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ABSTRACT: Aircraft assembly is characterized by stringent precedence constraints, limited resource availability,
spatial restrictions, and a high degree of manual intervention. These factors lead to considerable variability in operator
workloads and significantly increase the complexity of scheduling. To address this challenge, this study investigates the
Aircraft Pulsating Assembly Line Scheduling Problem (APALSP) under skilled operator allocation, with the objective
of minimizing assembly completion time. A mathematical model considering skilled operator allocation is developed,
and a Q-Learning improved Particle Swarm Optimization algorithm (QLPSO) is proposed. In the algorithm design,
a reverse scheduling strategy is adopted to effectively manage large-scale precedence constraints. Moreover, a reverse
sequence encoding method is introduced to generate operation sequences, while a time decoding mechanism is
employed to determine completion times. The problem is further reformulated as a Markov Decision Process (MDP)
with explicitly defined state and action spaces. Within QLPSO, the Q-learning mechanism adaptively adjusts inertia
weights and learning factors, thereby achieving a balance between exploration capability and convergence performance.
To validate the effectiveness of the proposed approach, extensive computational experiments are conducted on
benchmark instances of different scales, including small, medium, large, and ultra-large cases. The results demonstrate
that QLPSO consistently delivers stable and high-quality solutions across all scenarios. In ultra-large-scale instances,
it improves the best solution by 25.2% compared with the Genetic Algorithm (GA) and enhances the average solution
by 16.9% over the Q-learning algorithm, showing clear advantages over the comparative methods. These findings not
only confirm the effectiveness of the proposed algorithm but also provide valuable theoretical references and practical
guidance for the intelligent scheduling optimization of aircraft pulsating assembly lines.
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1 Introduction

In the manufacturing of large aircraft, assembly operations account for approximately 50%~70% of
total direct manufacturing costs, excluding production preparation and industrial equipment fabrication [1].
Automated and flexible assembly techniques have long been central to advances in aircraft production. Sub-
assembly in aircraft manufacturing focuses on “partial manufacturing,” whereas final assembly represents the
“integration of the entire aircraft”. The aircraft pulsating final assembly line is divided into stations according
to the assembly outline, enabling the aircraft to move between stations with an inherent takt time, thereby
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improving assembly efficiency and shortening the production cycle. Among these, final assembly plays a
pivotal role in determining both the production rate and overall product quality [2].

With growing demand for commercial, military, and general-aviation aircraft in China, developing
assembly lines that are more cost-effective, efficient, and capable of ensuring high quality has become a
strategic priority. Traditional fixed hangar-style assembly reveals significant limitations when confronted
with increasingly complex aircraft designs and rising production volumes. Drawing on successful practices
in the automotive industry, the aviation sector has begun to adopt mobile assembly methods. These are
commonly categorized by automation level into “pulsating assembly lines” and “continuously moving
assembly lines” [3]. In a pulsating assembly line, the assembly outline (AO, the smallest unit of task
assignment in the production system) is distributed across a limited number of workstations. Each station
is assigned a set of tasks to be completed within a fixed cycle; at the end of the cycle, the aircraft advances
to the next station, yielding a stepwise, pulse-like movement. By contrast, a continuously moving assembly
line operates with higher automation and a stable material supply: the aircraft moves at a constant speed
while operators complete tasks sequentially. At present, aircraft pulse assembly lines are mainly constrained
by multiple factors, including material supply, precedence relations among tasks, resource availability, spatial
limitations, and operator collaboration. Materials are supplied by multiple vendors, and large commercial
aircraft involve numerous and complex operational constraints. The resources primarily include tooling
equipment and ordinary operator resources. Each operator occupies space within the aircraft section while
working, and the execution of assembly tasks often requires the cooperation of multiple types and numbers
of workers. Therefore, pulse final assembly lines have attracted extensive academic attention worldwide.

The workstation segmentation inherent to aircraft pulsating assembly lines gives rise to two major
research topics: the “Aircraft Pulsating Assembly Line Balancing Problem (APALBP)” and the “Aircraft
Pulsating Assembly Line Scheduling Problem (APALSP)”. The APALBP [4] focuses on distributing assembly
tasks across stations to balance workload and minimize idle time. This problem has been widely studied
in aircraft assembly and other manufacturing domains. For example, Bao et al. [5] developed an integer
linear programming model and proposed a two-stage heuristic for balancing an aircraft final assembly
line. Korivand et al. [6] introduced a framework for predicting human performance in human-robot
teaming by integrating physiological data with Q-learning, achieving 95.45% accuracy; their findings offer
insights relevant to resource and performance optimization in aircraft assembly. In contrast, the APALSP [7]
addresses the allocation of resources and operators under spatial constraints, as well as the scheduling of task
start and finish times to ensure timely assembly completion. The resources considered include various tool
resources and different types of operators, each of whom occupies space within the aircraft sections. Owing to
its diverse focus areas, APALSP has spawned several subproblems. Prior studies have examined related topics
such as multi-operator parallel scheduling [8], multi-skilled operator allocation [9,10], multi-level operator
assignment [11], scheduling with operator fatigue [12], workload-fluctuation scheduling [13], and human-
robot collaborative scheduling [14]. The present research concentrates on one such subproblem: the aircraft
pulsating assembly line scheduling problem with skilled operator allocation. The aircraft assembly process
is subject to strict task sequencing constraints, and skilled workers impact the completion time of each task.
Therefore, efficient operator scheduling [15] and task scheduling are crucial for improving assembly efficiency
and reducing production costs.

Building on this literature, many studies emphasize operator allocation yet often treat operators as
homogeneous resources. In practice, however, training skilled operators requires substantial investment,
and their deployment directly affects assembly efficiency, product quality, and production stability. Skilled
operators execute complex tasks more accurately and efficiently. Therefore, explicitly modeling skilled
operators as a distinct resource within the scheduling process is both critical and challenging.
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The remainder of the article is organized as follows. Section 2 reviews APALSP from the perspectives
of resource constraints and operator allocation. Section 3 details the problem statement and mathemat-
ical formulation. Section 4 presents the Q-Learning improved Particle Swarm Optimization (QLPSO)
approach. Section 5 reports experimental validation on small-, medium-, large-, and ultra-large-scale test
cases. Section 6 concludes the study and outlines avenues for future research.

2 Research Overview

The aircraft pulsating assembly line scheduling problem can be regarded as a variant of the project
scheduling problem with unique constraints. It extends and generalizes the classical Resource-Constrained
Project Scheduling Problem (RCPSP) [16]. As a key area in operations research, RCPSP has been extensively
studied and is considered a mature topic in both modeling and algorithm development. Li et al. [17]
proposed a proactive scheduling model for RCPSP, incorporating resource constraints, and solved it using
a branch-and-bound algorithm. Their method outperformed CPLEX and traditional genetic algorithms.
Liu et al. [18] introduced a bi-objective model for finance-based and resource-constrained robust project
scheduling (FBRCRPSP). They developed an enhanced non-dominated sorting genetic algorithm (NSGA-II-
LS), which efficiently explores the neighborhood space and performs well on small-scale instances. Currently,
research in this area continues to evolve, providing valuable insights and decision-making support for
project managers.

The Aircraft Pulsating Assembly Line Scheduling Problem (APALSP) remains in the early stages of
academic exploration. This is largely due to the relatively late development of China’s aircraft manufacturing
and assembly industry, where research across multiple dimensions is still emerging. Roussel et al. [19] con-
ducted preliminary studies on design optimization for aircraft assembly lines. Traditionally, manufacturing
systems are developed after the aircraft design is finalized, often resulting in suboptimal performance. To
address this, the authors proposed integrating production system considerations into the early stages of
aircraft design. They introduced a constraint programming encoding and an &-constraint-based algorithm,
which demonstrated significant potential. In parallel, Long et al. [20] investigated productivity prediction for
aircraft final assembly lines. Their study compared three modeling approaches: a simulation-based prediction
model, a representative regression model, and a machine learning model including multilayer perception,
gradient boost regression tree and random forest. These methods were validated using a real-world final
assembly line involving three types of aircraft, confirming their practical applicability. Both domestic and
international scholars continue to focus on simulation and optimization studies of aircraft final assembly
pulsating lines. These efforts aim to improve resource utilization and achieve better operational balance
across production stages.

