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 Drawing inspiration from manufacturing production processes like chemical and steel 
manufacturing, the distributed blocking flowshop scheduling problem with preventive maintenance 
and sequence-dependent setup times (DBFSP/PM/SDST) is studied. First, it is described by a 
mixed-integer linear programming model with the objective of minimizing the total flowtime. 
Second, we propose a Q-learning and learning mechanism co-driven approach, integrating it into 
the discrete grey wolf optimization algorithm (DGWO_Q). In the algorithm, the neighborhood 
search structure is adjusted using Q-learning based on dynamic feedback from the environment. 
The balance between exploration and exploitation can be improved by introducing learning 
mechanisms in the search phase that can guide the grey wolf as it approaches the prey. Furthermore, 
a differential hunting strategy is designed to prevent the algorithm from falling into local optima. 
Third, a heuristic that enhances the quality of the initial solution is proposed for the problem 
characteristics. Finally, the proposed DGWO_Q is compared with four conventional efficient 
algorithms in numerical experiments on 225 instances of different sizes. Experimental results show 
that the DGWO_Q algorithm demonstrates excellent performance across test cases of various 
scales, effectively reducing production cycle time, setup times and the impact of maintenance 
downtime on production efficiency. It provides an efficient intelligent optimization approach for 
solving the complex scheduling problem. 
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1. Introduction 

As a basic industry of manufacturing, steel manufacturing plays an important role in economic development. Many 
manufacturers are under intense pressure for productivity and reliability. As one of the core aspects of the manufacturing 
production process, production scheduling is critical to ensuring a smooth and efficient production process. Compared to a 
flowshop with a single-factory environment, distributed permutation flowshop allows jobs to be processed simultaneously in 
multiple factories, thereby increasing productivity. In real distributed manufacturing environments, due to limited buffers, 
jobs may not be moved out of the machine before they are fully processed, leading to blocking. Therefore, the distributed 
blocking flowshop scheduling problem (DBFSP) (Zhao et al., 2023) emerges as a more realistic and practical optimization 
challenge in manufacturing scenarios. Blocking constraints make scheduling more complex. In the distributed environments 
considering blocking, not only the machining sequence of the jobs should be optimised, but also the tasks need to be 
reasonably arranged to avoid or reduce the blocking phenomenon. In DBFSP, the simultaneous operation of multiple factories 
and machines means that the failure of a single machine can significantly impact the entire production system. Therefore,  
incorporating preventive maintenance (PM) into scheduling strategies (Mao et al., 2021a) and arranging maintenance time 
reasonably to minimize the impact on production is the key to improving production efficiency. In many real-world 
manufacturing environments, machines require adjustments, cleaning, tool changes, and calibration during the processing of 
different jobs. The setup time is not fixed but rather depends on the processing conditions of the preceding workpiece, known 
as sequence-dependent setup time (Huang & Pan et al., 2019). From (Guo et al., 2023), it can be seen that distributed 
permutation flowshop scheduling problem (DPFSP) is an NP-hard problem. DBFSP/SDST/PM adds complex constraints on 
the basis of DPFSP. Thus, DBFSP/SDST/PM is also an NP-hard problem whose solution difficulty increases exponentially 
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with the problem size. In this problem, the jobs are selected for machining in the factory, when switching from one job to 
another, the machine needs to be considered for setup time and whether maintenance is required. The SDST of the machine 
is linked to the sequence of jobs. After the job is processed in the current machine, determine whether the next machine is 
idle. If so, transfer the job to the next machine for further processing. Otherwise, keep the job blocked in the current machine. 
In addition, the total flowtime (TF) is an effective indicator reflecting the production efficiency of the shop. In this study, a 
DGWO_Q is proposed for the DBFSP/SDST/PM based on minimising the TF. The primary contributions of this study are as 
follows: 
 
(1) DBFSP/SDST/PM is studied and a mixed integer linear programming mathematical model with the objective of 
minimising TF is developed for this problem; 
(2) DGWO_Q is designed to address the DBFSP/SDST/PM problem, and it offers the following features: (a) a heuristic 
method tailored to the characteristics of multi-dimensional constraints is used to generate the initial solution sequence; (b) Q-
learning based neighbourhood search and learning mechanism based local search co-driven the algorithm in evolutionary 
phase to enhance the exploration capabilities of grey wolves; (c) a differential strategy is employed to select the solution for 
the subsequent iteration and escape from local optima. 
(3) Extensive experiments based on 225 examples are conducted on DGWO_Q and four other efficient algorithms to validate 
the effectiveness of the proposed approach. 
 
The remaining parts of this study are arranged as follows: Section 2 reviews the literature related to this study, Section 3 
elaborates on DBFSP/SDST/PM and establishes a model for the problem, Section 4 provides a detailed introduction to 
DGWO_Q, Section 5 provides comparative experiments and analysis, Section 6 summarizes the research content of this study 
and proposes future research directions. 

2. Literature review 

2.1 DPFSP problem with complex constraints 

With the transformation of manufacturing models, enterprises are gradually moving from a single factory to a distribution of 
multiple factories, thus DPFSP (Naderi & Ruiz, 2010) has been widely concerned (Han et al., 2024a; Ruiz et al., 2019; Yang 
et al., 2024). How to efficiently schedule the production activities of these factories has become the key to improving 
productivity and meeting market demand. Many researchers have developed efficient algorithms to address this problem. For 
example, Jing et al. (2021) proposed the iterative greedy algorithm (SIG) and iterative local search algorithm to solve DPFSP 
with the maximum completion time criterion. It improved the exploration ability of the SIG algorithm through a dynamically 
sized destructive program, and both algorithms use accelerated algorithms to improve computational efficiency. Khare et 
al. (2021) proposed a collaborative greedy iterative algorithm to solve serial DPFSP problems with makespan objective by 
making two subloops collaborate through a collaborative mechanism and designing heuristics based on the problem 
characteristics to improve the quality of the initial solution. Some studies have considered more factors and constraints in 
actual production, constructing a production environment that is more in line with practical scenarios. To fulfill the processing 
requirements of certain specialized jobs, researchers have delved into the DBFSP problem. Zhao et al. (2023) combined 
reinforcement learning with intelligent optimization algorithms and proposed a knowledge-driven cooperative scatter 
search algorithm to minimize the makespan. Considering that there may be differences in setup time for processing different 
jobs on the same machine, Guo et al. (2022) proposed an improved fruit fly algorithm through differential flight strategy, 
olfactory detection mechanism, and four neighborhood operators to solve the DPFSP problem with SDST (DPFSP/SDST) 
with the makespan criterion. Zhao et al. (2023) designed a cooperative scatter search algorithm with Q-learning ,which 
combined eight domain knowledge-guided perturbation operators with Q-learning to tackle the DPFSP/SDST 
problem. Furthermore, to guarantee the continuity and stability of production, the maintenance of the machines has emerged 
as a focal point of research. Both Mao et al. (2021b) and Han et al. (2024a) used iterative greedy algorithms to solve the 
DPFSP with PM (DPFSP/PM) with the goal of minimizing the makespan, but they differ in the improvement aspects of the 
algorithm. Where Mao et al. (2021b) designed a destruction phase utilizing tournament selection, a construction phase with 
an enhancement strategy, and implemented a restart mechanism to improve the performance of the algorithm, while Han et 
al. (2024b) used adaptive methods and proposed four neighborhood operators to optimize the algorithm during the destruction 
stage. Mao et al. (2022) also tackled the same problem as DPFSP/PM, but aimed to minimize the TF by incorporating a hash 
map within the memetic algorithm to efficiently store and retrieve the solution sequence. 
  
In summary, significant research results have been attained in the realm of DPFSP, as well as scheduling problems that 
incorporate factors such as blocking constraints, SDST(Kurt, 2025) and PM. The study of DBFSP/SDST/PM contributes to 
enhancing collaborative production efficiency across multiple workshops, achieving rational resource allocation and ensuring 
operational stability of equipment. It holds significant theoretical and practical value. But to our knowledge, there is currently 
a lack of literature on DBFSP/SDST/PM, and the only attempt is made by Miyata et al. (2022). An iterative greedy 
algorithm combined with variable neighborhood search was proposed to minimize the makespan by maintenance operations 
into job scheduling. Furthermore, the TF directly reflects the efficiency of the jobs during the processing phase, optimizing it 
becomes imperative in the production scheduling. How to balance the conflict between maintenance schedules and task 
scheduling to optimise the overall performance is still an area that deserves to be explored in depth. Therefore, this study 
investigates the DBFSP/SDST/PM problem with the objective of minimising the TF. 
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2.2 Q-learning in optimization problems 

With its adaptability and model-free nature, Q-learning has emerged as a powerful approach for tackling complex optimization 
tasks. In resource allocation and scheduling, it shows great promise for efficiently managing limited resources and intricate 
task dependencies. Zhao et al. (2023) introduced anartificial bee colony algorithm with Q-learning to tackle the distributed 
heterogeneous no-wait flowshop scheduling problem with SDST. In the approach, Q-learning selectively chooses 
neighborhood structures, effectively avoiding ineffective searches. In the field of path planning, Q-learning has been 
effectively used to help agents navigate complex environments. Ma et al. (2024) developed a novel reinforcement learning 
algorithm by incorporating dynamic weighting factors into Q-learning, aimed at optimizing route planning for connected 
vehicles. While Q-learning has been successfully applied to various optimization problems, it may converge to local optima 
when dealing with large-scale, complex tasks within intricate search spaces. To overcome this limitation, Q-learning can be 
integrated with co-driven learning mechanisms in optimization algorithms, effectively enhancing its performance in multi-
dimensional constrained optimization problems. 
 

2.3 Grey wolf optimization algorithm 

Intelligent optimization algorithms are one of the important tools for solving scheduling problems. Mirjalili et al. (2014) 
proposed grey wolf optimization (GWO) algorithm based on simulated grey wolf pack predation behaviour. This algorithm 
comprises four distinct stages: establishing the social hierarchy among grey wolves, searching for prey, surrounding the target, 
and ultimately launching an attack. With its simple structure, minimal number of parameters, and simplicity of implementation, 
the algorithm has been widely adopted by researchers for tackling NP-hard problems pertaining to scheduling. For example, 
Lu et al. (2019) designed a novel multi-objective cellular GWO approach that combined cellular automata with variable 
neighborhood search to balance exploration and exploitation, solving the hybrid flowshop scheduling problem. Tian et al. 
(2024) designed a DGWO based on multi-neighborhood search to tackle the integrated scheduling problem of multi-load 
AGVs and parallel machines with the makespan criterion. 
 
