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Abstract: In this paper, a Distributed Mixed No-Idle Permutation Flowshop Scheduling
Problem with Sequence-Dependent Setup Times (DMNIPFSP/SDST) is studied. Firstly,
a multi-objective optimization model with completion time (makespan), Total Energy
Consumption (TEC), and Total Tardiness (TT) as objectives is established. Based on problem
characteristics and multi-objective characteristics, a Q-Learning Evolutionary Algorithm
(QLEA) is proposed. Secondly, in order to improve the quality and diversity of the initial
solution, two improved initialization strategies are proposed. Based on the characteristics
of the problem solved (In the distributed system, symmetry design is adopted to ensure
that the load of each workstation is relatively balanced in different time periods, avoid
resource waste or bottleneck, and achieve the goal of no idle.), a novel population updating
mechanism is designed to balance the ability of global exploration and local development of
the algorithm. At the same time, a variable neighborhood local search based on Q-Learning
is used to refine the non-dominated solution, thus guiding the population evolution. Finally,
the simulation results show that this method has good performance in solving the multi-
objective DMNIPFSP/SDST and can provide good economic benefits for enterprises.

Keywords: distributed manufacturing; sequence-dependent setup times; Q-Learning;
variable neighborhood local search

1. Introduction
In the process of smart manufacturing, it is crucial to allocate production resources

efficiently to achieve higher economic benefits. Consequently, the job shop scheduling
problem, which is closely related to production scheduling, has garnered widespread
attention [1]. In job shop scheduling, multi-factory processing has become a mainstream
trend [2]. To adapt to a multi-factory production environment, NADERI [3] proposed
the definition of the distributed job shop scheduling problem. However, the No-Idle
Permutation Flowshop Scheduling Problem (NIPFSP) is an extension of the permutation
flowshop scheduling problem and represents a very important category within it. This
problem is widely present in combinatorial optimization problems in modern industries
such as glass processing, foundries, and steelmaking.

However, in actual production processes, two common situations arise: First, it is
unrealistic for all machines to operate in a no-idle state. Most machines allow idle time,
while some high-cost machines are required to operate under no-idle constraints. This
scenario is usually referred to as the Mixed No-Idle Permutation Flowshop Scheduling
Problem (MNIPFSP). Second, the machine may experience sudden malfunctions during
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processing [4], which necessitates considering sequence-dependent setup times (SDSTs).
From the existing literature, ALMEIDA et al. [5] proposed four algorithms to solve the no-
idle flowshop scheduling problem with SDST, where the objective function is to minimize
the completion time (makespan). The results showed that the iterative greedy algorithm
performed well. ABREU and NAGANO [6] designed an adaptive large neighborhood
search algorithm for the open shop scheduling problem with SDST. GUO et al. [7] in-
troduced a fruit fly optimization algorithm, improved by a differential flight strategy, to
solve the distributed flowshop scheduling problem with SDST. MIYATA and NAGANO [8]
used a variable neighborhood iterative greedy algorithm to solve the distributed reverse
job shop scheduling problem with SDST. KARABULUT et al. [9] employed an adaptive
evolutionary algorithm to minimize the makespan for the distributed flowshop scheduling
problem with SDST. From the aforementioned literature, three points can be noted: Most
studies focus on economic indicators from the perspective of production efficiency, with
relatively few considering energy, environmental factors, and customer satisfaction. Search
strategies are often limited, with most algorithms using random methods to generate initial
solutions. A good initialization strategy can significantly improve the quality and diversity
of the population. Most proposed algorithms are suitable only for solving single-objective
scheduling optimization problems. However, the solution space of multi-objective opti-
mization problems is more complex, and further development is needed for algorithms
that can effectively solve multi-objective optimization problems.

In recent years, carbon emissions and energy consumption have garnered widespread
attention. As the manufacturing industry is the largest energy-consuming sector, energy
consumption is often a critical factor that cannot be overlooked. If energy consumption
is not controlled, excessive use will ultimately have negative effects on the natural envi-
ronment and human society. Therefore, energy-efficient scheduling plays a crucial role in
green manufacturing systems, mainly because energy savings can be achieved through
production scheduling without requiring excessive capital investment, and it can easily be
applied to existing manufacturing and production environments [10]. Moreover, in today’s
customer-oriented competitive market, minimizing Total Tardiness (TT) is also vital for
the survival and development of an enterprise [11]. Reducing TT allows products to be
delivered as quickly as possible, thereby increasing customer satisfaction and reducing
company losses. In summary, in this paper, our optimization objectives for the Distributed
Mixed No-Idle Permutation Flowshop Scheduling Problem with Sequence-Dependent
Setup Times (DMNIPFSP/SDST) consider not only the minimization of makespan under
SDST constraints but also the minimization of Total Energy Consumption (TEC) and TT.
Since the single-objective Distributed Mixed No-Idle Permutation Flowshop Scheduling
Problem (DMNIPFSP) has already been proven to be an NP-hard problem [12], the multi-
objective DMNIPFSP/SDST with objectives of minimizing the makespan, TEC, and TT
is also an NP-hard problem, presenting even greater complexity in terms of solution dif-
ficulty. Naturally, as the problem size increases, it becomes less suitable to solve using
exact algorithms. Therefore, it is of great significance to propose effective meta-heuristic
algorithms to solve the multi-objective DMNIPFSP/SDST. At the same time, distributed
no-idle flowshop scheduling is related to symmetry, as symmetry helps to equalize task
and resource allocation and reduce idle time. If the machines are symmetrical in function
and performance, the scheduler can distribute tasks evenly, preventing some workstations
from being overloaded or idle, thus achieving no-idle scheduling. Therefore, symmetry
helps to improve system efficiency and reduce resource waste.

From the above studies, it is not difficult to see the limitations of the current research.
(1) The use of meta-heuristic algorithm alone shows advantages in solving small-scale
examples, but with the increase in problem scale, disadvantages will be shown; in particular,
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the complex and changeable actual environment will lead to long computing time, slow
convergence, and other problems, and it is difficult to obtain a satisfactory solution in a
short time. (2) Although meta-heuristic algorithms are universal, their generality also leads
to certain limitations. The unique structure of a particular problem is often ignored when
solving the actual problem, which will negatively affect the search efficiency and the quality
of the solution.

In recent years, reinforcement learning (RL) has been used to solve combinatorial
optimization problems because of its simple and fast decision-making ability [13]. For
example, KOOL et al. and BELLO et al. [14,15] utilized a combination of RL and neural net-
works to solve the traveling salesman problem. At the same time, RL has also been applied
to production scheduling problems. CHEN et al. [16] proposed a genetic algorithm that
integrates reinforcement learning for the flexible job shop scheduling problem. WANG [17],
considering the uncertainty in shop-floor production environments, proposed a Q-Learning
algorithm based on clustering and dynamic search to solve dynamic scheduling problems.
For the dynamic flexible job shop scheduling problem under new job insertions, LUO [18]
modeled the problem as a Markov decision process and solved it using reinforcement learn-
ing algorithms. LI et al. [19], based on a decomposition-based multi-objective evolutionary
algorithm, proposed a Q-Learning-based adaptive parameter strategy and designed an RL-
based variable neighborhood search strategy to guide the algorithm in selecting appropriate
local search methods. To solve the distributed three-stage assembly scheduling problem,
WANG et al. [20] integrated Q-Learning into the artificial bee colony algorithm, designing
appropriate states and actions, enabling the algorithm to dynamically select the right search
operator. Extensive experiments confirmed the effectiveness of the algorithm in solving
distributed assembly shop scheduling problems considering equipment maintenance.

