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Abstract
This article addresses the flexible job shop problem with uncertain processing times modelled by intervals. Due to climate

change and the need for energy efficiency, there is an increasing interest in sustainability in addition to traditional

production-related objectives such as makespan. In this work, we tackle a lexicographical goal programming scenario

minimising makespan firstly and total energy consumption lately. We propose a hybrid evolutionary algorithm based on a

genetic algorithm, incorporating heuristic seeding and a post-processing step using constraint programming. The experi-

mental study shows that the proposed approach is able to meet tighter makespan goals than previously published methods,

while offering a 32% improvement in energy consumption when goals are met.

Keywords Flexible job shop scheduling � Intervals � Heuristic seeding � Constraint programming � Lexicographic goal

programming

1 Introduction

Scheduling problems concentrate on the allocation of

limited resources in various tasks while respecting specific

constraints Pinedo (2022). One of the best-known appli-

cations of scheduling is in manufacturing, for example, in

the weapon industry Chen et al. (2012), the automotive

parts industry Alvarez-Valdes et al. (2005), health-

care Xiang (2017) or steel production (Iannino et al. 2022;

Torres et al. 2024). However, scheduling is also employed

in many other areas such as transportation and logis-

tics (Ahn et al. 2017; Guo et al. 2020; Jin 2024), charging

electric vehicles Mencı́a et al. (2019), and, more recently,

cloud computing Barredo and Puente (2023).

Historically, scheduling has aimed at optimizing pro-

duction metrics, with one of the primary objectives being the

reduction of makespan, or the duration required to complete

all tasks. However, the increasing urgency to address climate

change and improve energy efficiency has shifted focus

toward sustainability in scheduling practices (Li et al. 2015;

Gahm et al. 2016; Alvarez-Meaza et al. 2021). Manufac-

turing alone accounts for approximately 37% of global

resource use Li and Wang (2022), highlighting the pressing

need to incorporate environmental considerations. Further-

more, the 2024 report of the International Energy Agency

(2024) anticipates a significant rise in electricity demand

from data centres, which are expected to double their con-

sumption by 2026 due to the growing reliance on AI and

digital infrastructure. As a result, green scheduling is

becoming increasingly crucial in cloud computing sys-

tems Ghafari et al. (2022).

Energy-related objectives are generally balanced with more

conventional production-focused goals, such as minimizing

makespan or tardiness Para et al. (2022). A frequently used

strategy in the literature is to consider all objectives as equally
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important and employ a Pareto-based approach Afşar et al.

(2022). However, in real-world production environments, objec-

tives typically have differing levels of importance, whichmakes a

hierarchical approach, such as lexicographic, more appropriate to

balance these potentially conflicting objectives. In practice, deci-

sion-makersmight bewilling to accept a slight compromise in the

main objective if it results in significant gains in the remaining

ones. Lexicographic goal programming can address such scenar-

ios, but determining appropriate goal values for each objective is

often context-specific and challenging to define in advance.

Moreover, Pareto-optimal solutions are closely related to lexico-

graphically optimal solutions; in fact, a lexicographically optimal

solution isalwaysnon-dominated.Similarly,optimal solutions toa

lexicographic goal-programming problem are non-dominated

when minimizing deviations from target values Ehrgott (2005).

The prioritization of makespan over energy efficiency in

the objective function is motivated by practical considera-

tions in industrial settings. Green objectives, such as energy

efficiency, cannot be pursued in isolation, as industries

cannot sacrifice profitability for energy savings at any

cost Guggeri et al. (2023). Multi-objective optimization

plays a critical role in balancing these competing goals, and

research is essential to explore methods that achieve better

trade-offs. In practice, customer satisfaction (often reflected

bymakespan)may take precedence over energy efficiency in

certain contexts. By prioritizing makespan as the primary

objective and energy efficiency as the secondary one, our

approach reflects the real-world trade-offs faced by indus-

tries and aligns with the broader motivation of balancing

operational and environmental objectives.

In scheduling, the job shop problem (JSP) and its many

variants represent an active area of research, modelling

diverse technical and social applications Xiong et al.

(2022). In this problem, tasks are grouped into jobs, with

tasks within the same job requiring completion in a pre-

determined order on specific machines. A notable variant is

the flexible job shop scheduling problem (FJSP), which

permits certain tasks to be processed on multiple machi-

nes (Xie et al. 2019; Dauzère-Pérès et al. 2024). This

added flexibility introduces variability in both processing

times and energy use based on the choice of machine.

Stochastic modelling is a common method for dealing with

uncertain task durations, where these durations are expressed as

probability distributions. However, collecting enough data to

accurately estimate such distributions is often challenging, and

even with reliable data, the computational requirements can be

prohibitive. To overcome these challenges, fuzzy numbers are

frequently used as an alternative, particularly in FJSP. This

approach reduces the need for detailed data and offers a more

computationally efficient solution (Palacios et al. 2015; Garcı́a

Gómez et al. 2023). For situations where prior knowledge is

extremely limited, interval-based modelling is another viable

option,usingonly lowerandupperbounds todefine taskdurations.

