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THE PERMUTATION FLOW SHOP BATCH SCHEDULING PROBLEM: AN
IMPROVED POPULATION-BASED ITERATIVE GREEDY ALGORITHM WITH

SELF-ADAPTION AND SELF-VIEWING

Xiyang Liu1,* , Fangjun Luan1, Ming Zhao1, Haomin Zhao2 and Ye Zhang1

Abstract. To address production scheduling difficulties, efforts in academia and industry focus
on achieving a balance of economic, environmental, and societal growth through green manufactur-
ing scheduling. In this paper, the multi-objective permutation flow shop batch scheduling problem
(MOPFSBSP) is optimized by taking makespan and machine emission noise into account. As a re-
sult of evaluating other NEH-based algorithms, the enhanced NEH PRSQ algorithm yields a favorable
initial solution after evaluating other NEH-based algorithms. The improved population-based itera-
tive greedy algorithm (IPBIG) is then given a self-adaptation and self-viewing strategies to make it
better at exploring. Then, a local search algorithm is suggested to apply mutation and replacement
to sub-batches and sub-lots of each product to achieve the best solution. The algorithms presented
in this research are tested on the Car, Rec, and Hel standard database instances and compared with
traditional and innovative algorithms. The experimental data shows that the IPBIG algorithm outper-
forms other algorithms in optimizing over 74.19% of instances, particularly medium- and large-scale
instances. Undoubtedly, the IPBIG algorithm offers a superior solution to the MOPFSBSP problem.
It also significantly diminishes production noise, enhances operational efficiency for enterprises, and
provides a novel trajectory for the sustained advancement of manufacturing firms.
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1. Introduction

The green manufacturing [1–3] industry is gaining prominence due to heightened public consciousness and
intensified competitiveness. The primary goal is to enhance efficiency and reduce environmental pollution [4,
5]. To improve productivity and minimize environmental harm, industrial companies should adopt efficient
environmental preservation techniques [6] and utilize advanced technologies, such as green scheduling approaches
[7].

The shop scheduling problem was categorized into three types: job shop problem (JSP) [8–10], flow shop
problem (FSP) [11, 12], and open shop problem (OSP) [13, 14]. FSP allocates resources to jobs to improve
target efficiency. While the permutation flow shop problem (PFSP), which aims for productivity, has been
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extensively addressed, few prioritize machine emission noise reduction. The multi-objective permutation flow
shop batch scheduling problem is introduced in this paper. It adds batch [15] and lot streaming [16] to the
general PFSP problem. The problem involves multiple sub-batches within each product, where each sub-batch
consists of multiple jobs forming a sub-lot. The objectives of it include minimizing machine emission noise [17]
and makespan [18]. It is different from the usual PFSP for multiple jobs, so it is more challenging to deal
with sub-lots, and the processing time needs to be calculated according to the sub-lots of the product. It is a
development and advancement in the field of PFSP. Although more sophisticated, MOPFSBSP corresponds to
the current production environment and reduces stockpiling and completion dates.

Meta-heuristic algorithms [19] have shown excellent performance in scheduling problems, such as particle
swarm optimization [20], differential evolution [21], ant colony optimization [22], firefly algorithm [23], cuckoo
search algorithm [24], and bat algorithm [25]. Furthermore, the iterative greedy algorithm (IG) exhibits excellent
performance [26]. The IG algorithm is a straightforward yet highly efficient method that achieves state-of-the-
art results in many flow shop problems and their variations [27]. In contrast to approaches based on complex
metaphors, IG is a search technique that does not possess memory and has very little structure. Simple encoding,
comprehension, and adaptation to additional situations make the IG method appealing [28,29]. Many researchers
have achieved successful results by utilizing the IG algorithm [27]. Considering the factors mentioned above,
it can be anticipated that employing IG-based algorithms to solve MOPFSBP is going to produce superior
outcomes.

This paper establishes two objective functions. The first objective, known as makespan, signifies the com-
pletion of the final job. Minimizing this objective can significantly enhance production efficiency and economic
benefits for the enterprise while concurrently decreasing carbon emissions and minimizing noise generation
duration. The second objective is the average minimum noise, which impacts the living environment of nearby
residents and the health of enterprise personnel. Mitigating noise produced during the enterprise’s operations
is crucial for the long-term development of both the nation and its populace, so these two objectives have
critical importance for the enterprise’s long-term success. And then the MOPFSBSP is solved using the NEH
algorithm [30] and the proposed IPBIG algorithm. We simplified the improved NEH-based heuristic method
[31] to create the NEH PRSQ algorithm for first-solution searching. Next, we design the IPBIG algorithm with
three improvements over the classical IG algorithm [32] to improve exploration, solution quality, and algorithm
stability. First, the IG algorithm uses a population, starting with the initial solution from the NEH PRSQ

algorithm. The population makes more quality solutions possible and prevents deviance from the track of high
quality solutions. Second, the IPBIG algorithm incorporates self-adaption and self-viewing. The self-adaption
strategy uses a formula to set the bottom border of the length of the destroyed coding segments; as a result, it
adapts to changing sizes of problems and simulates real manufacturing. The self-viewing strategy can specify
the upper limit of the destroyed coding segments to check if the objectives converge throughout iteration. It can
then adjust the remaining iterations based on the outcome to discover the optimum solution in a more detailed
optimization. Finally, three different local search algorithms are established to further investigate superior solu-
tions. Then, the algorithm is evaluated through two experiments, comparing it with other classical and novel
algorithms and demonstrating its superior exploration and stability capabilities.

2. Literature review

Experts have recently begun using heuristic algorithms, meta-heuristic algorithms, and mixed heuristic algo-
rithms more frequently to address the PFSP [33]. Afterwards, this study will analyze them from multiple
viewpoints.

2.1. Intelligent optimization algorithms

Intelligent optimization algorithms, such as heuristics and metaheuristics, are used to solve the FSP [34].
For example, the NEH algorithm [30], initially designed to solve the FSP, has become less accurate due to its
simplicity but is still widely used to solve the initial solution. Hao-Xiang Qin et al. [35] developed an improved IG
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algorithm to tackle the block hybrid flow shop problem. They used a standard simulated annealing criterion, a
global perturbation approach based on a semi-exchange operator, to search for likely optimal solutions. However,
the history demonstrates that experts have employed numerous intelligent algorithms to solve FSP. McCormick
et al. [36] suggested using contour fitting to minimize blocking time and idle time. Ronconi [37] created the MME
constructive heuristics approach for the FSP with blocking constraints. The heuristics mentioned previously
demonstrated outstanding performance in initializing solutions. Therefore, these methods are also integrated
into the initialization of the FSP. Suash Deb et al. [38] created RSA, a meta-heuristic search algorithm that
draws inspiration from rhinoceros behavior. It enhances production scheduling by achieving a 3% improvement
across various scales of the PFSP problem.