In summary, although the GWO algorithm has shown certain advantages in traditional scheduling problems, few studies have 
applied it to more complex scheduling problems that simultaneously account for PM, SDST and blocking constraints. The 
inclusion of these constraints significantly escalates the complexity of the problem, and most existing research addresses only 
one aspect of these factors, falling short of systematically solving the integrated optimization problem with multiple 
constraints. Therefore, we integrated the Q-learning and learning mechanism co-driven optimization approach into DGWO 
and used DBFSP/SDST/PM to verify its effectiveness.  

3. Problem description and model 

3.1 Problem description 

The DBFSP/SDST/PM is outlined as follows: 𝑛𝑛 (𝑁𝑁 = {1,2,3, . . . ,𝑛𝑛}) jobs are processed in 𝑓𝑓 (𝐹𝐹 = {1,2,3, . . . , 𝑓𝑓}) factories. 
There are 𝑚𝑚 (𝑀𝑀 = {1,2,3, . . . ,𝑚𝑚}) machines in each factory. Each job must be assigned to a single factory and processed on 
machines in a specified sequence. Each machine is limited to processing one job at a time, and a job cannot be handled by 
multiple machines simultaneously. The buffer between neighboring machines is 0, which implies that once job 𝑁𝑁𝑗𝑗 (𝑁𝑁𝑗𝑗 ∈ 𝑁𝑁) 
has been processed on machine 𝑀𝑀𝑖𝑖 (𝑀𝑀𝑖𝑖 ∈ 𝑀𝑀), if the subsequent machine 𝑀𝑀𝑖𝑖+1 (𝑀𝑀𝑖𝑖+1 ∈ 𝑀𝑀) is occupied, job 𝑁𝑁𝑗𝑗 will be blocked 
on machine 𝑀𝑀𝑖𝑖  until machine 𝑀𝑀𝑖𝑖+1  becomes available. When machine 𝑀𝑀𝑖𝑖  processes jobs 𝑁𝑁𝑗𝑗  and 𝑁𝑁𝑟𝑟  ( 𝑁𝑁𝑗𝑗 ,𝑁𝑁𝑟𝑟 ∈ 𝑁𝑁 ) 
consecutively, there exists a SDST denoted by 𝑆𝑆𝑖𝑖,𝑗𝑗,𝑟𝑟 . In factory 𝐹𝐹𝑘𝑘 (𝐹𝐹𝑘𝑘 ∈ 𝐹𝐹), if job 𝑁𝑁𝑗𝑗  is the first task to be processed on 
machine 𝑀𝑀𝑖𝑖, we make 𝑟𝑟 = 𝑗𝑗. Consider performing regular preventive maintenance on the machines to maintain stability. The 
maintenance level of machine 𝑀𝑀𝑖𝑖 is denoted by 𝑂𝑂𝑂𝑂. Once job 𝑁𝑁𝑗𝑗 completes its processing on machine 𝑀𝑀𝑖𝑖, the maintenance 
interval for that machine is calculated as the difference between 𝑂𝑂𝑂𝑂 and the duration required to process job 𝑁𝑁𝑗𝑗 on machine 
𝑀𝑀𝑖𝑖. If the maintenance interval of machine 𝑀𝑀𝑖𝑖 is insufficient to complete the next job, a PM operation is carried out on the 
machine. The maintenance interval of machine 𝑀𝑀𝑖𝑖 reset to the maximum value after following the PM operation. At time 0, 
all jobs and machines are available and the maintenance intervals of all machines are at their maximum values. The objective 
is to determine the factory allocation for each job and the processing sequence within each factory in order to minimise the 
TF. 
 

3.2 Problem model 

(1) Parameters： 
𝑁𝑁: 𝑁𝑁 = {𝑁𝑁1,𝑁𝑁2, … ,𝑁𝑁𝑛𝑛} represents a set containing 𝑛𝑛 jobs to be processed. 
𝑀𝑀: 𝑀𝑀 = {𝑀𝑀1,𝑀𝑀2, … ,𝑀𝑀𝑚𝑚}represents a set containing 𝑚𝑚 machines with preventive maintenance. 
𝐹𝐹: 𝐹𝐹 = {𝐹𝐹1,𝐹𝐹2, … ,𝐹𝐹𝑓𝑓} represents a set containing 𝑓𝑓 identical factories. 
𝑗𝑗,𝑟𝑟,𝑞𝑞: job index,(𝑗𝑗, 𝑟𝑟, 𝑞𝑞 ∈ 𝑛𝑛). 
𝑖𝑖: machine index,(𝑖𝑖 ∈ 𝑚𝑚). 
𝑘𝑘: factory index,(𝑘𝑘 ∈ 𝑓𝑓). 
𝑃𝑃𝑖𝑖,𝑗𝑗: the processing time of job 𝑁𝑁𝑗𝑗 on machine 𝑀𝑀𝑖𝑖, (𝑁𝑁𝑗𝑗 ∈ 𝑁𝑁), (𝑀𝑀𝑖𝑖 ∈ 𝑀𝑀). 
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𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖: preventive maintenance time for machine 𝑀𝑀𝑖𝑖. 
𝐶𝐶𝑖𝑖,𝑘𝑘,𝑝𝑝: the completion time of the job positioned at 𝑝𝑝 on machine 𝑀𝑀𝑖𝑖 in factory 𝐹𝐹𝑘𝑘, (𝐹𝐹𝑘𝑘 ∈ 𝐹𝐹). 
𝑆𝑆𝑖𝑖,𝑗𝑗,𝑟𝑟: setup time of machine 𝑀𝑀𝑖𝑖 when two jobs 𝑁𝑁𝑗𝑗 and 𝑁𝑁𝑟𝑟 are machined consecutively. (𝑁𝑁𝑗𝑗 ,𝑁𝑁𝑟𝑟 ∈ 𝑁𝑁) 
𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝: the maintenance interval of machine 𝑀𝑀𝑖𝑖 in factory 𝐹𝐹𝑘𝑘 when it is about to start processing job located at position 𝑝𝑝. 
𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 : maximum maintenance interval for machine 𝑀𝑀𝑖𝑖. 
𝑀𝑀: a large enough number. 
𝑇𝑇𝑇𝑇𝑇𝑇: the TF, defined as the total sum of all job completion times. 
𝑇𝑇𝑇𝑇𝑇𝑇𝑘𝑘: TF for factory 𝐹𝐹𝑘𝑘 
 
(2) Decision variables: 
 
𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝 : if the job located at position 𝑝𝑝 is to be processed on machine 𝑀𝑀𝑖𝑖  in factory 𝐹𝐹𝑘𝑘  before this machine requires PM 
operation, then 𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝 = 1 ,otherwise 𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝 = 0. 
𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝: if job 𝑁𝑁𝑗𝑗 is assigned to position 𝑝𝑝 in factory 𝐹𝐹𝑘𝑘 for processing, then 𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝 = 1; otherwise 𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝 = 0. 
𝑍𝑍𝑝𝑝,𝑞𝑞,𝑟𝑟,𝑘𝑘: at position 𝑝𝑝 in factory 𝐹𝐹𝑘𝑘, if job 𝑁𝑁𝑟𝑟 is processed immediately after 𝑁𝑁𝑞𝑞, then 𝑍𝑍𝑝𝑝,𝑞𝑞,𝑟𝑟,𝑘𝑘 = 1, otherwise 𝑍𝑍𝑝𝑝,𝑞𝑞,𝑟𝑟,𝑘𝑘 = 0. 
(3) Objective: 
 

min 𝑇𝑇𝑇𝑇𝑇𝑇 = ��(𝐶𝐶𝑚𝑚,𝑘𝑘,𝑝𝑝 × �𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝)
𝑛𝑛

𝑗𝑗

𝑛𝑛

𝑝𝑝

𝑓𝑓

𝑘𝑘=0

 (1) 

(4) Subject to: 

��𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝

𝑓𝑓

𝑘𝑘=1

𝑛𝑛

𝑝𝑝=1

= 1 ∀ 𝑗𝑗 (2) 

��𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝

𝑓𝑓

𝑘𝑘=1

𝑛𝑛

𝑗𝑗=1

= 1 ∀𝑝𝑝 (3) 

𝐶𝐶𝑖𝑖,𝑘𝑘,1 ≥ �𝑍𝑍1,𝑞𝑞,𝑞𝑞,𝑘𝑘

𝑛𝑛

𝑞𝑞=1

× 𝑆𝑆𝑖𝑖,𝑞𝑞,𝑞𝑞 + �𝑌𝑌𝑗𝑗,𝑘𝑘,1

𝑛𝑛

𝑗𝑗=1

× 𝑃𝑃𝑖𝑖𝑖𝑖   ∀𝑖𝑖, 𝑘𝑘 (4) 

𝐶𝐶𝑖𝑖,𝑘𝑘,𝑝𝑝 ≥ 𝐶𝐶𝑖𝑖+1,𝑘𝑘,𝑝𝑝−1 + �𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝

𝑛𝑛

𝑗𝑗=1

× 𝑃𝑃𝑖𝑖𝑖𝑖 + 𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 + ��𝑍𝑍𝑝𝑝,𝑞𝑞,𝑟𝑟,𝑘𝑘

𝑛𝑛

𝑟𝑟=1

𝑛𝑛

𝑞𝑞=1

× 𝑆𝑆𝑖𝑖,𝑞𝑞,𝑟𝑟   

∀𝑖𝑖 < 𝑚𝑚, 𝑘𝑘, 𝑝𝑝 > 1 

(5) 

𝐶𝐶𝑚𝑚,𝑘𝑘,𝑝𝑝 ≥ 𝐶𝐶𝑚𝑚,𝑘𝑘,𝑝𝑝−1 + ∑ 𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝
𝑛𝑛
𝑗𝑗=1 × 𝑃𝑃𝑚𝑚𝑚𝑚 + ∑ ∑ 𝑍𝑍𝑝𝑝,𝑞𝑞,𝑟𝑟,𝑘𝑘