These intervals are often treated as uniform probability distribu-

tions in the absence of additional information. Despite its sim-

plicity, thismethod provides robust solutions that are less sensitive

to minor fluctuations in task durations Dı́az et al. (2022).

Even the simplest variants of the JobShopProblem (JSP) are

NP-hard Lenstra et al. (1977), which justifies the need of

approximate metaheuristic search algorithms as effective

solution methods Chaudhry and Khan (2016), Fazel Zarandi

et al. (2020). These algorithms explore various possible

schedules and evaluate their quality based on criteria like

makespan, energy consumption, due-date compliance, or

machine utilization (Xie et al. 2019; Coelho et al. 2021).

Moreover, heuristic seeding is used in the context of scheduling

to increase the search quality of themetaheuristic algorithms by

including promising solutions in the initial population in Burke

et al. (1998), Puente et al. (2003), Palacios et al. (2015).

Despite the interval approach being a basic model for

uncertainty, research on interval-based JSP and FJSP is still

limited. In Lei (2012), a genetic algorithm is introduced to

reduce tardiness in a JSP with interval-based due dates and

processing times. A hybrid method combining particle swarm

optimization and genetic algorithm is proposed in Li et al.

(2019) to solve a FJSP with interval processing times, situated

within a larger integrated planning and scheduling context.

Multi-objective interval JSPs are analysed in Lei (2013) and

Lei and Guo (2015). In Lei (2013), an artificial bee colony

algorithm is used tominimisemakespan and total tardiness in a

JSP involving flexible maintenance and non-resumable jobs.

Lei andGuo (2015) focuses onminimizing the carbon footprint

and makespan in a dual-resource constrained JSP with hetero-

geneous resources using a dynamic neighbourhood search in a

lexicographic order. More recently, Dı́az et al. (2023a) exam-

ines a JSP with interval task durations and proposes a memetic

algorithm that combines artificial bee colony and local search.

The same problem is addressed in Dı́az et al. (2023b) with a

modified artificial bee colony algorithm that mimics the sea-

sonal behaviour of honeybees for better intensification.

In this work, we address a multi-objective flexible job

shop problem with interval processing times. A lexico-

graphic goal programming approach is adopted to min-

imise makespan and total energy consumption. A genetic

algorithm (GA) was proposed in Afşar et al. (2024) to

tackle this problem. Here we enhance that method by

incorporating heuristic seeding strategies and a post-pro-

cessing step using a constraint programming model. Our

contributions can be summarised as follows:

• Two new heuristic seeding strategies are defined. They

are used in isolation and in combination for generating

good quality initial population for the GA.

• A constraint programming model is solved using a

commercial solver as a final improvement to the GA

solutions.
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• An extensive experimental study is performed to show

that the hybrid algorithm manages to meet more

makespan goals and improve the energy efficiency by

32% on average with respect to the previously

published methods Afşar et al. (2024).

The problem is defined in Sect. 2. Section 3 provides the

detailed explanation of our solution methodology. The

experimental study and its results are discussed in Sect. 4,

and the conclusions are summarised in Sect. 5.

2 Problem definition

In the deterministic job shop problem (JSP), a set of n jobs,

denoted by J, needs to be completed. Each job j comprises

a sequence of tasks Oj ¼ oj1; . . .; ojNj
, where each task must

be processed on a specific machine from the set of m ma-

chines M. Furthermore, the tasks within a job must adhere

to a predefined order, known as job precedence constraints.

In the flexible job shop problem (FJSP), each task oji can

be assigned to any machine k within a designated set of

alternatives, MðojiÞ. The duration of processing a task oji
varies based on the machine selected and is represented as

djik. Tasks are processed without interruption, and no

machine is allowed to handle multiple tasks simultaneously.

In the energy-aware version of the FJSP, processing

time is not the only parameter influenced by the task and

the machine. The active power consumption of a machine

k 2 MðojiÞ varies depending on the task oji it performs and

is represented as APjik. Additionally, each machine k

requires a specific amount of passive power, denoted by

PPk, while it is turned on.

A feasible solution to this problem comprises two parts:

s, which assigns each task to a specific machine, and s, a

schedule that determines the start times of tasks on their

assigned machines while adhering to all constraints. This

study optimises two objectives in a lexicographic goal

programming manner: first we minimise the makespan, and

when it reaches the goal we continue with minimising

overall energy consumption.

In practical scenarios, the exact duration required to

complete a task is often uncertain and cannot be deter-

mined in advance. Typically, only approximate estimates

of the time are available. When the minimum and

maximum durations for each task are known, this uncer-

tainty can be modelled as a closed interval, expressed as

a ¼ ½a1; a2� ¼ fx 2 R : a1 � x� a2g. In this study, we refer

to the FJSP with interval-based uncertainty as the Interval

Flexible Job Shop (IFJSP).