2.2. Permutation flow shop with single-objective

Since its initial discovery and investigation, the permutation flow shop problem, a well-established and thor-
oughly studied variant of FSP, has received significant contributions from several scholars. Jan Gmys et al. [39]
developed a branch-and-bound algorithm (B & B) for effectively solving the permutation flow shop problem
(PFSP). Their approach emphasizes parallel-tree exploration on multi-core central processing units (CPUs),
with the goal of reducing the makespan. Mohamed Abdel-Basset [40, 41] proposed a new technique that com-
bines the whale optimization algorithm with a local search approach to address the PFSP problem. This method
specifically targets discrete search spaces and aims to optimize the makespan by using the largest rank value
(LRV). Noor Aldeen Alawad [42] proposed DJRL3M, an improved version of discrete Jaya that incorporates
refraction learning to produce numerous initial solutions and three mutation techniques to limit makespan. To
minimize the makespan for the permutation flow shop scheduling problem (PFSP), Zixiao Pan [43] developed
an effective deep reinforcement learning optimization technique. He created PFSPNet, a deep neural network
that can produce end-to-end outputs regardless of problem size, trained it via behavioral critique reinforcement
learning, and established an enhancement strategy to improve its solutions. It uses Deep Reinforcement Learn-
ing (DRL), Graph Isomorphic Network (GIN), and the IG algorithm to minimize the Permutation Flow Shop
Problem (PFSP). Experimental results show that the RL+IG hybrid approach yields superior solutions quickly.
Zhuoran Dong [44] suggested a novel learning-based method to minimize the Permutation Flow Shop Problem
(PFSP) with Deep Reinforcement Learning (DRL), Graph Isomorphic Network (GIN), and IG algorithm. The
experimental findings indicate that the suggested RL+IG combinatory method can achieve superior solutions
rapidly. According to the research, it is evident that scholars studying PFSP typically fail to consider practi-
cal variables like energy consumption and environmental issues. As a result, there is a growing preference for
multi-objective optimization in flow shop problems, especially in complicated industrial settings.

2.3. Green permutation flow shop

Recently, FSP scholars have become interested in green scheduling. Research on it dates back to the 1990s,
including Boukas [45] and Janiak [46]. Chao Lu [47] researched an energy-efficient PFSP with a sequence-
dependent setup and adjustable transport time using a hybrid multi-objective backtracking search algorithm
(HMOBSA). By combining differential evolution, enhanced search, and job-switching mutation techniques, Xu
Xin [48] improved the discrete whale swarm optimization algorithm (IDWSO). Its goals include performance and
PFSP with sequential setup time. It also employs a new conveyor speed management method to reduce makespan
and energy consumption. Yaping Fu [49] created a stochastic simulation-based multi-objective brainstorming
optimization approach to solve a distributed permutation flow shop problem with real delay constraints. It
reduces waste and energy use. As previously stated, research on green permutation flow shops focuses on
time and cost savings. Environmental protection, energy consumption, workforce, productivity, and economic
efficiency must be studied thoroughly and methodically.
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Figure 1. Gantt chart of MOPFSBSP.

2.4. Permutation flow shop batch scheduling problem

Feldmann [50] studied the multi-product batch flow problem in a PFSP and proposed a mixed integer
programming formulation to find the optimal sub-batch size and sequence. Yuxia Pan [51] uses five meta-
heuristic algorithms to solve this problem: Particle Swarm Optimization (PSO) [52], Genetic Algorithm (GA)
[53], Harmony Search (HS) [54], Artificial Bee Colony (ABC) [55], and Jaya Algorithm [56]. These algorithms
find the best way to divide up the jobs among the factories and arrange them so that the makespan is as short
as possible. Wenyan Wang [57] proposed a two-stage discrete water wave optimisation (TSDWWO) algorithm
to optimise sub-batching and sequencing for solving the permutation flow shop with lot-streaming.

From the above review and presentation, we can see that the literature in Section 2.1 primarily addresses
general flow shop scenarios. Section 2.2 concentrates on the single-objective permutation flow shop scheduling
problem. Section 2.3 introduces green scheduling within the permutation flow shop context, focusing on the
dual objectives of makespan and total energy consumption. Section 2.4 discusses permutation flow shop batch
scheduling, primarily targeting the optimization of sub-batch sizes or a single objective. Consequently, it is
evident that previous studies have not simultaneously addressed both production efficiency and noise pollution
as dual optimization objectives. The incorporation of sub-batches into the objective increases the complexity of
the problem. This paper aims to construct a multi-objective production scheduling problem with sub-batches
(MOPFSBP), optimizing it to enhance the economic efficiency of manufacturing enterprises while also con-
tributing to environmental protection efforts.

3. Problem description and modelling

MOPFSBSP is an extension of PFSP that incorporates lot streaming. To clarify the problem presented in
this paper, we can refer to the Gantt chart in Figure 1. The figure shows four machines, each assigned to
produce a specific process. Products are manufactured in the same sequence on each machine. A sub-lot [58]
of products is produced without waiting for the completion of all other remaining sub-batches of the product
on that machine, and it continues directly to the next production stage. This kind of problem enhances the
process, reduces delivery time [59], work in process inventory [60], transportation constraints [61], and loads
on the material transport systems [62], etc. As a result, learning how to optimize these problems benefits the
current manufacturing industry by improving its economic efficiency and development.

To describe the MOPFSBSP, the following assumptions are proposed:

(1) Each machine can process only one sub-batch of a product at a time.
(2) Each sub-batch can be processed by only one machine at a time.
(3) The products are processed in the same order on each machine.
(4) Once a sub-batch has started processing on one machine, it cannot be interrupted.
(5) The preparation time for all sub-batches is not taken into account.
(6) The start time is zero.

The symbols used in the mathematical model are defined in Table 1.
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Table 1. Symbols definition.

Indexes Meaning

𝑖 Machine index, 𝑖 = 1, 2, . . . , 𝑀
𝑘 Index of the position of the product’s sub-batch in the production sequence, 𝑘 = 1, 2, . . . , 𝐾
𝑗𝑘 Index of the jobs at position 𝑘 of the production sequence, 𝑘 = 1, 2, . . . , 𝐾

Parameters Meaning

𝑀 Number of machines
𝐾 Total number of all sub-batches in the production sequence
𝐽𝑘 Total number of jobs contained in the sub-batch at position 𝑘 of the production sequence
𝑝𝑗𝑘,𝑖,𝑘 Processing time of job 𝑗𝑘 on machine 𝑖 at position 𝑘 of the production sequence
𝑃𝑗𝑘,𝑖,𝑘 Total processing time on machine 𝑖 at position 𝑘 of the production sequence for the sub-batch

in which job 𝑗𝑘 is located
𝐶𝑖,𝑘 Completion time of the sub-batch at position 𝑘 of the production sequence on machine 𝑖
𝑣 Speed gear, 𝑣 = 1, 2, 3
No𝑣 Noise per unit time at different speed gears, No1 = 200, No2 = 250, No3 = 300

The loudness of sound can generally be described using physical quantities such as sound pressure and sound
pressure level, sound intensity and sound intensity level, sound power and sound power level. Typically, the
ratio of two physical quantities – the sound pressure level, measured in decibels (dB) is used to quantify sound,
describing the magnitude of the physical quantity in the numerator relative to the reference in the denominator.
In flow shop problem, noise primarily originates from machine operation and the contact between jobs and
machinery during processing. For these structural noises, when the machinery operates at a certain power level,
the noise radiates as a steady broadband signal. According to the “Environmental Noise Emission Standard
for Boundaries of Industrial Enterprises”, this paper evaluates the radiation of machining noise using Class A
sound pressure, where the equivalent sound level can be expressed as:

Leq = 10 lg

(︃
1
𝑇

∫︁ 𝑇

0

100.1𝑙𝑖 d𝑡

)︃
(1)

where 𝑙𝑖 is the instantaneous A-weighted sound level at time 𝑡; 𝑇 is the measurement time interval. When the
machine operates at a constant power, the radiated sound levels during each phase can be considered fixed and
unchanging. Therefore, the sound power level can also be expressed as:

Leq = 10 lg
∑︀

𝑖 100.1𝑙𝑖𝑇𝑖∑︀
𝑖 𝑇𝑖

(2)

where 𝑙𝑖 denotes the instantaneous A-weighted sound level for time interval 𝑖; 𝑇𝑖 represents time interval 𝑖.
Given the research focus of this paper and considering that different noise sources from each machine result in
variations in instantaneous sound pressure levels, the noise generated throughout the entire machining process
is determined by the distinct sound pressure levels produced during the operation of each machine, it is also
the first objective studied in this paper:

min 𝑓1 = 10 log

(︃∑︀𝑀
𝑖=1

∑︀𝐾
𝑘=1 100.1No𝑣𝑃𝑗𝑘,𝑖,𝑘∑︀𝑀

𝑖=1

∑︀𝐾
𝑘=1 𝑃𝑗𝑘,𝑖,𝑘

)︃
· (3)