Therefore, this paper uses the advantages of a reinforcement learning algorithm to
embed it into the structure of the meta-heuristic algorithm stage and proposes a Q-Learning
Evolutionary Algorithm (QLEA) to solve the DMNIPFSP/SDST problem. According to
the characteristics of the problem, a multi-perturbation operator is designed by using
the advantage of a reinforcement learning algorithm for fast decision-making. It can
dynamically adjust and automatically select suitable search strategies in the process of
evolution, which solves the limitation of slow convergence and poor searchability of the
classical algorithm framework. The main contributions are as follows:

First, a mathematical model is constructed with the objectives of minimizing makespan,
TEC, and TT. To improve the quality and diversity of the initial solutions, two en-
hanced initialization strategies are proposed, combined with a random generation
initialization method.

Second, a discretized population update mechanism is proposed to enhance the global
search capability of the algorithm.

Third, to further enhance solution quality and precision, four neighborhood strategies
are designed for local search, tailored to different optimization objectives.

Finally, a large number of instances are used to verify that the QLEA has certain
advantages in solving the DMNIPFSP/SDST.

The remaining arrangement of this paper is as follows: Section 2 describes the DM-
NIPFSP/SDST. In Section 3, the QLEA solves the DMNIPFSP/SDST. Section 4 is QLEA
performance verification. Section 5 is the conclusion.

2. Problem Description and Mathematical Model
2.1. Problem Description

This paper explores a DMNIPFSP/SDST, with the objectives of minimizing
three objectives: makespan, TEC, and TT. This problem extends the DMNIPFSP by address-
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ing two subproblems: 1⃝ assigning each job to the appropriate factory; 2⃝ determining
the job processing sequence within each factory. Specifically, there are n jobs processed
in F factories, with each factory having the same m machines. The processing speeds of
the machines differ across factories, and each job can be processed in any factory [21].
Additionally, the DMNIPFSP/SDST with sequence-dependent setup times must satisfy the
following basic assumptions: 1⃝ The job processing order on different machines follows
the same sequence. 2⃝ Each job must be processed in the designated factory and cannot be
transferred to another factory during processing. 3⃝ At any given time, only one job can be
processed on a machine, and once a job starts processing, it cannot be interrupted. These
assumptions form the basis for the mathematical model of the DMNIPFSP/SDST, setting
the stage for optimization across multiple conflicting objectives.

2.2. Mathematical Model

The relevant symbols used in this paper are defined in Table 1.

Table 1. Meaning of symbols.

Meaning of Symbols

n Number of jobs.
F Number of factories.
m Number of machines.
k Job position index on the machine.
Jj Set of jobs J = {J1, . . . , Jn}.

Mi Set of machines M = {M1, . . . , Mm}.
Ff Set of factories F = {F1, . . . , FF}.
M′ No-idle machine set.
vi Processing speed on machine i.
pi,j Processing time of job Jj on machine Mi.

C f ,i,j Completion time of job Jj on machine Mi in factory f.
Cmax Maximum completion time across all factories.

si
j,l Setup time between job Jj and Jl on machine Mi.

PPi Energy consumption per unit time for processing on machine Mi.
SPi Energy consumption per unit time for sequence-dependent setup on machine Mi.
IPi Energy consumption per unit time for idling on machine Mi.

The DMNIPFSP can be described as follows: n jobs J = {J1, J2, . . . , Jn} need to be
assigned to F factories F = {F1, F2, . . . , FF}, with each factory containing m machines
M = {M1, M2, . . . , Mm}. Each job follows the same route across the machines, and each
job consists of m operations. The i-th operation can only be executed on machine Mi.
Notably, no idle time is allowed between consecutive jobs on the same machine. Once an
operation begins, it cannot be interrupted, and each machine can process only one job at a
time. However, in actual production processes, it is unrealistic for all machines to operate
under a no-idle condition. Most machines allow idle time, while certain high-cost machines
must adhere to no-idle constraints. Moreover, machines often require additional operations
between consecutive jobs. Therefore, this paper develops a mathematical model for the
DMNIPFSP/SDST, with the multi-objective function aiming to minimize makespan, TEC,
and TT, as shown below.

Objective:
F1 = min{Cmax} (1)

F2 = TEC = min{PEC + SEC + IEC} (2)

F3 = TT = min{
F

∑
f=1

n

∑
j=1

max(Cm,j − dj, 0)} (3)



Symmetry 2025, 17, 276 5 of 22

Constraint:

Cmax ≥ C f ,i,j∀ f ∈ {1, . . . , F}, ∀i ∈ {1, . . . , m}, ∀j ∈ {1, . . . , n} (4)

n

∑
k=1

F

∑
f=1

X f ,j,k = 1, ∀j ∈ {1, . . . , n} (5)

n

∑
j=1

n

∑
k=1

X f ,j,k = 1, ∀ f ∈ {1, . . . , F} (6)

X f ,j,k =
n

∑
l=1

Yf ,l,k,j∀ f ∈ {1, . . . , F}, ∀j ∈ {1, . . . , n}, ∀k ∈ {2, . . . , n} (7)

X f ,j,k =
n

∑
l=1

Yf ,l,k+1,j∀ f ∈ {1, . . . , F}, ∀j ∈ {1, . . . , n}, ∀k ∈ {1, . . . , n − 1} (8)

Yf ,l,1,j = 0∀ f ∈ {1, . . . , F}, ∀j, l ∈ {1, . . . , n} (9)

C f ,1,k ≥
n

∑
j=1

X f ,j,k ·
pi,j

v1
∀ f ∈ {1, . . . , F}, ∀k ∈ {1, . . . , n} (10)

C f ,i,k ≥ C f ,i−1,k +
n

∑
j=1

X f ,j,k ·
pi,j

vi
∀ f ∈ {1, . . . , F}, ∀i ∈ {2, . . . , m}, ∀k ∈ {1, . . . , n} (11)

C f ,i,k ≥ C f ,i,k−1 +
n

∑
j=1

X f ,j,k ·
pi,j

vi
∀ f ∈ {1, . . . , F}, ∀i ∈ M′, ∀k ∈ {1, . . . , n} (12)

C f ,i,k ≥ C f ,i,k−1+
n
∑

j=1
X f ,j,k ·

pi,j

vi
+

n
∑

j=1

n
∑

l=1
Yf ,l,k,j · si

j,l∀ f ∈ {1, . . . , F}, ∀i ∈ M′, ∀k ∈ {2, . . . , n} (13)

PEC =
F

∑
f=1

n

∑
j=1

m

∑
i=1

PPi · X f ,j,k ·
pi,j

vi
∀k ∈ {1, . . . , n} (14)

SEC =
F

∑
f=1

n

∑
j=1

n

∑
l=1

m

∑
i=1

SPi · X f ,j,k · X f ,l,k+1 · si
j,l∀k ∈ {1, . . . , n} (15)

IEC =
F

∑
f=1

n

∑
j=1

m

∑
i=1

IPi · X f ,j,k+1 · (C f ,i,k+1 − C f ,i,k − si
k,k+1 −

pi,j

vi
)∀k ∈ {1, . . . , n − 1} (16)

C f ,i,k ≥ 0∀ f ∈ {1, . . . , F}, ∀i ∈ {1, . . . , m}, ∀k ∈ {1, . . . , n} (17)

Decision Variable:

X f ,i,k ∈ {0, 1}∀ f ∈ {1, . . . , F}, ∀i ∈ {1, . . . , m}, ∀k ∈ {1, . . . , n} (18)

