvImii0kc), is expressed
by means of Eq. 1, whereas relative environmental impact
can be obtained by dividing the total environmental impact
by the total produced quantity Eq. (2).

zei ¼
X

i;i0;cji 6¼i0
Xii0c

X

k

EnvImii0kc þ
X

i

WiEnvImi (1)

zrei ¼ zei

P
i WiBSi

(2)

Economic Throughput. Economic criteria are of utmost
importance in the process industry. Hence, multiple economic
objectives can be adopted in process scheduling, depending
on the decision maker preferences, which stem from industrial
demands. For this work, the total profit, which considers batch
i product benefits (BPi) and changeover costs between batches
i and i

0
using cleaning method c at each stage k (ChCostii0kc),

is defined by Eq. 3. Thus, the profitability Eq. (4), which
results from dividing the total profit by the production sched-
ule makespan (Mk), is considered.

zprofit ¼
X

i

BPiWi �
X

i;i0;cji 6¼i0
Xii0c

X

k

ChCostii0kc (3)

zprofitability ¼ zprofit

Mk
(4)

Figure 1. Overall algorithm outline.
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The former objective functions are either linear (Eqs. 3 and 1)
including also the makespan calculation or fractional (Eqs. 4
and 2). Therefore, insomuch as the mathematical scheduling
model is formulated using linear constraints, the objective
function will determine the problem type. Specifically, if a
linear objective function is considered, the resulting schedul-
ing problem is a mixed-integer linear programming (MILP). In
contrast, for a fractional objective, a mixed-integer non-linear
programming (MINLP) problem must be solved.

It must be pinpointed that, in this case, the nonlinearity is
only associated to the objective functions and not to the
scheduling model, whose constraints are all linear. Thus,
given the fact that the nonlinear objective functions are the
ratio of two linear functions, such MINLP problems may be
further classified as a special type of MINLP, namely
mixed-integer linear fractional program (MILFP). Because of
the nonlinear nature of the MILFP problems and the combi-
natorial complexity of the scheduling problem, the resulting
model may result computationally intractable specially for
large-size instances. Therefore, You et al.34 extend the Din-
kelbach’s algorithm, which originally exploits the relation-
ship between nonlinear fractional programming and nonlin-
ear parametric programming to solve convex nonlinear frac-
tional problems, to obtain the global optimal solution of an
MILFP problem by solving a sequence of MILP subpro-
blems. As a result, large-scale MILFP problems can be eas-
ier handled than with standard MINLP methods.

The former objective functions (OFs) are the phenotypes
of our genetic algorithm, in all cases we are using two of
the former OFs to describe any of the solutions proposed,
rendering the problem multiobjective.

Multiobjective genetic algorithm

As mentioned before, the scheduling problem is formu-
lated using mathematical programming tools, but it is solved
using a multiobjective genetic algorithm, considered as an
efficient optimization strategy. The proposed solution strat-
egy involves the creation and improvement of a set possible
solutions defined by the integer decisions related to: batch
assignment, batch sequencing, and cleaning method. Unit
assignment decisions are not presented in this work, because
the case of a single unit per stage is studied. However, such
feature may be directly considered by introducing an addi-
tional part to the solution representation corresponding to the
unit assignment. Therefore, such decision variables have
been properly coded to implement the multiobjective genetic
algorithm and encompass the solution genotype.

Next, the resulting decisions are transformed into binary
variables and passed to the mathematical program, so that
the continuous variables, such as processing times and make-
span are evaluated for those decisions, and the problem con-
straints, such as demand satisfaction and time horizon, are
consequently checked. The inner level mathematical program
optimization can be run in two different modes: (1) one

where integer variables are fixed rendering an LP using the
values that the GA has set, and using a LP solver, such as
CPLEX, as feasibility solution tester; and (2) other where a
local search strategy based on a bit-code heuristic is used to
improve the solutions by changing the value of the binary
variables as explained in the following sections. In this last
case if linear functions are used then a MILP is solved for
each objective function, whereas, if a nonlinear objective
function is selected then a MINLP or a sequence of MILPs
are solved using the algorithm proposed for MILFPs.

The main features of the proposed multiobjective genetic
algorithm are discussed next.

MOGA Solution Representation. According to the genetic
algorithm heuristic technique, each possible solution to the
problem is referred to as an individual of the population,
which represents the whole set of solutions to be evaluated,
that is, its phenotype is to be calculated. The information
regarding each individual genotype is characterized in its
chromosome formed by different genes. In this work, the
production schedule is encoded as a chromosome that con-
sists of a string divided into three genes represented by vec-
tors (see Figure 2). The length of each gene (i.e., vector)
corresponds to the total number of batches (NB) associated
with the final products that may be performed including the
initial and final still-state. The maximum number of batches
that can be assigned is provided by the decision maker as an
upper bound related to the maximum product demand and
the batch size, based on previous knowledge or by the prob-
lem constraints. The first and last vectors represent the or-
dered set of batches, whereas the second vector contains the
permutation of the number of batches, defining the order in
which batches are processed.

Specifically, the first vector represents the decision of the
batches to be performed, and it directly corresponds to the bi-
nary variable Wi of the mathematical formulation. Therefore,
if a given batch i is processed, its position in the vector (i)
contains a value of 1 (Wi ¼ 1); otherwise, its value is 0, con-
sequently its alleles are 0 or 1. In the chromosome second
vector, the first and last entries correspond to the initial and
final batches, representing the still-state. The other positions
in the vector represent the sequence in which batches are per-
formed, consequently its values that is, alleles are integers
from 1 to NB-1. The last vector of the chromosome contains
the interbatch cleaning method (CLi) that precedes each batch,
and its alleles range from 1 to the number of possible inter-
batch cleaning methods available. It must be noted that the
batch representing the initial still state does not have any
precedence cleaning method.

As a result, if a number of NB batches are to be produced
then the chromosome representing a given set of decisions
will have NB � NB � NB values, see Figure 2. The second
and third vectors of the chromosome correspond to the bi-
nary variable Xii’c of the mathematical formulation, which
stands for the assignment of cleaning method c to change-
over when batch i is produced immediately before batch i

0
.

Figure 2. String representation of a solution.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Feasible Integer Solution Generation. A simple algo-
rithm is adopted for generating solutions that constitute fea-
sible sequences and satisfy the minimum demand. In the first
vector of the chromosome, the first and last batches corre-
sponding to the still state as well as a minimum number of
batches to fulfill the demand are compulsory and are fixed to
have value Wi ¼ 1. The remaining batches are performed or
not, using a random assignment criterion. The second vector
of the chromosomes, which can contain any integer value
from 1 to NB is constructed by assigning random values to
each batch position and ordering them according to such
value. The value assigned is the order that each of them
receives when sorted, so this procedure allows for generating
sequences where integer values would not repeat themselves.
Anyhow, the first and last positions of this vector are fixed
to the batches representing the still state. The final vector of
the individuals is initialized by randomly assigning a clean-
ing method to precede each batch.