In this paper, we solve two objectives: the average minimum emission noise of the machine [63] (As in Eq.
(3)) and the makespan (As in Eq. (4)). The model is proposed below:

min 𝑓2 = 𝐶max (4)
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𝐶𝑖,𝑘 =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
𝑃𝑗1,1,1, if 𝑖 = 1, 𝑘 = 1
𝐶1,𝑘−1 + 𝑃𝑗𝑘,1,𝑘, if 𝑖 = 1, 𝑘 = 2, 3, . . . ,𝐾

𝐶𝑖−1,1 + 𝑃𝑗1,𝑖,1, if 𝑘 = 1, 𝑖 = 2, 3, . . . ,𝑀

max {𝐶𝑖−1,𝑘, 𝐶𝑖,𝑘−1}+ 𝑃𝑗𝑘,𝑖,𝑘, if 𝑖 > 1, 𝑘 > 1

(5)

𝐶max ≥ 𝐶𝑖,𝑘 (6)

𝑃𝑗𝑘,𝑖,𝑘 =
𝐽𝑘∑︁

𝑗𝑘=1

𝑝𝑗𝑘,𝑖,𝑘, 𝑘 = 1, 2, . . . ,𝐾. (7)

Equation (3) figures out the average minimum noise made during production using the “Emission standard for
industrial enterprises noise at boundary” [64] (another goal). The standards set environmental noise emission
limit values and measurement methods for domestic industrial enterprises and can be used for managing,
evaluating, and controlling industrial emissions. Equation (4) minimizes makespan, which is the main goal of
this paper. Equation (5) represents the constraints for flow shop batch scheduling problem. The first equation in
the expression denotes the completion time of the first sub-batch produced on the first machine, which is equal
to the total processing time of that sub-batch. The second equation denotes the completion time of the sub-batch
at position 𝑘 of the production sequence on the first machine. The third equation represents the completion time
of the sub-batch at the first production position on machine 𝑖, and the fourth equation represents the constraint
on the completion time of the sub-batches. Equation (6) constrains the completion time, ensuring that the
completion time of the last sub-batch is no more than the makespan. Equation (7) defines the processing time
of a sub-batch as the total of the processing times of its jobs, calculated by multiplying the processing time of
a single job by its number of jobs. The paper mathematical model adds parameters and indices to represent
sub-batches and sub-lots to the regular PFSP model, making it better for MOPFSBSP.

4. Description of the proposed algorithm

This section details the operational procedures of the algorithms presented in the paper, covering the exper-
imentation and selection of the NEH-based algorithms, the implementation of self-adaption and self-viewing
strategies in the IPBIG algorithm, and the optimization of the solution of the local search algorithm.

4.1. NEH-based algorithm for the initial high-quality solutions

The NEH algorithm is a classical heuristic method. Based on the NEH, we first propose a swap method
named NEH SM, which significantly reduces the running time of the classic NEH, and then propose a new
priority rule, denoted as NEH PRSQ, to obtain a valid initial sequence.

4.1.1. Classical NEH algorithm

The NEH algorithm [30] provides an efficient heuristic method for solving the FSP and is commonly used for
creating initial solutions. Like most of the heuristic algorithms used for solving FSP, it is a heuristic method
designed for solving a scheduling scheme with 𝑚 machines and 𝑛 jobs. It is straightforward and practical for
implementation.

The operation of the NEH can be described in the following steps:

(1) Creates an input sequence for all products in a non-increasing order of processing time.
(2) Adds the first product in the input sequence to an empty planned partial sequence.
(3) Adds each remaining product in the input sequence to the partial sequence of planned products until all

products in the input sequence have been designed.

As described above, the classical NEH algorithm prioritizes objects with longer processing times, and the
limitations are clear: outliers or extreme values in processing time will directly impact the optimization capability
of algorithms.
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Figure 2. Process of NEH SM algorithm.

4.1.2. 𝑁𝐸𝐻 𝑆𝑀 algorithm

This section modifies the way the NEH algorithm creates input sequences by using the Swap Method (SM)
to improve the N-NEH+ algorithm [65], namely NEH SM, which does not need to re-insert the products
one by one like the classical NEH algorithm. By directly exchanging product positions, the running time is
significantly reduced. On the other hand, this will negatively impact the capability of schedule optimization.
Thus, the decision to utilize the NEH SM algorithm should be based on the current production circumstances.
The pseudo-code is as follows:

Algorithm NEH SM

Input: Sequence of Product 𝐽1, . . . , 𝐽𝑛

Output: Sequence of Product recorded by using Swap Method
for 𝑖 = 1 to 𝑛/2𝑘 do

𝑛𝑟 = (𝑖− 1)2𝑘
for 𝑗 = 1 to 𝑘 do

SWAP (𝐽 [𝑛𝑟 + 𝑗], 𝐽 [𝑛𝑟 + 𝑗 + 𝑘])
end for

end for

As shown in Figure 2, the initial products are produced in the order of {𝐽1, 𝐽2, 𝐽3, 𝐽4, 𝐽5, 𝐽6, 𝐽7, 𝐽8}.

4.1.3. 𝑁𝐸𝐻 𝑃𝑅𝑆𝑄 algorithm algorithm

The classical NEH prioritizes products with longer processing times. The prioritization rule was updated by
Dong et al. [66] to include the standard deviation of processing time for products. Their experiments successfully
demonstrated the use of the standard deviation as a metric for quantifying the processing time of a product
variability. According to Liu et al. [67], mean absolute deviation, kurtosis, and skewness have been introduced to
the distribution of processing time to improve accuracy. This paper selects the NEH PRSQ heuristic algorithm,
which considers both the standard deviation and the inclusion of the quartile deviation. Unlike the mean and
standard deviation, the quartile bias [68] is not affected by extreme observations, which makes it a better
measure of central tendency and dispersion for highly skewed data. As the quartile deviation increases, the data
in the center becomes more dispersed. The priority rule of the NEH PRSQ algorithm is to prioritize products
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with a longer average processing time, taking into account both the standard and quartile deviations. So, the
higher the standard deviation and quartile deviation of the processing time, the higher the priority of product.

To eliminate dimensional effects between indicators, normalization is performed to balance the concentration
trend and dispersion of the processing time of the products on the machine. As shown below, the products are
arranged in ascending order:

𝐴(𝑖) = 𝜂 × AVG𝑖 −min(AVG)
max(AVG)−min(AVG)

+ (1− 𝜂)×
(︂

STD𝑖 −min(STD)
max(STD)−min(STD)

+
QD𝑖 −min(QD)

max(QD)−min(QD)

)︂
(8)

where 𝜂 ∈ (0, 1), AVG𝑖 denotes the average processing time of product 𝑖, 𝑇[𝑖],𝑘 is the processing time of the
𝑖th product on machine 𝑘 for the production sequence 𝜋 in the PFSP, STD𝑖 and QD𝑖 represent the standard
deviation and quartile bias of the processing time of product 𝑖. As a mathematical expression, we have the
following:

AVG𝑖 =
1
𝑚

𝑚∑︁
𝑘=1

𝑇[𝑖],𝑘 (9)

STD𝑖 =

[︃
1

𝑚− 1

𝑚∑︁
𝑘=1

(︀
𝑇[𝑖],𝑘 −AVG𝑖

)︀2]︃ 1
2

· (10)

We consider each product as an individual and sort these products in ascending order of processing time. 𝑥1

and 𝑥3 are the positions where the first and third quartiles of the product sequence are located, 𝑄1 and 𝑄3 refer
to the products represented by the positions 𝑥1 and 𝑥3, respectively, and 𝑛 is the number of products, defined
as follows:

QD𝑖 =
𝑄3 −𝑄1

2
(11)

𝑥1 =
𝑛 + 1

4
(12)

𝑥3 =
3(𝑛 + 1)

4
· (13)

The pseudo-code for NEH PRSQ is shown below:

4.1.4. Comparison of NEH-based algorithms

To optimize the objectives, we introduced three NEH-based algorithms and conducted a comparison experi-
ment between them. The instances are chosen from the Rec standard database, and the results are generated by
running each instance randomly ten times. Table 2 demonstrates that the NEH PRSQ algorithm outperforms
the other two algorithms in terms of the maximum, minimum, and average values of the two objectives. It has
been reported that the favorable rate for the average minimum noise has reached 55.56%, and the dominance
rate for makespan has increased by 66.67%. As a result of the above analysis, the NEH PRSQ algorithm will be
utilized in this paper to produce the first solution.