Research on the Aircraft Pulsating Assembly Line Scheduling Problem (APALSP) primarily focuses on
resource constraints, as this is the most classical and fundamental modeling framework. Many researchers
have conducted studies based on resource-constrained models, considering various tooling resources and
operator resources, and some scholars have also taken spatial constraints into account. Cai et al. [21]
addressed spatial constraints in the aircraft assembly process by formulating a mathematical model for sub-
assembly scheduling. Their objective was to minimize total assembly duration while accounting for spatial
limitations. To solve the model, they proposed an Improved Genetic Algorithm with Variable Neighborhood
Search (IGA-VNS). Similarly, Wen et al. [7] applied a reinforcement learning-based genetic algorithm
(QIGA) to handle multiple constraints in aircraft assembly scheduling. By integrating genetic algorithms with
Markov decision models and dynamically adjusting parameters, the method enhanced the search efficiency.
Experimental results demonstrated that the proposed algorithm significantly reduced total assembly time in
large-scale aircraft assembly scenarios. Shan et al. [22] also focused on resource constraints but treated them
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as an objective function within the scheduling problem. They developed a comprehensive fitness function
to evaluate resource balance in demand-driven scheduling and introduced an Adaptive Genetic Algorithm
(GA) to address the problem. Further research has delved deeper into flexible resource allocation. Ren
etal. [23] proposed a flexible resource investment model based on project splitting (FRIP_PS), which allows
for dynamic resource allocation in final assembly scheduling. They embedded a heuristic method into a
genetic algorithm to solve the problem efficiently. In subsequent work, Ren et al. [24] incorporated resource
transfer times between stations into the scheduling model. Considering task precedence and resource
limitations, they proposed a linear mathematical model aimed at minimizing total project completion
time. A branch-and-bound embedded genetic algorithm was developed to solve this model. To address the
challenges of multi-workstation parallel execution and the unavailability of line-end shared resources, Lu
et al. [25] introduced a new variant of the scheduling problem: the Resource Investment Problem based
on Project Splitting with Time Windows (RIPPS_TW). This model allows projects to be divided into sub-
projects, enhancing scheduling flexibility. They also proposed a two-stage iterative loop algorithm and
validated its effectiveness through experimental case studies. Borreguero et al. [26] developed a multi-
mode resource-constrained project scheduling model that incorporates incompatibility constraints, resource
limitations, and a large task volume. Using a constraint programming-based large neighborhood search
algorithm, they achieved significantly better results compared to the company’s previously applied heuristics.

Focusing on resource constraints, both field research and literature reviews reveal an increasing
emphasis on the allocation and arrangement of assembly line personnel in aircraft production. As a result,
many scholars have explored workforce allocation in greater depth. Xin et al. [9] addressed the scheduling
problem of moving production lines in aircraft assembly. They considered scenarios where multiple operators
could jointly execute a task and developed a model for scheduling multi-operator parallel tasks. Their goal
was to minimize total assembly completion time. They compared various heuristic algorithms with different
rule sets and designed a genetic algorithm (GA) for performance benchmarking. Fang et al. [27] examined
the allocation of workers across multi-level stations. Since certain specialized operators must shift between
stations at fixed intervals, the objective was to minimize cycle time while balancing workloads. To tackle this,
an improved non-dominated sorting genetic algorithm (NSGA-IV) was proposed. Some researchers take a
more human-centered perspective. Arkhipov et al. [28] studied task allocation under both economic and
ergonomic constraints, aiming to optimize task schedules. They proposed two models and validated them
through a case study. Ottogalli et al. [29] used virtual reality (VR) to assess automated and semi-automated
cargo handling processes, selecting the most efficient one. They also analyzed operator ergonomics in tight
fuselage spaces, focusing on safe human-robot collaboration. Their results showed notable reductions in
assembly time and labor costs. Human-robot collaboration has become a key research area. Wang et al. [14]
emphasized that operator movements across stations, especially when skills differ, significantly affect final
assembly efficiency. He introduced the dynamic worker allocation problem for aircraft final assembly (DWA-
AFA) and proposed a human-machine collaborative optimization method (HMC-O). Tereshchuk et al. [30]
developed a scheduling method for aircraft assembly involving multiple collaborative robots. They addressed
the soft task priority constraint, which arises from tasks requiring different tools. Their multi-robot task
allocation model reduced tool change time by incorporating priority constraints. A two-stage, data-driven
approach was proposed to select task priorities, along with a soft-priority iterative auction strategy and
machine learning-based scheduling. Guo [31] focused on coordinating tasks between human and robot
teams (HRTs). He proposed a hybrid approach combining mixed-integer linear programming (MILP)
and constraint programming (CP). The CP method outperformed others in solving real-world scheduling
challenges in synchronized aircraft production and logistics.
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Existing research on aircraft assembly line scheduling under resource constraints has provided a solid
theoretical and algorithmic foundation. However, the critical role of operator allocation has not been fully
addressed. Effective operator assignment can significantly enhance both the efficiency and quality of the
assembly process. While numerous studies have examined scheduling and workforce allocation in aircraft
assembly, further investigation is needed in areas such as operator allocation, multi-objective optimization,
and dynamic scheduling. Building on this gap, the paper proposes a scheduling model for the Aircraft
Pulsating Assembly Line Scheduling Problem considering skilled operator allocation, and design the QLPSO
algorithm to solve it. This work aims to offer both theoretical insights and practical guidance for improving
production efficiency in the manufacturing industry.

3 Problem Description and Formulation
3.1 Problem Description

An aircraft pulse assembly line refers to the process in which aircraft components enter the assembly
workshop to complete all assembly tasks and testing until the completion of the test flight. An aircraft involves
a large number of AO, each of which must strictly follow its precedence constraints. The execution of AO
also requires specific resources, including various tooling resources and multiple operators. During task
execution, operators occupy the space within the aircraft section, and the available space varies across dif-
ferent sections of the aircraft. Therefore, operator assignment must also strictly adhere to spatial constraints.
These constraints affect total assembly time, restrict the number of operators, and make workforce allocation
critical, as operator differences can significantly influence task durations.

Therefore, solving such scheduling problems requires considering multiple factors, including AO
precedence constraints, resource constraints, spatial constraints, and skilled worker allocation. The aircraft
pulsating assembly line scheduling problem with skilled operator assignment can be defined as follows:
After the aircraft’s tasks are divided across stations, each station contains a set of AO. Let there be a total
of ] AO, referred to as AO, within a station. Each AO is subject to precedence constraints based on the
Operation Sequence Plan (OSP), which can be represented using an Activity on Node (AON) diagram [32].
As illustrated in Fig. 1, the AON diagram depicts not only the sequential relationships between AO but also
includes segment information, task duration, and the required number of operators for each AO.

Segment Duration

Do
—
(=)
—

Note:

Operator A... Tool A...

Figure 1: The activity on node (AON) for aircraft pulsating assembly line
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Each segment within the assembly line is subject to a maximum capacity constraint, limiting the number
of operators that can work in parallel within that segment. The duration refers to the time required to
complete a specific AO, while the number of operators indicates the quantity of regular operators needed
to perform the AO. Operators A and B are considered shared resources and are subject to maximum
availability constraints. Skilled operators, on the other hand, can be flexibly assigned. Each AO requires at
least one skilled operator to proceed under normal conditions. If two skilled operators are assigned to an
AQ, its duration is reduced by one-third. Assigning three skilled operators shortens the duration by half.
However, allocating more than three skilled operators results in diminishing returns in efficiency, which is
not considered in this study. The objective of this problem is to determine the optimal scheduling of AOs
and the allocation of skilled and shared operators to minimize the total completion time.

3.2 Problem Formulation

The following symbols and their meanings are required to establish the mathematical model for
the aircraft pulsating assembly line scheduling problem considering skilled operator allocation, as shown
in Table 1.

Table 1: The symbols and explanations

Symbol Explanations

T Total completion time within the current station

M Number of operators in the aircraft pulsating assembly line

N Total number of AO in the aircraft pulsating assembly line
q=1{12...q...Q} Set of aircraft assembly segments, the maximum segment in the station

denoted as Q
Set of AO identifiers
Set of operator identifiers

k={1,2,...K} Resource type index

o={A,B} Index for regular operator types, including operator A and operator B

S={1,2...8} Set of skilled operators

d={1,2...T} Discrete time nodes for AOs

ti Duration of AO j

ST; Start time of AO j

ET; End time of AO j

P; Set of predecessor AOs for AO j

S; Set of successor AOs for AO j

Ry Total resource available per unit time for k types of resources

Tk Resource demand for AO j for k types of resources

Tio Demand for operator type o for AO j

rjs Demand for skilled operator s for AO j

€ig Demand for segment g for AO j

Ny Space constraint for segment g, the maximum number of operators that can
be accommodated

ujp, If AO j and the previous AO P; are completed by the same operator, the value

is 1; otherwise, it is 0

(Continued)
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Table 1 (continued)

Symbol Explanations
Xjq If AO j is assigned to be completed in the segment g, the value is 1; otherwise,
itis 0
Yioi If AO j is assigned to the operator i of type o, the value is 1; otherwise, it is 0
Zjs If AO j is assigned to the skilled operator s, the value is 1; otherwise, it is 0

The mathematical model for the aircraft pulsating assembly line scheduling problem considering skilled
operator allocation, is as follows:

Objective:

minZ=T e))
subject to:

STJ'-I-thT,jEI (2)
ETJ - ST] < tj,j € [I,L] (3)
N

> %jg=LVje[LN] (4)
=1

STj—Sijthj,jE[l<L] (5)
ETp, - ST;<0,je[1,L] (6)
M

> XjgYjoi < Mo, j € [LN],i€[1,M],0€[1,0],9€Q 7)
M

> %jqyjs <M, je[L,N],q¢€Q (8)
Ujp, +up;j > zjs +zps— 1, j€ [1,N] 9)
ST;—STp, > STp, — M (1-ujp,),j € [1,N] (10)
> XjgYjoitjk < Rk, je[LN],ie[1,M],0€[1,0],ke[L,K],q€Q (11)
>z <3 (12)
ijqzjsrjk <Ry, je[LLN],0€[,0],ke[1,K],q€Q (13)
Y XjqYjoi€jq + XjgZjsejg < E,je[LN],ie[l,M],0€[1,0],q€Q (14)