The former guidelines for generating the chromosomes
allow for disregarding a large amount of possible solutions,
which will otherwise be generated: solutions where mini-
mum demand is not achieved, or where batches have the
same sequence order. Therefore, the adopted representation
and its generation creates sequence feasible solutions of the
scheduling problem, because the binary variables of the
mathematical formulation are completely defined. Thus, the
batches allocation, sequence, and cleaning method of each
solution can be directly introduced in the mathematical for-
mulation, so that timing constraints may be checked and the
value of the continuous variables, such as starting and finish
times of the operations, makespan, and costs, can be
obtained by solving a LP problem.

Genetic Algorithm Operators. The optimization strategy
based on the genetic algorithm consists of improving the
individuals of the population at each iteration, that is, gener-
ation. Therefore, for a given population, a number of indi-
viduals is selected, and the operators are applied to these
individuals, so-called parents, to generate their off-spring.
According to Coello et al.,35 three operators are applied:
mutation, recombination, and selection. As for the aforemen-
tioned solution representation, different operators are appro-

priate to be applied to different chromosome sections. In the
first vector, the mutation has been adopted to choose the
assignment of those batches that are optional to fulfill the
minimum demand, otherwise integer solutions will be gener-
ated, which are a priori known to be unfeasible. The second
vector of the chromosome is replicated by means of several
variations of the recombination operator: switching between
any two genes, inversion of the genes order between any
two points, and the crossover between two parents. The third
part of the chromosome evolves singly using the mutation
operator. A proportion of Pmut individuals of the total popu-
lation is obtained by the application of the mutation opera-
tor, and another proportion (Pran) is generated using the fea-
sible integer solution generator and is considered to be ran-
dom, while the remaining individuals are generated using
recombination (Prec). Thus, the amount of individuals gener-
ated by each operator is defined a priori by setting the for-
mer proportions (Pran þ Pmut þ Prec ¼ 100%). The operators
applied to the parents solutions pool are explained next:
• Mutation. A random gen of the chromosome is selected

to be mutated, and its value is changed (see Figure 3). The
chromosome genes that are susceptible for mutation are
those related to the first and third gene vectors. Mutation
only affects a single gen.
• Switch of two batches. This operator is applied to the

gene coding the batches sequence. A batch is switched posi-
tion with other providing a new sequence as shown in Figure
4. Two randomly selected genes of the vector are exchanged,
and consequently, only two batches are modified in
sequence. The amount of population individuals generated
using this operator is Pswi.
• Inversion of batches between two points. This operator

consists of inverting the order of the genes between two ran-
domly chosen positions (see Figure 5). It is applied to obtain
a percentage Ppos of the whole population, and the number
of batches modified in sequence using this operator depends
on the chosen sequence positions.
• Chromosomes crossover. This operator is applied using

two parents. The children are generated by choosing a ran-
dom position in the chains (i1 and i2) of the respective
parents. Consequently, four possibilities arise where each

Figure 3. Mutation operation for a given individual.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 4. Switch of two positions operation.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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child preserves half of the parent sequence without changes
(Bi1

and Bi1 þ 1 for Parent 1, whereas Bi2
and Bi2 þ 1 for Par-

ent 2). The rest of the sequence chain for each child is ful-
filled with the lacking batches in the order that appear in the
other parent (see Figure 6). In this sense, Ri1 þ 1 contains the
sequence of batches from Parent 2 that are not considered in
Bi1

. The former way of performing the sequence crossover
guarantees that feasible sequences will be generated. Only
two randomly chosen children are selected and the amount
of individuals total proportion of Pcrx individuals is gener-
ated by choosing the same amount of pairs of individuals of
the total population.

Finally, the selection operator is used to generate the mat-
ing pool for the next generation. In this case, instead of
allowing all the population to be selected as parents based
on roulette selection rules, only the solutions that belong to
the Pareto front and are closer to it are used. The individuals
are classified according to the proximity to the Pareto fron-
tier. The individuals pertaining to the Pareto front are known
as PF1. To obtain the set of second best individuals, a filter
is performed disregarding the individuals belonging to PF1,
thus obtaining PF2. Similarly, the other ith best individuals
can be classified by disregarding during the filtering proce-
dure the (i � 1)th previously selected individuals, which in
general terms can be considered of higher rank. From these
different sets of solutions (PFi), the mating pool is generated,
by selecting the number of PFs (NPFs) that are included or
not. It must be noted that in all cases PF1 is the problem so-
lution and is the one that is the most interesting to generate.

Multiobjective Genetic Algorithm Procedure. The
description of the steps of the genetic algorithm procedure
applied in this work are detailed next.

Initialization. The very first step consists of initializing the
population. Hence, the construction of a given set of individ-
uals is performed using the criteria previously described for
integer feasible solution generation.

Objective functions evaluation and ranking criterion.
Once the individuals of the population are defined, the
objective functions must be calculated and possible unfeasi-
bilities regarding timing constraints must be checked. Next,
the goodness of the individuals must be measured by feeding
each individual from the entire solution pool to the mathe-
matical program and solve the problem considering the inte-
ger set fixed. This step serves two purposes, checks the fea-
sibility of each solution, and allows for assigning to each
individual their different objective function values. In the
case of a single objective optimization, the value of the
objective function could be used as performance metrics.
However, in multiple objective optimization, the criterion of
proximity to the Pareto frontier is selected to rank the indi-
viduals.

Rigorous Local Search. Based on a local branching strat-
egy, the solutions of the mating pool could be further

improved using mathematical optimization. Therefore, the
solutions corresponding to those individuals are sent as ini-
tial solution to a mathematical scheduling problem solver.
Specifically, the values of the binary variables Wi and Xii0c

are introduced as parameters pWi and pXii0c, respectively.
There, a maximum number of changes in these integer varia-
bles is allowed by means of Eqs. 5 and 6. Due to the mathe-
matical formulation any change in the batch performance
(Wi) entails at least three changes in the sequence and clean-
ing variable values (Xii0c). Consequently, two integer parame-
ters are added for constraining the amount and type of
changes allowed regarding the solution sent by the GA:
Nchanges

X is the number of changes allowed to the sequence bi-
nary variables Xii0c, while Nchanges

W refers to the batching bi-
nary variables.