4.2. IPBIG algorithm with self-adaption and self-viewing strategies

The IG algorithm improves solutions via heuristics. It improves local search by using destruction and recon-
struction to uncover better solution schemes. They have effectively been utilized to address PFSP optimization
[69]. However, when local exploration algorithms are used, the normal IG algorithms, which use a constant
parameter value in the destruction, are not good enough to deal with MOPFSBP problems of different sizes,
such as small, medium, and large problems. If the parameter setting is excessively large, it will significantly
enhance the time cost advantage of small problem sizes, thereby increasing time complexity. Conversely, if the
parameter setting is too small, the optimization of the objective function for medium and large-scale problems



THE PERMUTATION FLOW SHOP BATCH SCHEDULING PROBLEM 561

Algorithm NEH PRSQ

//Initial ordering
for 𝑖 = 1 to 𝑛 do, Compute

𝐴(𝑖) = 𝜂 × AVG𝑖−min(AVG)
max(AVG)−min(AVG)

+ (1− 𝜂)×
(︁

STD𝑖−min(STD)
max(STD)−min(STD)

+ QD𝑖−min(QD)

max(QD)−min(QD)

)︁

end for
//Insert procedure
Input: 𝐴(𝑖)
Output: Sequence with minimum makespan.
Initial phase: Sort 𝑛 products in non-increasing order of 𝐴(𝑖) into the initial list of products 𝐿 = {1, . . . , 𝑛}
// Step 1
Schedule the first product and remove it from 𝐿
// Step 2
for 𝑗 = 2 to 𝑛 do

Insert the product 𝑗 in the place that minimizes the partial makespan among the 𝑗 possible ones
// Step 3
Remove product 𝑗 from the list.

end for

Table 2. Comparative experiments of NEH algorithms.

Instance Size
NEH NEH SM NEH PRSQ

Nomin Makespan Nomin Makespan Nomin Makespan

Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max

Rec1 20× 5 687.7296 688.1581 689.0541 333 081 351 114 385 514 687.7296 688.1856 689.0541 339 616 379 086 418 649 687.1787 688.1380 689.2264 310 121 327 423 342 733

Rec3 20× 5 687.4299 688.1466 688.5565 278 830 301 260 351 119 687.4299 688.1064 689.2105 268 798 334 843 400 644 687.6368 688.1050 688.5002 280 247 293 826 306 309
Rec5 20× 5 686.0601 687.8363 689.0859 321 930 330 753 340 986 686.0601 687.8276 689.0223 335 982 391 677 439 889 685.9663 687.8270 689.0546 319 649 337 976 353 972

Rec7 20× 10 687.1990 687.5357 687.9728 369 298 390 444 420 155 687.1990 687.5570 687.9728 390 883 441 872 527 050 687.1920 687.5547 687.9143 365 016 391 110 437 047

Rec9 20× 10 687.3819 687.8592 688.1574 377 939 403 455 460 045 687.3819 687.8383 688.1574 379 128 431 319 473 871 687.4812 687.8669 688.2681 379 128 389 568 395 628
rec11 20× 10 687.0620 687.7616 687.9946 340 106 359 860 423 932 687.0620 687.7625 687.9946 390 745 400 928 423 932 687.0301 687.7736 687.9877 324 060 353 330 381 865

will be considerably less effective. To improve solution results, local search algorithms must avoid search range
limitations and prioritize diversity [70]. Thus, new algorithms are needed to handle the different sizes of prob-
lems while providing high-quality solutions at the start and end of performance, as well as further research.
The IPBIG algorithm enhances the adaptability and exploration of IG algorithm without increasing temporal
complexity. This spurred algorithmic development.

The initial solution produced by the NEH PRSQ algorithm is the first in the population; subsequent initial
solutions are generated at random. The IG algorithm comprises two components: destruction and reconstruc-
tion. During the destruction process, the IPBIG algorithm introduces self-adaption and self-viewing, allowing
for a variable number of destroyed products. The self-adaption strategy establishes lower bounds on the length
of destroyed coding segments based on the size of instances to achieve self-adaption. As the number of iterations
increases, the self-viewing strategy lengthens the destroyed coding segments, depending on the degree of conver-
gence of the objectives. An upper limit on the number of destroyed coding segments will be determined in order
to prevent convergence stagnation, enhance the exploration process, and increase the likelihood of producing a
high-quality solution.

4.2.1. Encoding method

Encoding is an important strategy for the FSP. We utilize the sliding buoy approach to partition sub-batches,
allowing for a straightforward determination of sub-batch size, making it more appropriate for the best solution.
Its particular execution is illustrated in Figure 3, assuming a total of ten lots of the product 𝐽 . A partition is
used to locate the sliding buoy. If two sliding buoys are in the same position, one sub-batch will be divided less.
The product 𝐽1 in Figure 3 is segmented into three sub-batches; these sub-batches contain the number of jobs
in the first half of the encoding, and the second half contains the order in which the products are destroyed.
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Figure 3. Encoding method.

4.2.2. Destruction of IPBIG

The destruction of the IPBIG algorithm refers to removing a partial coding segment from a code. Since
we consider the batch scheduling problem, the destruction is to delete the whole coding segment representing
a product rather than the partial coding segment representing a sub-batch in the product. The length of
destroyed coding segments affects the result of objectives, so we set the initial length of destroyed coding
segments according to the size and processing time of the instance, which can better reflect the information
contained in the instance than the IG algorithm with fixed destroyed coding segments, preventing the algorithm
from running for a long time redundantly or with poor exploratory ability due to the destroyed coding segments
being too long or too short.

The equations of the destruction in the proposed IPBIG algorithm are as follows:

𝑑 =
𝑁(𝑓NEH − 𝑓mean)

𝑓NEH
+ 𝑚 (14)

𝑑min =

{︃
𝑑, 𝑑 < 𝑁

2[︀
𝑛
3

]︀
, 𝑑 ≥ 𝑁

2

(15)

𝑑max =
[︂
𝑁

2

]︂
(16)

where, 𝑓mean is the average value of objectives of each coding in the initial population generated, 𝑓NEH is the
value of the objectives of the initial solution obtained by the NEH PRSQ algorithm, 𝑁 is the number of products,
𝑚 is a constant, generally set 𝑚 = 2, and 𝑑min is the length of the initially destroyed coding segments, and the
value of 𝑑min needs to be set according to the size of 𝑑.

Many experiments in the previous period have proved that if the number of times to view the convergence
of the objectives is set to two times during the iteration process, it will have less impact on improving the
ability to optimize the objectives. Selecting more than three viewing opportunities will waste viewing time in
small and medium-sized problems, increase the difficulty of optimizing the solution in large-scale problems,
and significantly increase the running time. Therefore, taking into account the time cost factor, we select three
viewing opportunities. The operation is as follows: the viewing position is evenly distributed in three places
according to the number of iterations. Suppose the objectives of the last five generations no longer converge
at the time we see them. In this case, the length of the coding segment is destroyed by adding one before
processing, with the remaining iterative until the end of the three-time view operation. However, the maximum
length of the destruction coding segment is set to 𝑑max. Suppose 𝑑max is reached, but the times of view does
not get three times. In that case, the next self-viewing will no longer change the length of the destroyed coding
segment to prevent it from being too long and causing unnecessary running time and reconstruction difficulty
to the algorithm.
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Figure 4. IPBIG algorithm.