Objective function (1) represents the minimization of the total completion time of the aircraft assembly
line. Constraint (2) represents that all AOs in the aircraft assembly line must be completed within the total
completion time and cannot exceed the planned station cycle time; Constraint (3) represents that each AO
must be completed within the specified time and cannot be overdue; Constraint (4) represents that each
AO can only be assigned to one segment space within the station for execution; Constraints (5) and (6)
represent the precedence constraints between AOs, where the start time of a succeeding AO cannot exceed
the completion time of the preceding AO; Constraints (7) and (8) represent worker quantity constraints,
meaning the total number of allocated operators cannot exceed the maximum number of operators available,
where the former refers to regular operators and the latter refers to skilled operators; Constraints (9) and (10)



8 Comput Mater Contin. 2026;86(1)

represent that at any given time, each operator can only perform one AO; Constraint (11) represents resource
constraints, meaning the resource demand for parallel AOs cannot exceed the total available resources;
Constraint (12) represents skilled operator constraints, meaning the number of skilled operators assigned
to each AO cannot exceed three; Constraint (13) represents skilled operator resource constraints, meaning
the resource demand for AOs performed by skilled operators cannot exceed the total available resources;
Constraint (14) represents space constraints, meaning the space occupied by regular and skilled operators
cannot exceed the maximum capacity of the segment space.

4 Q-Learning Improved Particle Swarm Optimization

Swarm Intelligence (SI), a prominent branch of Artificial Intelligence (AI), is inspired by the collective
behaviors of social organisms in nature. Among various SI algorithms, Particle Swarm Optimization (PSO)
stands out as one of the most widely applied and extensively studied paradigms [33]. Since its introduction
in the 1990s, PSO has attracted considerable attention from both researchers and practitioners.

Despite its global search capability, PSO is prone to premature convergence in high-dimensional or
complex problems and is highly sensitive to parameter settings. Reinforcement learning has been shown
to alleviate these issues by adaptively tuning parameters and enhancing exploration [34]. In this study,
we embed Q-learning, a model-free reinforcement learning algorithm, into PSO, enabling particles to
dynamically adjust their strategies based on feedback. This integration improves convergence efficiency and
increases the likelihood of attaining global or near-optimal solutions.

4.1 Design of Reverse Sequence Encoding

Due to the precedence constraints inherent in the aircraft pulsating assembly line scheduling problem,
it is not feasible to generate a valid solution through purely random initialization. Instead, a priority
sequence list must first be randomly generated. The value in this list represents the priority of each AO—the
higher the value, the higher the AO’s priority, and the earlier it should be scheduled. This priority list
serves as the basis for encoding the solution. For large-scale scheduling problems with complex precedence
relationships, a forward scheduling approach is typically employed. This method requires strict adherence to
AO dependencies: a AO can only be executed once all of its predecessor AO have been completed. Such tight
constraints greatly increase the complexity of the scheduling algorithm. To address these challenges, some
researchers have explored inverse sequence-based scheduling methods. For example, Guo et al. [35] proposed
a genetic algorithm based on inverse sequence virtual components to solve complex product scheduling
problems with tightly coupled constraints. Similarly, Wang [36] adopted an inverse sequence scheduling
strategy, which first schedules root-node processes, followed by leaf-node processes. Their experimental
results demonstrate that inverse sequence scheduling offers advantages in both computational efficiency and
solution quality.

As illustrated in Fig. 2, a priority sequence value is randomly assigned to each AO. When a preceding
AO is completed and multiple candidate AOs are eligible for execution, the selection is made based on their
priority sequence values—the AO with the higher value is scheduled first. However, this encoding strategy
necessitates repeated feasibility checks. For instance, suppose AO2, AO4, and AO8 have the highest priority
sequence values. According to the priority principle, AO2 should be scheduled first, followed by AO4,
and then AOS8. Yet, since AO8 has an uncompleted predecessor (AO7), it cannot be executed immediately.
Therefore, a predecessor check is required after each AO selection to ensure precedence
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Figure 2: Sequential encoding based on priority sequence

This article introduces an inverse sequence encoding method based on AO priority. It reverses the AO
precedence constraints and considers only the immediate predecessor AO for each AO. Duplicate AO in the
earlier sequence is removed, retaining only the final AO order. The resulting AO sequence is then reversed
again to produce a feasible schedule that satisfies all priority constraints. For example, as shown in Fig. 3, the
process begins with AO11. At each step, only the AO with a higher priority value is selected as the next in
sequence. This process continues iteratively, resulting in a sequence of AOs with higher priority than AOL1L.
Duplicate AOs appearing earlier in the sequence are removed, and each unique AO is retained to form a
final sequence of 11 AOs. This sequence is then reversed to produce a valid solution that adheres to the AO
priority constraints.

OO0 O
: 3.17
E @ Priority Order

Figure 3: Reverse sequence encoding based on priority sequence

The mathematical model for the aircraft pulsating assembly line scheduling problem with skilled
operator allocation employs Reverse Sequence Encoding based on priority sequences. As illustrated in Fig. 4,
the encoding design consists of three layers. The first layer represents the priority sequence values, which
correspond to positions in the particle swarm optimization (PSO) iteration. These values are generated
randomly and used to construct the AO sequence. The second layer contains the velocity values of the
particles, which are added to the priority sequence values to modify the AO sequence during the PSO update
process. The third layer encodes the skilled operator assignments: one operator enables basic task execution,
two operators reduce processing time by 1/3, and three operators reduce it by 1/2.
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priority sequence values EI 2.99 ‘ 4.56 ‘ 3.17 ‘ 6.10 ‘ 7.8 I 5.02 ‘ 8.2 ‘ 9.61 I 33 ‘ 4.5 ‘ é

velocity sequence values " 2.31 ‘ 3.11 ‘—1.35‘ 0.27 ‘ 1.32 ‘—2.56’ -2.4 ‘ 1.61 ‘—3.65 ‘ -1.05 ‘

skilledoperatorsequenceValuesE‘ 1 ‘ 2 ‘ 1 ‘ 3 ‘ 2 ‘ 2 ’ 1 ‘ 3 ‘ 2 ‘ 2 ‘i

Figure 4: Encoding design of the aircraft pulsating assembly line scheduling problem

A comparative experiment was conducted using representative test cases from small-scale (20 AO),
medium-scale (50 AO), large-scale (100 AO), and extra-large-scale (600 AO) AO sets. For each case, 50
independent runs of both Reverse Sequence Encoding and Sequential Encoding were executed. The solution
times and results were recorded, as shown in Table 2. Both the minimum and average solution times for
Reverse Sequence Encoding are consistently lower than those for Sequential Encoding. Furthermore, the
time advantage of Reverse Sequence Encoding becomes more pronounced as the problem scale increases,
highlighting its efficiency in handling larger instances. In terms of solution quality, Reverse Sequence Encod-
ing also outperforms Sequential Encoding, albeit slightly. Overall, Reverse Sequence Encoding demonstrates
superior algorithmic performance, particularly in obtaining near-optimal solutions within limited time.
Therefore, only Reverse Sequence Encoding is employed in the experimental studies presented in Section 5.

Table 2: Comparison of results between reverse sequence encoding and sequential encoding

Reverse sequence encoding Sequential encoding

Problem scale Solution time Solution results Solution time Solution results

Min/s AVG/s Min/s AVG/s Min/s AVG/s Min/s AVG/s

20 14.49 17.10 38 42.80 16.51 19.22 40 43.42
50 49.81 54.22 146 150.60 65.61 70.53 149 151.62
100 489.16 527.80 154 163.90 573.775  603.50 157 166.00
600 16,511.8 16,641.93 540 580.30 16,9209 16,95719 578 621.60

4.2 Design of Time Decoding

The algorithm generates a corresponding AO sequence based on priority sequence values and calculates
the completion time for that sequence. Given that AO across different sections of the aircraft pulsed assembly
line can begin simultaneously, parallel execution must be considered—adding significant complexity to
the decoding process. Additionally, resources are limited, so potential resource shortages must also be
accounted for.

To address these challenges, the algorithm incorporates both time sequence checks and resource checks.
AO are sorted based on an activity list. If both the Time Sequence Check and Resource Check are satisfied, the
AO are executed in parallel. If not, the algorithm first verifies whether all predecessor AO of the current AO
are completed. If not, it releases the predecessor and any incomplete AO before proceeding to the Resource
Check. If available resources are insufficient, the algorithm releases and reallocates resources until the AO’s
requirements are met, allowing execution to resume.

Moreover, each AO requires a different number of skilled operators, which are allocated according to
the skilled operator sequence values. As each operator occupies spatial resources, a Spatial Check is also
incorporated. Skilled operators, along with required operators A and B, consume space within each assembly
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section. Therefore, the total number of operators assigned to a AO must not exceed the section’s spatial
capacity. If this limit is exceeded, AO execution is delayed. This scheduling process continues until all AO
are completed, ultimately determining the total assembly line completion time.