Yf ,l,k,j ∈ {0, 1}∀ f ∈ {1, . . . , F}, ∀j, k, l ∈ {1, . . . , n} (19)

Equations (1)–(3) represent the makespan, TEC, and TT; Constraint (4) ensures that
Cmax is the makespan across all factories; Constraint (5) indicates that each job can only
be assigned to one factory; Constraint (6) specifies that each position can hold at most
one job; Constraint (7) ensures that in factory f, only one job precedes job Jj in position k;
Constraint (8) ensures that in factory f, only one job follows job Jj in position k; Constraint
(9) states that the setup time for the first job in each factory is 0; Constraints (10) and (11)
ensure that a job can only be processed on the next machine after the previous machine has
completed processing; Constraint (12) represents the completion time for machines under



Symmetry 2025, 17, 276 6 of 22

the no-idle constraint; Constraint (13) represents the completion time for conventional
machines; Constraint (14) denotes the energy consumption during processing; Constraint
(15) denotes the energy consumption during sequence-dependent setup times; Constraint
(16) denotes the energy consumption during idle times; Constraint (17) states that the
completion time of each job is non-negative; and Constraints (18) and (19) define the values
of the decision variables.

3. QLEA for Solving DMNIPFSP/SDST
3.1. Encoding and Decoding

The paper adopts the job encoding method proposed by PAN [22], where each indi-
vidual represents a solution in the feasible domain. Each feasible solution π is represented
by a two-dimensional array, consisting of F dimensions, where each dimension repre-
sents the job processing sequence of a factory, indicated by the job index numbers for that
factory. Based on the description of the encoding, a feasible solution π can directly repre-
sent a collection of job sequences for F factories, denoted as π = {π1, π2, . . . , πF}, where
πl = {πl,1, πl,2, . . . , πl,nl} indicates the processing sequence of jobs within that factory.

Additionally,
F
∑

l=1
nl = n; the total length of the encoding sequence equals the number of all

jobs. Since a feasible solution π contains both the jobs assigned to each factory and their
processing sequences within that factory, this encoding method can be easily decoded into
a scheduling solution for DMNIPFSP/SDST.

To better understand the encoding and decoding process, this paper presents an
example with 9 jobs (n = 9) and 2 factories (F = 2), assuming that a feasible solution to
the problem is π = {π1, π2}, where π1 = {J7, J8, J2, J6, J3},π2 = {J5, J4, J1, J9}, as shown in
Figure 1.
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Accordingly, the decoding is as follows: In factory 1, assign jobs J2, J3, J6, J7, and J8,
totaling five jobs, and process them in the given order. In factory 2, assign jobs J1, J4, J5, and
J9, totaling four jobs, and process them in the order of J5 → J4 → J1 → J9 .

3.2. Population Initialization

Since the initialization method directly impacts the solution quality of the algorithm,
employing various strategies for initialization can effectively improve the initial solution
quality and increase the diversity of the population. It is well known that the LR (Liu–
Reeves) heuristic algorithm exhibits excellent performance when solving permutation
flowshop scheduling problems [23]. Based on this, and in accordance with the character-
istics of DMNIPFSP/SDST, this paper extends the related index functions and proposes
two improved LR rules for generating the initial population, denoted as LR1 and LR2. The
specific computational steps are as follows:

The detailed description of the improved LR1 rule is as follows:
Step 1: Calculate the average, standard deviation, and skewness of the completion

times of each job on all machines and sum these values.
Step 2: For jobs j = 1, 2, . . ., n, sort them in descending order based on the results

computed in Step 1.
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Step 3: Insert the first F jobs from the sorted order in Step 2 into F different
factories sequentially.

Step 4: Compute the index values for the F + 1 job and subsequent jobs using the index
function, as detailed in Equations (17)–(19).

Step 5: Identify the job with the smallest index value obtained in Step 4.
Step 6: Insert the job identified in Step 5 into the factory that currently has the minimum

completion time.
Step 7: Repeat Steps 4 to 6 until all jobs have been assigned.
Suppose we take job Jj as an example and find the factory g∗ with the minimum

current completion time, which is calculated as follows:

IFj,ng∗ = (c − ng∗)× ITj,ng∗ + Cm,j (20)

ITj,ng∗ = c × m ×
m

∑
i=2

tij

c × i + ng∗ × (m − i)
(21)

tij = max{(Ci−1,j − Ci,[ng∗ ]
), 0} (22)

where c is a constant (c = n/F − 2, where n represents the number of jobs, and F represents
the number of factories); m denotes the number of machines; ng∗ signifies the current
number of jobs in factory g∗; [ng∗ ] represents the job corresponding to position ng∗ ; Cm,j

denotes the completion time of job j on the m-th machine.
Detailed Description of the Improved LR2 Rule:
Step 1: Calculate the completion time of each job on all machines.
Step 2: Sort the jobs j = 1, 2, . . ., n in descending order based on the results from Step 1.
Step 3: Insert the first F jobs from the sorted order obtained in Step 2 sequentially into

F different factories.
Step 4: Calculate the index values for the job F + 1 and subsequent jobs using the index

function, as detailed in Equations (17)–(19).
Step 5: Identify the job with the smallest index value obtained in Step 4.
Step 6: Insert the job identified in Step 5 into the factory that currently has the minimum

completion time.
Step 7: Repeat Steps 4 to 6 until all jobs are assigned.
In QLEA, an external archive set (AS) is established to store the non-dominated

solutions found during the evolutionary process of the population. By continuously
updating AS, the solution approaches the Pareto Frontier (PF). The initial population is
generated using the above two heuristic mixed strategies, with the population size set
to n, initializing 50% of individuals with LR1 and 50% with LR2. Simultaneously, the
non-dominated solutions obtained after initialization are added to AS.

3.3. Population Evolution Mechanism

This paper proposes a QLEA to solve the DMNIPFSP/SDST. The specific update steps
are as follows:

Step 1: Randomly select three individuals from the AS, each denoted by ε, β, δ. Gen-
erate a random number r, where r is in the range [0,1]. If r ≤ 1/3, then remove the jobs
that have the same job code at the same position from the current individual and the ε

individual. If 1/3 < r ≤ 2/3, then remove the jobs that have the same job code at the
same position from the current individual and the β individual; otherwise, remove the jobs
that have the same job code at the same position from the current individual and the δ

individual, thus obtaining the reference individual job sequence ω1.
Step 2: Introduce the reference value K = |(L · C)/2|, where L is the convergence factor

and C is the oscillation factor. Both L and C are random numbers within the range [0, 2].
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Step 3: Cycle through the job sequence obtained from Step 1. For each job, generate
a corresponding random number in the interval [0,1]. Then, determine if this random
number is less than the K value. If it is less than K, retain the job at its current position;
otherwise, remove it to obtain the optimized sequence ω2.

Step 4: Process the optimized sequence ω2 obtained from Step 3 using the reference
individual job sequence ω1 obtained from Step 1. In this sequence, each job has a 50%
probability of being swapped (for example, if a job a in the optimized sequence ω2 is located
at position j, find the job b at position j in job sequence ω1, and swap job a in sequence ω1

with job b). There is also a 50% probability of performing an insertion (for example, if a
job a in the optimized sequence ω2 is located at position j, find the job b at position j in
job sequence ω1, and insert job b from sequence ω1 before job a). This results in the next
generation of individuals.