4.2.3. Reconstruction of IPBIG

The reconstruction of the IPBIG involves sequentially reinserting the destroyed code segments into all possible
positions of the undestroyed code. The optimal position is selected based on objectives, and the process continues
until all code segments are fully reinserted.

The precise process of the destruction and reconstitution of the IPBIG algorithm is illustrated in the example
diagram of Figure 4. It illustrates four products: Product 1 comprises four sub-batches, Product 2 contains three
sub-batches, Product 3 has two sub-batches, and Product 4 includes three sub-batches. In the destruction phase,
we eliminate Products 3 and 4 from the original sort. Next, we consolidate all remained sub-batches from each
product and re-insert the sub-batches of Products 3 and 4 into all available positions in the sort. After calculating
the objective, we must arrange the two sub-batches of Product 3 before all sub-batches of Product 2, and the
sub-batches of Product 4 after all sub-batches of Product 1 to achieve the optimal production sorting using the
latest sorting methodology.

Figure 5 illustrates the flowchart of the IPBIG algorithm, detailing the progression from acquiring an initial
high-quality solution via the NEH PRSQ algorithm to the local search strategy outlined in Section 4.3, thereby
depicting the entire optimization process of the IPBIG algorithm.

The pseudo-code of the IPBIG algorithm is shown below in Algorithm IPBIG:

4.3. Local search algorithm for deep optimization

Following the NEH PRSQ and IPBIG algorithms, each code in the population will undergo a local search
algorithm. The proposed local search algorithm can be executed independently for sub-batches, making it a
good fit for the MOPFSBSP. It is categorized into three sorts of operations: (a) batch mutation, (b) batch
replacement, and (c) lot replacement. Figure 6 displays the specific operations.

Batch mutation: as shown in Figure 6, product 𝐽1 has three sub-batches with sub-lots of 2, 4, and 4. The sub-lot
size of the first sub-batch of product 𝐽1 mutates from 2 to 3; the sub-lot size of the second sub-batch of 𝐽1

mutates from 4 to 3, and the sub-lot size of the third sub-batch of 𝐽1 is determined by the size of the first
two sub-lots of 𝐽1, so it should be 4. Where, for this size problem we set the sub-lot of the sub-batch with a
maximum of four and a minimum of two.

Batch Replacement: Batch replacement is the replacement of the production order of sub-batches within a
particular product, as shown in Figure 6, where the first sub-batch and the second sub-batch of product 𝐽2 are
replaced, the first sub-batch and the third sub-batch of product 𝐽1 are replaced, and the first sub-batch and
the second sub-batch of product 𝐽3 are replaced.
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Figure 5. Flowchart of IPBIG algorithm.

Figure 6. Local search algorithm.

Lot Replacement: Lot replacement is the replacement of sub-lots of each sub-batch within a product, e.g., the
number of sub-lots of the first sub-batch and the second sub-batch of product 𝐽1 are replaced, and the number
of sub-lots of the first sub-batch and the third sub-batch of product 𝐽2 are replaced.

5. Comparison and results

This section includes two crucial experiments. In the first experiment, the objectives and evaluation indexes
of multiple IG-based algorithms are examined. In contrast, the second experiment compares and analyzes the



THE PERMUTATION FLOW SHOP BATCH SCHEDULING PROBLEM 565

Algorithm IPBIG

def main(file):
Read test cases from specified file and store them in a 2D array
Generate initial individual using cursor method based on parameters
//Perform NEH PRSQ
Perform special NEH optimization which requires reordering and creating new work objects
// Sliding buoy approach
Generate pop-1 random codings, and then segment sub-batches for the codings with the sliding

buoy approach
// Destruction and reconstruction
for generation in range(numGenerations):

if the destruction factor reaches the increase condition
Destruction factor will be increased one

end if
Select the destroyed coding and record its position in the whole coding
Sort the destroyed coding at the recorded position in each coding

if reconstructionCodingFitness originalCodingFitness
Replace the original coding

end if
//Local search
for each product in works:

Determine whether to change based on random probability
Execute a randomly chosen local search method

if changedCodingFitness originalCodingFitness
Replace the original coding

end if
The best coding is the best coding from the last generation.
Class Local search:

Lot mutation: Reconstruct each sub-lot of batches in one product
Batch replacement:Randomly swap the order of batches of one product and the
&nbsp number of its sub-lots is adjusted accordingly
Lot replacement: Randomly swap the number of sub-lots in one product

Auxiliary functions:
splitRemake(split, subNum):

Randomly adjust the batch allocation to maintain the total quantity
randomChangeWithVariation(split):

Adjust the value between two random positions
arrayChange(split):

Randomly swap values in the array at two positions
arrayChange(split, subNum):
Randomly swap values in the array at two positions and their corresponding

batch quantities
end

evaluation indexes of multiple intelligent optimization algorithms with the IPBIG algorithm. The results prove
that the suggested IPBIG algorithm is a considerable and practical improvement over other techniques.

To ensure the fairness of the experiments, the experiments are all conducted on a computer with Windows
11 (64 bit), AMD Ryzen 7 5800U with Radeon Graphics 1.90 GHz, and 16 GB RAM. Each experiment data is
executed ten times before the conclusive experimental outcomes are achieved.

5.1. Comparison and results of various IG algorithms

This section of the experiment focuses on the comparison of the objectives for different IG-based algorithms
with the proposed IPBIG algorithm in all the instances in the Car database. It demonstrates the advantages of
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Table 3. Parameter settings for IG-based algorithms.

Algorithm Pop Length of fragment destroyed NEH Self-adaption and self-viewing LS algorithm

IG 1 3 / / /
IG1 1 3

√
/ /

IG2 1 𝑑
√ √

/
IG3 1 𝑑

√ √ √

PBIG 100 3 / / /
PBIG1 100 3

√
/ /

PBIG2 100 𝑑
√ √

/
AIG 100 𝑑

√ √ √

IPBIG 100 𝑑
√ √ √

Table 4. Experimental results of multiple IG-based algorithms.

Instance Size
IG IG1 IG2 IG3 PBIG PBIG1 PBIG2 AIG IPBIG

Nomin makespan Nomin makespan Nomin makespan Nomin makespan Nomin makespan Nomin makespan Nomin makespan Nomin makespan Nomin makespan

Car1 11× 5 687.7549 1 332 411 687.9010 1 332 350 688.0294 1 299 367 688.1799 1 287 324 687.9576 1 293 921 687.9207 1 296 565 688.9226 1 234 557 689.4596 1 213 988 689.3874 1 209 935

Car2 13× 4 688.0824 1 918 423 688.1029 1 916 254 687.8783 1 937 579 687.8514 1 911 092 688.0535 1 924 732 688.2830 1 915 531 689.1183 1 874 206 689.6988 1 854 579 689.6703 1 854 543

Car3 12× 5 688.0973 1 758 183 687.9586 1 756 752 687.9970 1 735 717 688.1219 1 854 998 687.9077 1 899 190 687.6438 1 883 445 688.9095 1 806 647 689.3508 1 665 833 689.2446 1 775 729

Car4 14× 4 687.7087 2 059 882 687.7477 2 049 167 687.8977 2 030 911 688.1495 2 022 750 688.0911 2 029 479 687.9716 2 045 910 688.8525 1 982 200 689.4551 1 962 001 689.4079 1 961 979

Car5 10× 6 687.7084 1 967 647 687.8288 1 969 627 687.7481 1 937 509 687.7462 1 936 712 687.7972 1 943 853 688.0183 1 991 995 688.6225 1 835 141 689.2033 1 801 395 689.1650 1 793 891

Car6 8× 9 688.0270 2 183 851 687.9825 2 176 932 688.0658 2 086 485 688.0444 2 100 559 687.8616 2 167 695 688.3922 2 068 174 688.4281 1 917 790 689.0665 1 861 752 689.1977 1 859 360

Car7 7× 7 687.8544 1 353 129 687.9271 1 345 219 688.1622 1 304 758 688.3270 1 292 140 687.4303 1 357 163 687.6936 1 338 832 688.7142 1 240 445 689.4406 1 223 691 689.3507 1 201 974

Car8 8× 8 688.0556 1 767 782 688.5189 1 771 927 688.0110 1 836 247 687.4229 1 912 033 688.3260 1 865 251 687.4180 1 888 836 688.9983 1 617 698 689.2782 1 579 748 689.2309 1 577 062

the IPBIG algorithm in terms of solution quality and algorithm stability by comparing two evaluation indexes:
RPI and ARPI.