X

ijpWi¼0

Wi � pWið Þ þ
X

ijpWi¼1

pWi �Wið Þ � Nchanges
W (5)

X

i;i0;cjpXii0c¼0

Xii0c � pXii0cð Þ þ
X

i;i0;cjpXii0c¼1

pXii0c � Xii0cð Þ

� 3 � Nchanges
W þ Nchanges

X (6)

Specifically, it is proposed to analyze the eventual
improvement of the solution by optimizing these problems
considering all objective functions, one at a time. As a
result, as many new solutions as objective functions are
obtained from each individual stemming from the mating
pool. These new solutions are considered together with their
parents (which in this case are the initial individuals that
started the local search) and filtered to obtain the improved
mating pool. As this optimization may be time consuming,
this local search is applied once every Nls number of genera-
tions and only to the mating pool solutions. Furthermore, the
amount of time that is left for the optimizer to solve the
local search is also fixed to Tls

lim.

Figure 6. Crossover of two individuals operation.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 5. Reverse operator between two positions operation.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Replication. To obtain the next generation, the mating
pool individuals serve as parents. A certain percentage of the
next generation, Pran, is created following the procedure
explained in the initialization procedure, disregarding any in-
formation from the mating pool, and allows for keeping the
population diverse enough while reducing the risk of provid-
ing local solutions.

The rest of the population is created applying the previ-
ously discussed operators to randomly selected individuals of
the mating pool. Specifically, Pmut is the total percentage of
the individuals of the next population created by mutation,
whereas the remaining is created using recombination opera-
tors: switch (Pswi), crossover (Pcrx), and inversion (Ppos);
note that Prec ¼ Pswi þ Pcrx þ Ppos . In the case of mutation
Pmut ¼ Pmut1 þ Pmut3, where Pmut1 is the percentage of the
individuals of the next population created by mutation of the
first chromosome part, whereas Pmut3 represents the percent-
age created by mutation of the third chromosome part.

End criteria. Finally, three possible end criteria are pro-
posed for the algorithm, namely:
• Maximum time. A maximum computing time limit Tlim

is given. In case the elapsed time (ET) exceeds such limit,
the algorithm is stopped.
• Maximum number of generations. In case that a maxi-

mum number of generations, Ngen, is exceeded the algorithm
is stopped.
• Number of consecutive similar PF estimations. When

the estimation of the PF is the same for a Nrep number of
consecutive generations, the algorithm finishes.

Results

To test the former algorithm, many of its parameters must
be selected. The discussion about this selection as well as its
application to large-size problems is done in this section.

The proposed methodology is illustrated in a case study
that was originally posed by Grau et al.36 It consists of a
multiproduct batch process plant that produces three acrylic
fiber formulations by a suspension polymerization process
(Figure 7) requiring 14 processing stages. Due to minimiza-
tion of inventory costs, the possible storage of polymer (con-
sidered as intermediate product) after deaeration has been
disregarded, and polymer extrusion is performed right after
polymer deareation. Production recipes contain a detailed
description of the product batch sizes,36 as well as opera-
tional times and energy demands36 of each of the production
stages. Production costs, sales price, environmental impact
as well as the costs, times and environmental impact are
detailed in a previous work5 (Appendix). Thus, the charac-
terization of the batch fibers and cleaning methods is
detailed in the Supporting Information.

The MOGA algorithmic strategy (Algorithm 1) and Pareto
filtering of the solutions have been implemented and solved
in Matlab,37,38 and the whole solving process automated
using Matgams.39 The mathematical formulation and local
search have been implemented in GAMS, and solved using
CPLEX 11.2 in a 4 thread 3 GHz computer.

Algorithm tuning

As discussed by Conn et al.,27 tuning the parameters of a
DFO algorithm can itself be thought as an optimization prob-
lem, where different criteria are to be met and the algorithm
parameters are optimization variables. To analyze the results

Figure 7. Flowsheet of the production process of acrylic fibers manufacturing.

Algorithm 1: MOGA hybrid algorithm.

Data: Input parameters for the MOGA (Npop, Ngen, Nrep, Nls, NPFs,
Pran, Pmut1, Pmut3, Pswi, Ppos, Pcrx, and Tlim)

Result: A reliable Pareto frontier estimate PF*

begin

solve the batching problem;
generate the initial population POP0 with Npop individuals;
evaluate the objective function of POP0, calling the feasibility
test math program;
j / 1;
while ET � Tlim or j � Ngen do

obtain the Pareto frontier estimate, PF1
j  �

Pareto filtering
[POPj-1];

check the end criteria for Nrep consecutive PF;
gather the mating pool MatPoolj / [PF1

j | and selected NPFs],
from POPj�1;
if mod( j

Nls
) ¼ 0 then

obtain PF1ls
j and the Nls

PFs from the MatPoolj using bit-
change local search;
gather MatPoolj  �

Pareto filtering
[PF1

j | PF1ls
j | selected NPFs |and

Nls
PFs];

generate the off-spring population POPj using as parents
MatPoolj;
evaluate the objective function of POPj, calling the feasibility
test math program;
j / j þ 1;

PF* / PF1
j

end
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of a given set of parameters different criteria were analyzed:
(1) number of model runs (Nmruns), (2) the fraction of Pareto
solutions that the last generation contains compared to a
‘‘true’’ PF (FPF ¼ Nsolutions

PF

Ntrue
PF

), and (3) the time elapsed for its exe-
cution (ET). In the first case, the number of generations and
the number of model runs in both modes (feasibility/OF eval-
uation and local search) are considered. For calculating the
fraction of PF solutions, an estimate of the ‘‘true’’ PF is
required (PFtrue); this estimation is done by considering all the
numerical experiments that were run, or optimizations that
were done using directly the MILP mathematical solver.

Instead of using an optimization approach to tune the
algorithm parameters, we focus on different selections of
those parameters based on a design of experiments (DOE)
and check the optimization results of such selections. This
approach is similar to the one adopted in Ref. 15, for tuning
ACO algorithm parameters.

The parameters that must be decided and fixed beforehand
are specified in Table 1. However many of them were prede-
fined using widely accepted heuristics, thus minimizing the
amount of parameters to consider. According to the GA toolbox
from Matlab,37 the number of individuals of a population, Npop,
must be equal or larger than 15 times the number of variables,
consequently we have set this value to Npop ¼ 15 * Nvars. Given
that the variables considered are the number of parameters in

the string that can be changed, namely sequence, cleaning type,
and batch allocation, then the Nvars value depends on the prob-
lem size. Specifically, for the current model, the number of vari-
ables involved in an individual is the sum of three variables
(Eq. 7): (1) the noncompulsory batches (according to the prod-
uct demand), (2) the sequence in which the batches must be
processed (number of batches), and (3) the cleaning method (as
there is cleaning method between processing and still state, the
number of variables is equal to NB þ 1).