To facilitate a clearer understanding of the aforementioned process, the specific opera-
tions are illustrated in Figures 2–5.
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Randomly select three individuals from the set AS, each denoted as ε, β, δ. See
Figure 2 for details. Execute Step 1, assume r < 1/3, and then remove the parts that have
the same job code from the current individual and the α individual as shown in Figure 3.

Execute Step (2), assuming K = 1.3.
Execute Step 4; if all the jobs that meet the requirements are subject to the swapping

probability, then refer specifically to Figure 5a. If job numbers 7 and 6 meet the swapping
probability, while job number 8 meets the insertion probability, then refer specifically to
Figure 5b.

3.4. Variable Neighborhood Local Search Based on Q-Learning

The core idea of Q-Learning is to map actions to states to accumulate the maximum
reward from the environment. It evaluates an agent’s actions based on environmental
signals rather than training the agent to choose the correct actions. The agent continuously
interacts with the environment, selecting appropriate actions based on feedback, ultimately
achieving optimal decision-making. The model is illustrated in Figure 6. Initially, the
agent acquires the current state St and performs an action at time step t. Subsequently, the
environment transitions to state St+1, and the agent receives a reward R. In the next time
step t + 1, the agent performs an action at t + 1 and transitions to the next state. Appropriate
actions enable the agent to easily find an optimal strategy to achieve the greatest long-term
reward. The Q-Learning algorithm records feedback values between states and actions in a
Q-table, updated by the following Equation (23):

Q(St, at) = (1 − α)Q(St, at) + α(R + γmax(Q(St+1, at+1))) (23)

where St represents the state at time t; at represents the action taken at time t; St+1 represents
the state at time t + 1; at+1 represents the action taken at time t + 1; and the learning rate
and discount factor are represented.
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The archive set AS stores multiple Pareto solutions with superior advantages, allowing
for further refinement of these solutions through increased effort. In the QLEA, a local
search strategy is adopted to further refine the non-dominated solutions. Additionally, to
reduce computational resources, the appropriate local search operator is selected each time
a local search is conducted. This paper proposes a Q-Learning-based variable neighborhood
local search to refine non-dominated solutions, thereby guiding the population evolution.

Since the search process is based on the continuous updating of the non-dominated
solution set, this paper uses the Inverse Generational Distance (IGD) [24] as a metric to
evaluate changes in the solution set. It calculates the average distance from each reference
point on the Pareto approximation front to the closest solution in the set, assessing both
diversity and convergence. Hence, the reward values use changes in the IGD value to
update the state-action table. According to the existing literature, no neighborhood struc-
ture is currently suitable for solving all problems. Considering problem characteristics,
three populations are defined based on three optimization objectives: makespan, TEC, and
TT. Additionally, three key factories are defined: the one with the maximum completion
time (Fc), the one with maximum energy consumption (Fe), and the one with maximum
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tardiness (Ft). Based on this, the Q-Learning-based variable neighborhood local search
mechanism is designed as follows:

State Set: State = {0,1}. State s = 0 indicates that after the most recent round, the reward
value is less than 0; State s = 1 indicates that the reward value is greater than 0.

Action Set: Action = {LS1, LS2, LS3}. Based on different objectives leading to different
key factories, this paper designs three types of local search actions, as follows:

(a) LS1: Focusing on the factory with the maximum completion time as the key factory,
perform the following four neighborhood operations:

LS1(1): Randomly select a job from key factory Fc and swap it with a subset of jobs
(half of all jobs in the same factory) to save feasible solutions.

LS1(2): Randomly select a position p1 within key factory Fc, and then randomly
select another position p2 from a different factory outside the key factory. Swap the jobs
corresponding to these two positions and save the feasible solution.

LS1(3): Randomly select a position p1 within key factory Fc, and then randomly
select another position p2 from a different factory outside the key factory. Insert the job
corresponding to position p2 into position p1 + 1, insert the job corresponding to position
p1 into position p2 + 1, and save the feasible solution.

LS1(4): Randomly select a position p1 within key factory Fc, and then randomly
select another position p2 from a different factory outside the key factory. Insert the job
corresponding to position p2 into position p1 − 1, insert the job corresponding to position
p1 into position p2 − 1, and save the feasible solution.

(b) LS2 and LS3 are similar to LS1, also performing four types of neighborhood
operations. The difference lies in replacing the key factory with factories.

(c) Reward value: Each time an action is performed, it may cause a change in the
non-dominant solution set. The change in IGD value was used to measure the change in
AS, as shown in Equation (24):

R = exp(IGD(AS′, AS))− 1.0 (24)

where AS indicates the unsupported solution set before the execution; R < 0 indicates
that the non-dominant solution has not improved; R > 0 indicates that the non-dominated
solution set has been improved. The calculation method of IGD is shown in Equation (25):

IGD(A, PF∗) =

∑
x∈PF∗

minde(x, y)
y∈A

|PF∗| (25)

where A represents an approximate non-dominant solution set; PF * represents the optimal
solution set or the reference solution set; de(x, y) represents the Euclidean distance between
the solution x and y.

In QLEA, variable neighborhood local search based on Q-Learning is used to refine
the non-dominated solution, thus guiding the population evolution. In order to select the
appropriate local search operator each time the local search is performed, the computational
resources are reduced.

3.5. Elite Strategy

This paper designs a new elitism strategy based on the non-dominated sorting and
crowding distance methods used in the NSGA-II algorithm [25]. The criteria for evalua-
tion are as follows: solutions with smaller non-dominated ranking values are better than
those with larger ranking values. To preserve population diversity, solutions with greater
crowding distances are preferred over those with smaller distances. Thus, a high-quality
Pareto optimal solution set typically consists of solutions with smaller non-dominated
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ranking values and larger crowding distances. In the population update mechanism of
the QLEA, first, the current population individuals and the archive set AS are merged, all
individuals are subject to non-dominated sorting, and their respective crowding distances
are calculated. Second, individuals with smaller non-dominated ranking values are pri-
oritized; when ranking values are the same, individuals with larger crowding distance
values are chosen. Finally, the next generation of the population is selected based on the
aforementioned elitism strategy. Figure 7 shows the selection process.
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3.6. QLEA Framework

Based on the above description, the complete framework of the QLEA is given. First,
the parameters required for the algorithm are set up, and the initial population and AS are
established. Next, the cycle is executed: the population renewal mechanism refines the
non-dominated solution in the local search phase, and the elite strategy builds the next
generation population. When the termination condition is met, the loop exits. Finally, the
AS is output as a Pareto optimal solution. The detailed pseudocode of the QLEA is shown
in Algorithm 1.

Algorithm 1: QLEA

Input: Population size n; Learning rate α; Discount factor γ.
Output: AS
1. Begin
2. According to different optimization objectives, it can be divided into three sub-populations.
3. The mixed initialization strategy was adopted to start the population.
4. while The termination condition is not met do
5. Perform Section 3.3 population update mechanism;
6. Perform the local search mechanism in Section 3.4;
7. Perform the Elite Policy in Section 3.5;
8. end while
9. The population is merged and the non-dominated solution set AS is output.
10. end

4. Analysis of Experimental Results
4.1. Experimental Settings

To evaluate the performance of the proposed QLEA, this study refers to the datasets
from Ruiz et al. [26] and Ruiz and Stutzle [27], including problem instances with two
different sequence-dependent setup times (SDST-50, SDST-100). The combinations of job
quantities and machines are denoted as n ∈ {20, 50, 100, 200, 500} and m ∈ {5, 10, 20},
respectively. Experiments are conducted using the last instance in each size category, with
the number of factories represented by F = {2, 4, 6}, differing machine processing speeds
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by vi = {1.0, 2.0, 3.0}, per unit time processing energy consumption by PPi = 4 × v2
i kw,

per unit time sequence-dependent setup energy consumption by SPi = [1kw, 2kw], and per
unit time idle energy consumption by IPi = 0.25 × PPikw. Additionally, since this paper
addresses the MNIPFSP, three different mixed no-idle constraint scenarios are considered:
1⃝ randomly selecting 25% of the machines to be no-idle; 2⃝ randomly selecting 50% of the

machines to be no-idle; 3⃝ randomly selecting 75% of the machines to be no-idle. Thus, the
total number of instances in the benchmark tests is denoted by 2 × 5 × 3 × 3 × 3 = 270.