To evaluate the objective functions for a schedule with

interval processing times, we utilize arithmetic operations such

as addition andmaximum between intervals, aswell as addition

andmultiplication of a scalar with an interval. Let a ¼ ½a1; a2�
andb ¼ ½b1; b2� represent two intervals.Theaddition operation
is defined as aþ b ¼ ½a1 þ b1; a2 þ b2�, and the maximum is

calculated as maxða; bÞ ¼ ½maxða1; b1Þ;maxða2; b2Þ�. For an
intervala anda scalar r 2 R, the addition andmultiplication are

expressed as aþ r ¼ ½a1 þ r; a2 þ r� and ra ¼ ½ra1; ra2�,
respectively. To illustrate the operations between intervals, we

show in Fig. 1 the intervals obtained by using the addition,

maximum, andmultiplication of a scalar with an interval for the

intervals a ¼ ½1; 7� and b ¼ ½3; 6�
The set of closed intervals is not endowed with a natural

total ordering.However, in the context of interval scheduling

it is necessary to order intervals for two different purposes: to

ensure the feasibility of a solution and to guarantee its opti-

mality. Regarding the former, for precedence and non-

overlapping constraints to hold, if two tasks are consecu-

tively scheduled, the first task must finish before the second

one starts. Taking into account the interval arithmetic, this

translates into a component-by-component comparison.

Specifically, we say that a� Cb holds if and only if a1 � b1

and a2 � b2. Regarding the latter, a rankingmethod is needed

to compare solutions in terms of the objective function value

and decide which one is the optimal one. Several ranking

methods have been proposed in the literature (Karmakar and

Bhunia 2012). Among these, the midpoint (MP) ranking has

gained popularity in recent interval scheduling studies (e.g.,

Dı́az et al. 2023b), In this approach, a�MPb holds if and

only if mðaÞ�mðbÞ, where mðaÞ ¼ ða1 þ a2Þ=2. In the

example in Fig. 1a,mðaÞ andmðbÞ are represented with a red
dashed line; we can easily see that a�MPb.

2.1 The objectives

The primary objective is to minimise the makespan, which is

the completion time of all jobs. Let sjNj
¼ ½s1jNj

; s2jNj
� denote

the starting time of the final task of job j. The makespan can

Fig. 1 Arithmetic operations on

intervals
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then be expressed as Cmax ¼ maxfsjNj
þ djNjkjNj

: j 2 Jg.
Since it is represented as an interval, we apply the midpoint

ranking method to determine the best makespan value.

In energy-aware scheduling, various approaches have been

proposed to factor in energy consumption during schedule

optimization. For instance, in González et al. (2017) the authors

focus on the energy consumed while machines are idle, while

in Garcı́a Gómez et al. (2023) it is assumed that all machines

remain continuously on from start to finish of the schedule. In

this study,weassumeeachmachinek 2 M begins in theoff state

and consumes no energy until it is turned on by an operator. It is

reasonable to assume that workers activatemachines onlywhen

necessary, specifically when the first task assigned to the

machine, fk, is ready to start, denoted by s1fk , where

sfk ¼ ½s1fk ; s
2
fk
�. Once turned on, themachine remains operational

until its last task, lk, is completed, and then it is switched off after

the completion time, c2lk ¼ s2lk þ d2lk , where clk ¼ slk þ dlk
basedon theassignment s and schedule s.During this period, the

machine consumes passive power PPk per unit of time, and its

passive energy consumption is computed as

PEk ¼ PPkðc2lk � s1fkÞ.When themachine is active, performing

a task oji, it consumes energy at a rate of APjik per unit of time.

The active energy consumption for machine k is calculated as

AEk ¼
P

j;i;sji¼kðAPjik djikÞ, where j 2 J and i 2 Oj. Active

energy consumption depends onboth themachine and the task’s

uncertain duration, whereas passive energy is deterministic,

based on the operator?s decisions regarding the machine’s

operation. The total energy consumption is then defined as

TE ¼
P

k2MðPEk þ AEkÞ. Furthermore, passive energy can

be broken down into two components: the energy used during

task execution and the idle energy, which is the energy con-

sumed when the machine is idle with certainty.

2.2 Constraint programming model

Constraint programming (CP) is a mathematical modelling

approach that represents problems through a set of con-

straints that need to be satisfied. These problems are usu-

ally formulated using variables with defined domains and

associated constraints. CP solvers search for feasible vari-

able assignments and employ inference methods, like

constraint propagation, to narrow the search space and find

solutions more efficiently Rossi et al. (2008).