Nvars ¼ NBnotcompulsory þ NBþ ðNBþ 1Þ (7)

The maximum number of generations, Ngen, is the maxi-
mum limit that the algorithm performs; consequently, the
number of generations will be related to Tlim and Nrep,
according to the end criteria presented in the previous para-
graphs. These three parameter values were fixed to: Ngen ¼
1000, Tlim ¼ 3600 s, and Nrep ¼ 10, which provide with
adequate solution times in this case.

Regarding the mating pool, three possibilities were ana-
lyzed NPFs ¼ 1, where the mating pool only considers PF1,
whereas the other possibilities considered NPFs ¼ 2 or 3,
where the mating pool consisted of the PF1 and the second
and third best Pareto fronts (PF2 and PF3).

To choose the percentage of the new individuals that are
derived from the mating pool using each operator (Pran, Pmut1,
Pmut3, Pswi, Ppos, Pcrx), different numerical experiments were
performed. It has been found that when a single operator is
used, that is, Pany ¼ 1, the results are worse than when combi-
nations of them are used and so a given combination has to be
set. Given that the total fraction must add to one, only five of
the previous parameters are independent. To select the best
combination of such percentages, a statistical analysis has been
performed based on five parameters that allow for calculating
the former six, namely, they have been modeled as: Pran ¼ r
Pmut1 ¼ (1 � r) * b * m Pmut3 ¼ (1 � r) * b * (1 � m) Pswi

¼ (1 � r) * (1 � b) * c1 Ppos ¼ (1 � r) * (1 � b) * (1 �
c1) * c2 Pcrx ¼ (1 � r) * (1 � b) * (1 � c1) * (1 � c2),
where the experiment parameters are: r, b, m, c1, and c2.

In addition, it is necessary to define the parameters related
to the local search, namely, Nchanges

X , Nchanges
W , Nls, and Tls

lim.
To select the best values of each parameter, three different

levels for each parameter are considered (Table 2). Each
experiment was run using the same three different random
generator seeds to avoid eventual ‘‘lucky draws’’. As running
the total number of experiments (10) would be computation-
ally very expensive, it has been decided to divide the tuning
of the parameters in an iterative loop considering two steps,
namely the tuning of the parameters related to the genetic
algorithm (r, b, m, c1, c2, NPFs) and the tuning of the param-
eters related to the local search (Nls, N

changes
W , Nchanges

X , Tls
lim).

This loop is repeated until no improvement is found.
A case study consisting of the demand shown in Table 3,

where a minimum of 60% of the demand must be satisfied,
is used for tuning the algorithm parameters. The optimal

Table 2. Values for the Combinations of Parameters That
Result in Alternative Parameters Tuning

Combination

r 0.15 0.25 0.40
b 0.7 0.8 0.9
m 0.25 0.50 0.75
c1 0.25 0.50 0.75
c2 0.25 0.50 0.75
NPFs 1 2 3
Nls 1 3 5

Nchanges
W 0 1 2

Nchanges
X 4 6 20

Tls
lim 5 10 20

Table 3. Product Batch Sizes and Demand for Algorithm
Tuning

Fiber Batch Size (ton/batch) Demand (ton)

A 2.5 15
B 1.8 5.4
C 1.5 6

Table 1. Parameters of the Hybrid MOGA

Parameter Definition

Npop Number of individuals of the population
Ngen Maximum number of generations
Nrep Number of equal PF to meet end criterion
Tlim Maximum time for the algorithm implementation
Nls Number of generations between two consecutive local

search procedures
Tls

lim Maximum time available for local search optimisation

Nchanges
X Number of changes of the binary variables Xii0c the local

search procedure
Nchanges
W Number of changes of the binary variables Wi the local

search procedure
NPFs Number of PFs that are included in the mating pool
Pran Percentage of random individuals of the population
Pmut1 Percentage of the population obtained by mutation in the

first vector in the chromosome
Pmut3 Percentage of the population obtained by mutation in the

third vector in the chromosome
Pswi Percentage of the population obtained by switching posi-

tions of the second vector in the chromosome
Ppos Percentage of the population obtained by inverting the

chain of genes between two positions of the second
vector in the chromosome

Pcrx Percentage of the population obtained by crossover of two
parents in the second vector of the chromosome
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Pareto frontier is found as a result of all the solutions
obtained from all the experiments and contains 36 solutions.
The experimental results were compared considering the dif-
ferent values of FPF, Nmruns, ET, and FPF/ET � 104. In this
sense, the average value across three random seeds was con-
sidered for each combination of parameters. The first itera-
tion contemplates all the combinations derived from consid-
ering the six parameters (36) disregarding local search. The
second iteration selects the best combination of the previous
six parameters, fixes them, and considers all combinations
the local search parameters. Next, the values of the local
search parameters are fixed, and the following iteration cor-
responds to the first step of the iterative loop. The results of
the best combinations at the different iterations of the repeat-
ing loop are shown in Table 4. The values of parameters
selected at each iteration are presented in bold. The selection
criterion is based on the comparison metrics. In that table, it
can be observed that the time elapsed when the solver is
running an optimization run (iteration [ 1) is sensitively
higher than when the solver does not perform local search at
all (iteration 1). However, the results obtained when apply-
ing local search are much better.

The selected combination of parameters consists of the
following values: r ¼ 0.25, b ¼ 0.7, m ¼ 0.75, c1 ¼ 0.25,
and c2 ¼ 0.75, which corresponds to the following probabil-
ities/percentages: Pran ¼ 0.25, Pmut1 ¼ 0.525, Pmut3 ¼ 0.175,
Pswi ¼ 0.075, Ppos ¼ 0.16875, and Pcrx ¼ 0.05625. Addi-
tionally, Nls was set to 5 (one local search runs and four con-
secutive feasible runs), while Tls

lim ¼ 10 sCPU. These last
two values were selected based on a Tlim ¼ 3600 s; longer
algorithm runs might enable different values for both param-
eters. As for NPFs, the selected value is 3. In the first itera-
tion, the selected combination has slightly worse mean val-

ues of the selection criteria than for the two first parameter
combinations shown in the table. However, for the selected
combination, in none of the three seeds, the maximum num-
ber of generations was reached, whereas for the other two
slightly better combinations of parameters reached the maxi-
mum number of generations for some of the seeds without
meeting any other end criterion. For this reason, the third pa-
rameter combination was selected instead of the two former
combinations. Thus, the values of parameters Nchanges

X and
Nchanges
W are 4 and 0, respectively, which do not change from

the second iteration of the algorithm, although other combi-
nations have been explored at each algorithm iteration (refer
to Table 5). Regarding the zero value for Nchanges

W , it may be
explained by the fact that the individual variability regarding
the number of batches originated from the genetic algorithm
is enough to describe the whole solution space, and it is not
necessary to include the changing of the number of batches
to substantially improve a given solution.