4.2. Evaluation Metrics

To assess the performance of the QLEA and other comparative algorithms in solving
the mentioned instances, this study employs two performance metrics: inverted genera-
tional distance (IGD) and coverage (C-metric) [28]. IGD is a comprehensive performance
measure that considers both diversity and convergence, while the C-metric is used to
measure the dominance relationship between the non-dominated solution sets of two
algorithms; e.g., C (A, B) indicates the proportion of solutions in the non-dominated set of
algorithm B that are dominated by the non-dominated set of algorithm A.

4.3. Parameter Settings

Because the value of control parameters has an important effect on the performance
of the algorithm, selecting the best control parameter value is helpful to improve the
performance of the algorithm. Therefore, the control parameters of the QLEA proposed in
this paper are population size (n), learning factor (α), and discounting factor (γ). In order
to determine the best combination of these three parameters, the Taguchi method [29] is
designed, and four different level factors are designed for each parameter. The parameter
levels of each influencing factor are shown in Table 2. An example of SDST-100 with
20 × 20 × 2 mixed no-idle constraint condition type 1⃝ is conducted by using an L16(43)

orthogonal table. Each parameter combination was run independently 10 times, and the
running time under each parameter group was 20 × 20 × 2 × 5 milliseconds. IGD was
selected as the evaluation index. The specific parameter combination is shown in Table 3
and Figure 8.

Table 2. Parameter levels.

Level n α γ

1 20 0.1 0.3
2 30 0.2 0.4
3 40 0.3 0.5
4 50 0.4 0.6

Table 3. Orthogonal table and experimental results.

Level n α γ IGD

1 1 1 1 5043.33
2 1 2 2 6684.34
3 1 3 3 4255.75
4 1 4 4 4101.73
5 2 1 2 5621.10
6 2 2 1 2056.07
7 2 3 4 5549.18
8 2 4 3 5164.86
9 3 1 3 4143.86
10 3 2 4 3097.66
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Table 3. Cont.

Level n α γ IGD

11 3 3 1 2623.52
12 3 4 2 4031.79
13 4 1 4 3394.69
14 4 2 3 7694.51
15 4 3 2 4221.34
16 4 4 1 5229.61
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Table 4 and Figure 8 present the response values for different levels of factors, with the
optimal values highlighted in bold. The range for population size n is the largest, indicating
that variations in population size have the most significant impact on the outcomes of the
problem being solved. This is because the population size determines the range of the
search space; if set too low, it can lead to an overly restricted search area, inhibiting effective
exploration of the entire space. Conversely, if set too high, it may consume excessive
time for solving, reducing the algorithm’s computational efficiency and convergence. The
discount factor γ follows in significance, and the learning rate α has the smallest range,
suggesting that variations in α have the least impact on the results of the problem. However,
setting α appropriately can enhance the algorithm’s effectiveness in solving the problem.
Consequently, the optimal combination of these three parameters is n = 40, γ = 0.3, α = 0.3.

Table 4. Parameter response table.

Level n α γ

1 5021.2880 4558.2457 3737.8825
2 4605.3024 4883.1463 5139.6425
3 3474.2068 4162.4464 5314.7450
4 5135.0401 4631.9988 4035.8150

Range 1660.8334 720.6999 1576.8605
Rank 1 3 2

4.4. Effectiveness of Neighborhood Search Strategy

To verify the effectiveness of the proposed neighborhood search strategy, a comparison
was conducted between the QLEA incorporating a Q-Learning-based neighborhood search
and a variant without this strategy (named QLEA-RE). Both algorithms share all other
components. The comparison utilized two evaluation metrics: IGD and C-metric, to analyze
and contrast the performance of these two algorithms across different problem instances.
The optimal results are highlighted in bold, as detailed in Tables 5–8.
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Table 5. IGD values of QLEA and QLEA-RE under SDST-50 constraint.

Type
1⃝ 2⃝ 3⃝

QLEA QLEA-RE QLEA QLEA-RE QLEA QLEA-RE

F = 2 1.47 × 104 8.32 × 105 1.93 × 104 9.06 × 105 9.98 × 104 7.88 × 105

F = 4 5.68 × 104 8.13 × 105 210 × 104 9.74 × 105 1.33 × 105 7.53 × 105

F = 6 4.35 × 104 8.21 × 105 1.30 × 105 8.31 × 105 1.18 × 105 8.32 × 105

Mean 3.83 × 104 8.22 × 105 5.68 × 104 9.04 × 105 1.17 × 105 7.91 × 105

n = 20 3.48 × 103 2.16 × 105 3.85 × 104 2.05 × 105 5.70 × 104 1.80 × 105

n = 50 1.11 × 102 3.53 × 105 3.45 × 102 3.78 × 105 6.47 × 104 3.27 × 105

n = 100 1.37 × 105 7.30 × 105 5.35 × 104 8.42 × 105 7.39 × 104 7.52 × 105

n = 200 0.00 × 100 2.57 × 106 1.74 × 105 2.83 × 106 3.49 × 105 2.46 × 106

n = 500 0.00 × 100 2.68 × 106 1.98 × 105 2.93 × 106 3.66 × 105 2.72 × 106

Mean 2.81 × 104 1.31 × 106 9.29 × 104 1.44 × 106 1.82 × 105 1.29 × 106

m = 5 7.89 × 103 1.16 × 105 1.70 × 104 9.59 × 104 1.51 × 104 1.03 × 105

m = 10 1.28 × 104 5.82 × 105 3.22 × 104 6.01 × 105 6.73 × 104 5.14 × 105

m = 20 8.67 × 104 1.59 × 106 1.11 × 105 1.81 × 106 2.43 × 105 1.58 × 106

Mean 3.58 × 104 7.63 × 105 5.34 × 104 8.36 × 105 1.08 × 105 7.32 × 105

Table 6. IGD values of QLEA and QLEA-RE under SDST-100 constraint.