IBMILOGCPOptimizer (CPO) Laborie et al. (2018) is aCP

solver that represents tasks using an interval variable1. An

interval variable denotes a time span characterized by its dura-

tion, i.e. the processing time of a task, and a start time thatwill be

determined during the resolution phase. Interval variables can be

optional, meaning they may or may not be included in the final

solution. If an optional interval variable is not present, it is dis-

regarded inanyexpressionsorconstraints it is part of.This allows

constraints and objectives to be defined for all interval variables,

even if some are not included in the final solution. Another type

of variable introduced in the CPO is sequence variable, which

refers to a collection of (optional) interval variables that are ini-

tially unordered but will be arranged into a specific sequence in

the solution. Sequence variables allow us to create a set of

interval variables and impose constraints on them in a concise

way.For instance, it is possible tomodel amachineor resource as

a sequence of intervals, and then use the noOverlap method to

forbid the tasks to overlap on the machine.

In our problem, since the task duration on machine k is

represented as an interval, i.e., djik ¼ ½d1jik; d2jik�, we model

each task as a pair of optional interval variables, namely

x1jik and x2jik, with the corresponding durations. Together

they represent the interval xjik, which is the potential

starting time of task oji on machine k if machine k is

selected to process this task. Likewise, the interval vari-

ables s1ji and s2ji represent the effective starting time of task

oji, the interval sji. The interval variables y
1
k and y

2
k stand for

the machine k whereas q1k and q
2
k are the sequence variables

that include y1k and y2k , respectively.

C1
max and C2

max are the integer variables corresponding to

lower and upper bounds of the makespan. AE1
jik and AE2

jik

represent the active energy consumption of machine

k while processing the task oji, PEk is the passive energy

use of machine k while it is on and finally TE1
k and TE2

k

denote the total energy consumption of machine k.

min fmðCmaxÞ;mðTEÞg
s.t.

Cl
max � endOfðsljNj

Þ 8j 2 JÞ8l 2 f1; 2g
ð1Þ

alternativeðslji; fxljik; k 2 MðojiÞgÞ8j 2 J;

i 2 Oj; l 2 f1; 2g
ð2Þ

startBeforeStartðs1ji; s2jiÞ8j 2 J; i 2 Oj ð3Þ

endBeforeStartðslji; slj;iþ1Þ8j 2 J; i 2 Oj; iNj; l 2 f1; 2g

noOverlapðqlkÞ8k 2 M; l 2 f1; 2g ð4Þ

sameSequenceðq1k ; q2kÞ8k 2 M ð5Þ

PEk ¼ PPk � ðendOfðspanðy2kÞÞ � startOfðspanðy1kÞÞÞ8k 2 M

ð6Þ

AEl
k ¼

X

j2J;i2Oj

APjik � dljik � presenceOfðxljikÞ8k 2 M; l 2 f1; 2g

ð7Þ

TEl ¼
X

k2M
PEk þ AEl

k8l 2 f1; 2g ð8Þ1 It is important to distinguish this from the uncertainty in processing

times, which is represented as intervals.
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Equation (1) defines the makespan, which takes the value

of the maximum completion time across all tasks for each

component l. In constraint (2), the alternative expres-

sion of CPO is used to ensure that only one of the optional

intervals from fxljik; k 2 MðojiÞg is chosen, and that it starts

and ends with slji. This constraint guarantees that a task is

assigned to one of the available machines. The order

between the components of sji is enforced by constraint (3).

The task precedence constraints of a job are respected due

to the constraint (3). Constraint (4) ensures that tasks

executed on the same machine do not overlap. The se-

quence variables q1k and q2k , along with the sameSequence

expression in constraint (5), enforce a consistent process-

ing order for tasks in both y1k and y2k . Equation (6) calcu-

lates the passive energy consumption for machine k by

using the span expression, which defines an interval from

the start of the first task to the end of the last task assigned

to machine k. Equation (7) determines the active energy

consumption for machine k by using the presenceOf

expression, which outputs a value of 1 if machine k is

processing task oji and 0 otherwise. Finally, Eq. (8) cal-

culates the total energy consumption across all machines

and tasks.

In Sect. 4, constraints (1)–(8) are solved by minimising

the makespan (mðCmaxÞ) and the total energy (mðTEÞ)
separately. These single-objective models are referred to as

CPMS and CPTE, respectively.

3 Solution methodology

Flexible job shop problem with interval processing times that

minimises makespan and total energy use by a lexicographic

goal programming approach is tackled in this study. In Afşar

et al. (2024) a genetic algorithm (GA) has been proposed to

solve this problem. Although the GA provides a good starting

point, it is possible to improve its results significantly. In this

work, we propose a hybrid evolutionary algorithm (HEA) that

has a GA at its core whilst incorporating two additional

strategies: heuristic seeding and post-processing.

TheHEAstarts by generating a pool of solutions usingoneof

theheuristic seedingmethods that are explained inmoredetail in

Sect. 3.1. If the method is used to create less than 100% of the

population, then the rest is generated randomly. Afterwards, the

GA is applied to the population until maximum number of

generations (maxiter) is reached. More detailed information on

the operators of the GA can be found in Afşar et al. (2024).

Then, a post-processing step that is described in Sect. 3.2 is

applied to the best solution found by the GA. A pseudo-code

description of the HEA can be found in Algorithm 1.