Algorithm application

The case study was solved in Capón-Garcı́a et al.5 using a rigor-
ous mathematical approach, and considering a demand of two
batches of each product, and that a minimum of 50% of the
demand (i.e., 1 batch) of each product must be satisfied. However,
the computational times reported for the application of the rigor-
ous algorithm was highly dependent on the solving time required
for the optimization of each constrained problem. MILPs were
easier to solve, whereas MINLPs needed longer times. Given that
the bottleneck of that algorithm resides in the optimization step,
any method or technique for decreasing this time will improve the
overall algorithm solution time. Clearly the applicability of the
rigorous model and algorithm, as they were presented, to practical
day-to-day operation decisions was far from being optimal due to
the excessive computational time required.

Therefore, this former case study has been solved using the
hybrid optimization approach. Specifically, two biobjective

Table 5. Values of the Tuned Parameters of the GA

Parameter Value

Ngen 103

Nrep 10
Nlim

ls 10
Nls 5
NPF 3

Nchanges
X 4

Nchanges
W 0

Nran 0.15
Nmut 0.1
Nmut2 0.1
Nswi 0.1
Npos 0.1
Ncrx 0.1

Table 6. Optimization Results Considering the Rigorous
Approach and Hybrid Approach for Cases (i), Total Profit

vs. Environmental Impact, and (ii), Profitability vs.
Environmental Impact

Rigorous Approach
Hybrid Approach —

Average values

NPFtrue

Problems
Solved Nsolutions

PF

ET
(sCPU) Nmruns Nsolutions

PF

ET
(sCPU)

Case (i) 24 2000 24 1753 22.6 24 122.3
Case (ii) 51 51 28 274640 43.0 36 2985.4

Table 4. Mean Values for Evaluation Metrics of the Best Resulting Solutions (Out of the 103 Combinations Explored) Along
the Different Iterations

Iteration r beta m c1 c2 Nsolutions
PF Nls Nchanges

X Nchanges
W Tlim

ls FPF Generation ET (sCPU) FPF=ET � 104

1 0.15 0.8 0.75 0.75 0.25 2 – – – – 0.111 402.3 137.7 9.489
0.25 0.9 0.25 0.5 0.75 3 – – – – 0.102 426.3 150.5 6.1959
0.25 0.7 0.75 0.75 0.25 3 – – – – 0.102 138.3 170.0 6.072

2 0.25 0.7 0.75 0.75 0.25 3 5 4 0 10 0.991 36.67 1145.0 8.787

0.25 0.7 0.75 0.75 0.25 3 5 4 0 20 0.991 41.7 1267.0 7.945
0.25 0.7 0.75 0.75 0.25 3 1 4 0 10 0.981 19.0 3254.0 3.067
0.25 0.7 0.75 0.75 0.25 3 3 4 0 20 0.963 24.7 1233.0 7.973

3 0.25 0.7 0.75 0.75 0.75 3 5 4 0 10 0.981 37.7 1127.0 8.949
0.25 0.7 0.75 0.25 0.75 3 5 4 0 10 0.981 27.7 789.7 12.849

0.15 0.9 0.75 0.25 0.75 3 5 4 0 10 0.972 30.0 795.3 13.047
4 0.25 0.7 0.75 0.25 0.75 3 5 4 0 10 0.991 30.3 959.6 10.443

0.25 0.7 0.75 0.25 0.75 3 3 4 0 5 0.991 28.0 1519.0 6.583
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optimization problems containing linear and nonlinear objec-
tive functions, namely (i) profit and environmental impact and
(ii) profitability and environmental impact, have been consid-
ered. The parameters tuned in the previous section were used,
and only the number of individuals at each generation has
been adjusted according to the number of problem variables
(16 variables, according to Eq. 7), resulting in a total of 240
individuals. Thus, the solution procedure has been repeated
for three different seeds to provide average values for the
number of Pareto solutions and the solution time.

The comparison in terms of solution quality and time
between the rigorous solution method5 and the average val-
ues for the hybrid approach are shown in Table 6. An
improved estimation of the actual PF has been obtained after
solving case (ii) for the three seeds with the hybrid
approach. The solutions of each of the resulting PFs have
been merged, and the Pareto filter applied, resulting in 51
solutions of an improved PF. Only a subset of these solu-
tions was obtained in the previous work using the rigorous
approach; and the individual runs of the hybrid approach
only contain a subset of the actual PF. From the results in
Table 6, it is clear that the hybrid optimization approach
reaches the same optimal PF than the rigorous optimization
method for case (i) in all three seeds and reaches such solu-
tion with much less time (about 90% less). Even more, for
case (ii), where nonlinear problems have to be solved, the
hybrid optimization approach reaches at each individual run

a higher number of Pareto solutions contained in the optimal
PF than the rigorous approach, though two of the solution
seeds stopped at the maximum solution time (3600 s CPU).

Furthermore, the scheduling of this same plant when fac-
ing an industrial size demand has been optimized (Table 7).
A minimum of 80% of the demand of each product must be
satisfied. On the one hand, a biobjective problem is posed,
considering profit maximization and environmental impact
minimization under two different time horizons, namely (iii)
unrestricted time horizon and (iv) restricted time horizon. On
the other hand, case (v) takes into account the biobjective
problem of profitability maximization and environmental
impact minimization with unrestricted time horizon.

The parameters of the MOGA for these three cases are those
tuned in the previous phase (Table 5). Nevertheless, the total
number of variables is 53 according to Eq. 7, and the popula-
tion has been adjusted to Npop ¼ 15 � 53 ¼ 795 individuals
as indicated in the algorithm tuning. Thus, the maximum com-
putational time of the algorithm has been extended to 12 h
CPU, because the problem is more complex. Even more, in
case iv, as there is a strict time horizon limit, many unfeasible
individuals appear (ca. 80%). Hence, in this case, the popula-
tion has been increased to three times the suggested value.