5.1.1. Setting of parameters

Table 3 displays the settings of IG algorithms to conduct the comparative studies more transparently. IG is
the basic algorithm, IG1 is an enhanced version that uses the NEH algorithm for the initial solution; IG2 builds
upon IG1 with self-adaption and self-viewing strategies; and IG3 further improves upon IG2 with a local search
algorithm. PBIG is a primary population-based iterative greedy algorithm; PBIG1 is an enhanced version that
uses the NEH PRSQ algorithm for the initial solution; PBIG2 expands on PBIG1 with additional self-adaption
and self-viewing strategies; In order to make a fairer and more advanced comparison, this paper also uses the
AIG algorithm [71] to participate in the comparison, and IPBIG is the algorithm presented in this paper.

5.1.2. Experiments based on the IG-based algorithm

This section presents the comparison experiments conducted on the different types of IG algorithms mentioned
earlier. The results of these experiments are displayed in Table 4. The data in the table reveals that the IPBIG
algorithm, which incorporates the concept of population, only shows a marginal improvement in terms of average
minimum noise compared to the IG algorithm, which does not incorporate this concept. For example, in the
Car1, the value of Nomin, IG is 0.16% lower than IPBIG. However, when compared to the makespan, which
is another objective, it is evident that the IPBIG algorithm outperforms the IG algorithm by being 9.19%
lower. Compared to the advanced AIG algorithm, only in the Car3 algorithm there is no advantage of the
IPBIG algorithm, in all other instances the IPBIG algorithm has some advantage over the AIG algorithm. After
analysing the results, it is evident that although it is not guaranteed that both objectives can be significantly
reduced, it can acquire a significant reduction trend in makepsan, which is the most important and commonly
studied objective in the field of production scheduling, and it hardly brings about a change in the average
minimum noise, which greatly shortens the time cost and thus shortens the time of noise generation, which is
also a very good result we want to get in the development of the scheduling.



THE PERMUTATION FLOW SHOP BATCH SCHEDULING PROBLEM 567

Figure 7. Boxplots of RPI values for the objectives of IG algorithms.

Figure 8. ARPI values of objectives of IG algorithms.

This paper calculates the relative percentage increase (RPI) based on experimental results to estimate the
difference between the current and best value for the optimization problem [72,73]. RPI is calculated as follows:

RPI =
𝑓mean − 𝑓best

𝑓best
× 100%. (17)

RPI is the percentage of relative growth, 𝑓mean is the average value of the objective obtained by the algorithm
executed independently ten times, and 𝑓best is the minimum of the objective by all the comparison algorithms imple-
mented separately ten times. To get Figure 7, we first calculate the RPI for each instance in Car. It can be seen that
the IPBIG algorithm has excellent RPI values on both objectives through (a) and (b) in Figure 7. The boundary
value gap of the proposed IPBIG algorithm is small, and the objectives are all more concentrated with a low degree
of discretization. At the same time, in terms of the median RPI comparison, it is somewhat higher than the AIG
algorithm but lower than the other algorithms in the RPI of average minimum noise, indicating that the average
condition of the optimization of the objectives of the IPBIG algorithm is better than that of other IG algorithms.
The quartile range of RPI is smaller, indicating that the proposed algorithm is more stable. So, the IPBIG algorithm
has a more substantial advantage over other IG algorithms regarding solution quality and algorithmic stability.

Afterwards, we compute the average RPI, also known as ARPI, for all the algorithms. According to Figure 8,
the IPBIG algorithm exhibits a 61.16% lower ARPI than the worst IG2 algorithm in terms of average minimum
noise. Additionally, the IPBIG algorithm demonstrates an 88.86% lower ARPI than the IG2 algorithm in terms
of makespan. Although the IPBIG algorithm is similar to the AIG algorithm in terms of average minmum noise,
the makespan of the IPBIG algorithm is 36.93% lower than the AIG algorithm.

Therefore, based on the above experimental results, the proposed algorithm differs from other IG-based
algorithms in different degrees in terms of objectives and evaluation indexes in all the standard instances of the
Car database. Overall, the IPBIG algorithm proposed in this paper exhibits the best performance.
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Table 5. Setting of algorithm parameters.

Algorithm Pop Length of
destroyed
coding

Crossover
rate

Mutation
rate

𝑝𝑟 𝑇max ℎ 𝑅 Mutation
length

Crossover
length

IPBIG 100 𝑑 / / / / / / / /
GA [53] 100 / 0.9 0.05 / / / / / /
SA [74] 100 / / / 0.1 / / / / /
DWPA [75] 100 / / / / 12 40 60 / /
DBMEA [76] 100 / 0.6 0.8 200 / / / 4 4

5.2. Comparison between intelligent optimization algorithms

We conducted ten tests on each instance in the Car, Rec, and Hel standard databases to evaluate the
effectiveness of the IPBIG algorithm. With the same batch and instance, we compared the IPBIG with GA [53],
SA [74], the newer Discrete Wolf Pack Algorithm (DWPA) [75] and the discrete bacterial memetic evolutionary
algorithm (DBMEA) [76]. Because the SA algorithm only works on a single solution, the one used in this paper is
based on a population that was generated at random and has simulated annealing operations for each individual
in the population. Evaluation indexes are used to compare all the algorithms.

5.2.1. Setting of parameters

This section will set the parameters for all the algorithms. In this paper, the IPBIG algorithm proposes a
variable parameter for the length of the destroyed coded segment, named as 𝑑. The GA algorithm [53] has two
parameters: the crossover rate and the mutation rate. The SA algorithm [74] has a parameter called 𝑝𝑟, and
the initial temperature is determined using equation (17). The DWPA algorithm [75] has three key parameters:
𝑇max for the number of wanderings, ℎ for the probing direction, and 𝑅 for the number of updated wolf packs.
The DBMEA algorithm [76] has several key parameters: the crossover rate and the mutation rate, mutation
length and crossover length and the 𝑝𝑟.

𝑇0 = −𝐹𝑤 − 𝐹𝑏

ln 𝑝𝑟
(18)

where 𝐹𝑤 is the worst objective and 𝐹𝑏 is the best objective. Table 5 explains how parameters of each algorithm
are configured.

5.2.2. Evaluation indexes

Several performance indicators are available for evaluating multi-objective optimization techniques. In the
experiments in this section, we select three evaluation indexes to examine the performances of multiple algo-
rithms. The PF indicated in the evaluation indexes refers to the Pareto solutions obtained by NTCM method
[77], while PF* refers to the Pareto solutions acquired from all algorithms used.

This paper utilizes performance indexes such as Spread, GD [78], and IGD [79]. The specifics are explained
below.