𝑛𝑛
𝑟𝑟=1

𝑛𝑛
𝑞𝑞=1 × 𝑆𝑆𝑚𝑚,𝑞𝑞,𝑟𝑟 + 𝑋𝑋𝑚𝑚,𝑘𝑘,𝑝𝑝 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚   ∀𝑝𝑝 >

1, 𝑘𝑘 
 

(6) 

𝐶𝐶𝑖𝑖,𝑘𝑘,𝑝𝑝 ≥ 𝐶𝐶𝑖𝑖−1,𝑘𝑘,𝑝𝑝 + �𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝

𝑛𝑛

𝑗𝑗=1

× 𝑃𝑃𝑖𝑖𝑖𝑖   ∀𝑖𝑖 > 1, 𝑘𝑘, 𝑝𝑝 (7) 

𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝 ≥�𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝

𝑛𝑛

𝑗𝑗=1

× 𝑃𝑃𝑖𝑖𝑖𝑖   ∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 (8) 

𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝 =

⎩
⎨

⎧𝑀𝑀𝑀𝑀𝑖𝑖 ,𝑘𝑘,𝑝𝑝−1 −�𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝−1

𝑛𝑛

𝑗𝑗=1

× 𝑃𝑃𝑖𝑖𝑖𝑖 ,𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝 = 0

𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖                ,𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝 = 1

∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 > 1 (9) 

𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝 − �𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝−1 −�𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝−1

𝑛𝑛

𝑗𝑗=1

× 𝑃𝑃𝑖𝑖𝑖𝑖� ≥ −𝑀𝑀(𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝−1) ∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 > 1 (10) 

𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝 − �𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝−1 −�𝑌𝑌𝑗𝑗,𝑘𝑘,𝑝𝑝−1

𝑛𝑛

𝑗𝑗=1

× 𝑃𝑃𝑖𝑖𝑖𝑖� ≤ 𝑀𝑀(𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝−1)   ∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 > 1 (11) 

𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝 − 𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 ≥ −𝑀𝑀�1 − 𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝−1�∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 > 1 (12) 
𝑀𝑀𝑀𝑀𝑖𝑖,𝑘𝑘,𝑝𝑝 − 𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 ≤ 𝑀𝑀�1 − 𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝−1�∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 > 1 (13) 
𝑌𝑌𝑖𝑖,𝑘𝑘,𝑝𝑝 ∈ 0,1∀𝑗𝑗, 𝑘𝑘, 𝑝𝑝 (14) 
𝑋𝑋𝑖𝑖,𝑘𝑘,𝑝𝑝 ∈ 0,1∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 (15) 
𝑍𝑍𝑝𝑝,𝑞𝑞,r,𝑘𝑘 ∈ 0,1∀𝑝𝑝, 𝑞𝑞, 𝑟𝑟, 𝑘𝑘 (16) 
𝐶𝐶𝑖𝑖,𝑘𝑘,𝑝𝑝 ≥ 0∀𝑖𝑖, 𝑘𝑘, 𝑝𝑝 (17) 
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Eq. (1) represents the objective function, used to calculate the TF. Eqs. (2)-(17) are the constraints of the problem. Eq. (2) 
guarantees that each job is assigned to only one position within a factory. Eq. (3) specifies that there can be only one job at 
each location in each factory. Eqs. (4)-(6) are used to determine the time of completion of processing of the job after blocking 
in different cases. Eq. (4) determines the completion time of the first job in each factory sequence. Eq. (5) ensures that in all 
the machines in each factory (excluding the last machine), the jobs start to be processed after the blocking time. Equation (6) 
specifies the start time for processing jobs on the last machine in each factory. Eq. (7) specifies that a job can begin processing 
on the current machine only after machining on the previous machine is complete. Eq. (8) and Eq. (9) ensure that the 
maintenance interval of the machine is always greater than 0. If the remaining maintenance interval of the machine is not 
enough to process the current job, the machine should be maintained first to prevent machine failure. Eqs. (10)-(13) are linear 
expressions of Eq. (9). Eqs. (14)-(17) define the decision variables. 
 

4. The proposed DGWO_Q algorithm 

The GWO algorithm is able to effectively deal with diversity and complexity in scheduling problems by emulating population 
behaviour. An initialisation and guidance from the α, β, and δ wolves are guaranteed the effectiveness of the algorithm search 
process. In early iterations, the wolves explore a broader solution space to cover a wide range of possibilities and avoid getting 
trapped in local optima. As the iteration progresses, the range of the enclosure is gradually reduced and the wolves focus on 
the neighbourhood of the solution to perform an accurate search to find the globally optimal solution. This section describes 
DGWO_Q in terms of the important components of the algorithm such as solution representation, the initialization method of 
the algorithm, Q-learning, learning mechanism, the phases of the algorithm and the overall framework. 
 

4.1 Encoding and decoding 

This problem is encoded using a two-dimensional sequence of integers. The first dimensional container represents the factory 
sequence, denoted as 𝜋𝜋 = �𝜋𝜋1,𝜋𝜋2,⋯ ,𝜋𝜋𝑓𝑓�. The second dimension container represents the sequence of jobs in a factory, 
denoted as 𝜋𝜋𝑘𝑘 = �𝑁𝑁1,𝑁𝑁2,⋯ ,𝑁𝑁𝑗𝑗� . For example, a solution is 𝜋𝜋 = {(𝑁𝑁4,𝑁𝑁6,𝑁𝑁2,𝑁𝑁0), (𝑁𝑁7,𝑁𝑁1,𝑁𝑁5,𝑁𝑁3)} , where 𝜋𝜋1 =
{𝑁𝑁4,𝑁𝑁6,𝑁𝑁2,𝑁𝑁0} represents the jobs and sequence processed in the factory 𝐹𝐹0, and 𝜋𝜋2 = {𝑁𝑁7,𝑁𝑁1,𝑁𝑁5,𝑁𝑁3} represents the jobs 
and sequence processed in the factory 𝐹𝐹1. Decoding is the transformation of the coded sequence into an actual production 
scheduling problem. The decoding process is represented in a concrete example below. Take solution 𝜋𝜋 =
{(𝑁𝑁4,𝑁𝑁6,𝑁𝑁2,𝑁𝑁0), (𝑁𝑁7,𝑁𝑁1,𝑁𝑁5,𝑁𝑁3)} as the example. Information about jobs is shown in Table 1. Machines related information 
is shown in Table 2, Table 3 and Table 4. Fig. 1 shows a gantt chart of the machining process of the jobs in this example. 
Based on the mathematical model, the total flowtime is calculated as: 
 
(1) total flowtime for factory 𝐹𝐹0 

𝐶𝐶0,0,0 = 𝑆𝑆0,𝑁𝑁4,𝑁𝑁4 + 𝑃𝑃0,𝑁𝑁4 = 5 + 3 = 8 
𝐶𝐶1,0,0 = max�𝐶𝐶0,0,0, 𝑆𝑆1,𝑁𝑁4,𝑁𝑁4� + 𝑃𝑃1,𝑁𝑁4 = 8 + 4 = 12 
𝐶𝐶2,0,0 = max�𝐶𝐶1,0,0, 𝑆𝑆2,𝑁𝑁4,𝑁𝑁4� + 𝑃𝑃2,𝑁𝑁4 = 12 + 4 = 16 
𝐶𝐶0,0,1 = max�(𝐶𝐶0,0,0 + 𝑋𝑋0,0,1 × 𝑃𝑃𝑃𝑃𝑃𝑃0 + 𝑆𝑆0,𝑁𝑁4,𝑁𝑁6), (𝐶𝐶1,0,0 − 𝑃𝑃1,𝑁𝑁4)� + 𝑃𝑃0,𝑁𝑁6 = 8 + 3 + 3 = 14 
𝐶𝐶1,0,1 = max ��𝐶𝐶0,0,1�, (𝐶𝐶1,0,0 + 𝑋𝑋1,0,1 × 𝑃𝑃𝑃𝑃𝑃𝑃1 + 𝑆𝑆1,𝑁𝑁4,𝑁𝑁6), (𝐶𝐶2,0,0 − 𝑃𝑃2,𝑁𝑁4)� + 𝑃𝑃1,𝑁𝑁6 = 14 + 5 = 19 
𝐶𝐶2,0,1 = max�(𝐶𝐶2,0,0 + 𝑋𝑋2,0,1 × 𝑃𝑃𝑃𝑃𝑃𝑃2 + 𝑆𝑆2,𝑁𝑁4,𝑁𝑁6),𝐶𝐶1,0,1� + 𝑃𝑃2,𝑁𝑁6 = 19 + 4 = 23 
 
𝐶𝐶0,0,2 = max�(𝐶𝐶0,0,1 + 𝑋𝑋0,0,2 × 𝑃𝑃𝑃𝑃𝑃𝑃0 + 𝑆𝑆0,𝑁𝑁6,𝑁𝑁2), (𝐶𝐶1,0,1 − 𝑃𝑃1,𝑁𝑁6)� + 𝑃𝑃0,𝑁𝑁2 = 14 + 2 + 5 = 21 
𝐶𝐶1,0,2 = max ��𝐶𝐶0,0,2�, (𝐶𝐶1,0,1 + 𝑋𝑋1,0,2 × 𝑃𝑃𝑃𝑃𝑃𝑃1 + 𝑆𝑆1,𝑁𝑁6,𝑁𝑁2), (𝐶𝐶2,0,1 − 𝑃𝑃2,𝑁𝑁6)� + 𝑃𝑃1,𝑁𝑁2 = 19 + 11 + 1 + 3 = 34 
𝐶𝐶2,0,2 = max�(𝐶𝐶2,0,1 + 𝑋𝑋2,0,2 × 𝑃𝑃𝑃𝑃𝑃𝑃2 + 𝑆𝑆2,𝑁𝑁6,𝑁𝑁2),𝐶𝐶1,0,2� + 𝑃𝑃2,𝑁𝑁2 = 34 + 8 = 42 
 