Type
1⃝ 2⃝ 3⃝

QLEA QLEA-RE QLEA QLEA-RE QLEA QLEA-RE

F = 2 0.00 × 100 9.08 × 105 8.27 × 104 7.37 × 105 2.11 × 104 8.79 × 105

F = 4 2.05 × 104 8.70 × 105 3.86 × 104 8.53 × 105 9.59 × 104 7.38 × 105

F = 6 1.41 × 105 7.26 × 105 8.25 × 103 8.37 × 105 7.49 × 104 8.09 × 105

Mean 5.38 × 104 8.35 × 105 4.32 × 104 8.09 × 105 6.40 × 104 8.09 × 105

n = 20 0.00 × 100 2.20 × 105 7.83 × 103 2.29 × 105 4.73 × 103 2.51 × 105

n = 50 0.00 × 100 4.03 × 105 2.36 × 104 3.82 × 105 5.59 × 103 3.62 × 105

n = 100 9.65 × 104 8.48 × 105 1.15 × 105 7.14 × 105 1.46 × 105 6.78 × 105

n = 200 1.51 × 105 2.39 × 106 1.79 × 104 2.46 × 106 1.18 × 105 2.51 × 106

n = 500 1.62 × 105 2.58 × 106 1.89 × 104 3.58 × 106 2.46 × 105 3.62 × 106

Mean 8.19 × 104 1.29 × 106 3.66 × 104 1.47 × 106 1.04 × 105 1.48 × 106

m = 5 4.77 × 103 1.33 × 105 8.29 × 103 1.33 × 105 1.99 × 104 1.09 × 105

m = 10 1.52 × 104 4.40 × 105 1.50 × 104 4.38 × 105 5.91 × 104 3.92 × 105

m = 20 1.29 × 105 1.76 × 106 9.75 × 104 1.69 × 106 1.02 × 105 1.75 × 106

Mean 4.97 × 104 7.78 × 105 4.03 × 104 7.54 × 105 6.03 × 104 7.50 × 105

Table 7. C-metric values of QLEA and QLEA-RE under SDST-50 constraint.

Type
1⃝ 2⃝ 3⃝

QLEA QLEA-RE QLEA QLEA-RE QLEA QLEA-RE

F = 2 0.86 0.00 0.83 0.00 0.55 0.00
F = 4 0.74 0.00 0.61 0.00 0.53 0.00
F = 6 0.89 0.00 0.70 0.00 0.58 0.00
Mean 0.83 0.00 0.71 0.00 0.55 0.00
n = 20 0.89 0.00 0.73 0.00 0.50 0.00
n = 50 0.93 0.00 0.89 0.00 0.41 0.00
n = 100 0.56 0.00 0.44 0.00 0.72 0.00
n = 200 1.00 0.00 0.83 0.00 0.58 0.00
n = 500 1.00 0.00 0.95 0.00 0.83 0.00
Mean 0.87 0.00 0.77 0.00 0.61 0.00
m = 5 0.78 0.00 0.58 0.00 0.78 0.00

m = 10 0.86 0.00 0.67 0.00 0.54 0.00
m = 20 0.83 0.00 0.86 0.00 0.39 0.00
Mean 0.82 0.00 0.70 0.00 0.57 0.00
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Table 8. C-metric values of QLEA and QLEA-RE under SDST-100 constraint.

Type
1⃝ 2⃝ 3⃝

QLEA QLEA-RE QLEA QLEA-RE QLEA QLEA-RE

F = 2 1.00 0.00 0.50 0.00 0.73 0.00
F = 4 0.86 0.00 0.91 0.00 0.65 0.00
F = 6 0.82 0.00 0.82 0.00 0.61 0.00
Mean 0.89 0.00 0.74 0.00 0.66 0.00
n = 20 1.00 0.00 0.78 0.00 0.85 0.00
n = 50 1.00 0.00 0.72 0.00 0.85 0.00
n = 100 0.72 0.00 0.67 0.00 0.28 0.00
n = 200 0.83 0.00 0.83 0.00 0.67 0.00
n = 500 0.90 0.00 0.92 0.00 0.81 0.00
Mean 0.89 0.00 0.78 0.00 0.69 0.00
m = 5 0.89 0.00 0.83 0.00 0.70 0.00
m = 10 0.96 0.00 0.67 0.00 0.54 0.00
m = 20 0.83 0.00 0.75 0.00 0.75 0.00
Mean 0.89 0.00 0.75 0.00 0.66 0.00

The results from Tables 5–8 indicate that across all instances under various sequence-
dependent setup times and no-idle constraint scenarios, the IGD values obtained by the
QLEA are consistently lower than those obtained by the QLEA-RE. This demonstrates that
the QLEA, which includes the Q-Learning-based neighborhood search strategy, achieves
better convergence and distribution of solutions. Additionally, for all instances under
different no-idle constraint scenarios, the C(QLEA, QLEA-RE) values are consistently
higher than the C(QLEA-RE, QLEA) values, indicating that the majority of solutions from
the QLEA-RE are dominated by the non-dominated solutions of the QLEA. This highlights
the superior performance of the QLEA’s solutions in terms of dominance and overall
effectiveness in the problem space.

To further illustrate the performance superiority of the QLEA that includes the Q-
Learning-based neighborhood search strategy, a variance analysis was conducted on the
test results of the QLEA and QLEA-RE across different instances. This analysis provides a
more intuitive representation of the performance differences between the two algorithms.
Figure 9 displays the mean changes and the confidence intervals under the 95% confidence
level using Turkey’s HSD test. The figure shows that the introduction of the Q-Learning
neighborhood search strategy has a significant positive impact on the performance of
the QLEA, thereby further validating that the Q-Learning neighborhood search strategy
contributes to enhancing the algorithm’s performance.
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4.5. Comparison with Related Algorithms

To validate the performance of the QLEA compared to other algorithms, a series of
comparative experiments were conducted against the QLEA, an Improved Non-Dominated
Sorting Genetic Algorithm II (INSGA-II) [30], a Multi-Objective Hybrid Iterated Greedy
(MOHIG) algorithm [31], and a Competitive Memetic Algorithm (CMA) [32]. The ter-
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mination time for all comparative algorithms was set to n × m × f × C milliseconds,
with a value of C set to 5. The delivery deadlines for workpieces were designated as
dj = Pj × (1+ rand(0, 1)), where Pj represents the total processing time of job j across all ma-
chines. Each algorithm was run independently ten times on test instances. Tables 9 and 10
display the IGD results for QLEA and the three comparative algorithms for all instances
grouped by factory, job, and machine settings under SDST-50 and SDST-100, respectively.
This comparison helps to highlight the effectiveness of the QLEA in managing complex
scheduling tasks and its ability to efficiently navigate and optimize the search space com-
pared to other established algorithms in the field. In addition, Table 11 shows that the
preparation time of the QLEA and comparison algorithm in scenario 1⃝ is the running time
of SDST-50 for solving each instance.

As can be seen from Tables 9 and 10, regardless of different no-idle constraint scenarios
under any of the SDSTs, the results obtained by the QLEA proposed in this paper are
superior to other comparison algorithms in solving most; especially with the increase in the
number of jobs, QLEA shows more obvious advantages. Specifically, when the sequence-
dependent setup time is SDST-50, the IGD means of the QLEA in all the three no-idle
scenarios are 1.25 × 104, 7.92 × 103, and 5.16 × 103, which are much smaller than those
of INSGA-II, MOHIG and CMA. When the sequence-dependent setup time is SDST-100,
the IGD means of the QLEA in all three no-idle scenarios are 9.12 × 103, 6.92 × 103, and
6.62 × 103, which are much smaller than those of INSGA-II, MOHIG, and CMA, which
shows that the QLEA proposed in this paper has certain advantages, which may be due to
the improved initialization strategy and the initialization method combined with random
generation so that the initial solutions are evenly distributed in different regions, which
is conducive to improving the quality and diversity of solutions. Secondly, the discrete
population updating mechanism is adopted to enable the algorithm to search directly
in the discrete scheduling space, and the variable neighborhood local search based on
Q-Learning is designed, which greatly enhances the local development ability. In addition,
according to different optimization objectives, different neighborhood search strategies
are proposed to avoid the local optimal problem caused by a single search strategy and
further improve the quality of understanding and solution accuracy. From the running
time of the QLEA and the comparison algorithm in solving each instance in Table 11, it can
be directly seen that the QLEA is significantly faster than INSGA-II, MOHIG, and CMA,
further demonstrating the superiority of the QLEA. Meanwhile, the proposed QLEA can
also improve the competitiveness of enterprises and increase economic benefits.