Case iii. The trade-offs that arise considering profit and
total environmental impact for a large demand are studied.
Figure 8 presents the PF for this two-objective optimization.
Solutions representation contain the ordered sequence of
batches, where the capital letters A–C, stand for the single
product campaigns separated by the number of the interprod-
uct cleaning method (namely, 1–3), superscripts indicate the
number of batches in the campaign and subscripts show the
total number of cleanings of each type within the product
campaign ordered in terms of cleaning method type: 1|2|3.
The estimated PF in this case results in 36 nondominated
solutions (circles). Computational effort and number of

Table 7. Product Batch Sizes and Example of Industrial
Demand

Fiber Batch Size (ton/batch) Demand (ton)

A 2.5 30.0
B 1.8 9.0
C 1.5 10.5

Figure 8. Case (iii). Solutions for two-objective optimization considering profit and environmental impact.

Nondominated solutions are encircled (Pareto frontier); stars represent nadir, utopian points; and sequences in italics represent

compromise solutions shown in Table 9. Note that for the sake of clarity some sequences are not explicitly shown in the figure.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

438 DOI 10.1002/aic Published on behalf of the AIChE February 2013 Vol. 59, No. 2 AIChE Journal



generations for the three seeds are presented in Table 8. The
PF estimations for all three seeds are quite close to the
actual PF. Even more, the solution time is below 2.5 h CPU.

The solution with the highest profit satisfies the total
demand, whereas the most environmentally friendly option
only processes the minimum required amount of each product
(a minimum of 80% of the demand of each product). In any
case, the same changeover cleaning method 2 is selected in all
solutions, because it is the most economic and environmental
advantageous, despite the time required, which is not an active
constraint in this problem. Pareto solutions are distributed in
12 clusters between the two anchor points. The clusters basi-
cally differ in the number of batches of each product.

Regarding the most environmentally friendly solution
cluster located at about 153.3 � 103 m.u. total profit and

160.8 Pts environmental impact, product C offers higher in-
crement in profit and lower environmental impact, resulting
in the next cluster located around 158.9 � 103 m.u. total
profit and 166.6 Pts environmental impact. The following
sequence of minor environmental benefit with higher gain in
profit (around 159.9 � 103 m.u. and 167.3 Pts) includes an
additional batch of product B instead of C; and then, a batch
of A instead B or C (around 162.7 � 103 m.u. and 170.8
Pts). Next, two additional batches are considered in the pro-
duction sequence resulting in one cluster located at about
165–172 � 103 m.u and 173–181 Pts, and the other one at
about 175–179 � 103 m.u and 183–187 Pts. Finally, compli-
ance with total demand reaches the greatest economic bene-
fit, which is 184.3 � 103 m.u. and produces an environmen-
tal impact of 193.1 Pts. In every cluster, solutions differ in
the production sequences. To start producing with fiber C is
slightly more environmentally friendly and less economically
profitable than with fiber A. In all cases, batches are pro-
duced in single product campaigns, as inventory costs have
not been considered.

Table 9 shows that the compromise solution according to
the minimum distance to the utopian point consists of
sequence 2C

ð6Þ
ð0j5j0Þ2B

ð5Þ
ð0j4j0Þ2A

ð11Þ
ð0j10j0Þ2, which is located approx-

imately in the middle of the whole range of both objective
functions. If the maximum distance to the nadir point was
selected as decision criterion, there would be two

Table 8. Case (iii)—Number of Pareto Solutions,
Generations, Elapsed Time, and Fraction of Actual Pareto

Frontier (36 Solutions) for a Large Demand Without
Restricted Time, for Three Random Seeds

Seed 1 Seed 2 Seed 3

Nsolutions
PF 34 36 30

Nmruns 35 35 28
ET � 103 (sCPU) 8.61 8.40 4.65
FPF (%) 97.2 100.0 83.3

Figure 9. Case (iv). Solutions for two-objective optimization considering profit and environmental impact.

Notation as Figure 8. Sequences in italics represent compromise solutions shown in Table 11. [Color figure can be viewed in the

online issue, which is available at wileyonlinelibrary.com.]

Table 9. Case (iii)—Utopian, Nadir, and Solutions of Compromise According to the Different Metrics Considering Profit and
Environmental Impact

zprofit � 103 (m.u.) zei (Pts) Sequence Distance Utopian Distance Nadir

184.2802* 193.1041† 2A
ð13Þ
ð0j12j0Þ2C

ð7Þ
ð0j6j0Þ2B

ð5Þ
ð0j4j0Þ2 1.000 1.000

169.2880 177.2768 2C
ð6Þ
ð0j5j0Þ2B

ð5Þ
ð0j4j0Þ2A

ð11Þ
ð0j10j0Þ2 0.704 0.711

153.3351† 160.7842* 2C
ð6Þ
ð0j5j0Þ2B

ð4Þ
ð0j3j0Þ2A

ð10Þ
ð0j9j0Þ2 1.000 1.000

In bold, value of the minimum distance to utopia and maximum distance to nadir. Distances are reported normalized.
*Utopia
†Nadir.
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possibilities: either the solution of maximum profit or the so-
lution of minimum environmental impact, because both of
them have the same maximum normalized distance to the
nadir solution.

Case iv. Figure 9 presents the PF for the two-objective
optimization of profit and total environmental impact consid-
ering a restricted time horizon (140 h). The estimated PF in
this case results in 17 nondominated solutions (circles),
which has been estimated from the combination of three dif-
ferent seeds. Table 10 shows the summarized results for the
three cases. In each seed, the PF estimation contains about
one half of the actual PF solutions estimation. The maximum
computing time allowed is reached without meeting the end
criteria of finding 10 consecutive identical solutions. Any-
how, the solution quality regarding the computational effort
is very reasonable to schedule the production plan for a pe-

riod of time of a full week with strict time horizon con-
straints. Therefore, the evolutionary approach proves to be
an efficient method for finding good Pareto estimations with
reasonable computational effort, specially for highly timely
constrained problems.