Spread:

Spread =

∑︀𝑛𝑜
𝑗=1 𝑑𝑒

𝑗 +
∑︀𝑛

𝑖=1

⃒⃒
𝑑𝑖 − 𝑑

⃒⃒∑︀𝑛𝑜
𝑗=1 𝑑𝑒

𝑗 + 𝑛 · 𝑑
(19)

where 𝑑𝑖 denotes the Euclidean distance between the 𝑖th member of the obtained PF and its nearest member,
𝑑 denotes the average Euclidean distance over all 𝑑𝑖, 𝑑𝑒

𝑗 denotes the Euclidean distance between the extreme
solution in the direction of the 𝑗th objective and the corresponding extreme solution in the PF*, 𝑛 is the number
of PF, and 𝑛𝑜 is the number of objectives. A smaller spread means a more uniform distribution along the PF.
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Generational Distance (GD):

GD indicates convergence performance. It is the average distance from PF to PF*. It is expressed as:

GD =

√︀∑︀𝑛
𝑖=1 𝐷2

𝑖

𝑛
(20)

where 𝐷𝑖 denotes the Euclidean distance between the 𝑖th point of the PF and the nearest point of the PF*,
and 𝑛 denotes the number of PFs.

Inverse Generational Distance (IGD):

It is a variant of GD, represents a composite index. It calculates as the average distance from PF* to PF
obtained by the algorithm. IGD can be defined as follows:

IGD =

√︁∑︀𝑛*

𝑖=1 𝐷*2
𝑖

𝑛*
· (21)

Similar to GD, 𝐷*
𝑖 is the distance between a point in PF* and the nearest point in PF. But 𝑛* in equation (20)

is the number of points in the PF*. Therefore, the lower the value of IGD, the more desirable is the convergence
of diversity, homogeneity and solution set.

5.2.3. Analyses and discussions

Table 6 presents the spread, GD, and IGD values for the five compared algorithms across all 31 instances
in the Car, Rec, and Hel datasets. In Car1, Car2, Car3, Car5, Rec3, Rec9, the Spread value of the IPBIG
algorithm does not perform better. However, in the remaining 25 instances, the IPBIG algorithm outperforms
the others when it comes to the value of Spread. Similarly, when analyzing the IGD, the IPBIG algorithm does
not achieve the lowest values for Car1-4, Rec1, Rec9, Rec11 and Rec15 compared to the other four algorithms.
Nevertheless, IPBIG consistently exhibits lower IGD than the other algorithms in the remaining 23 cases. And
in addition to Rec15, the advantage of the GD value of the IPBIG algorithm is obvious.

After analysing, it is found that these few instances can be considered as small-scale instances, and the IPBIG
algorithm performs better in terms of Spread and IGD on them, and the GD value performs extraordinarily
well, so the following conclusions can be drawn from the experimental data in Table 6: The IPBIG algorithm
achieves the best results for the Spread value in more than 80.65% of the experimental instances, the IGD value
in more than 74.19% of the experimental instances and the best performance for the GD values in 96.77% of
the experimental instances. Based on the excellent performance of the small-scale cases, the proposed IPBIG
algorithm on the scheduling scheme for the medium- and large-scale cases has more prominent dominance in
solving the better quality solution.

Furthermore, we compute the average of the three evaluation indexes for all algorithms, as illustrated in
Figure 9. The average value of three evaluation indexes of the proposed IPBIG algorithm is lower than that of
the other three algorithms, demonstrating its advantage in stability and efficiency in solving the MOPFSBSP.

We look at the Pareto solution sets that the IPBIG algorithms make for the Car8, Rec1, Rec25, and He1
datasets to show that they work better than other algorithms. The experiment was mainly to record the Pareto
solution set every 5 iterations for all algorithms. It is then compared to the Pareto solution set in PF* that was
acquired in the current iteration. The comparison results are displayed in Figure 10. It shows that the Pareto
solution sets in PF* and those generated by the IPBIG method largely overlap, suggesting that most of the
Pareto solutions in PF* are derived from the IPBIG algorithm. As a result, the proposed IPBIG algorithm can
provide superior Pareto answers.

In Figure 10, many of the points that show the Pareto solution set of the IPBIG algorithm overlap with the
points that show the PF*. It means that the points that show the Pareto solution set of the IPBIG algorithm
are erased, which proves the above conclusion once more. We are providing the analysis results from Table 7.
It indicates that the percentage of Pareto solution sets obtained by the IPBIG algorithm that are selected for
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Table 6. Evaluation indicators of the algorithm.

Instance
Size SA DWPA GA DBMEA IPBIG
(J×S) Spread GD IGD Spread GD IGD Spread GD IGD Spread GD IGD Spread GD IGD

Car1 11× 5 0.9619 11 601 18 553 1.0363 16 493 21 569 0.9945 17 697 21 812 0.9131 59 416 39 092 0.9604 1358 21 207
Car2 13× 4 0.9569 23 192 17 817 1.0098 5183 27 370 0.8440 28 783 18 009 0.8746 59 594 45 361 0.9651 4417 26 372
Car3 12× 5 0.9133 19 369 43 402 1.1489 9675 36 118 0.9804 19 201 43 438 0.9254 59 647 54 831 0.9143 2983 39 265
Car4 14× 4 0.9330 13 391 31 017 1.1975 19 669 18 638 0.9659 19 041 37 658 0.8826 84 045 49 969 0.8764 9093 25 676
Car5 10× 6 0.8955 36 260 38 292 0.9430 17 335 40 707 0.9532 29 818 54 089 0.8992 119 455 51 046 0.9343 3495 37 158
Car6 8× 9 0.8836 24 428 37 656 0.9737 9680 43 484 0.9497 44 545 49 298 0.8841 84 359 65 093 0.8735 6674 34 350
Car7 7× 7 0.9313 13 207 30 705 1.0613 12 962 28 347 0.9176 10 136 33 248 0.9082 47 118 34 038 0.9069 3786 28 148
Car8 8× 8 0.9283 9850 21 200 0.9027 9344 25 919 0.9873 27 493 35 338 0.8553 82 530 49 286 0.8480 7899 21 085
Rec1 20× 5 0.8563 4483 5231 1.1059 1505 5817 0.9184 4865 6517 0.8610 6214 8881 0.8526 305 5843
Rec3 20× 5 0.8895 3547 4033 0.9537 1018 3897 0.9687 4602 5057 0.8282 9746 7240 0.9673 307 3808
Rec5 20× 5 0.9130 3550 4503 0.9956 1092 4873 0.9345 4062 5479 0.8861 9255 8983 0.8793 343 4410
Rec7 20× 10 0.9222 7350 10 003 0.9909 6826 8030 0.9710 9429 14 725 0.8896 12 425 16 485 0.8809 859 7601
Rec9 20× 10 0.9028 10 377 18 605 0.9225 17 878 26 137 0.9403 20 923 22 854 0.9124 23 537 32 201 0.9361 26 353 27 795
Rec11 20× 10 0.8986 6223 7322 0.9509 4914 7111 0.9260 6122 10 278 0.8865 8818 10 376 0.8815 3307 7196
Rec13 20× 10 0.9345 4471 5347 0.9211 1587 4237 0.9002 5459 7508 0.9008 10 288 12 206 0.8896 622 4176
Rec15 20× 15 0.9074 7925 16 808 0.9240 12 919 14 626 0.9039 6431 8960 0.9389 7986 11 735 0.9027 16 278 17 037
Rec17 20× 15 0.8820 8738 8966 0.9181 3998 7626 0.9558 12 892 15 292 0.9456 22 480 22 149 0.8816 1837 7587
Rec19 20× 15 0.9375 5885 6380 1.0768 3465 7037 0.9528 8825 10 327 0.9457 18 198 17 659 0.9353 1385 5931
Rec21 30× 10 0.9538 13 457 15 224 0.9718 7058 10 898 0.9334 16 709 19 276 0.9325 18 229 20 143 0.9233 831 10 640
Rec23 30× 10 0.8792 9954 10 908 1.0444 4701 8599 0.8854 11 052 16 021 0.8663 19 403 19 364 0.8642 1259 8616
Rec25 30× 15 0.9289 12 491 12 801 1.0482 5709 13 568 0.9400 10 124 18 185 0.9275 16 789 26 167 0.9127 1676 11 973
Rec27 30× 15 0.9307 11 234 11 420 1.0230 5615 10 730 0.9541 14 705 18 842 0.9225 15 555 23 989 0.9146 1553 10 554
Rec29 30× 15 0.9050 8790 11 664 0.9124 5977 8749 0.9200 10 905 18 064 0.9450 16 714 25 620 0.9013 1267 8496
Rec31 50× 10 0.9842 13 342 19 933 0.9572 6974 11 580 0.9592 17 573 24 738 0.9518 21 304 27 086 0.9269 810 11 487
Rec33 50× 10 0.9068 13 435 15 424 0.9352 4025 11 276 0.9625 14 731 20 792 0.9275 22 726 28 674 0.8916 798 11 808
Rec35 50× 10 0.9401 11 466 13 872 0.9911 5383 9716 0.9657 11 653 18 470 0.9183 18 092 22 360 0.9152 574 9127
Rec37 75× 20 0.9526 19 531 34 599 0.9843 21 366 25 179 0.9457 17 127 41 669 0.9344 15 054 48 850 0.9182 1747 24 550
Rec39 75× 20 0.9701 32 906 36 061 0.9813 14 959 27 277 0.9475 41 030 44 928 0.8920 45 233 52 133 0.8896 2142 26 951
Rec41 75× 20 0.9184 24 494 36 373 0.9619 19 746 22 137 0.9520 19 830 47 460 0.9262 32 736 54 404 0.9153 1904 21 813
Hel1 100× 10 0.9461 2115 2082 1.0757 398 1280 0.9309 1950 2570 0.9442 2336 3102 0.9414 64 1247
Hel2 20× 10 0.8533 338 579 1.3705 354 442 0.9588 280 924 0.9634 910 1084 0.9379 85 491