𝐶𝐶0,0,3 = max�(𝐶𝐶0,0,2 + 𝑋𝑋0,0,3 × 𝑃𝑃𝑃𝑃𝑃𝑃0 + 𝑆𝑆0,𝑁𝑁2,𝑁𝑁0), (𝐶𝐶1,0,2 − 𝑃𝑃1,𝑁𝑁2)� + 𝑃𝑃0,𝑁𝑁0 = 21 + 8 + 4 + 7 = 40 
𝐶𝐶1,0,3 = max ��𝐶𝐶0,0,3�, (𝐶𝐶1,0,2 + 𝑋𝑋1,0,3 × 𝑃𝑃𝑃𝑃𝑃𝑃1 + 𝑆𝑆1,𝑁𝑁2,𝑁𝑁0), (𝐶𝐶2,0,2 − 𝑃𝑃2,𝑁𝑁2)� + 𝑃𝑃1,𝑁𝑁0 = 40 + 8 = 48 
𝐶𝐶2,0,3 = max�(𝐶𝐶2,0,2 + 𝑆𝑆2,𝑁𝑁2,𝑁𝑁0 + 𝑋𝑋2,0,3 × 𝑃𝑃𝑃𝑃𝑃𝑃2),𝐶𝐶1,0,3� + 𝑃𝑃2,𝑁𝑁0 = 42 + 8 + 1 + 5 = 56 
𝑇𝑇𝑇𝑇𝑇𝑇0 = 𝐶𝐶2,0,0 + 𝐶𝐶2,0,1 + 𝐶𝐶2,0,2 + 𝐶𝐶2,0,3 = 16 + 23 + 42 + 56 = 137 

(2) total flowtime for factory 𝐹𝐹1 
𝐶𝐶0,1,0 = 𝑆𝑆0,𝑁𝑁7,𝑁𝑁7 + 𝑃𝑃0,𝑁𝑁7 = 4 + 3 = 7 
𝐶𝐶1,1,0 = max�𝐶𝐶0,1,0, 𝑆𝑆1,𝑁𝑁7,𝑁𝑁7� + 𝑃𝑃1,𝑁𝑁7 = 7 + 5 = 12 
𝐶𝐶2,1,0 = max�𝐶𝐶1,1,0, 𝑆𝑆2,𝑁𝑁7,𝑁𝑁7� + 𝑃𝑃2,𝑁𝑁7 = 12 + 5 = 17 
𝐶𝐶0,1,1 = max�(𝐶𝐶0,1,0 + 𝑋𝑋0,1,1 × 𝑃𝑃𝑃𝑃𝑃𝑃0 + 𝑆𝑆0,𝑁𝑁7,𝑁𝑁1), (𝐶𝐶1,1,0 − 𝑃𝑃1,𝑁𝑁7)� + 𝑃𝑃0,𝑁𝑁1 = 7 + 2 + 9 = 18 
𝐶𝐶1,1,1 = max ��𝐶𝐶0,1,1�, (𝐶𝐶1,1,0 + 𝑋𝑋1,1,1 × 𝑃𝑃𝑃𝑃𝑃𝑃1 + 𝑆𝑆1,𝑁𝑁7,𝑁𝑁1), (𝐶𝐶2,1,0 − 𝑃𝑃2,𝑁𝑁7)� + 𝑃𝑃1,𝑁𝑁1 = 18 + 3 = 21 
𝐶𝐶2,1,1 = max�(𝐶𝐶2,1,0 + 𝑋𝑋2,0,1 × 𝑃𝑃𝑃𝑃𝑃𝑃2 + 𝑆𝑆2,𝑁𝑁7,𝑁𝑁1),𝐶𝐶1,1,1� + 𝑃𝑃2,𝑁𝑁1 = 21 + 3 = 24 
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𝐶𝐶0,1,2 = max�(𝐶𝐶0,1,1 + 𝑋𝑋0,1,2 × 𝑃𝑃𝑃𝑃𝑃𝑃0 + 𝑆𝑆0,𝑁𝑁1,𝑁𝑁5), (𝐶𝐶1,1,1 − 𝑃𝑃1,𝑁𝑁1)� + 𝑃𝑃0,𝑁𝑁5 = 18 + 8 + 4 + 4 = 34 
𝐶𝐶1,1,2 = max ��𝐶𝐶0,1,2�, (𝐶𝐶1,1,1 + 𝑋𝑋1,1,2 × 𝑃𝑃𝑃𝑃𝑃𝑃1 + 𝑆𝑆1,𝑁𝑁1,𝑁𝑁5), (𝐶𝐶2,1,1 − 𝑃𝑃2,𝑁𝑁1)� + 𝑃𝑃1,𝑁𝑁5 = 34 + 3 = 37 
𝐶𝐶2,1,2 = max�(𝐶𝐶2,1,1 + 𝑋𝑋2,1,2 × 𝑃𝑃𝑃𝑃𝑃𝑃2 + 𝑆𝑆2,𝑁𝑁1,𝑁𝑁5),𝐶𝐶1,1,2� + 𝑃𝑃2,𝑁𝑁5 = 37 + 9 = 46 
 
𝐶𝐶0,1,3 = max�(𝐶𝐶0,1,2 + 𝑋𝑋0,1,3 × 𝑃𝑃𝑃𝑃𝑃𝑃0 + 𝑆𝑆0,𝑁𝑁5,𝑁𝑁3), (𝐶𝐶1,1,2 − 𝑃𝑃1,𝑁𝑁5)� + 𝑃𝑃0,𝑁𝑁3 = 34 + 4 + 3 = 41 
𝐶𝐶1,1,3 = max ��𝐶𝐶0,1,3�, (𝐶𝐶1,1,2 + 𝑋𝑋1,1,3 × 𝑃𝑃𝑃𝑃𝑃𝑃1 + 𝑆𝑆1,𝑁𝑁5,𝑁𝑁3), (𝐶𝐶2,1,2 − 𝑃𝑃2,𝑁𝑁5)� + 𝑃𝑃1,𝑁𝑁3 = 37 + 11 + 3 + 9 = 60 
𝐶𝐶2,1,3 = max�(𝐶𝐶2,1,2 + 𝑆𝑆2,𝑁𝑁5,𝑁𝑁3 + 𝑋𝑋2,1,3 × 𝑃𝑃𝑃𝑃𝑃𝑃2),𝐶𝐶1,1,3� + 𝑃𝑃2,𝑁𝑁3 = 60 + 4 = 64 
𝑇𝑇𝑇𝑇𝑇𝑇1 = 𝐶𝐶2,1,0 + 𝐶𝐶2,1,1 + 𝐶𝐶2,1,2 + 𝐶𝐶2,1,3 = 17 + 24 + 46 + 64 = 151 

(3) total flow time for all factories 
𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑇𝑇𝑇𝑇𝑇𝑇0 + 𝑇𝑇𝑇𝑇𝑇𝑇1 = 137 + 151 = 288 

 

 
Fig. 1. Gantt chart for DBFSP/SDST/PM. 

 
Table 1  
Data for the instance 

 Jobs PM 
𝐽𝐽0 𝐽𝐽1 𝐽𝐽2 𝐽𝐽3 𝐽𝐽4 𝐽𝐽5 𝐽𝐽6 𝐽𝐽7 𝑇𝑇𝑖𝑖 𝐿𝐿𝑖𝑖 

𝑀𝑀0 7 9 5 3 3 4 3 3 8 12 
𝑀𝑀1 8 3 3 9 4 3 5 5 11 11 
𝑀𝑀2 5 3 8 4 4 9 4 5 8 11 

 
Table 2 
Setup times of jobs on machine 𝑀𝑀0 

 Jobs 
𝐽𝐽0 𝐽𝐽1 𝐽𝐽2 𝐽𝐽3 𝐽𝐽4 𝐽𝐽5 𝐽𝐽6 𝐽𝐽7 

𝐽𝐽0 3 2 2 5 6 2 2 8 
𝐽𝐽1 4 2 7 1 4 4 2 7 
𝐽𝐽2 4 2 2 5 5 2 1 2 
𝐽𝐽3 1 2 9 1 2 10 2 1 
𝐽𝐽4 1 2 3 2 5 3 3 1 
𝐽𝐽5 5 6 2 4 4 8 8 1 
𝐽𝐽6 6 2 2 10 7 2 7 1 
𝐽𝐽7 8 2 1 1 2 5 2 4 

 
Table 3  
Setup times of jobs on machine 𝑀𝑀1 

 Jobs 
𝐽𝐽0 𝐽𝐽1 𝐽𝐽2 𝐽𝐽3 𝐽𝐽4 𝐽𝐽5 𝐽𝐽6 𝐽𝐽7 

𝐽𝐽0 3 1 4 1 10 6 10 7 
𝐽𝐽1 5 7 4 3 2 1 2 2 
𝐽𝐽2 1 8 6 2 8 2 2 1 
𝐽𝐽3 4 1 1 4 5 2 2 4 
𝐽𝐽4 1 1 1 1 1 1 1 2 
𝐽𝐽5 2 1 9 3 3 1 1 2 
𝐽𝐽6 4 5 1 2 2 5 2 7 
𝐽𝐽7 4 5 1 1 7 2 2 1 
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Table 4 
Setup times of jobs on machine 𝑀𝑀2 

 Jobs 
𝐽𝐽0 𝐽𝐽1 𝐽𝐽2 𝐽𝐽3 𝐽𝐽4 𝐽𝐽5 𝐽𝐽6 𝐽𝐽7 

𝐽𝐽0 2 8 8 1 2 1 1 8 
𝐽𝐽1 1 2 1 2 2 3 7 1 
𝐽𝐽2 1 5 7 2 5 5 7 2 
𝐽𝐽3 2 8 2 1 10 1 2 5 
𝐽𝐽4 6 2 5 1 1 4 1 3 
𝐽𝐽5 1 4 2 6 1 4 10 3 
𝐽𝐽6 1 10 1 2 1 5 3 2 
𝐽𝐽7 2 2 9 8 3 2 5 2 

 
4.2 Population initialization phase 

A heuristic algorithm is designed to enhance the quality of the initial solution. Pan et al. (2012) combined the profile fitting 
(PF) approach in (McCormick et al., 1989) with the Nawaz, Enscore and Ham（NEH） heuristic algorithm in (Nawaz et al., 
1983) and combined it with local search to propose PF-NEH (x) for the flowshop problem. On this basis, we improve the PF 
and propose the DPF-NEH (x) heuristic algorithm for DBFSP/SDST/PM. In the PF-NEH (x) heuristic algorithm, the jobs that 
cause the smallest sum of machine idle time and blocking time and have the smallest impact on the subsequent jobs are added 
one after another to the end of the sequence. In a distributed environment, the first thing to consider is the factory to be 
distributed. In this study, we select the current factory 𝐹𝐹𝑘𝑘∗ with the shortest completion time. To address the characteristics of 
the problem, the impact of delay time caused by the first job on subsequent jobs is considered. The job with the earliest 
completion time in the first position is selected to be added to the start of the sequence first, then the job 𝑁𝑁𝑗𝑗 that causes the 
smallest sum of the machine idle time, the blocking time, the PM time, and the SDST is selected to be added at the end of the 
sequence in factory 𝐹𝐹𝑘𝑘∗. Where machine idle time, blocking time, PM time and SDST are represented as shown in Fig. 2. The 
sum of the times (𝑆𝑆𝑆𝑆𝑗𝑗,𝑘𝑘∗) to be taken into account when assigning the job 𝑁𝑁𝑗𝑗 to the factory 𝐹𝐹𝑘𝑘∗ can be calculated using Eq. 
(18). 
 