3.1 Heuristic seeding

Typically a genetic algorithm starts with a randomly-gen-

erated initial population and evolves throughout a number

of iterations to optimise an objective function. One of the

methods to improve its results is to use a heuristic algo-

rithm while generating the initial population, called as

heuristic seeding Puente et al. (2003) in the literature.

Heuristic seeding in the context of scheduling entails

building a feasible schedule from scratch by iteratively

Algorithm 1 Hybrid Evolutionary Algorithm (HEA)
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assigning a starting time to a non-scheduled operation

regarding problem-specific constraints.

In this study, we start from a randomly generated permu-

tation r of the operations that represents a feasible operation

processing order, i.e., respecting the job precedence con-

straints. Then we proceed with assigning a machine and a

starting time using an insertion policy to each operation in

permutation r in order. This waywe ensure that when the first
unscheduled operation oji is selected to be scheduled, all the

predecessor operations in its job are already scheduled, that is,

8i0\i; 9sji0 and sji0 unless i is the first operation in the job j, in
which case we consider sji0 ¼ 0, and dji0 ¼ 0; i0\i.

3.1.1 Makespan oriented heuristic (H1)

The first heuristic algorithm (H1) focuses on minimising

makespan while assigning a machine k and a starting time

sji for an operation oji 2 r.
Given a partial schedule, let us assume that there are two

operations oj0i0 and oj00i00 consecutively scheduled in machine k

(i.e., sj0i0 ¼ sj00i00 ¼ k) that come before oji in r and such that

cj00i00 [ Ccj0i0 � Ccj;i�1. In other words, both oj0i0 and oj00i00 would

be completed after the job predecessor of oji, namely oj;i�1.

If there exists at least one feasible insertion gap for oji in

machine k, then the earliest starting time for oji in kwould be

estjik ¼ minfcj0i0 : cj0i0 þ djik � Csj00i00 g ð9Þ

If there is no such gap, then the earliest starting time for oji
would be

estjik ¼ maxfcj0i0 : cj0i0 � Ccj;i�1g ð10Þ

The task is then scheduled at machine k� 2 MðojiÞ, where:

estjik� þ djik� � Cestjik þ djik 8k 2 MðojiÞ k 6¼ k� ð11Þ

Once the machine k� where oji is going to be executed is

selected, we assign sji ¼ estjik� and sji ¼ k� and continue to

schedule the next operation in r.
Algorithm 2 shows the pseudo-code of a function cal-

culating estjik for a given task oji and machine k. Based on

it, the pseudocode of H1 is detailed in Algorithm 3.

Algorithm 2 Function estðOs; oji; kÞ to find estjik
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Algorithm 3 Makespan Oriented Heuristic (H1)

3.1.2 Active energy oriented heuristic (H2)

The second heuristic concentrates on minimising the active

energy consumption whilst watching over the completion

time of the current partial schedule. In order to do that, it

looks for a machine k to process oji where the active energy

consumption is the smallest and that does not increase the

maximum completion time of the current partial schedule if

possible.

Let us denote the completion time of the machine k in

the current schedule as cck, and the maximum completion

time of all machines in the current schedule as CCmax:

cck ¼ maxfcj0i0 : sj0i0 ¼ k; oj0i0 �r ojig ð12Þ

CCmax ¼ max
k2M

fcckg ð13Þ

And let us define a set of machines M0ðojiÞ 	 MðojiÞ as:

M0ðojiÞ ¼ fk : estjik þ djik �MPCCmaxg ð14Þ

If M0ðojiÞ 6¼ ;, we select a machine k 2 M0ðojiÞ such that:

APjikdjik �MPAPjik0djik0 8k0 2 M0ðojiÞ; k0 6¼ k ð15Þ

Otherwise, we select a machine k applying Eq. (15) on the

set MðojiÞ instead ofM0ðojiÞ. As before, once the machine k

where oji is going to be executed is decided, we assign

sji ¼ estjik and sji ¼ k, and continue to schedule the next

operation in r.
The pseudocode of H2 can be found in Algorithm 4.
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Algorithm 4 Active Energy Oriented Heuristic (H2)

With these heuristic seeding strategies we can generate

the whole initial population or a portion of it. To obtain a

new heuristic solution we only need a new random r.

3.2 Post-processing

Mathematical models are frequently employed to identify

the optimal solution for small-scale instances in scheduling

problems (Öztop et al. 2020; Fattahi et al. 2007; Lunardi

et al. 2020). However, for larger instances, solvers fail to

reach even a feasible solution within reasonable time

limits. Consequently, metaheuristics have emerged as the

most successful approach in such cases.

In an effort to achieve the optimal balance between both

worlds, we have integrated a commercial CP solver,

specifically IBM ILOG CP Optimizer (CPO) (IBM 2020)

in our work-flow. This solver receives the best solution

obtained through the evolutionary process, Best, as a

starting point, and solves the CP model given in Sect. 2.2

enhancing the precision and reliability of our solutions.