4.3 Design of QLPSO Algorithm

The PSO algorithm simulates the predatory behavior of bird flocks by iteratively updating the position
and velocity of each particle. It leverages the social interactions among particles to explore the search
space and find optimal solutions. However, PSO often suffers from premature convergence, frequently
becoming trapped in local optima. Furthermore, its performance is highly sensitive to parameter settings;
improper configuration can result in slow convergence, reduced accuracy, or stagnation in suboptimal
regions. To address these issues, Tanweer et al. [37] and Han et al. [38] introduced adaptive parameter tuning
methods. Tanweer proposed two strategies: one involving the self-adjustment of the inertia weight, and
another employing self-awareness mechanisms to enhance global search capability. Han tackled the problem
of negative knowledge transfer by evaluating the quality of transferred knowledge, thereby improving
adaptability. Although these approaches improved PSO performance, the algorithm still struggles with
large-scale and complex instances, such as those encountered in aircraft pulsed assembly line scheduling.

With the advancement of artificial intelligence and machine learning technologies [39-41], researchers
have increasingly explored hybrid approaches combining reinforcement learning (RL) with metaheuristic
algorithms. Lu et al. [42] proposed an RL-based elite ion selection strategy to guide the particle update
process, thereby enhancing performance. Wen et al. [7] applied a reinforcement learning-enhanced genetic
algorithm to address multi-constraint scheduling in aircraft assembly, achieving notable results. Building
on this foundation, the proposed approach proposes a reinforcement learning-based PSO algorithm, incor-
porating a Q-learning-driven parameter update mechanism. The algorithm dynamically adjusts the inertia
weight and learning factors during iterations, promoting broader global exploration in the early stages and
accelerating convergence in the later stages. By integrating Q-learning into the PSO framework, the proposed
method aims to significantly improve the algorithm’s performance in solving complex scheduling problems.

4.3.1 Markov Decision Model

The aircraft pulsating assembly line scheduling problem involves complex decision-making regarding
AO precedence relationships, as well as the effects of resource and spatial constraints. These problems
are characterized by temporality and randomness, making them well-suited to be modeled as a Markov
Decision Process (MDP) for optimizing scheduling strategies. In this approach, the algorithm defines the
state of the assembly line based on the current particle’s completion time and categorizes it into five discrete
states. It then designs six possible actions, selecting different actions for each state during the iteration
process. This framework allows the algorithm to effectively manage uncertainties inherent in the assembly
process, enhancing the adaptability and robustness of the scheduling plan. As a result, the overall production
efficiency of the aircraft pulsating assembly line is significantly improved.

4.3.2 State Space

After modeling the aircraft pulsating assembly line scheduling problem as a Markov Decision Process
(MDP), the algorithm takes the decoded completion time as the state variable. This completion time is
divided into five discrete states for decision optimization. The algorithm obtains the completion time of 100
particle groups and calculates the average time T. Depending on the scale size, an appropriate A value is
chosen as the offset. The specific design is shown in Table 3:
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Table 3: The set of state space

State Partition interval of makespan

S [T-5A,T-3A]
S [T-3A,T-A]
S3 [T-AT+A]

Sy [T+ AT+ 3A]
Ss [T +3A,T+5A]

4.3.3 Action Space

After modeling the aircraft pulsating assembly line scheduling problem as a Markov Decision Process
(MDP), the algorithm needs to design the action space, which will influence the scheduling strategy and
optimize the final completion time state. This approach combines the optimization idea of reinforcement
learning and defines the following six actions. Each action affects the AO sequence and guides the completion
time to transition to different states. The specific design is shown in Table 4.

Table 4: The set of action space

Action Parameter tuning of the PSO algorithm
A, (Global exploration) w=1¢=251¢=05
A, (Adjustment of inertia weight) w = rand
Aj (Local exploration) w=0.8,¢,=2.0,c,=1.0
A4 (Slow convergence) w=0.6,c;=10,c, =2.0
As (Adjustment of learning factors) ¢, = rand, c; = rand
Aj (Fast convergence) w=04,c=05,c,=25

4.3.4 Strategy Update Mechanism

After executing an action, the QL model will adjust the PSO parameters. The algorithm obtains the
next generation of particles through the iterative update mechanism of PSO, calculates the completion time
of each particle, and computes the corresponding reward based on the optimization objective. Here, T
represents the completion time of the current particle, and T;_; represents the average completion time of
the previous generation’s particles. If the value of Ty is less than T;_;, the algorithm will receive a positive
reward, indicating that the solution quality has improved. Conversely, if Ty is greater than T;_,, the algorithm
will receive a negative reward.
Ty - Ty

T

Ry (Sn at) == (15)

To achieve this optimization process, the QL model uses the basic Bellman iteration formula for updates.
Using this formula, the current Q-value is updated based on the current reward obtained by the particle and
the maximum Q-value in the next state, performing iterations in the QL model. Here, « = 0.2, y = 0.8.

Q' (s a1) = Q' (s a) +a [Ri (si»ar) +y max Q' (st+1,ar41) = Q' (st at)] (16)
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4.3.5 QLPSO Algorithmic Strategies and Processes

This study proposes the QLPSO algorithm, as illustrated in Fig. 5. The particle swarm parameters are
initialized, and case data is read to generate parameters such as population size and the number of iterations.
Each particle is encoded using a three-layer reverse order encoding scheme to represent feasible assembly
sequences. Then, the particle positions and velocities are updated based on the standard Particle Swarm
Optimization update rules. The AO sequences and their corresponding time lists are obtained through time
decoding. The individual and global best positions are updated based on the final completion time. To
avoid premature convergence, the population is reconstructed during the search process, retaining the top
60% of the population, while the remaining 40% is generated by new individuals for the next generation.
Additionally, a Q-learning algorithm is employed to guide the dynamic adjustment of PSO parameters.
The completion time of the current particle is used to obtain the corresponding state, update the Q-table,
and apply a strategy to select actions that update the particle swarm parameters, continuing to the next
generation. This adaptive mechanism balances global exploration and local exploitation, resulting in faster

Initialize Particle Swarm Parameters

N|
v

and more efficient scheduling optimization.

———————————— Generate three layers of reverse order encoding

|

Update Particle Positions and Velocities

!

Calculate AO Sequence and Time List

|

Update Individual and Global Best Positions

|

Reconstruct the Particle Swarm

Satisfy the
Iteration Count

Figure 5: Encoding design of the aircraft pulsating assembly line scheduling problem

5 Experimental Results and Comparisons
5.1 Instance Validation

This article focuses on the aircraft pulsating assembly line of a large commercial aircraft as the research
object. A total of 32 AO are designed to evaluate the feasibility and effectiveness of the proposed algorithm.
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The resource requirements for components, task durations, operator A, operator B, tool A, and tool B are
randomly generated. As the task set is based on a small-scale case, only two segments of the assembly line are
selected for the experiment. The task names are referenced from Citation [7]. The available resources include
12 operator A personnel, 14 operator B personnel, 9 skilled operators, and a maximum of 10 units each for
tool A and tool B. Task precedence relationships are defined using data files from the Resource-Constrained
Project Scheduling Problem (RCPSP) benchmark [43]. Detailed task and resource information is presented
in Table 5.

Table 5: Detailed information table of 32 AO

No. AO Segment Duration Operator Operator Tool Tool Subsequent
A B A B
1 Pose adjustment 1 4 1 2 1 1 2,3,4,5,6
2 Fixed 1 8 3 4 2 1 12, 16, 21
3 Second mating 1 9 4 4 3 3 8,13
4 Interior floor 2 10 5 5 4 3 7
5 Wire rigging 2 6 1 3 0 2 6
6 Intermediate antenna 2 8 1 6 1 4 14, 22
7 Low frequency antenna 1 10 6 3 2 5 9
8 Navigation antenna 1 8 3 2 2 2 12,17
9 Emergency antenna 1 10 4 3 3 2 10
10 Satellite antenna 1 9 2 5 1 5 11
1 Main landing gear 2 3 1 1 0 1 16, 17,22
12 Front landing gear 1 4 1 2 0 0 13
13 Data antenna 2 10 4 5 2 2 15
14 Traffic antenna 1 9 2 3 1 3 17
15 Height antenna 1 2 0 2 0 2 18,22
16 Blind drop antenna 2 5 1 3 1 1 20
17 Main landing gear accessories 2 1 0 1 0 2 31
18 Front landing gear accessories 1 10 2 6 2 2 19, 22
19 Antenna sealing gluing 2 1 1 0 1 0 23
20 Igniting 2 7 2 4 1 2 25
21 Control valve 2 5 1 2 1 1 22
22 Power generation system 1 3 2 1 2 2 26, 28
23 Oil system 1 8 4 2 2 2 24
24 Engine gas pipe 2 2 1 1 1 1 27,28
25 Degaussing equipment 1 10 4 3 2 3 29
26 Ventilation 2 1 0 1 0 1 30
27 Fuel system 1 4 1 2 1 1 28
28 Oil tank 1 2 1 1 1 1 32
29 Engine cable 2 5 1 3 1 2 32
30 Fuel pressure system 2 5 2 2 1 1 32
31 Quarter bend 1 3 0 1 0 2 32
32 Transfer 2 0 0 0 0 0 0
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The algorithm programming environment is Visual Studio, with the code written in C++. The running
environment consists of an Intel i7-12700F 2.10 GHz CPU and 32 GB of memory. Since the configuration of
parameters significantly affects the performance of the QLPSO algorithm, this approach first determines the
parameter selection range, as shown in Table 6. Since the algorithm proposed uses the QL model to modify
the inertia weight w and learning factor ¢, ¢, in the PSO algorithm, these parameters are not considered in
the parameter settings for now.