𝑆𝑆𝑆𝑆𝑗𝑗,𝑘𝑘∗ = 𝐶𝐶2,𝑘𝑘∗,2 − 𝐶𝐶1,𝑘𝑘∗,1 (18) 
 

 
Fig. 2. Schematic diagrams of the various times. 

 

We combine DPF, NEH and propose DPF-NEH (x) heuristic algorithm. In this algorithm, 𝑥𝑥 jobs are scheduled by the DPF 
algorithm and the remaining 𝑛𝑛 − 𝑥𝑥 jobs are scheduled by the NEH to jointly generate the initial solution sequence. x is set to 
0.1𝑛𝑛. The pseudo-code for the initialization algorithm is shown in Produce 1. 
 

Procedure 1: DPF-NEH(x) 

𝜆𝜆 = {𝑁𝑁1,𝑁𝑁2, … ,𝑁𝑁𝑛𝑛}  
𝛱𝛱 ∶=  {𝜋𝜋1,𝜋𝜋2, . . . ,𝜋𝜋f}, where 𝜋𝜋𝑘𝑘 = �𝐽𝐽𝑗𝑗�,𝑘𝑘 = 1,2, … , 𝑓𝑓  𝑗𝑗 = 1,2, … ,𝑛𝑛 
while sizeof (𝜆𝜆) > 𝑥𝑥 do 
 Determine the factory 𝑘𝑘∗ with minimum makespan 
 Calculate the 𝑆𝑆𝑆𝑆𝑗𝑗,𝑘𝑘∗ for each job in 𝜆𝜆 

 𝑁𝑁𝑗𝑗∗= job leading to minimal the smallest 𝑆𝑆𝑆𝑆𝑗𝑗,𝑘𝑘∗ 
  Append the job 𝑗𝑗∗ to 𝛱𝛱𝑘𝑘∗ 

 Remove job 𝑗𝑗∗ from 𝜆𝜆 
endwhile 
𝜆𝜆𝐿𝐿𝐿𝐿𝐿𝐿: = sort the remaining jobs in 𝜆𝜆 according to the non-incremental order of job processing time (𝐿𝐿𝐿𝐿𝐿𝐿) 
while sizeof (𝜆𝜆) > 0 do 
 Extract job 𝑁𝑁𝑗𝑗  from 𝜆𝜆 
 Attempts to insert job 𝑗𝑗 into all possible positions by 𝛱𝛱𝑘𝑘 
 𝛱𝛱𝑘𝑘∗= sequence of the factory with minimal increase of 𝑇𝑇𝑇𝑇𝑇𝑇 
 𝑝𝑝∗= position that produces the smallest increase of 𝑇𝑇𝑇𝑇𝑇𝑇 
 Comparison of the machining times of the previous and subsequent jobs at position 𝑝𝑝∗ 
 Select the job 𝑁𝑁𝑗𝑗′ with a large machining time 
 Swap job 𝑁𝑁𝑗𝑗′ with all jobs in 𝛱𝛱𝑘𝑘∗ 
endwhile 
return Π 
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4.3 Neighborhood search based on Q-learning 

4.3.1 Five neighborhood operators 

In order to optimize the solution sequence even further, five neighborhood operators are proposed for searching again in the 
neighborhood of a particular solution sequence, where include insert, swap, bound insert, and insert combined with swap. A 
description of these neighborhood operators is given below: 
 
(1) Selected job insertion (SJI): select the job in the key factory (the key factory is the factory with the largest TF) that has the 
maximum total machining time across all machines and insert it into the best position among all factories. This process is 
repeated 𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 times. 
 
(2) Selected job swap (SJS): the job in the key factory with the largest total machining time across all machines is selected 
and swap it with the job in the optimal position among all factories. This process is repeated 𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 times. 
 
(3) Random factory insertion (RFI): randomly select a factory, then randomly disrupt the arrangement of the jobs within that 
factory. Sequentially select a job and insert it into the best position in the factory. Repeat this process until the last job has 
been selected. 
 
(4) Random factory swap (RFS): randomly selecting a factory, the jobs within it are randomly disrupt the arrangement. 
Subsequently, the selected job is sequentially exchanged with the job in the optimal position in the factory. This process 
continues until the last job is selected. 
 
(5) Bound insertion (BI): a job block is extracted from a random location in the key factory. The job block contains 0.1 times 
the number of jobs in the key factory, and the jobs within the job block are sorted in descending order based on the total 
machining times across all machines. The job block is then inserted into the optimal position among all factories. 

4.3.2 Q-learning 

Q-learning is one of the most commonly used representative methods in reinforcement learning. It is used in a variety of 
domains, such as Song et al. (2024) utilized a Q-learning based auto-scaling method for big data analytics in cloud computing, 
Hao et al. (2024) introduced a proactive mixed cluster scaling strategy based on Q-learning to cost-effectively ensure low and 
consistent tail latencies. Yu et al. (2024) used a Q-learning based metaheuristic approach to solve a job shop scheduling 
problem. In Q-learning, an agent observes the state of the environment and chooses to perform an action according to a certain 
strategy. When the environment receives an action from the agent, the state is updated and the agent is given rewarding 
feedback. The Q-value is updated iteratively so that the agent selects the best execution action based on the current state. The 
Q-value is stored in the Q-table. The process is shown in Fig. 3. First, the agent gathers the current state 𝑆𝑆𝑡𝑡 and executes action 
𝐴𝐴𝑡𝑡. Then the reward value 𝑅𝑅 is returned to the agent to update the Q-table and move to the next state 𝑆𝑆𝑡𝑡+1, through which the 
action 𝑆𝑆𝑡𝑡+1 is selected and moved to the next state. The initial Q-table is a zero-valued matrix, with rows representing the 
number of states and columns representing the number of actions. Q-value is different from reward value.The update rule of 
Q-value is determined by Eq. (19). 
 
𝑄𝑄(𝑆𝑆𝑡𝑡,𝐴𝐴𝑡𝑡) ← 𝑄𝑄(𝑆𝑆𝑡𝑡,𝐴𝐴𝑡𝑡) + 𝛼𝛼(𝑅𝑅 + 𝛾𝛾𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝑡𝑡+1𝑄𝑄(𝑆𝑆𝑡𝑡+1,𝐴𝐴𝑡𝑡+1) −𝑄𝑄(𝑆𝑆𝑡𝑡,𝐴𝐴𝑡𝑡)) 
 (19) 

where the Q-value of the current state 𝑆𝑆𝑡𝑡 after taking action 𝐴𝐴𝑡𝑡 is 𝑄𝑄(𝑆𝑆𝑡𝑡 ,𝐴𝐴𝑡𝑡). State 𝑆𝑆𝑡𝑡 performs action 𝐴𝐴𝑡𝑡 to obtain the reward 
value 𝑅𝑅  and arrives at a new state 𝑆𝑆𝑡𝑡+1 . 𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝑡𝑡+1𝑄𝑄(𝑆𝑆𝑡𝑡+1,𝐴𝐴𝑡𝑡+1)  represents the new state 𝑆𝑆𝑡𝑡+1  selecting the maximum 
𝑄𝑄(𝑆𝑆𝑡𝑡+1,𝐴𝐴𝑡𝑡+1) among all the optional actions 𝐴𝐴𝑡𝑡+1. The learning factor 𝛼𝛼 is used to weigh current rewards against future 
rewards. The discount factor 𝛾𝛾 is used to indicate the importance of future rewards. 
 

 
Fig. 3. The model of Q-learning. 

4.3.3 Neighborhood search combined with Q-learning 

In order to make the grey wolf choose the better operator, we combine the five neighborhood operators with Q-learning. The 
specific process is shown below: 
 
Step 1: initialise the initial value in the Q-table to 1. A solution sequence corresponds to a state 𝑆𝑆𝑖𝑖. An action 𝐴𝐴𝑡𝑡 corresponds 
to a neighborhood operator. The Q-table is shown in Table 5. 

Environment
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the Q-table
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Step 2: selecting actions based on the Q-value in the Q-table. The probability of each action being selected is calculated 
according to equation (20). 

𝑃𝑃𝐴𝐴𝑡𝑡 = (𝑄𝑄(𝑆𝑆𝑖𝑖 ,𝐴𝐴𝑡𝑡)) (�𝑄𝑄(𝑆𝑆𝑖𝑖 ,𝐴𝐴𝑡𝑡)
4

𝑡𝑡=0

)�  (20) 

Step 3: the Q-value in the Q-table is updated according to equation (19). 𝑅𝑅 is calculated based on the 𝑇𝑇𝑇𝑇𝑇𝑇 as shown in Eq. 
(21). Where 𝑇𝑇𝑇𝑇𝑇𝑇 is the TF of the current solution sequence and 𝑇𝑇𝑇𝑇𝑇𝑇∗ is the TF to generate a new solution sequence after 
executing the selected action. 
 

𝑅𝑅 = �
2 × (𝑇𝑇𝑇𝑇𝑇𝑇 − 𝑇𝑇𝑇𝑇𝑇𝑇∗),   𝑇𝑇𝑇𝑇𝑇𝑇∗ < 𝑇𝑇𝑇𝑇𝑇𝑇
1,                                  𝑇𝑇𝑇𝑇𝑇𝑇∗ = 𝑇𝑇𝑇𝑇𝑇𝑇
0,                                  𝑇𝑇𝑇𝑇𝑇𝑇∗ > 𝑇𝑇𝑇𝑇𝑇𝑇

 (21) 

 

Step 4: the newly generated solution sequences are evaluated and updated. 
Step 5: if the termination condition is not satisfied, return to step 2, otherwise, output the result. 
 