Given that we are solving a lexicographical goal-pro-

gramming problem, CPO solves the CPMS model when

Best does not meet the goal. If Best reaches the makespan

goal, then CPO solves the CPTE model along with an

additional constraint:

mðCmaxÞ�Goal: ð16Þ

The benefit of this additional step is twofold: if the evo-

lutionary algorithm has not yet achieved the makespan

goal, it helps reaching this target; if the goal has already

been met, it further minimizes the total energy consump-

tion while ensuring that the makespan does not exceed the

goal value thanks to constraint (16).

Table 1 UBCmax
values for each instance

Inst UBCmax
Inst UBCmax

Inst UBCmax
Inst UBCmax

07a-l 2187 10a-l 2178 13a-l 2161 16a-l 2148

08a-m 2061 11a-m 2017 14a-m 2161 17a-m 2088

09a-h 2061 12a-h 1969 15a-h 2161 18a-h 2057
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4 Experimental study

In this section we present the empirical evaluation of the

proposed Heuristic Evolutionary Algorithm (HEA). Our

method has been built over the foundations of the Genetic

Algorithm (GA) from Afşar et al. (2024), which to the best

our knowledge, constitutes the current state of the art for

our problem together with CP Optimizer (CPO). We shall

conduct a first set of experiments to evaluate the impact of

including heuristic seeding in the initial population. Once

the best strategy is found in that regard, we include our

second enhancement: the constraint-programming post-

processing. The final algorithm, including both improve-

ments, is then compared with significant longer runs of

CPO solving the presented CP model.

In the course of these experiments, we will employ the 12

instances from Afşar et al. (2024), which are built on the

instances used in Garcı́a Gómez et al. (2023) for the flexible

job shop with fuzzy duration. These instances are, in turn,

adaptations of the well-known test-bed presented in Dau-

zère-Pérès and Paulli (1997). Instances f07a; . . .; 12ag have
15 jobs spanning 293 tasks to be executed using 8 resources

whereas instances f13a; . . .; 18ag are larger, having 20 jobs,
387 tasks and 10 resources. Besides size, flexibility also

plays an important role in instance difficulty. We divide the

instances in three groups based on the average number of

alternative machines per task, l: low flexibility instances (l)

are f07a; 10a; 13a; 16ag with l� 1:5, medium flexibility

instances (m) are f08a; 11a; 14a; 17ag with 1:5\l� 3:0

and high flexibility ones (h) are f09a; 12a; 15a; 18ag with

l[ 3:0. Higher flexibility levels mean larger solution

spaces, so type h instances are expected to be more difficult.

In the following, we append the flexibility level to each

instance name for the sake of clarity (e.g. 08a-m).

For each instance, the makespan target is set to

Goal ¼ ð1þ aÞUBCmax
, where 0\a\1. The value UBCmax

is obtained by solving the CP model defined in Sect. 2.2

using IBM ILOG CP Optimizer 12.9 during 6 h. The cor-

responding UBCmax
values are given in Table 1.

Obviously, the larger is a, the more attainable is the goal

for Cmax. Given the nature of the problem, this would lead

to a larger search space to find solutions with good TE

values that still meet the Cmax goal, putting more emphasis

on this objective function. Conversely, when a is small, the

focus never shifts from minimising Cmax, thus ignoring TE

or having little room to find solutions with good TE values.

For this study, we employ thirteen different values of a:
0.01, 0.05, 0.10, 0.15, 0.20, 0.25, 0.30, 0.35, 0.40, 0.45,

0.50, 0.75 and 0.99.

For the sake of fair comparisons with the previously-

published GA method from Afşar et al. (2024), we use the

same population size and stopping criterion. That is, a

population size of 100, and 10,000 generations as stopping

criterion. To ensure the reliability of the results, each

Table 2 LBs for mðTEÞ values
Inst LBTE Inst LBTE Inst LBTE Inst LBTE

07a-l 5,074,850 10a-l 4,862,820 13a-l 6,797,380 16a-l 6,408,300

08a-m 4,280,450 11a-m 4,636,950 14a-m 6,382,990 17a-m 5,686,210

09a-h 4,361,320 12a-h 4,083,080 15a-h 5,267,490 18a-h 5,379,080

Fig. 2 GA random with initial

population versus GA with

different initial populations
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method is run ten times. All experiments are run on a Linux

machine equipped with two Intel Xeon Gold 6240 pro-

cessors and 128GB of RAM. The full set of results is

available at the following URL: http://di002.edv.uniovi.es/

iscop.