The PF contains at least one interbatch cleaning method 1
or 3 in all sequences (note that such method may be applied
within the product campaign, written as a subscript in the so-
lution notation) to fulfill the time horizon restriction, because
these methods are less time consuming than method 2. Thus,
cleaning method 2 is combined with cleaning method 1 to
obtain Pareto optimal production sequences from both eco-
nomic and environmental points of view. Again, single prod-
uct campaigns are generated due to the problem features
(changeover costs and impacts, and negligible storage costs)
and the selected objective functions. Thus, the solution with
the highest profit in this case has lower profit and higher
environmental impact than the corresponding highest profit
in case iii (note that the axes in Figures 8 and 9 have differ-
ent scales). The main reasons consist of two facts: (1) one
batch of product C cannot be produced within the scheduling
time horizon; and (2) cleaning method 1, which has higher
environmental impact than method 2, has to be used to
reduce the total production time within the time horizon. It
is also noteworthy to mention that the solution with the low-
est environmental impact in case (iii) cannot be reached in
case (iv). Therefore, slightly different schedules considering

Table 11. Case (iv) — Utopian, nadir, and solutions of compromise according to the different metrics considering profit and
environmental impact with restricted time horizon

zprofit � 103 (m.u.) zei (Pts) Sequence Distance Utopian Distance Nadir

152.872† 161.278* 2A
ð10Þ
ð0j9j0Þ2B

ð4Þ
ð0j3j0Þ2C

ð6Þ
ð0j4j1Þ2 1.000 1.000

161.643 174.266 1A
ð10Þ
ð0j9j0Þ1C

ð6Þ
ð0j5j0Þ2B

ð5Þ
ð1j3j0Þ2 0.628 0.839

172.761* 206.643† 1C
ð6Þ
ð4j1j0Þ1A

ð12Þ
ð3j8j0Þ1B

ð5Þ
ð3j1j0Þ2 1.000 1.000

In bold, value of the minimum distance to utopia and maximum distance to nadir. Distances are reported normalized.
*Utopia
†Nadir.

Table 10. Case (iv) — Number of Pareto Solutions,
Generations, Elapsed Time and Fraction of Actual Pareto

Frontier (17 solutions) for a Large Demand with Restricted
Time, for Three Random Seeds

Seed 1 Seed 2 Seed 3

Nsolutions
PF 11 9 16

Nmruns 25 25 29
ET � 104 (sCPU) 3.73 3.67 4.43
FPF (%) 52.6 47.1 41.2

Figure 10. Case (v). Solutions for two-objective optimization considering profitability and environmental impact.

Notation as Figure 8. Sequences in italics represent compromise solutions shown in Table 13. [Color figure can be viewed in the

online issue, which is available at wileyonlinelibrary.com.]
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cleaning methods 1 and 3, which are less time consuming,
are introduced in those solutions with the lowest environ-
mental impact in case iv.

Table 11 shows that the compromise solution according to
the minimum distance to the utopian point consists of
sequence 1A

ð10Þ
ð0j9j0Þ1C

ð6Þ
ð0j5j0Þ2B

ð5Þ
ð1j3j0Þ2, which is located approxi-

mately in the middle of the whole range of both objective
functions. If the maximum distance to the nadir point was
selected as decision criterion, there would be two possibil-
ities: either the solution of maximum profit or the solution
of minimum environmental impact.

Case v. The estimated PF for the two-objective optimiza-
tion of profitability and total environmental impact consider-
ing unrestricted time horizon contains 67 nondominated solu-
tions, estimated from the results of three different seeds. Fig-
ure 10 shows the solutions, which are not grouped in
clusters as in the previous cases, but present a more homoge-
neous distribution along both objective functions. Such
behavior is similar to that in case (ii), which consists of the
same objective functions, but a much smaller demand .

Table 12 summarizes the results of the three algorithm runs.
The PF estimation of each run contains about one half of the
number of integer solutions of the final PF estimation, which
results in a good and reasonable trade-off between solution
quality and computational effort to schedule the production
plan for a period of time of a full week in a case of industrial
size. Therefore, the proposed evolutionary approach is an effi-
cient method to find good Pareto estimations, even for highly
constrained and nonlinear problems given that the proposed
strategy of local search and the Dinkelbach algorithm for the
MILFP problem are incorporated in the algorithm.

The estimated PF solutions contain cleaning methods 1
and 2, which are the most profitable and least contaminant
respectively. Thus, the former two cleaning methods are
used to obtain Pareto optimal production sequences, from an
economic and environmental point of view. It is noteworthy
to mention that some PF solutions have multiple campaign
for product production. Specifically, product C is divided
into two campaigns in the most profitable solution, because
the resulting makespan decreases despite of a slight decrease
in total profit; as a result, profitability is higher with multiple
campaign for product.

The compromise solution according to the minimum dis-
tance to the utopian point consists of sequence
1A
ð10Þ
ð5j4j0Þ2B

ð4Þ
ð3j0j0Þ1C

ð6Þ
ð0j5j0Þ1, as shown in Table 13. Such solu-

tion is located approximately in the middle of the whole range
of both objective functions. If the maximum distance to the
nadir point was selected as decision criterion, there would be
two possibilities: either the solution of maximum profitability
or the solution of minimum environmental impact. This case
demonstrates the capability of the proposed approach to also
deal with nonlinear objective functions; what is more, it can
tackle any scheduling problem with the proposed features
regardless of the selected objective functions.

Conclusions

For short-term scheduling of large plants, it is necessary
to use optimization strategies that can deal with the problem
complexity in adequate computational effort. Such require-
ment is even stricter when multiobjective optimization is
carried out. In a previous work,5 the results of rigorous opti-
mization for multiobjective scheduling problems was studied,
and existing trade-offs were unveiled. However, reported
computational times were extremely high. Hence, a hybrid
strategy consisting of an evolutionary method, based on the
genetic algorithm, combined with a rigorous local search has
been developed and effectively applied to obtain reliable
Pareto frontiers in small computational times. In the pro-
posed strategy, an iteration loop is performed to adequately
tune the GA parameters. As a result, the stochastic strategy
allows to obtain better Pareto frontier estimations than the
deterministic method even for small cases, where the rigor-
ous mathematical problem entails high computational
resource usage.

Table 12. Case (v) — number of Pareto Solutions,
Generations, Elapsed Time, and Fraction of Actual Pareto
Frontier (67 Solutions) for a Large Demand Considering

Profitability and environmental Impact, for Three Random
Seeds

Seed 1 Seed 2 Seed 3

Nsolutions
PF 64 70 58

Nmruns 45 40 45
ET � 104 (sCPU) 4.62 4.57 4.69
FPF (%) 46.3 47.8 59.7

Table 13. Case (v) — Utopian, Nadir, and Solutions of Compromise According to the Different Metrics Considering
Profitability and Environmental Impact with Unrestricted Time Horizon

zprod (m.u./h) zei (Pts) Sequence Distance Utopian Distance Nadir

1.0810† 160.784* 2C
ð6Þ
ð0j5j0Þ2B

ð4Þ
ð0j3j0Þ2A

ð10Þ
ð0j9j0Þ2 1.000 1.000

1.2926 180.164 1A
ð10Þ
ð5j4j0Þ2B

ð4Þ
ð3j0j0Þ1C

ð6Þ
ð0j5j0Þ1 0.641 0.778

1.4385* 199.955† 1A
ð10Þ
ð9j0j0Þ1C

ð5Þ
ð4j0j0Þ1B

ð4Þ
ð3j0j0Þ1C

ð1Þ
ð0j0j0Þ1 1.000 1.000

In bold, value of the minimum distance to utopia and maximum distance to nadir. Distances are reported normalized.
*Utopia
†Nadir.