Table 6: The setting of algorithm parameters

Parameter
No.
Population size Iteration Pp,x Vigax & y £
1 100 100 10 3 02 0.8 0.2
2 100 200 10 3 0.2 0.8 0.2
3 100 300 10 3 0.2 0.8 0.2
4 100 100 2 2 04 09 038
5 100 200 2 2 04 09 038
6 100 300 2 2 04 09 038
7 200 100 10 3 0.2 0.8 0.2
8 200 200 10 3 02 0.8 0.2
9 200 300 10 3 02 0.8 0.2
10 200 100 2 2 04 09 0.8
1 200 200 2 2 04 09 0.8
12 200 300 2 2 0.4 09 0.8

Through experimental verification, the parameters selected are a population size of 200, 200 iterations,
a maximum particle position (Pp,y) value of 10, a minimum (Py,;,) value of 0, a maximum particle velocity
value (Vinax) of 3, and a minimum value (Vi) of —3. In the QL model, the learning rate («) is 0.2, the
discount factor (y) is 0.8, and the exploration probability (¢) is 0.2.

The QLPSO algorithm is employed in this study to solve the scheduling problem using the parameters
described above. The results are illustrated in Fig. 6. The horizontal axis indicates the assembly time, while
the vertical axis shows the allocation of skilled operators. Blue bars represent AO for Segment 1, and red bars
represent AO for Segment 2. A higher vertical position corresponds to a greater number of operators assigned
to a task. As shown in Fig. 6, the number of skilled operators allocated at any point does not exceed the
total available. Figs. 7-9 further display the detailed allocation of skilled operators, as well as the individual
schedules for Operator A and Operator B across different time intervals. These results demonstrate that
operator assignments remain within capacity limits, confirming the feasibility and optimality of the solution
under the defined constraints.

The Gantt Chart of 32 AO Optimal scheduling schems

Figure 6: The Gantt chart of 32 AO optimal scheduling schemes for scheduling problem
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Skilled Operator

Time

Figure 7: Ladder diagram of skilled operator resource allocation

Time

Figure 8: Ladder diagram of skilled Operator A resource allocation

Time

Figure 9: Ladder diagram of skilled Operator B resource allocation

5.2 Comparison Algorithm Implementation

This study first reviewed relevant literature and then designed test cases of varying sizes: small-scale (20-
30 AO), medium-scale (50-80 AO), large-scale (100-300 AO), and ultra-large-scale (600 AO). Six algorithms
were evaluated: Genetic Algorithm (GA), Simulated Annealing (SA), Particle Swarm Optimization (PSO),
Adaptive Particle Swarm Optimization (APSO), Q-learning, and the Q-Learning improved Particle Swarm
Optimization algorithm (QLPSO) proposed in this article. For small and medium-scale instances, 100 test
runs were conducted for each algorithm. For large-scale and ultra-large-scale cases, 60 and 20 runs were
performed, respectively. In this context, Gap represents the difference between each algorithm’s result and
its optimal value. Here, T, denotes the optimal value obtained after the algorithmic computation.

L-T,
T

Gap = (17)

The average Gap for each scale is calculated, as the test cases vary across different scales. For example, the
small-scale case involves 20 AO and 30 AO. Therefore, a box plot of Gap is drawn to more intuitively represent
the algorithm’s performance. The optimal and average results for each set of test cases are summarized in the
table below. In each case, the optimal result is highlighted in bold.

The experimental results reveal that the average Gap values obtained by GA, SA, and PSO are relatively
high, indicating substantial deviations from the optimal solutions. Although APSO (Min) and Q-learning
(Avg) achieve certain improvements, with average Gap values of 14.1% and 15.5%, their performance
remains inconsistent across different test cases. By contrast, the proposed QLPSO algorithm demonstrates
superior performance, frequently attaining the optimal solution in all 40 test cases. This advantage is further
corroborated by the boxplot, Fig. 10 analysis, in which QLPSO exhibits extremely low variance, thereby
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confirming its high accuracy and remarkable stability. Overall, these findings suggest that QLPSO effectively
integrates the strengths of PSO and Q-learning, providing a dynamic and adaptive approach that enhances
both convergence speed and solution quality. A detailed comparison of the results is provided in Table 7.
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0054 L - 1
0.00 4 Py 0.0 - - —_—
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GA SA PSO APSO  Q-Learning QLPSO GA SA PSO APSO  Q-Learning QLPSO
(a) Box plot of average gap of the Avg value (b) Box plot of average gap of the Min value

Figure 10: Box plot of the gap value for small-scale (20-30) AO instances

Table 7: Comparison of results for small-scale (20-30) AO instances

GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min
20-1 43.95 41 44.56 41 43.55 38 43.36 38 43.48 40 35.51 32
Gap 0.238 0.281 0.255 0.281 0.226 0.188 0.221 0.188 0224 0250 0.000 0.000
20-2 55.79 49 55.37 49 54.78 48 54.85 49 53.07 49 46.77 42
Gap 0.193 0.167 0.184 0.167 0.171 0.143 0.173 0.167 0.135 0.167  0.000  0.000
20-3 50.58 44 51.28 45 50.88 44 49.85 41 49.17 45 41.87 36
Gap 0.208 0.222 0.225 0.250 0.215 0.222 0.191 0.139 0.174 0.250  0.000  0.000
20-4 43.73 38 43.07 33 4321 39 42.77 33 41.34 38 36.38 33
Gap 0.202 0.152 0184  0.000 0.88 0.182 0176 ~ 0.000  0.136 0152 0.000 0.000
20-5 45.82 38 45.76 38 46.37 38 45.37 39 44.15 38 36.61 31
Gap 0.252 0.226 0250 0226 0267 0226  0.239 0.258  0.206  0.226  0.000  0.000
20-6 46.83 41 46.98 41 46.56 41 46.78 41 45.11 39 39.58 34
Gap 0.183 0.206 0.187 0.206 0.176 0.206 0.182 0.206 0.140 0.147  0.000 0.000
20-7 46.53 40 46.27 40 46.63 42 45.89 33 43.93 41 38.38 33
Gap 0.212 0.212 0.206 0.212 0.215 0.273 0196  0.000  0.145 0.242  0.000 0.000

20-8 421 37 42.33 38 4212 34 41 34 41.38 35 32.71 27
Gap 0.287 0.370 0.294 0.407 0.288 0.259 0.253 0.259 0.265 0.296 0.000 0.000
20-9 52.96 47 52.97 47 53.17 47 52.87 46 51.49 45 45.43 41

Gap 0.166 0.146 0.166 0.146 0.170 0.146 0.164 0.122 0.133 0.098 0.000  0.000
20-10 49.45 43 49.53 43 49.97 38 49.43 45 48.36 45 41.98 38
Gap 0.178 0.132 0.180 0.132 0.190 0.000 0.177 0.184 0.152 0.184 0.000  0.000
20-11 62.21 57 62.75 57 62.45 55 62.95 57 60.31 54 53.31 48
Gap 0.167 0.188 0.177 0.188 0.171 0.146 0.181 0.188 0.131 0.125 0.000 0.000
20-12 62.16 54 61.77 55 62.01 56 62.28 57 60.11 56 53.61 49
Gap 0.159 0.102 0.152 0.122 0.157 0.143 0.162 0.163 0.121 0.143 0.000  0.000
20-13 54.92 47 54.87 49 54.13 48 54.46 45 52.25 46 43.45 37
Gap 0.264 0.270 0.263 0.324 0.246 0.297 0.253 0.216 0.203 0.243 0.000  0.000
20-14 60.25 55 60.14 53 61.36 55 61.13 57 59.17 54 51.56 47
Gap 0.169 0.170 0.166 0.128 0.190 0.170 0.186 0.213 0.148 0.149 0.000 0.000
20-15 62.11 57 62.2 56 61.96 57 61.1 56 59.95 55 53.52 48

(Continued)
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Table 7 (continued)

GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min
Gap 0.161 0.188 0.162 0.167 0.158 0.188 0.142 0.167 0.120 0.146 0.000  0.000
20-16 54.77 46 55.44 44 55.44 52 54.67 44 53.9 44 48.24 44
Gap 0.135 0.045 0.149 0.000 0.149 0.182 0.133 0.000 0.117 0.000 0.000 0.000
20-17 62.95 57 63.05 57 62.47 56 62.49 57 60.17 56 53.18 47
Gap 0.184 0.213 0.186 0.213 0.175 0.191 0.175 0.213 0.131 0.191 0.000  0.000
20-18 69.11 60 68.26 60 69.33 64 69.42 64 64.79 59 58.69 52
Gap 0.178 0.154 0.163 0.154 0.181 0.231 0.183 0.231 0.104 0.135 0.000  0.000

No.