Due to the goal programming nature of our problem, the

main target is always to meet the makespan goal. Once

reached, the goodness of a solution relies on the value of

the secondary objective function, that is TE. Therefore, to

compare the results of different methods over different

instances, we shall first assess for which instances and a
values the method is capable of finding solutions that meet

the Cmax goal. For the instances where the goal is met, we

compare solutions based on the relative error (RE)

between the midpoint of the TE values and the best known

lower bound, LBTE, defined as:

REðTEÞ ¼ mðTEÞ � LBTE

LBTE
:

As in Afşar et al. (2024), the LBTE values are obtained with

a heuristic method for which all tasks are processed on

their most energy-efficient machines (i.e., those with the

lowest active energy consumption for the task) without

pausing the machine between tasks. The LBTE values pro-

vides by this method are reported in Table 2.

4.1 Heuristic seeding analysis

Firstly, we test the contribution of the heuristic seeding in

the Genetic Algorithm. To this purpose, we compare the

two proposed heuristics, the Makespan Oriented Heuristic

(H1) and the Active Energy Oriented Heuristic (H2), using

them to generate different percentages of the initial popu-

lation. The remaining solutions are generated at random, as

in Afşar et al. (2024). We test the following setups:

• All initial solutions randomly generated (GA fro-

m Afşar et al. (2024))

• 10% with heuristic H1 and 90% at random (H1_10)

• 100% with heuristic H1 (H1_100)

• 10% with heuristic H2 and 90% at random (H2_10)

• 100% with heuristic H2 (H2_100)

• 50% with heuristic H1 and 50% with heuristic H2

(H1_50.H2_50)

In Fig. 2 we plot the average RE(TE) values obtained with

all methods in the high flexibility instances for all a values.

If a method does not reach the Cmax goal in all h-type

instances for a given a, its RE(TE) is not plotted, since it is
considered irrelevant given that Cmax remains the main

objective function. The figure focuses only on high flexi-

bility instances because they are considered more difficult,

having larger solution spaces. However, the figure is quite

representative of the performance on the other instances. If

something, the differences in lower flexibility instances are

smaller.

It is easy to see that the tightest goals (smallest a values)

are hard to achieve by the GA with and without heuristic

seeding. Only one of the variants of GA is able to reach the

target in all considered instances for a ¼ 0:10. For all other

variants, the goal is always met for instances with a� 0:15.

However, we have seen that when GA is seeded with H1,

especially with H1_100, it tends to show premature con-

vergence. This might be a consequence of having initial

solutions so focused on Cmax that the population rapidly

converges to areas of the search space that are good in

makespan, but then lacks the diversity to take advantage of

a more flexibility-oriented objective function such as TE.

Note that solutions with good makespan do indeed have a

reasonably good energy value, so good makespan-oriented

solutions can easily pose as local minimum for TE. This is

also supported by the fact that H1_10 is actually the only

variant of GA meeting the goal when a ¼ 0:10 and, in

general, when a is small and most of the search is devoted

to optimise Cmax, the variants with H1 offer good results.

However, they struggle to optimise TE once the goal is

achieved.

Fig. 3 Runtimes of GA?H2

(100) with respect to instance

flexibility levels
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On the other hand, when including the heuristic H2, we

can see that the goal is also achieved for all a� 0:15, but

the obtained TE values are better. When a increases and

the makespan goal is easier to reach, the use of H2 starts

showing bigger differences, using the extra runtime to

focus better on energy optimisation. In that regard, the best

values are achieved when the initial population is generated

either 50% with each heuristic, or completely with H2,

being slightly better in the latter. In consequence, this will

be our heuristic seeding method for the GA in the rest of

the experiments.

Before analyzing the contribution of the post-processing

step, we first discuss the efficiency and scalability of the

selected setup, namely the GA with an initial population

100% generated by H2, hereafter referred to as GA?H2

(100). Figure 3 presents the runtimes of each instance as a

boxplot across all values of a. Instances with low, medium,

and high flexibility levels are depicted in light, medium,

and dark blue, respectively. As expected, smaller instances

require less computational time compared to larger ones.

The method escalates linearly with the size, increasing the

runtime 29% in average from smaller instances (293 tasks)

to larger ones (387 tasks). Additionally, the flexibility level

of an instance significantly impacts the runtime: even

among instances of the same size, higher flexibility leads to

longer execution times due to the increased number of

options and, consequently, a larger solution space. Fur-

thermore, the lower end of each boxplot corresponds to the

lowest a values, while the upper end represents higher a
values. This indicates that a more relaxed makespan goal

Fig. 4 GA with and without

post-processing

Fig. 5 HEA versus GA without

post-processing
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also results in a more computationally challenging

problem.

4.2 Constraint programming post-processing

The second improvement we propose to complete our

Hybrid Evolutionary Algorithm (HEA from now) is the

post-processing of solutions using Constraint Program-

ming. Since our approach is meta-heuristic, we consider

that runtime is an important factor. Therefore, for the post-

processing we run CPO with a time limit of 300 s in total,

returning the best upper bound found within that period.

Figure 4 shows the average RE(TE) values achieved by

HEA and the GA with H2_100 heuristic seeding without

the post-processing. As before, the average is computed

across all high flexibility instances for all a values, and the

RE(TE) values are only plotted if the method reaches the

Cmax goal in all considered instances for a given a. Nev-
ertheless, the figure is also representative of the perfor-

mance of all methods in the low and medium flexibility

instances. The advantages of including the post-processing

are very clear in the figure. The full HEA is able to meet

more restrictive Cmax goals than the GA from Afşar et al.