Table 5  
Q-table 

 SJI SJS RFI RFS BI 
𝑆𝑆1 Q (𝑆𝑆1, SJI) Q (𝑆𝑆1, SJS) Q (𝑆𝑆1, RFI) Q (𝑆𝑆1, RFS) Q (𝑆𝑆1, BI) 
𝑆𝑆2 Q (𝑆𝑆2, SJI) Q (𝑆𝑆2, SJS) Q (𝑆𝑆2, RFI) Q (𝑆𝑆2, RFS) Q (𝑆𝑆2, BI) 
…      
𝑆𝑆𝑛𝑛 Q (𝑆𝑆𝑛𝑛, SJI) Q (𝑆𝑆𝑛𝑛, SJS) Q (𝑆𝑆𝑛𝑛, RFI) Q (𝑆𝑆𝑛𝑛, RFS) Q (𝑆𝑆𝑛𝑛, BI) 

 

4.4 Learning mechanism based local search 

The search operator based on learning mechanism (LMBSO) enables adaptive learning from the current location of the ω-
wolves towards the best solution in the population. A proper balance between exploration and exploitation is achieved to 
improve the optimization efficiency and accuracy of the algorithm. The search equation is shown below: 
 

𝜋𝜋𝑖𝑖𝑙𝑙+1 =

⎩
⎪
⎨

⎪
⎧𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝜋𝜋𝛼𝛼𝑙𝑙 (𝑝𝑝),𝜋𝜋𝑖𝑖𝑙𝑙(𝑝𝑝)�  𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 < 1 3⁄

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝜋𝜋𝛽𝛽𝑙𝑙 (𝑝𝑝),𝜋𝜋𝑖𝑖𝑙𝑙(𝑝𝑝)�  𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 < 2 3⁄

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝜋𝜋𝛿𝛿𝑙𝑙 (𝑝𝑝),𝜋𝜋𝑖𝑖𝑙𝑙(𝑝𝑝)�     𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

, 𝑝𝑝 ∈ 𝑛𝑛 (22) 

 

In Eq. (22), the 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟() function is used to generate random numbers within the range [0,1]. 𝜋𝜋𝑖𝑖𝑙𝑙(𝑝𝑝) denotes the job situated at 
position 𝑝𝑝 in the solution sequence 𝜋𝜋𝑖𝑖 at the 𝑙𝑙𝑡𝑡ℎ iteration. The 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝜋𝜋𝛼𝛼𝑙𝑙 (𝑝𝑝),𝜋𝜋𝑖𝑖𝑙𝑙(𝑝𝑝)� function selects two jobs 𝑁𝑁𝑗𝑗 and 𝑁𝑁𝑟𝑟 
at the position 𝑝𝑝 from solution sequences 𝜋𝜋𝛼𝛼 and 𝜋𝜋𝑖𝑖 respectively. Find job 𝑁𝑁𝑗𝑗 in 𝜋𝜋𝑖𝑖, if the total processing time of job 𝑁𝑁𝑟𝑟 on 
the machines is greater than the total processing time of job 𝑁𝑁𝑗𝑗  on the same machines, then the 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐() function 
exchanges job 𝑁𝑁𝑟𝑟 with job 𝑁𝑁𝑗𝑗 within sequence 𝜋𝜋𝑖𝑖. Otherwise, the sequence 𝜋𝜋𝑖𝑖 remains unchanged. Search and update each 
element of all candidate solutions according to Eq. (22). An example of this process is given below: 
 

Step 1: suppose there are three machines, two factories and eight jobs. At the 𝑙𝑙𝑙𝑙ℎ iteration, the first three best solution 
sequences in the population are: 𝜋𝜋𝛼𝛼𝑙𝑙 = {(𝑁𝑁4,𝑁𝑁6,𝑁𝑁2,𝑁𝑁0), (𝑁𝑁7,𝑁𝑁1,𝑁𝑁5,𝑁𝑁3)} ,𝜋𝜋𝛽𝛽𝑙𝑙 = {(𝑁𝑁5,𝑁𝑁6,𝑁𝑁4,𝑁𝑁3), (𝑁𝑁0,𝑁𝑁2,𝑁𝑁7,𝑁𝑁1)} , 𝜋𝜋𝛿𝛿𝑙𝑙 =
{(𝑁𝑁4,𝑁𝑁7,𝑁𝑁1,𝑁𝑁3), (𝑁𝑁6,𝑁𝑁2,𝑁𝑁0,𝑁𝑁5)}. Any candidate solution in 𝜔𝜔-wolves is 𝜋𝜋𝑖𝑖𝑙𝑙 = {(𝑁𝑁2,𝑁𝑁0,𝑁𝑁5,𝑁𝑁1), (𝑁𝑁7,𝑁𝑁3,𝑁𝑁6,𝑁𝑁4)}. 
 

Step 2: use the 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟() function to randomly generate a number between [0,1] as 0.8. The number lies between 2 3⁄  and 1. 
The solution sequence 𝜋𝜋𝑖𝑖𝑙𝑙  is updated as 𝜋𝜋𝑖𝑖𝑙𝑙+1 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝜋𝜋𝛿𝛿𝑙𝑙 (0),𝜋𝜋𝑖𝑖𝑙𝑙(0)� . A comparison is made between the total 
processing time of jobs 𝑁𝑁4 and 𝑁𝑁2 on the machines. If 𝑃𝑃𝑖𝑖,𝜋𝜋𝛿𝛿𝑙𝑙 (0) = ∑ 𝑃𝑃𝑖𝑖 ,42

𝑖𝑖=0 = 11,𝑃𝑃𝑖𝑖,𝜋𝜋𝑖𝑖𝑙𝑙(0) = ∑ 𝑃𝑃𝑖𝑖,22
𝑖𝑖=0 = 16. 𝑃𝑃𝑖𝑖,𝜋𝜋𝑖𝑖𝑙𝑙(0) > 𝑃𝑃𝑖𝑖,𝜋𝜋𝛿𝛿𝑙𝑙 (0), 

so swap 𝑁𝑁4 and 𝑁𝑁2 to get a temporary solution as 𝜋𝜋𝑖𝑖𝑙𝑙+1 = {(𝑁𝑁4,𝑁𝑁0,𝑁𝑁5,𝑁𝑁1), (𝑁𝑁7,𝑁𝑁3,𝑁𝑁6,𝑁𝑁2)}. 
 

Step 3: repeat step 2 until all elements in the solution sequence 𝜋𝜋𝑖𝑖𝑙𝑙 have been scanned. Fig. 4 shows the specific process. 

 
Fig. 4. Schematic diagram of LMBSO. 
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4.5 Differential hunting strategy 

The GWO algorithm has fewer parameters and strong convergence performance, but the algorithm tends to stagnate at local 
optima. Inspired by Guo et al. (2022), the differential hunting strategy is proposed to compensate for the shortcomings of this 
algorithm. First, we determine whether the algorithm has stagnated at a local optimum solution based on whether the 
population has been updated after 𝑊𝑊 iterations. If the 𝛼𝛼-wolf is not updated after 𝑊𝑊 iterations, the differential hunting strategy 
is enabled. All grey wolves are ranked from lowest to highest according to fitness. 𝛼𝛼-wolf, 𝛽𝛽-wolf and 𝛿𝛿-wolf are directly 
retained due to their better quality. For 𝜔𝜔-wolves, 60% of these grey wolves are learned from 𝛼𝛼-wolf using LMBSO. 25% of 
the grey wolves are generated using DPF-NEH(x). The remaining grey wolves are generated using a random initialization 
method. The differential hunting strategy is outlined in the pseudo-code provided in Procedure 2. 
 

Procedure 2: DRS 
𝑃𝑃: = Number of grey wolves in the population 
𝛱𝛱 ∶=  {𝜋𝜋1,𝜋𝜋2, . . . ,𝜋𝜋f}, where 𝛱𝛱𝑘𝑘 = �𝐽𝐽𝑗𝑗�,𝑘𝑘 = 1,2, … , 𝑓𝑓  𝑗𝑗 = 1,2, … ,𝑛𝑛 
for a:= 3 to 𝑃𝑃 do 
 if (𝑎𝑎 < 0.7 ∗ 𝑃𝑃) then 
  Perform LMBSO on 𝜋𝜋𝑎𝑎 

 else if (𝑎𝑎 < 0.9 ∗ 𝑃𝑃) then 
  Perform the DPF-NEH(x) on 𝜋𝜋𝑎𝑎 
 else 
  Perform random initialization methods on 𝜋𝜋𝑎𝑎 
 endif 
endfor 

 
4.6 The overall framework of DGWO_RM 

The flow of the proposed algorithm is described below. The overall framework of the algorithm is shown in Fig. 5.  
(1) One solution sequence in the population is generated using DPF-NEH(x) initialization, while the remaining solution 
sequences are generated randomly. 
(2) Calculate the fitness value for each wolf. Based on these values, select the individual with the highest fitness as the α-
wolf, the second highest as the β-wolf, and the third highest as the δ-wolf. The remaining wolves are classified as ω-wolves. 
(3) In the hunting phase wolves focus more on exploration and search for solutions around multiple possible regions. The first 
three wolves execute neighbourhood operators sequentially to expand the search region, and ω-wolves use Q-learning to select 
the best neighbourhood operator to execute. 
(4) During the hunting and attacking phases, the α-wolf, β-wolf and δ-wolf randomly select a neighborhood operator to 
execute, the ω wolves gradually move closer to the three wolves using a search operator based on a learning mechanism. 
(5) Using a differential hunting strategy with wolves to retain information on the best individuals and to guide individuals to 
continue exploring. 
 
Repeat steps (2)-(5) until the termination condition is met. 