Figure 10 illustrates the non-dominated solution results of the QLEA compared to the
three other algorithms (INSGA-II, MOHIG, and CMA) for a scenario involving 100 jobs
and 20 machines under the sequence-dependent setup time (SDST-50) with the third type
of no-idle constraint. From the diagram, it is evident that the QLEA’s results are notably
superior. Furthermore, the distribution of the QLEA’s population is significantly better
than that of the three comparative algorithms.

A variance analysis of the test results of the QLEA, INSGA-II, MOHIG, and CMA
across different instances was conducted to further verify the differences in performance
among these algorithms. Figure 11 displays the mean change lines and the confidence
intervals under a 95% confidence level using Turkey’s HSD test. It is observable from
Figure 11 that the IGD values achieved by the QLEA for instances with different sequence-
dependent setup times are consistently lower than those achieved by INSGA-II, MOHIG,
and CMA. This further underscores that the QLEA produces higher-quality results and
possesses distinct advantages, validating its effectiveness and efficiency in tackling complex
scheduling problems with various constraints and requirements.
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Table 9. IGD values of different algorithms under SDST-50 constraints.

Type
1⃝ 2⃝ 3⃝

INSGA-II MOHIG CMA QLEA INSGA-II MOHIG CMA QLEA INSGA-II MOHIG CMA QLEA

F = 2 3.87 × 104 2.23 × 104 1.14 × 105 1.44 × 104 1.67 × 104 1.77 × 104 1.14 × 105 8.93 × 103 2.74 × 104 1.43 × 104 9.96 × 104 5.77 × 103

F = 4 2.48 × 104 1.47 × 104 6.93 × 104 9.71 × 103 2.19 × 104 1.26 × 104 8.54 × 104 4.83 × 103 1.28 × 104 8.60 × 103 6.59 × 104 2.91 × 103

F = 6 1.74 × 104 1.49 × 104 6.26 × 104 5.09 × 103 1.33 × 104 9.76 × 103 6.99 × 104 4.98 × 103 1.45 × 104 8.05 × 103 6.37 × 104 3.35 × 103

Mean 2.70 × 104 1.73 × 104 8.20 × 104 9.73 × 103 1.73 × 104 1.34 × 104 8.98 × 104 6.25 × 103 1.82 × 104 1.03 × 104 7.64 × 104 4.01 × 103

n = 20 3.29 × 103 2.45 × 103 1.71 × 103 8.82 × 102 2.90 × 103 1.96 × 103 2.46 × 103 6.57 × 102 3.65 × 103 3.34 × 103 2.31 × 103 8.71 × 102

n = 50 5.58 × 103 5.39 × 103 8.97 × 103 1.57 × 103 3.87 × 103 5.14 × 103 7.66 × 103 1.80 × 103 6.21 × 103 5.65 × 103 1.25 × 104 6.90 × 102

n = 100 3.12 × 104 8.39 × 103 8.10 × 104 4.88 × 103 1.98 × 104 9.60 × 103 8.36 × 104 2.94 × 103 1.41 × 104 1.06 × 104 6.49 × 104 1.37 × 103

n = 200 8.83 × 104 7.09 × 104 3.14 × 105 4.26 × 104 5.52 × 104 4.84 × 104 3.52 × 105 2.63 × 104 6.43 × 104 2.74 × 104 3.01 × 105 1.77 × 104

n = 500 9.96 × 104 8.76 × 104 4.54 × 105 4.26 × 104 5.53 × 104 4.46 × 104 3.24 × 105 2.62 × 104 6.35 × 104 2.78 × 104 3.23 × 105 1.75 × 104

Mean 4.56 × 104 3.49 × 104 1.72 × 105 1.85 × 104 2.74 × 104 2.19 × 104 1.54 × 105 6.98 × 103 3.04 × 104 1.50 × 104 1.41 × 103 7.63 × 103

m = 5 7.65 × 103 2.83 × 103 8.81 × 103 2.03 × 103 2.60 × 103 2.89 × 103 4.20 × 103 1.08 × 103 2.21 × 103 2.04 × 103 3.39 × 103 7.78 × 102

m = 10 2.67 × 104 1.79 × 104 6.48 × 104 8.03 × 103 1.32 × 104 1.41 × 104 6.47 × 104 4.68 × 103 2.13 × 104 9.63 × 103 5.25 × 104 6.16 × 103

m = 20 4.18 × 104 2.76 × 104 1.54 × 105 1.73 × 104 3.23 × 104 1.96 × 104 1.79 × 105 1.17 × 104 2.71 × 104 1.72 × 104 1.55 × 105 4.29 × 103

Mean 2.54 × 104 1.61 × 104 7.59 × 104 9.12 × 103 1.60 × 104 1.25 × 104 8.26 × 104 5.82 × 103 1.69 × 104 9.62 × 103 7.03 × 104 3.74 × 103

Table 10. IGD values of different algorithms under SDST-100 constraints.

Type
1⃝ 2⃝ 3⃝

INSGA-II MOHIG CMA QLEA INSGA-II MOHIG CMA QLEA INSGA-II MOHIG CMA QLEA

F = 2 2.98 × 104 3.41 × 104 2.03 × 105 1.03 × 104 3.56 × 104 1.66 × 104 1.74 × 105 9.56 × 103 4.16 × 104 1.58 × 104 1.91 × 105 4.20 × 103

F = 4 3.37 × 104 2.06 × 104 1.36 × 105 6.03 × 103 3.25 × 104 1.57 × 104 1.28 × 105 3.83 × 103 1.70 × 104 1.35 × 104 9.80 × 104 8.17 × 103

F = 6 2.24 × 104 1.42 × 104 9.83 × 104 5.16 × 103 2.47 × 104 1.60 × 104 9.88 × 104 4.31 × 103 2.82 × 104 1.30 × 104 1.02 × 105 3.52 × 103

Mean 2.86 × 104 2.30 × 104 1.46 × 105 7.16 × 103 3.09 × 104 1.61 × 104 1.34 × 105 5.90 × 103 2.89 × 104 1.41 × 104 1.30 × 105 5.30 × 103

n = 20 5.02 × 103 5.05 × 103 5.86 × 103 9.59 × 102 4.28 × 103 3.22 × 103 2.23 × 103 8.41 × 102 5.92 × 103 5.22 × 103 4.48 × 103 1.15 × 103

n = 50 1.20 × 104 1.11 × 104 1.57 × 104 1.85 × 103 7.18 × 103 6.63 × 103 1.41 × 104 2.05 × 103 7.09 × 103 7.44 × 103 1.44 × 104 1.17 × 103

n = 100 1.92 × 104 6.80 × 103 1.01 × 105 2.98 × 103 3.37 × 104 2.06 × 104 1.00 × 105 6.58 × 103 3.26 × 104 1.65 × 104 8.66 × 104 3.06 × 103

n = 200 1.03 × 105 9.20 × 104 6.18 × 105 3.07 × 104 1.03 × 105 4.29 × 104 5.59 × 105 1.82 × 104 9.06 × 104 3.39 × 104 5.59 × 105 2.11 × 104

n = 500 1.26 × 105 9.24 × 104 6.36 × 105 3.08 × 104 1.23 × 105 4.46 × 104 5.96 × 105 1.84 × 104 9.43 × 104 3.34 × 104 5.35 × 105 2.45 × 104