(2024) and the GA with heuristic seeding alone. In fact, it is

able to reach the goal in all instances with a� 0:05,

whereas the other methods can do so, only when a� 0:15.

Even when all methods can achieve the goal (a� 0:15),

HEA finds better RE(TE) values for all a values.

4.3 Comparisons with the state-of-the-art
algorithms

To the best of our knowledge, the only known results for

our problem are those obtained by the GA in Afşar et al.

(2024), which we complement by solving the CP Model of

the problem using the commercial solver IBM ILOG CP

Optimizer (CPO). Since we run the solver for 300 s as part

of the post-processing in HEA, we give it the same time to

solve the full model optimising either Cmax (CPMS) or TE

(CPTE). As in previous sections, Fig. 5 shows the average

RE(TE) values obtained with the different methods over the

high-flexibility instances when the Cmax is met in all of the

instances for a given a.
We can appreciate that whenCPO optimises makespan, it

reaches the goal for the same instances as HEA (a ¼ 0:05),

which means thatHEA is as good asCPO regarding themain

objective function. In fact, the TE values of the CP solutions

are quite good, even through CP only optimises makespan.

This is similar to the behaviour observedwhen testing theH1

heuristic seeding in previous sections: that is, minimising

makespan leads to promising solutions in terms of TE, but

does not leave room to improve beyond that.

When CPO is used to optimise TE, it obtains better

results than CPMS in this objective function, but it does not

reach the makespan goals when they are more restrictive,

as expected. What is more significant is that even opti-

mising only TE, CPO cannot offer results as good as those

obtained by HEA. We have included an extra test in the

figure, which is letting CPO run for 6 h when optimising

TE. Given the extra time, CPO find solutions with much

better TE values at the cost of sacrificing meeting the Cmax

goal (is only met for a� 0:45). But even in this case, the

results are far from the results obtained with HEA for the

same a values.

These experiments show that when CPO is not fed with

a good solution from the GA component, it cannot reach

solutions as good as those obtained by the HEA. In fact, we

have seen that HEA is capable of meeting the same Cmax

goals as CPO optimising only makespan, and at the same

time obtain better TE values than CPO optimising

specifically this objective function for a longer time. They

also illustrate that the problem of reducing energy con-

sumption while maintaining an acceptable makespan value

is not trivial, especially when the Cmax thresholds are

tighter.

5 Conclusions and future work

This work addresses a green flexible job shop scheduling

problem, aiming to minimise both makespan and total

energy consumption which reflects the real-world trade-

offs faced by production facilities and aligns with the

broader motivation of balancing operational and environ-

mental objectives. As these objectives typically have dif-

fering levels of importance for industrial decision-makers,

a lexicographic approach is proposed to find a compromise

between these competing objectives. However, a strict

lexicographic approach may overemphasize the primary

objective and neglect the others. In practice, decision-

makers might be willing to accept a slight compromise in

the main objective if it results in significant gains in the

remaining ones. Therefore, lexicographic goal program-

ming is chosen to tackle this problem.

Although makespan is a well-studied objective in the

literature, energy objectives are relatively new in the

scheduling field. In our work, to calculate total energy

consumption, we assume that operators turn on a machine

with the beginning of the first task scheduled on it and turn

it off when the last one is completed. To solve the problem,

we have extended the Genetic Algorithm from Afşar et al.

(2024) in two ways. We have included a heuristic seeding,

proposing two different heuristic strategies to create higher

quality solutions in the initial population: one more

makespan oriented and the other more energy oriented. A
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post-processing based on Constraint Programming is also

included at the end of the genetic algorithm. The empirical

study shows that among the heuristic strategies, the energy-

oriented heuristic seeding is capable of meeting quite

restrictive makespan goals while offering large improve-

ments in energy optimisation. The post-processing

improves the algorithm even further, allowing it to meet

very restrictive goals while improving energy consumption

at the same time. In a comparison with the state of the art

and the commercial solver CP Optimizer, our method is

capable of meeting the same goals as CPO in the main

objective function while obtaining more energy efficient

solutions than CPO optimising specifically this objective

function for 6 h. In summary, we have proposed a well-

balanced method that matches the best results on the pri-

mary objective function but takes better advantage of the

goal programming setting to then outperform methods that

are specific to that function.

Green scheduling is an evolving field with numerous

avenues yet to be explored. One promising direction for

future research involves developing energy consumption

models that account for the intermittent nature of renew-

able energy generation. Additionally, investigating the

influence of fluctuating energy prices on scheduling deci-

sions could yield valuable insights. Finally, integrating

additional scheduling constraints, such as setup times, into

the green flexible job shop scheduling problem presents

another worthwhile area for further study.
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