 
Fig. 5. Overall flowchart of DGWO_Q 
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5. Numerical experiment 

5.1 Experimental setup 

A number of numerical comparisons are carried out to assess the performance of the proposed algorithm. In our experiments, 
we generated a set of instances, Where 𝑁𝑁 ∈ {100,200,300,400,500}, 𝑀𝑀 ∈ {5,8,10}, 𝐹𝐹 ∈ {2,4,6}, 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ∈ {0.25,0.5,1}. So 
we get 5 × 3 × 3 × 5 = 225 instances. According to (Mao et al., 2022), the processing time of the jobs, the maintenance time 
and the maximum maintenance interval of the machines are uniformly distributed in the ranges [1,100] , [50,150] and 
[25 × 𝑁𝑁 𝐹𝐹⁄ , 37.5 × 𝑁𝑁 𝐹𝐹⁄ ]  respectively. The SDST is generated according to (Guo et al., 2022) as 𝑆𝑆𝑖𝑖,𝑗𝑗,𝑟𝑟 = (1 +
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟()%99) × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓. 
 
All algorithms are implemented in C++ in VS2022. The computer specifications are 12th Gen Intel(R) Core(TM) i7-12700 
2.10 GHz、32.0 GB RAM and Windows 10. We use 𝑇𝑇 = 𝐶𝐶 × 𝑁𝑁 × 𝑀𝑀(ms) (Ruiz et al., 2019) as a stopping criterion for the 
algorithm. Where 𝐶𝐶 is set to 100. Each instance is run independently five times. The relative percentage deviation (RPD) (J.-
Y. Mao et al., 2022) is used as an evaluation metric for the algorithm. The equation for RPD is 𝑅𝑅𝑅𝑅𝑅𝑅 = (𝑇𝑇𝑇𝑇𝑇𝑇 − 𝑇𝑇𝑇𝑇𝑇𝑇∗) 𝑇𝑇𝑇𝑇𝑇𝑇∗⁄ . 
Where 𝑇𝑇𝑇𝑇𝑇𝑇 is the TF obtained by a particular algorithm when solving the same instance. 𝑇𝑇𝑇𝑇𝑇𝑇∗ is the optimal value of the TF 
for all algorithms on the instance. We use an analysis of variance technique (ANOVA) to assess all RPD results. 95% 
confidence level is used to see if the RPD results generated by the algorithm are significantly different. 
 

5.2 Parameter setting 
DGWO_Q contains five parameters to be determined: number of grey wolves in the population (𝑃𝑃), the number of iterations 
𝑊𝑊 to restart the solutions,  𝛼𝛼, 𝛾𝛾 and 𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 . Table 6 lists the four factor levels for each parameter. To select the optimal 
combination of parameters, we use orthogonal experiments using 45 instances of varying sizes to analyse the effect of 
different parameter combinations on the performance of the DGWO_Q. Specification (𝑁𝑁 × 𝑀𝑀 × 𝐹𝐹) of the instance includes 
{100,200,300,400,500} × {5,8,10} × {2,4,6}. 
 
Table 6  
Parameter values 

Parameters Factor level 
1 2 3 4 

𝑃𝑃 10 15 20 25 
𝑊𝑊 4 8 12 16 
𝛼𝛼 0.5 0.6 0.7 0.8 
𝛾𝛾 0.1 0.2 0.3 0.4 

𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 If 𝑛𝑛 = 500,𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 30,otherwise 
𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑛𝑛 5⁄  

30 If 𝑛𝑛 = 500,𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑛𝑛 5⁄ ,otherwise 
𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑛𝑛 5⁄  

𝑛𝑛 15⁄  

 
The orthogonal table 𝐿𝐿16(45) and the RPD values corresponding to 16 different parameter combinations are presented in 
Table 7. For each parameter combination, DGWO_Q is run independently five times for 100 × 𝑁𝑁 × 𝑀𝑀 milliseconds, and the 
resulting average RPD values for each parameter combination are displayed in the last column of Table 7. From Table 7, it is 
evident that when 𝑊𝑊 = 25,𝑃𝑃 = 8,𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 4,𝛾𝛾 = 0.1,𝛼𝛼 = 0.7, a better balance of search space and computational efficiency 
is achieved, giving DGWO_Q the best results. Therefore, this combination of parameters was applied to the following 
experiments. Table 8 shows the results of the calculations for each parameter increment and rank. As shown in Table 4, the 
importance ratings of the five parameters are 𝑊𝑊,𝑃𝑃,𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡,𝛾𝛾 and 𝛼𝛼 in descending order of importance. 
 
Table 7  
Orthogonal array and RPD values. 

 Parameter level 
 𝑃𝑃 𝑊𝑊 𝛼𝛼 𝛾𝛾 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅 

1 10 4 0.5 0.1 1 0.040612 
2 10 8 0.6 0.2 2 0.027137 
3 10 12 0.7 0.3 3 0.030019 
4 10 16 0.8 0.4 4 0.023877 
5 15 4 0.6 0.3 4 0.034359 
6 15 8 0.5 0.4 3 0.028938 
7 15 12 0.8 0.1 2 0.032453 
8 15 16 0.7 0.2 1 0.026835 
9 20 4 0.7 0.4 2 0.029478 

10 20 8 0.8 0.3 1 0.027564 
11 20 12 0.5 0.2 4 0.022217 
12 20 16 0.6 0.1 3 0.031720 
13 25 4 0.8 0.2 3 0.028149 
14 25 8 0.7 0.1 4 0.019223 
15 25 12 0.6 0.4 1 0.025819 
16 25 16 0.5 0.3 2 0.021025 
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Table 8  
Parameter increment and rank 

Factor level Parameters 
𝑃𝑃 𝑊𝑊 𝛼𝛼 𝛾𝛾 𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

1 0.030411 0.033150 0.028198 0.031002 0.030208 
2 0.030646 0.025716 0.029759 0.026085 0.027523 
3 0.027745 0.027627 0.026389 0.028242 0.029707 
4 0.023554 0.025864 0.028011 0.027028 0.024919 

Delta 0.007092 0.007434 0.003370 0.004917 0.005289 
Rank 2 1 5 4 3 

 

5.3 Effectiveness of the proposed strategy 
 

We designed two algorithms, DGWO_Q and DGWO_NI, to validate the initialization method proposed in section 3.2. The 
DGWO_Q and DGWO_NI algorithms use DPF-NEH (x) and random initialization methods to generate the initial sequence 
respectively. The comparison effect of DGWO_Q and DGWO_NI is shown in Fig. 6(a). As shown in Fig. 6(a), the average 
RPD value of DGWO_Q is smaller than the average RPD value of DGWO_NI. It can be inferred that DPF-NEH (x) has a 
higher quality than the initial solution generated by random initialization, thus improving the quality of the final solution. 
 

 
Fig. 6. Comparison chart of strategy effectiveness. 

 
To validate the effectiveness of LMBSO, DGWO_Q algorithm with LMBSO and DGWO_NS without LMBSO are designed. 
The significant differences between the two algorithms are evident in Fig. 6(b). This suggests that the LMBSO strategy 
enhances the ability of the algorithm to explore and exploit the optimal solution. 
 
To validate the effectiveness of Q-learning, DGWO_Q algorithm with Q-learning and DGWO_NQ without Q-learning are 
designed. From Fig. 6(c), on the basis of the same experimental setup, the average RPD value of DGWO_Q is significantly 
smaller than the average RPD value of DGWO_NQ. It can be inferred that Q-learning chooses better neighborhood operators 
for the whole algorithm to improve the computational efficiency of the algorithm. 
 
To validate the effectiveness of DRS, DGWO_Q algorithm with DRS and DGWO_NC without DRS are designed. DGWO_Q 
has better results as shown in Fig. 6(d) for the average RPD of the two algorithms. It can be inferred that DRS applies different 
reinitialization methods for different solution sequences. This method not only enhances the overall performance of the 
algorithm but also helps prevent it from getting trapped in local optima, allowing for continuous searching of the optimal 
solution. 
 
5.4 Comparison with efficient algorithms 

We verify the performance of DGWO_Q by comparing DGWO_Q with four algorithms in the extant literature. The four 
algorithms are: population-based discrete grey wolf optimization algorithm based on multi-neighborhood search (DGWO_MS) 
(Tian et al., 2024), discrete artificial bee colony algorithm (DABC) (Pan et al., 2011), collaborative multi-swap iterated greedy 
(CMSIG) (Han et al., 2024) and Two-stage iterative greedy (IG2S) (Ruiz et al., 2019) algorithm. All of the above algorithms 
were modified to match DBFSP/SDST/PM problems and TF targets. Considering the fairness of the comparison experiments, 
the experimental environments of all algorithms are referred to Section 5.1. On the basis of 225 instances, each algorithm is 
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run independently five times with a stopping criterion of 100 × 𝑁𝑁 × 𝑀𝑀. The parameters in all the algorithms use the best 
parameters provided in the corresponding literature. The performance evaluation metric is RPD. 

5.4.1 Variance analysis 

The average RPD values based on instances of each size (𝑁𝑁|𝑀𝑀|𝐹𝐹) are shown in Table 9. Optimal values are shown in bold. 
Among the 45 instances of all sizes, DGWO_Q performed best on 43 instances, CMSIG performed best on the remaining 2 
instances. In Table 10, 𝑁𝑁, 𝑀𝑀, and 𝐹𝐹 were grouped separately to obtain their average RPD values. Based on Table 9 and Table 
10, we performed an ANOVA on the experimental data. At the 95% confidence level, the main effect plot is illustrated in Fig. 
7. In this figure the trend of each algorithm is shown for different 𝑁𝑁, 𝑀𝑀 and 𝐹𝐹 respectively. From Fig. 7(a), the curve of 
DGWO_Q has the least variation compared to other algorithms. It is inferred that DGWO_Q has good stability. Fig. 7(b) 
shows that the curves of all the algorithms show a decreasing trend as the number of machines increases, but DGWO_Q has 
the best performance. As shown in Fig. 7(c), there is not much difference between the overall performance of the DGWO_MS 
and DABC algorithms, but DABC performs more consistently when 𝑁𝑁 varies. The performance of IG2S and CMSIG is 
comparable in small-scale instances, but the gap between the two algorithms becomes more and more obvious as the size of 
the arithmetic cases increases. In the three plots of Fig. 7, the confidence intervals of DGWO_Q clearly do not overlap with 
the rest of the algorithms, which indicates that the difference in the RPD values between the proposed algorithm and the 
compared algorithms is statistically significant. In summary, DGWO_Q algorithm demonstrates better performance across all 
instance scales when it comes to minimizing the TF of DBFSP/SDST/PM. 
 