Figure 9. Average values of evaluation indexes.
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Figure 10. Pareto solution sets of the algorithms.

Table 7. Comparison of the proportion of Pareto solution sets.

Proportion of Pareto solution sets obtained by
IPBIG that are selected for inclusion in PF*

Proportion of Pareto solution sets obtained
by IPBIG in PF*

Car8 79.84% 56.25%
Hel1 100% 64.23%
Rec1 83.73% 53.26%
Rec25 88.19% 67.47%

inclusion in the PF* only does not reach more than 80% in the Car8 instance, but it is more than 75%, while
in other algorithms this percentage is even higher than 83%. The IPBIG algorithm in PF* achieves a Pareto
solution set proportion of at least 53%, demonstrating its superior performance compared to the other four
algorithms in addressing multi-objective problems.

Based on these results, the IPBIG algorithm shows exceptional performance. It delves deeply into exploring
solutions compared to traditional intelligent optimization algorithms like GA and SA, as well as the novel
swarm intelligent optimization algorithm DWPA. Finding a sequence of products that significantly reduces the
makespan, maintains an average minimum noise level that does not increase, and has a high probability of
decreasing is easier. The IPBIG algorithm has shown superior performance to other algorithms, although it
has yet to achieve ideal results for all issue sizes or evaluation measures. Its excellence is attributed to the
self-adaption and self-viewing strategies outlined in Section 4.2, as well as the local search algorithm introduced
in Section 4.3. These approaches all enhance population variety and the capability to find high-quality solutions.
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6. Conclusion

This paper explores MOPFSBSP with green scheduling and proposes an efficient IPBIG algorithm to solve
it. The proposed algorithm demonstrated higher performance and efficiency compared to current classical
algorithms, novel algorithms, and different IG algorithms when tested on standard instances in the Standard
databases. As a result of the analysis, the outstanding efficiency of the algorithm is mostly due to the following
factors:

(1) Different strategies for the NEH algorithm can efficiently predetermine the beginning product sequence and
reduce the time needed to acquire optimal solution schemes by preventing random generation.

(2) Self-adaption and self-viewing strategies of IPBIG algorithm. The adaptive strategy prevents the inapplica-
bility of the fixed values of the destroyed coded segments, and thus the unnecessary trouble caused to the
overall objectives and the running time of the algorithm. The self-viewing strategy facilitates a more com-
prehensive exploration of the solution’s local neighborhood, diminishes the likelihood of quick convergence,
and guarantees ongoing convergence even after other algorithms have stabilized at a fixed value.

(3) The local search algorithm aims to go beyond the local optimal by expanding the search space to potentially
discover superior solutions, thereby enhancing local exploitation capabilities.

According to the experimental data and evaluation index presented in this paper, it is clear that the strategies
mentioned are effective. As a result, the algorithms presented in this paper can practically solve MOPFSBSP.This
paper did not conduct optimization research regarding the algorithm’s time complexity, an area the authors
have contemplated but failed to achieve satisfactory results in. We aspire that future studies will address this
gap and apply the findings to manufacturing companies seeking collaboration.

Data availability statement

No new data/codes were created or analyzed in this study.
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[76] A. Agárdi, K. Nehéz, O. Hornyák and L.T. Kóczy, A hybrid discrete bacterial memetic algorithm with simulated
annealing for optimization of the flow shop scheduling problem. Symmetry 13 (2021) 1131.

[77] F. Wang, Y. Rao, Q. Tang, X. He and L. Zhang, Fast construction method of pareto non-dominated solution for
multi-objective decision-making problem. J. Syst. Eng. Theor. Pract. 36 (2016) 454–463.

[78] J.S Neufeld, S. Schulz and U. Buscher, A systematic review of multi-objective hybrid flow shop scheduling. Eur. J.
Oper. Res. 309 (2023) 1–23.

[79] Y. Hu, J. Peng, J. Ou, Y. Li, J. Zheng, J. Zou, S. Jiang, S. Yang and J. Li, The IGD-based prediction strategy for
dynamic multi-objective optimization. Swarm Evol. Comput. 91 (2024) 101713.

Please help to maintain this journal in open access!

This journal is currently published in open access under the Subscribe to Open model
(S2O). We are thankful to our subscribers and supporters for making it possible to
publish this journal in open access in the current year, free of charge for authors and
readers.

Check with your library that it subscribes to the journal, or consider making a personal donation to
the S2O programme by contacting subscribers@edpsciences.org.

More information, including a list of supporters and financial transparency reports,
is available at https://edpsciences.org/en/subscribe-to-open-s2o.

mailto:subscribers@edpsciences.org
https://edpsciences.org/en/subscribe-to-open-s2o

	Introduction
	Literature review
	Intelligent optimization algorithms
	Permutation flow shop with single-objective
	Green permutation flow shop
	Permutation flow shop batch scheduling problem

	Problem description and modelling
	Description of the proposed algorithm
	NEH-based algorithm for the initial high-quality solutions
	Classical NEH algorithm
	NEH_SM algorithm
	NEH_PRSQ algorithm algorithm
	Comparison of NEH-based algorithms

	IPBIG algorithm with self-adaption and self-viewing strategies
	Encoding method
	Destruction of IPBIG
	Reconstruction of IPBIG

	Local search algorithm for deep optimization

	Comparison and results
	Comparison and results of various IG algorithms
	Setting of parameters
	Experiments based on the IG-based algorithm

	Comparison between intelligent optimization algorithms
	Setting of parameters
	Evaluation indexes
	Spread:
	Generational Distance (GD):
	Inverse Generational Distance (IGD):
	Analyses and discussions


	Conclusion
	Data availability statement
	References