20-19 44.31 39 44.93 41 44.16 39 43.98 33 43.19 39 38.05 33
Gap 0.165 0.182 0.181 0.242 0.161 0.182 0.156 0.000 0.135 0.182 0.000  0.000
20-20 51.38 46 52.21 44 51.2 47 51.17 45 50.29 44 42.03 38

Gap 0.222 0.211 0.242 0.158 0.218 0.237 0.217 0.184 0.197 0.158 0.000  0.000
30-1 76.78 70 76.77 70 78.74 67 78.58 65 76.38 56 63.68 56
Gap 0.206 0.250 0.206 0.250 0.236 0.196 0.234 0.161 0.199 0.000 0.000  0.000
30-2 94.17 87 94.04 86 98.45 86 98.77 86 96.76 86 79.3 68
Gap 0.188 0.279 0.186 0.265 0.241 0.265 0.246 0.265 0.220 0.265 0.000  0.000

30-3 73.37 65 72.7 67 77.56 62 76.53 62 77.69 67 59.49 52
Gap 0.233 0.250 0.222 0.288 0.304 0.192 0.286 0.192 0.306 0.288 0.000  0.000
30-4 89.11 79 89.2 80 92.64 78 93.37 77 90.95 85 74.01 66
Gap 0.204 0.197 0.205 0.212 0.252 0.182 0.262 0.167 0.229 0.288 0.000  0.000
30-5 76.7 72 76.33 54 82.7 68 81.9 54 81.83 74 65.32 54

Gap 0.174 0.333 0.169 0.000 0.266 0.259 0.254 0.000 0.253 0.370 0.000  0.000
30-6 83.46 76 83.48 73 86.59 72 84.65 74 83.99 77 68.39 60
Gap 0.220 0.267 0.221 0.217 0.266 0.200 0.238 0.233 0.228 0.283 0.000  0.000

30-7 76.79 72 76.14 71 80.81 72 81.25 71 77.81 71 63.03 54
Gap 0.218 0.333 0.208 0.315 0.282 0.333 0.289 0.315 0.234 0.315 0.000  0.000
30-8 75.15 68 76.37 67 83.48 71 80.88 55 83.1 75 65.75 55
Gap 0.143 0.236 0.162 0.218 0.270 0.291 0.230 0.000 0.264 0.364 0.000 0.000
30-9 7117 65 71.46 63 76.65 65 75.87 56 74.84 65 59.97 49
Gap 0.187 0.327 0.192 0.286 0.278 0.327 0.265 0.143 0.248 0.327 0.000  0.000
30-10 73.4 68 72.66 67 77.44 63 77.38 61 7734 70 61.32 49

Gap 0.197 0.388 0.185 0.367 0.263 0.286 0.262 0.245 0.261 0.429 0.000  0.000
30-11 107.25 90 107.01 100 107.88 103 107.92 101 98.49 90 98.75 90
Gap 0.088 0.000 0.086 0.111 0.095 0.144 0.095 0.122 0.00 0.000 0.003 0.000
30-12  120.56 113 120.53 113 120.33 109 120.15 105 118.82 112 112.75 103
Gap 0.069 0.097 0.069 0.097 0.067 0.058 0.066 0.019 0.054 0.087 0.000  0.000
30-13 95.67 84 96.31 88 96.13 90 95.96 89 95.5 91 90.04 84
Gap 0.063 0.000 0.070 0.048 0.068 0.071 0.065 0.060 0.061 0.083 0.000  0.000
30-14 109.79 102 109.43 102 108.85 103 109.49 100 107.94 100 99.67 89
Gap 0.102 0.146 0.098 0.146 0.092 0.157 0.099 0.124 0.083 0.124 0.000 0.000
30-15 114.82 107 114.83 108 114.84 106 114.21 108 114.24 109 106.84 99
Gap 0.075 0.081 0.075 0.091 0.075 0.071 0.069 0.091 0.069 0.101 0.000 0.000
30-16 111.65 103 109.93 102 111.25 104 111.37 102 109.84 104 101.59 92
Gap 0.099 0.120 0.082 0.109 0.095 0.130 0.096 0.109 0.081 0.130 0.000  0.000
30-17 110.73 100 109.72 97 110.18 100 109.96 100 108.03 102 99.22 91
Gap 0.116 0.099 0.106 0.066 0.110 0.099 0.108 0.099 0.089 0.121 0.000  0.000
30-18  104.65 98 105.43 98 105.12 99 104.65 99 104.61 99 99.82 92
Gap 0.048 0.065 0.056 0.065 0.053 0.076 0.048 0.076 0.048 0.076 0.000  0.000
30-19 112.78 102 112.34 106 113.58 107 112.22 104 111.32 107 102.07 91
Gap 0.105 0.121 0.101 0.165 0.113 0.176 0.099 0.143 0.091 0.176 0.000  0.000
30-20 98.21 89 98.79 93 99.5 93 90.21 83 97.38 91 90.82 83
Gap 0.088 0.072 0.095 0.120 0.102 0.120 0.000 0.000 0.079 0.096 0.006 0.000

(Continued)
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Table 7 (continued)
No GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min

average 16.9%  187%  169%  179%  18.6%  18.6% 17.7% 14.1% 155%  18.5% 0.2%
Gap

0

In the medium-scale test cases, the QLPSO algorithm continues to deliver the best overall performance.
Traditional algorithms such as GA, SA, PSO, and APSO exhibit relatively high and widely distributed
average Gap values, indicating significant performance variations across different instances and a noticeable
deviation from the optimal solution. In contrast, the Q-learning algorithm demonstrates relatively better
results, with average Gap values of 10.4% and 11.4%, respectively. Notably, QLPSO outperforms all other
algorithms, consistently achieving optimal or near-optimal solutions across the given test cases. The box plot
for the average Gap of Min value (Fig. 11b) shows a significantly tighter distribution, with values much closer
to 0, further confirming the superior performance of QLPSO. This suggests that the algorithm is capable
of finding the best possible solution in most cases, highlighting its stability and effectiveness. A detailed

comparison of the results is presented in Table 8.
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Figure 11: Box plot of the gap value for medium-scale (50-80) AO instances

Table 8: Comparison of results for medium-scale (50-80) AO instances

No. GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min
50-1 198.96 187 198.19 187 198.25 188 197.82 188 193.44 183 182.97 168
Gap 0.087 0113  0.083 0113 0.084 0119 008 0119 0.057 0.089 0.000 0.000
50-2 169.21 156 168.4 156 168.27 158 169.08 157 164.08 145 155.95 145
Gap 0.085  0.076  0.080 0.076 0.079 0.090 0.084 0.083 0.052 0.000 0.000 0.000
50-3 187.29 176 18714 177 187.75 179 187.41 172 184.07 170 174.01 162
Gap 0.076  0.086 0.075 0.093 0.079 0105 0.077 0.062 0.058 0.049 0.000 0.000
50-4 210.05 198 211.56 193 210.93 197 210.61 198 204.74 192 192.08 177
Gap 0.094  0.119 0101  0.090 0.098 0113 0.09 0119 0.066 0.085 0.000 0.000
50-5 15773 149 157.07 148 157.73 148 157.85 150 152.62 145 144.66 133
Gap 0.090 0.20 0.086 0113  0.090 0.113  0.091 028 0.055 0.090 0.000 0.000
50-6 156.88 145 157.31 142 157.34 149 157.75 147 151.5 143 139.69 130

(Continued)
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Table 8 (continued)

No. GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min
Gap 0.123 0.115 0126  0.092 0126 0.146  0.129 0131  0.085 0100 0.000 0.000
50-7 171.58 157 171.62 159 170.99 160 171.37 162 166.81 156 156.74 145
Gap 0.095 0.083 0.095 0.097 0.091 0103 0.093 0117 0.064 0.076 0.000 0.000
50-8 151.75 146 154.17 145 153.81 145 154.06 148 150.54 144 144.57 134
Gap 0.050 0.090 0.066 0.082 0.064 0.082 0.066 0104 0.041 0.075 0.000 0.000
50-9 171.69 160 171.89 161 171.77 160 171.49 159 164.96 158 153.63 137
Gap 0.118  0.168 0.119 0.175 0118  0.168  0.116 0161 0.074 0153 0.000 0.000
50-10 150.57 136 150.57 142 150.71 142 150.67 142 144.51 136 136.72 124
Gap 0101  0.097 0101 0145 0102 0145 0102 0145 0.057 0.097 0.000 0.000
50-11 188.49 174 187.56 176 188.06 177 187.61 179 182.42 173 173.21 157
Gap 0.088 0.108  0.083 0121 0.086 0127 0.083 0140 0.053 0.102 0.000 0.000
50-12 185.37 172 185.91 175 185.52 161 184.87 166 177.88 168 16539 154
Gap 0.121 017 0124 0136 0122 0.045 0118 0.078 0.076 0.091 0.000 0.000
50-13 139.26 129 140.04 130 139.06 125 139.89 130 13444 112 124.93 112
Gap 0.115 0.152 0.121 0.161 0.113 0116 0120 0161 0.076  0.000 0.000 0.000
50-14 184.32 175 184.13 164 184.5 171 183.86 173 178 164 166.09 151
Gap 0.110 0159 0109 0.086 0.1 0132 0107 0146 0.072 0.086 0.000 0.000
50-15 195.62 185 195.69 174 195.55 181 196.09 168 191.29 183 179.38 168
Gap 0.091  0.101  0.091 0.036 0.090 0.077 0.093 0.000 0.066 0.089 0.000 0.000
50-16 158.86 149 158.58 146 158.43 147 158.12 146 151.72 142 140.02 129
Gap 0135 0155 0133 0132 0131 0140 0129 0132 0.084 0101  0.000 0.000
50-17 172.33 161 171.82 162 170.61 156 171.41 160 165.33 157 153 139
Gap 0126 0158 0123  0.165 0.115 0122 0.120 0151  0.081  0.29  0.000 0.000
50-18 168.93 159 168.99 156 168.37 158 169.28 157 163.91 155 151.91 138
Gap 0.112 0.152 0112 0130 0108  0.145 0114 0138 0.079 0123  0.000 0.000
50-19 176.26 159 176.61 167 175.53 158 176.15 165 171.43 161 157.75 144
Gap 0117 0104 0120 0160 0113  0.097 0117 0146 0.087 0.118  0.000 0.000
50-20 153.02 143 153.36 142 152.18 163 152.61 124 146.04 136 135.31 124
Gap 0.131 0153 0133 0145 0125 0315 0128 0.000 0.079 0.097 0.000 0.000
80-1 151.5 143 151.64 140 150.56 140 151.9 140 146.51 136 129.65 119
Gap 0169 0202 0170  0.176 0161 0176 0172 0176 0130  0.143 0.000 0.000
80-2 111.62 103 11.2 100 110.72 98 111.54 104 107.78 100 94.22 87
Gap 0185 0184 0180 0149 0175 0126 0184 0195 0144 0149 0.000 0.000
80-3 144.18 135 144.34 135 148.18 136 147.46 137 144.4 134 121.36 110
Gap 0188 0227 0189 0227 0221 0236 0215 0.245 019 0218 0.000 0.000
80-4 109.54 103 109.22 97 110 102 109.3 95 105.76 80 91.28 80
Gap 0.200 0.288 0197 0.213 0205 0.275 0197 0188 0159 0.000 0.000 0.000
80-5 116.44 109 116.8 11 116.3 106 116.78 108 113.29 107 98.8 87
Gap 0179 0253 0182 0276 0177 0218 0182  0.241 0147 0230 0.000 0.000
80-6 116.82 104 117.92 107 117.24 103 116.9 103 114.39 103 97.21 83
Gap 0.202 0253 0213 0.289 0206 0.241 0203 0241 0177  0.241  0.000 0.000
80-7 110.84 100 110.12 101 109.8 104 108.88 99 106.93 100 92.07 85
Gap 0.204 0176 0196 0188  0.193 0.224 0183  0.165 0.161 0.176 ~ 0.000 0.000
80-8 111.32 104 112.42 107 110.28 99 109.6 98 108.62 103 92.23 83
Gap 0.207 0253 0219 0289 0196 0193  0.188 0.181 0178  0.241  0.000 0.000
80-9 112.98 106 112.62 103 113.18 104 113.08 102 109.58 100 96.35 88
Gap 0173 0205 0169 0170 0175 0182 0174 0159 0137  0.136  0.000 0.000
80-10 113.8 106 113.38 105 113.24 104 111.52 103 109.49 102 95.07 87
Gap 0197 0218 0193 0207 0191 0195 0173 0184 0152 0172 0.000 0.000
80-11 192.28 184 192.7 178 192.54 178 192.26 181 186.77 150 16518 150
Gap 0164 0227 0167 0187 0166 0187 0164 0207 0131 0.000 0.000 0.000
80-12 179.78 171 179 164 179.2 167 180.06 173 173.46 157 153.12 141

(Continued)
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Table 8 (continued)

No. GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min
Gap 0174 0213 0169 0163 0170 0.184 0176 0227 0133 0.113  0.000 0.000
80-13 192.7 182 19094 176 192.22 182 192.88 182 186.19 171 16517 152
Gap 0167 0197 0156 0158 0164 0197 0168 0197 0127 0125 0.000 0.000
80-14 190.52 179 189.68 174 189.9 175 190.58 180 184.96 169 163.8 150
Gap 0163 0193 0158 0160 0159 0167 0163  0.200 0129 0127 0.000 0.000
80-15 182.6 169 182.44 173 182.6 170 182.5 171 176.59 165 159.8 147
Gap 0143 0150 0142 0177 0143 0156 0142 0163 0105 0122  0.000 0.000
80-16 189.68 181 189.78 178 189.2 175 188.68 179 184.04 172 16532 152
Gap 0.147 0.191 0148 0171 0144 0151 0141 0178 0.113 0132 0.000 0.000
80-17 187.67 176 186.02 172 186.5 178 186.62 170 180.56 169 163.57 153
Gap 0147 0150 0137 0124 0140  0.163 0.141 0.111 0104 0105 0.000 0.000
80-18 218.02 207 219.32 209 217.42 209 217.9 197 211.58 197 186.54 173
Gap 0169 0197 0176 0208 0166 0.208 0168  0.139 0134 0139 0.000 0.000
80-19 180.76 170 181.64 168 181.08 168 181.26 171 175.34 164 156.59 146
Gap 0154 0164  0.160 0151  0.156 0.151 0.158 0171 0.20  0.123  0.000 0.000
80-20 196.18 187 195.78 184 196.92 186 19496 184 190.44 176 167.05 153
Gap 0174  0.222 0172 0203 0179 0.216  0.167 0.203 0140 0.150 0.000 0.000
average Gap 139% 165% 139% 15.6% 13.8% 159% 13.8% 15.0% 10.4% 11.4% 0 0

In the large-scale test cases, the comparison of algorithm performance on large-scale instances reveals
significant differences in their ability to reach the optimal solution. QLPSO outperforms all other algorithms,
with an average Gap of only 0.05% and a minimum Gap of 0, indicating its strong robustness and consistent

ability to find near-optimal solutions. The Q-learning algorithm also performs well, with an average Gap of

7.2% for the minimum values, while other algorithms show higher average Gaps, around 10%, with greater
variation, indicating poorer stability and a lower likelihood of finding the optimal solution. These results
suggest that QLPSO improves both the quality and consistency of the solutions, demonstrating the best
solution quality and the strongest stability. Overall, QLPSO exhibits the optimal solution quality and stability
in large-scale test cases, with Q-learning in second place, while other methods are relatively inferior. A
detailed comparison of the results is presented in Table 9 and Fig. 12.

Table 9: Comparison of results for large-scale (100-300) AO instances

No. GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min
100-1 259 248 256.15 240 256.97 241 259.37 248 249.3 240 232.53 221
Gap 0.114 0.122 0.102 0.086 0.105 0.090 0.115 0.122 0.072  0.086  0.000 0.000
100-2 293.5 284 297.8 287 292.9 283 292.57 278 285.87 277 264.07 247
Gap 0.111 0.150 0.128 0.162 0.109 0.146 0.108 0.126 0.083 0.121 0.000  0.000
100-3  217.65 208 216.9 205 217.6 208 216.6 203 209.5 201 189.43 177
Gap 0.149 0.175 0.145 0.158 0.149 0.175 0.143 0.147 0.106 0136  0.000 0.000
100-4  212.95 197 212.15 205 212.13 199 211.2 202 205.93 199 188.8 178
Gap 0.128 0.107 0.124 0.152 0.124 0.118 0.119 0.135 0.091 0.118 0.000  0.000
100-5  210.05 203 211.35 204 211.93 203 211.87 188 204.45 176 187.9 176
Gap 0.118 0.153 0.125 0.159 0.128 0.153 0.128 0.068  0.088  0.000 0.000 0.000
100-6  315.65 307 313.25 303 313 291 313.27 301 303.2 287 284.5 270
Gap 0.109 0.137 0.101 0.122 0.100 0.078 0.101 0.115 0.066  0.063  0.000 0.000
100-7 3313 315 332.85 322 332.67 335.23 319 324.7 310 299.9 286
Gap 0.105 0.101 0.110 0.126 0.109 0.098 0.118 0.115 0.083  0.084  0.000 0.000
100-8 2332 224 2331 222 23217 233.97 220 225.67 212 210.77 199

(Continued)
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Table 9 (continued)