Figure 11. Changeover time between pairs of products
(S-still state, A–C) for the three methods (1–3).

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]
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Even more, for large-size problems or highly constrained
problems, and either linear or MILFP problems, the pro-
posed hybrid strategy allows to find high-quality Pareto fron-
tier estimations in a reduced amount of computational effort.
Thus, the MOGA is specially useful for cases with time ho-
rizon constraints, in which problem optimality is highly diffi-
cult to guarantee.
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Notation

Sets and subsets

c ¼ cleaning modes between products
g ¼ objective functions
i ¼ batches
k ¼ stages
p ¼ products (product S simulates plant ‘‘still’’ state)

dynI ¼ set of batches i that have been assigned to a product

Parameters

PMut ¼ probability of mutation
PSwPos ¼ probability of switching between two positions
PSwCha ¼ probability of switching the order of all batches

between two positions
PCrxOv ¼ probability of cross-over between two chromosomes

BPi ¼ price resulting from the production of batch i
BSi ¼ batch size of batch i

ChCostii0kc ¼ changeover cost between batches i and i0 for stage k
using changeover type c

EnvImi ¼ environmental impact resulting of producing a batch i
EnvImii0kc ¼ environmental impact associated with changeover type

c between batches i and i0 for stage k
H ¼ time horizon

pWi ¼ parameter which holds value 1, if batch i is processed;
and 0, otherwise

pXii0c ¼ parameter which takes values 1 or 0, depending on the
assignment of cleaning changeover method c, if batch
i is produced immediately before batch i0

Continuous variables

Mk ¼ objective function that aims at minimizing the
makespan

zei ¼ objective function that aims at minimizing the
environmental impact

zprod ¼ objective function that aims at maximizing
productivity

zprofit ¼ objective function that aims at maximizing profit
zrei ¼ objective function that aims at minimizing the relative

environmental impact

Binary variables

Wi ¼ production of batch i
Xii0c ¼ Assignment of cleaning method c to changeover, if

batch i is produced immediately before batch i0

Algorithm notation

Bi ¼ order in which batch i is processed
CLi ¼ cleaning method that precedes batch i
ET ¼ elapsed time

FPF ¼ fraction between the number of individuals in the
estimation of the PF and the total number of
individuals belonging to the best estimation of the PF

j ¼ iteration counter
MatPoolj ¼ mating pool at iteration j

NB ¼ total number of batches associated with the final
products that may be produced

NBnotcompulsory ¼ total number of batches associated with the final
products that are not compulsory according to
production demand constraints

Ngen ¼ maximum number of generations
Nls ¼ number of generations between two consecutive local

search procedures
Nmruns ¼ number of generations of the genetic algorithm
NPFs ¼ number of PFs that are included in the mating pool

Nsolutions
PF ¼ number of solutions contained in the PF of the last

generation of the algorithm
Ntrue

PF ¼ number of solutions contained in the best estimation
of the actual PF of the problem

Npop ¼ number of individuals of the population
Nrep ¼ number of equal PF to meet end criterion

Nvars ¼ number of problem variables
Nchanges
W ¼ number of changes of the binary variables Wi the local

search procedure
Nchanges
X ¼ number of changes of the binary variables Xii0c the

local search procedure
Pcrx ¼ percentage of the population obtained by crossover of

two parents in the second vector of the chromosome
PF* ¼ Pareto frontier solutions estimated by the proposed

algorithm
PFi

j ¼ Pareto frontier solutions at generation j belonging to
the i Pareto front

Pmut ¼ percentage of individuals obtained by mutation
Pmut1 ¼ percentage of the population obtained by mutation in

the first vector in the chromosome
Pmut3 ¼ percentage of the population obtained by mutation in

the third vector in the chromosome
POP0 ¼ initial population
POPj ¼ population at iteration j
Ppos ¼ percentage of the population obtained by inverting the

chain of genes between two positions of the second
vector in the chromosome

Pran ¼ percentage of random individuals of the population
Prec ¼ percentage of individuals obtained by recombination
Pswi ¼ percentage of the population obtained by switching

positions of the second vector in the chromosome
Tlim ¼ maximum time for the algorithm implementation
Tls

lim ¼ maximum time available for local search optimization
tol ¼ tolerance value as termination criterion
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Appendix: Case Study Description

Table A1 and Figures A1–A4 contain the processing times
and economic and environmental data related to the acrylic
fiber production plant.

Table A1. Operation Times and Equipment Associated with Each Stage for All Possible Produced Products (h)

Stage Equipment

Product A Product B Product C

P L O U TOT P L O U TOT P L O U TOT

1 R1 0.2 0 2 0.3 2.5 0.2 0 3 0.75 3.95 0.2 0 1 0.3 1.5
2 P1 0.2 0 0.3 0 0.5 0 0 0 0 0 0.2 0 0.3 0 0.5
3 C1 0.5 0.3 2.5 0.75 4.05 0 0 0 0 0 0.5 0.3 2 0.75 3.55
4 P2 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95
5 F1 0.5 0 0.75 0 1.25 0.5 0 0.75 0 1.25 0.5 0 0.75 0 1.25
6 P3 0.2 0 0.75 0 1.25 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95
7 R2 0.3 0.75 1 0.75 2.8 0.3 0.75 0.75 0.75 2.55 0.3 0.75 0.5 0.75 2.3
8 P4 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95
9 F2 0.5 0 0.75 0 1.25 0.5 0 0.75 0 1.25 0.5 0 0.75 0 1.25
10 P5 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95
11 D1 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95
12 P6 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95
13 E1 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95 0.2 0 0.75 0 0.95
14 V1 0.3 0.75 3.5 0 4.55 0.3 0.75 3 0 4.05 0.3 0.75 1.5 0 2.55
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Figure A1. Batch cost and price, and environmental impact for the three acrylic fibers.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure A2. Changeover costs between pairs of prod-
ucts (S-still state, A–C) for the three meth-
ods (1–3).

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure A3. Changeover environmental impacts
between pairs of products (S-still state, A–
C) for the three methods (1–3).

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]
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