Table 9  
RPD of the algorithms for comparison grouped by instance size 

N|M|F DGWO_Q DGWO_MS CMSIG IG2S DABC 
100|5|2 0.009357 0.130184 0.080084 0.077337 0.153254 
100|5|4 0.010265 0.134724 0.069074 0.082057 0.140766 
100|5|6 0.010176 0.124790 0.070829 0.078528 0.136440 
100|8|2 0.011998 0.096741 0.073367 0.068613 0.135294 
100|8|4 0.010086 0.078457 0.048843 0.052449 0.111815 
100|8|6 0.009919 0.097092 0.048914 0.055760 0.098485 

100|10|2 0.010583 0.084784 0.059216 0.065951 0.114966 
100|10|4 0.008450 0.061091 0.043189 0.043638 0.094633 
100|10|6 0.010928 0.056948 0.039434 0.046394 0.085486 
200|5|2 0.015230 0.176995 0.078303 0.096723 0.160780 
200|5|4 0.015204 0.175710 0.073853 0.083841 0.147341 
200|5|6 0.012115 0.163812 0.062590 0.084851 0.133978 
200|8|2 0.010802 0.135893 0.071352 0.089110 0.156418 
200|8|4 0.012638 0.137159 0.067865 0.078187 0.126973 
200|8|6 0.007199 0.129989 0.056309 0.064915 0.111088 

200|10|2 0.014187 0.128137 0.069402 0.078757 0.136546 
200|10|4 0.008975 0.119065 0.057608 0.063642 0.111181 
200|10|6 0.009055 0.108536 0.048429 0.057551 0.101679 
300|5|2 0.024826 0.168470 0.062089 0.114991 0.173330 
300|5|4 0.017312 0.174122 0.074220 0.100138 0.146074 
300|5|6 0.011872 0.168613 0.065620 0.082616 0.143004 
300|8|2 0.015652 0.131020 0.047939 0.082863 0.145326 
300|8|4 0.009894 0.135498 0.063529 0.077296 0.125062 
300|8|6 0.009808 0.128015 0.052309 0.056967 0.114285 

300|10|2 0.010151 0.108982 0.046450 0.076361 0.143144 
300|10|4 0.010179 0.126616 0.057955 0.065625 0.130239 
300|10|6 0.008594 0.113720 0.051417 0.055575 0.101669 
400|5|2 0.014879 0.128520 0.021513 0.084701 0.135906 
400|5|4 0.015864 0.153771 0.057707 0.090341 0.153317 
400|5|6 0.013108 0.147326 0.053621 0.077240 0.144183 
400|8|2 0.012598 0.102547 0.026623 0.067530 0.103189 
400|8|4 0.010578 0.119923 0.050405 0.070173 0.127771 
400|8|6 0.013735 0.128799 0.056206 0.068288 0.124985 

400|10|2 0.009155 0.088040 0.018772 0.060127 0.120243 
400|10|4 0.013732 0.117119 0.051297 0.066731 0.128714 
400|10|6 0.010945 0.116543 0.051484 0.057212 0.115834 
500|5|2 0.036578 0.128094 0.012066 0.078672 0.150255 
500|5|4 0.023018 0.145238 0.054838 0.081678 0.156590 
500|5|6 0.019322 0.130736 0.034593 0.068511 0.142997 
500|8|2 0.011607 0.078320 0.012154 0.048102 0.097881 
500|8|4 0.011687 0.117524 0.042155 0.070485 0.140928 
500|8|6 0.009829 0.112448 0.047731 0.062821 0.126856 

500|10|2 0.014519 0.078502 0.010246 0.057833 0.094107 
500|10|4 0.009288 0.099091 0.043087 0.060411 0.114254 
500|10|6 0.011779 0.105921 0.040657 0.054189 0.118995 
Average 0.012837 0.122081 0.051674 0.071240 0.128362 
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In order to visualise the distribution of the RPD values for the algorithms, the box and whisker plot is plotted in Fig. 8. From 
the figure, it can be seen that the DGWO_MS, DABC and IG2S algorithms have higher bins and lie in the higher RPD range, 
suggesting that they are more biased and have significant volatility. CMSIG has a much higher RPD value compared to 
DGWO_Q. Although CMSIG has fewer outliers, its results are less stable compared to DGWO_Q. Despite the presence of 
some outliers in DGWO_Q, the overall distribution remains tightly clustered around zero, demonstrating consistent 
performance across various experimental conditions with minimal deviations, even in extreme cases. Therefore, the 
DGWO_Q algorithm excels at finding optimal results while maintaining stability. 
 
Table 10  
Average RPD of the algorithms for comparison grouped according to 𝑁𝑁, 𝑀𝑀 and 𝐹𝐹 

  DGWO_Q DGWO_MS CMSIG IG2S DABC 

N 

100 0.010196 0.096090 0.059217 0.063414 0.119015 
200 0.011712 0.141700 0.065079 0.077509 0.131776 
300 0.013143 0.139451 0.057948 0.079159 0.135793 
400 0.012732 0.122510 0.043070 0.071371 0.128238 
500 0.016403 0.110653 0.033059 0.064745 0.126985 

M 
5 0.016608 0.150074 0.058067 0.085482 0.147881 
8 0.011202 0.115295 0.051047 0.067571 0.123090 

10 0.010701 0.100873 0.045910 0.060666 0.114113 

F 
2 0.014808 0.117682 0.045972 0.076511 0.134709 
4 0.012478 0.126341 0.057042 0.072446 0.130377 
6 0.011226 0.122219 0.052010 0.064761 0.119998 

Average RPD 0.012837 0.122081 0.051674 0.071240 0.128362 
 

 
Fig. 7. Interaction diagram between the algorithms and 𝑁𝑁, 𝑀𝑀, 𝐹𝐹. 

 
Fig. 8. Box and whisker plot of RPD. 

5.4.2 Nonparametric test 

The Friedman test (Carabante, 2018) is one of the non-parametric tests that allows for multiple algorithm comparisons. The 
method uses rank to test for significant differences between multiple algorithms. In Table 11 the results of the Friedman test 
experiment on the target value for 1125 instances are shown, where 𝐴𝐴 (5 × 3 × 3 × 5 = 1125) is the number of instances. 
From this table, it is clear that the value of asymptotic significance is much less than 0.05. Therefore, there is a significant 
difference between the proposed algorithm and the four compared algorithms. Fig. 9 shows the role of the average values 
obtained by the Friedman test for the five algorithms. The average rank in descending order is DGWO_Q( 1.0836 ), 
CMSIG(2.1556), IG2S(2.8116), DGWO_MS(4.3911) and DABC(4.5582). The rank value of DGWO_Q stands out 
significantly from the other algorithms, indicating that its superior performance across multiple experiments is not by chance 
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but statistically significant. This suggests that its ability to optimize total flow time is exceptionally strong. Therefore, 
DGWO_Q has the best performance. 
 
Table 11  
Mean statistics for case tests 

Test Statistics  
A 1125 

Chi-Square 3953.072 
df 4 

asymptotic significance 0.000 

 

 
Fig. 9. Average rank comparison. 

5.4.3 Convergence analysis 

Four representative instances are selected for experiments to analyze the convergence performance of the algorithms. The 
instances contain various scales (𝑁𝑁 × 𝑀𝑀 × 𝐹𝐹) of large, small and medium, in that order 100 × 5 × 2,200 × 8 × 4,300 × 8 ×
6 and 500 × 10 × 6. Fig. 10 illustrates the convergence of the algorithms. As can be seen from this figure, different algorithms 
produce initial solution sequences of different quality. Among them, IG2S generates the worst quality initial solution 
sequences, which is possibly due to the fact that the NEH-based initialization method used in this algorithm has less impact 
on DBFSP/SDST/PM. DGWO_Q generates a better sequence of initial solutions in different instances, which again proves 
the effectiveness of the proposed initialization method. The convergence curve of CMSIG decreases initially but stabilizes 
quickly, indicating fast early stage convergence. However, the overall improvement is limited. The gap with DGWO_Q 
widens as CPU time increases. The Q-learning based neighborhood operators and the search operator based learning 
mechanism in the DGWO_Q algorithm are well suited to the problem, allowing it to quickly approach the optimal solution 
and rapidly focus on the high quality solution region. As a result, DGWO_Q demonstrates strong convergence performance 
across all instance scales.  

 
Fig. 10. Convergence diagram of the algorithms. 
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6. Conclusions and future work 

This paper has studied a complex and challenging DBFSP/SDST/PM problem. The DGWO_Q algorithm is proposed to 
minimise the total flowtime. By combining Q-learning with a learning mechanism, the proposed algorithm achieves a balance 
between exploration and exploitation, significantly improving solution quality and convergence speed. First, A neighborhood 
search based on Q-learning is designed to help the algorithm to choose the most effective operator in different situations. 
Then, in order to make full use of the quality information carried on α-wolf, β-wolf and δ-wolf, a local search based on 
learning mechanism is proposed to make ω-wolves evolve in a good direction. In addition, considering the possibility of the 
algorithm falling into a local optimum, a differential hunting strategy is proposed, which employs different reinitialization 
methods for different qualities of grey wolves. Finally, after extensive experimental analyses, the DGWO_Q algorithm 
demonstrates excellent performance across test cases of various scales, effectively reducing production cycle time, setup times 
and the impact of maintenance downtime on production efficiency. It provides an efficient intelligent optimization approach 
for solving the complex scheduling problem. 
 
In future research, as optimization problems grow in complexity and scale, the computational demands on Q-learning increase 
correspondingly. Intelligence optimization algorithms can perhaps be integrated with deep reinforcement learning technology 
(Huang et al., 2023) to enhance the adaptability of approaches to complex optimization problems. Additionally, considering 
the variability and dynamics of real-world production environments, future work could combine real-time data to study 
dynamic scheduling (Gui et al., 2023). Finally, the optimization objectives can be multi-objective (Meng et al., 2023; Zheng 
et al., 2022), such as minimum makespan and total energy consumption (Cheng et al., 2025; Zhang et al., 2024), as a way to 
achieve green scheduling on the shop. 
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