GA SA PSO APSO Q-learning QLPSO

No.
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min

Gap 0.106 0.126 0.106 0.116 0.102 0.095 0.110 0.106 0.071 0.065  0.000 0.000
100-9  340.95 322 336.3 320 339.8 329 339.65 302 3321 316 314.2 302
Gap 0.085  0.066  0.070  0.060 0.081 0.089 0.081 0.000  0.057  0.046  0.000 0.000
100-10  364.8 343 366.1 355 364.43 352 362.8 333 356.83 340 336.1 325
Gap 0.085 0.055 0.089  0.092  0.084  0.083 0.079 0.025  0.062  0.046  0.000 0.000
300-1 3277 322 323.6 315 324.9 315 326.3 309 309.3 268 274.58 254
Gap 0.071 0.126 0.100 0.126 0.074 0.126 0.098 0.138 0.081 0.118 0.000  0.000
300-2 2745 266 270.1 249 264.55 243 266.4 254 259.15 232 222.4 217
Gap 0.278 0.120 0.180 0.120 0.189 0.120 0.324 0.189 0.167 0143  0.000 0.000
300-3 480 472 485.7 473 483.85 470 484.9 475 474.7 464 4471 438
Gap 0.055 0.057 0.032 0.014 0.083 0.073 0.109 0.050  0.000  0.025  0.000 0.000
300-4  440.6 432 4455 433 4331 429 4445 428 406.56 399 406.8 399
Gap 0.083 0.033 0.095 0.073 0.065 0.075 0.093  0.060  0.000 0.000 0.001  0.000
300-5 4319 424 429.9 417 434.6 430 430.7 419 420 410 3911 382
Gap 0.134 0.123 0.089 0.052 0.111 0.126 0.180 0.079 0.078 0.113 0.000  0.000
300-6 4216 414 420.3 404 421.6 404 420.7 409 412.6 401 384.9 372
Gap 0.129 0.156 0.095 0.169 0.095  0.086 0.107 0.027 0.107 0.062  0.000 0.000
300-7  446.8 442 449.9 444 443.7 428 443.2 425 436.8 430 406 386
Gap 0.038 0.062  0.093 0.111 0.093 0.109 0.136 0.052 0.038  0.000  0.000 0.000
300-8 4285 423 428.4 423 425.9 412 4275 417 4174 413 386.4 378
Gap 0.148 0.063 0.102 0.138 0.102 0.090 0.194 0.063 0.194 0.074  0.000  0.000
300-9 4595 454 456.3 445 461.3 452 461.8 457 449.7 439 424.2 417
Gap 0.013 0.043 0.017 0.014 0.087  0.084 0.013 0.043  0.087 0.041  0.000 0.000
300-10  460.3 452 465.6 457 4615 439 461.4 456 454.1 432 4275 420
Gap 0.038 0.024  0.038  0.029  0.080  0.045 0.017 0.021 0.080  0.064  0.000 0.000
average 10.4% 9.9% 9.7% 10.4%  10.3%  10.3%  11.8% 8.4% 8.0% 72%  0.05% 0
Gap
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Figure 12: Box plot of the gap value for large-scale (100-300) AO instances

In the ultra-large-scale test cases, In the results of the 600 AO cases, QLPSO consistently outperforms all
other algorithms, with the average Gap of Avg value (0%) and the average Gap of Min value (0%), indicating
its high stability in finding near-optimal or optimal solutions. Compared to the optimal value, QLPSO’s
algorithm results are 25.2% better than those of the GA algorithm. Other algorithms exhibit significantly
higher average Gaps (ranging from 16.9% to 25.2%) with a broader distribution, indicating that their solutions
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deviate more from the optimal solution and have poorer consistency. The box plot, Fig. 13, further confirms
that QLPSO demonstrates stable algorithm performance, while the distribution range of other algorithms
is much wider, indicating that their solutions are less consistent and less effective in large-scale scenarios. A
detailed comparison of the results is presented in Table 10.
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Figure 13: Box plot of the gap value for ultra-large-scale (600) AO instances

Table 10: Comparison of results for ultra-large-scale (600) AO instances

GA SA PSO APSO Q-learning QLPSO
Avg Min Avg Min Avg Min Avg Min Avg Min Avg Min
600-1 688.83 656 678.6 638 6812 638 6904 644 658 644 566.8 524

No.

Gap 0.215 0.252 0.197 0.218 0.202 0.218 0.218 0.229 0.161 0.229 0.000 0.000
600-2 716.67 690 699.2 596 715 690 696.2 624 7016 684 585.8 544
Gap 0.223 0.268 0.194 0.096 0.221 0.268 0.188 0.147 0.198 0.257 0.000 0.000
600-3 729.2 698 72618 710 7328 710 724.8 698 712 706 603.4 574
Gap 0.208 0.216 0.203 0.237 0.214 0.237 0.201 0.216 0.180 0.230 0.000 0.000
600-4 7144 650 6974 656 7076 656 7174 650 6952 664 595 552
Gap 0.201 0.178 0.172 0.188 0.189 0.188 0.206 0.178 0.168 0.203 0.000 0.000
600-5 729.8 706 7192 666 7242 708 7152 646 6984 678 602 560
Gap 0.212 0.261 0.195 0.189 0.203 0.264 0.188 0.154 0.160 0.211 0.000 0.000
600-6 713.8 684 7146 676 703.8 668 7012 626 6848 674 600.6 550
Gap 0.188 0.244 0.190 0.229 0172 0.215 0167 0.138 0.140 0.225 0.000 0.000
600-7 7084 694 7144 674 7004 658 700 664 687 678 582.6 540
Gap 0.216 0.285 0.226 0.248 0.202 0.219 0.202 0.230 0.179 0.256 0.000 0.000
600-8 7124 678 7094 684 707 666 7032 656 683 666 585 546
Gap 0.218 0.242 0.213 0.253 0.209 0.220 0.202 0.201 0.168 0.220 0.000 0.000
600-9 703 678 7028 676 7058 644 6958 666 6778 654 581.6 522

Gap 0.209 0.299 0.208 0.295 0.214 0.234 0196 0.276 0.165 0.253 0.000 0.000
600-10 711.8 682 7078 682 6969 650 6912 666 674.8 646 575.2 532
Gap 0.237 0.282 0.231 0.282 0.212 0.222 0.202 0.252 0.173 0.214 0.000 0.000
average Gap 21.2% 25.2% 20.3% 22.4% 20.4% 22.8% 197% 20.2% 16.9% 229% 0 0
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The experimental results across different test case scales consistently demonstrate the superior perfor-
mance of the proposed QLPSO algorithm. In the small-scale test cases, QLPSO outperforms traditional
algorithms such as GA, SA, PSO, and APSO, achieving the Avg and Min values, while exhibiting exceptional
stability across all test cases. In the medium- and large-scale instances, QLPSO continues to deliver optimal
or near-optimal solutions, with both the average Gap of the Avg value and the average Gap of the Min
value lower than those of other algorithms, highlighting its robustness and consistent ability to find near-
optimal solutions. The Q-learning algorithm also performs well but shows greater variation, with higher Gap
values and lower consistency compared to QLPSO. In the ultra-large-scale test cases, involving 600 AO cases,
QLPSO again demonstrates its exceptional stability and accuracy, achieving the best results with a Gap of
0% across all cases, 25.2% better than GA. The box plot analysis further emphasizes the superior consistency
and performance of QLPSO, with a significantly tighter distribution compared to other algorithms. Overall,
these results clearly indicate that QLPSO not only provides the best solution quality but also ensures the
strongest stability across all scales, outperforming all other methods and offering a dynamic and adaptive
approach that integrates the strengths of PSO and Q-learning.

6 Conclusions

This study presents a comprehensive study of the scheduling problem associated with aircraft pulsating
assembly lines in the aircraft manufacturing industry. It systematically reviews relevant theories related to
the resource-constrained project scheduling problem (RCPSP) and evaluates the current advancements in
aircraft assembly line scheduling research. Building on this foundation, a scheduling model that integrates
skilled operator allocation for the pulsating assembly line is proposed. To solve this model, a Q-Learning
improved Particle Swarm Optimization algorithm is developed. The algorithm incorporates a Q-table and
defines appropriate state and action spaces. The practical applicability and solution accuracy of the model are
validated through real-world case studies. Finally, this paper outlines two key directions for future research
in aircraft assembly line scheduling.

(1) The current model considers only the allocation of skilled operators and their impact on task
durations. However, in real production environments, task durations are often subject to considerable
uncertainty. Furthermore, operators differ in terms of types and skill levels, which further complicates
the scheduling process. These factors introduce additional layers of complexity, posing significant
challenges for future research on scheduling aircraft pulse assembly lines.

(2)  Although the proposed QLPSO algorithm demonstrates strong performance in addressing the aircraft
pulse assembly line scheduling problem, the application of reinforcement learning in this domain
remains relatively limited. Furthermore, its implementation still requires further investigation. For
example, the design of state and action spaces remains complex, and achieving an effective balance
between exploration and exploitation continues to demand careful refinement and optimization.
Future research could focus on developing more efficient algorithms or enhancing existing ones to
improve both solution accuracy and computational efficiency.

In conclusion, this study provides both a theoretical foundation and a practical reference for optimizing
scheduling in aircraft pulse assembly lines. It is hoped that future research will continue to build upon and
further refine the findings presented herein.
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