Mean 5.30 × 104 4.15 × 104 2.75 × 105 1.35 × 104 5.42 × 104 2.36 × 104 2.54 × 105 9.21 × 103 4.61 × 104 1.93 × 104 2.40 × 105 1.02 × 104

m = 5 5.08 × 103 2.47 × 103 1.05 × 104 9.18 × 102 5.02 × 103 4.78 × 103 9.10 × 103 1.74 × 103 3.57 × 103 1.69 × 103 8.04 × 103 3.80 × 102

m = 10 2.36 × 104 2.11 × 104 9.12 × 104 6.90 × 103 2.09 × 104 1.83 × 104 9.82 × 104 1.11 × 104 2.92 × 104 1.11 × 104 1.00 × 105 6.68 × 103

m = 20 5.14 × 104 4.03 × 104 3,02 × 105 1.21 × 104 6.04 × 104 2.24 × 104 2.62 × 105 3.83 × 103 4.77 × 104 2.65 × 104 2.52 × 105 7.60 × 103

Mean 2.67 × 104 2.13 × 104 1.35 × 105 6.64 × 103 2.88 × 104 1.52 × 104 1.23 × 105 5.56 × 103 2.68 × 104 1.31 × 104 1.20 × 105 4.89 × 103
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Table 11. QLEA and the comparison algorithm solve the running time of each instance.

N × m × F
1⃝ Time(s)

QLEA CMA MOHIG INSGA-II

20 × 5 × 2 6.73 8.56 10.13 13.32
20 × 10 × 2 30.12 33.32 45.31 52.13
20 × 20 × 2 61.34 78.56 80.13 98.13
50 × 5 × 2 120.32 134.54 156.43 165.43

50 × 10 × 2 300.13 312.44 321.45 395.46
50 × 20 × 2 600.45 623.45 650.46 664.24
100 × 5 × 2 612.26 623.13 643.12 654.16

100 × 10 × 2 1203.13 1300.24 1401.16 1403.61
100 × 20 × 2 2403.42 2503.13 2589.16 2601.87
200 × 5 × 2 1826.16 1903.42 1964.17 1980.16

200 × 10 × 2 3603.11 3645.16 3700.16 3761.18
200 × 20 × 2 7236.72 7346.79 7463.98 7501.46
500 × 5 × 2 8603.46 8800.47 8934.23 9103.1

500 × 10 × 2 14,403.36 15,900.16 16,901.00 17031.45
500 × 20 × 2 28,803.47 29,900.13 29,323.45 30,000.48

20 × 5 × 4 8.63 9.42 11.36 13.58
20 × 10 × 4 62.31 66.56 72.42 80.12
20 × 20 × 4 121.13 134.56 144.56 158.96
50 × 5 × 4 302.46 313.46 345.41 364.15

50 × 10 × 4 600.16 621.13 643.12 645.19
50 × 20 × 4 1264.89 1299.46 1346.49 1365.54
100 × 5 × 4 956.65 970.36 980.35 990.62

100 × 10 × 4 1859.25 1899.35 1963.56 1998.22
100 × 20 × 4 3645.65 3752.63 3856.21 3956.56
200 × 5 × 4 2563.52 2630.26 2703.52 2865.60

200 × 10 × 4 5463.56 5632.32 5783.26 5896.62
200 × 20 × 4 10,882.23 10,956.26 11,231.23 11,323.23
500 × 5 × 4 11,230.45 11,563.89 12,032.26 12,122.45

500 × 10 × 4 21,648.56 22,659.56 22,989.64 23,023.78
500 × 20 × 4 43,256.78 44,332.41 45,623.13 46,563.56

20 × 5 × 6 13.72 14.38 15.86 16.79
20 × 10 × 6 63.45 67.56 68.89 70.23
20 × 20 × 6 184.56 189.56 190.45 191.48
50 × 5 × 6 612.35 622.45 664.36 674.12
50 × 10 × 6 1235.56 1239.45 1326.56 1378.93
50 × 20 × 6 2456.89 2536.45 2645.78 2899.56
100 × 5 × 6 1879.78 1953.78 1996.46 1999.47

100 × 10 × 6 3648.89 3789.47 3812.13 3978.56
100 × 20 × 6 7245.63 7356.13 7456.17 7569.68
200 × 5 × 6 3648.78 3885.69 3956.54 4125.68

200 × 10 × 6 7245.32 7412.36 7546.89 7784.59
200 × 20 × 6 14,562.23 15,462.79 14,896.47 15,368.98
500 × 5 × 6 19,835.65 20,315.58 21,653.48 22,345.65

500 × 10 × 6 28,456.89 29,784.56 31,214.15 32,146.89
500 × 20 × 6 57,689.49 58,963.45 64,523.19 65,894.46
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4.6. Non-Parametric Statistical Test

To make the comparison results more convincing and substantiated, a statistical
analysis was performed on the results of different algorithms across various sequence-
dependent setup times as detailed in Tables 9 and 10. To test the significant differences
between these algorithms, a non-parametric statistical method, the Wilcoxon signed-rank
test [33], was utilized. The significance level for the tests was set at 5%. The outcomes of
these tests are meticulously recorded in Table 12.

Table 12. Wilcoxon test results of the QLEA comparison algorithm.

SDST-50 SDST-100

F QLEA VS. p-Value R F QLEA VS. p-Value R

INSGA-II 1.60 × 10−9 + INSGA-II 8.31 × 10−7 +
2 MOHIG 1.85 × 10−6 + 2 MOHIG 1.24 × 10−6 +

CMA 1.18 × 10−9 + CMA 2.36 × 10−6 +
INSGA-II 1.61 × 10−9 + INSGA-II 7.64 × 10−9 +

4 MOHIG 4.83 × 10−5 + 4 MOHIG 8.44 × 10−6 +
CMA 2.37 × 10−10 + CMA 8.33 × 10−7 +

INSGA-II 2.34 × 10−9 + INSGA-II 2.34 × 10−10 +
6 MOHIG 1.55 × 10−5 + 6 MOHIG 4.47 × 10−6 +

CMA 4.65 × 10−10 + CMA 2.35 × 10−10 +

Table 12 shows the p-values calculated by INSGA-II, MOHIG, and CMA in the
Wilcoxon signed-rank test of the QLEA. It can be seen from the results of Table 12 that
the p-value of all test examples is much less than 5%, indicating that there are significant
differences between the QLEA and the other three comparison algorithms, and the QLEA
is significantly better.

5. Conclusions
For the characteristics of the DMNIPFSP/SDST, a QLEA is proposed. First, to en-

hance the quality and diversity of initial solutions, two improved initialization strategies
are introduced. Second, a novel population updating mechanism is designed based on
the characteristics of the problem addressed, balancing the global exploration and local
exploitation capabilities of the algorithm. Additionally, a Q-Learning-based variable neigh-
borhood local search is utilized to refine non-dominated solutions, thereby guiding the
population evolution. Finally, simulation experiments are conducted on instances under
two different sequence-dependent setup time scenarios and three types of no-idle con-
straint conditions, comparing the results with those from INSGA-II, MOHIG, and CMA.
The results show that the QLEA has significant advantages in solving the multi-objective
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DMNIPFSP/SDST, and this method can also improve the competitiveness of enterprises
and increase economic benefits.

For future work, we can develop higher-performance algorithms based on the QLEA
and the characteristics of the problem to address other complex engineering optimization
challenges, such as vehicle scheduling [34,35], logistics scheduling [36–38], distributed
scheduling [39–41], and flexible job scheduling [42–44]. These are the directions we will
strive towards in the future.
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