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Abstract: This paper introduces the Improved Evolution Strategy Reinforcement Learning (I-ES)
algorithm. The I-ES algorithm is designed to minimize the makespan and total energy consumption
(TEC) in a multi-objective dynamic scheduling problem within a hybrid flow shop. It addresses key
challenges such as flexible preventive maintenance for machines, random job arrivals, uncertain
processing times, and the setup time. An experimental comparison of the I-ES-based approach
with Evolution Strategy Reinforcement Learning (ES) algorithms and scheduling rules, which are a
combination of job selection rules and machine selection rules, has been carried out by designing
problem examples. The Generational Distance (GD) and Inverted Generational Distance (IGD)
metrics of the I-ES algorithm are obtained by averaging all the instances as 389.14 and 1476.25,
respectively, which are smaller than the other compared algorithms, so the results show that the I-ES
algorithm can obtain solutions with superior convergence compared to that of the ES algorithm and
dispatching rules.

Keywords: flexible flow shop; smart manufacturing; evolution strategy; dynamic scheduling;
setup time

1. Introduction

A hybrid flow shop, also referred to as a flexible flow shop, comprises multiple stages
where at least one stage includes several parallel machines. These hybrid flow shops are
prevalent in various industries, such as equipment manufacturing, semiconductor fabri-
cation, and chemical processing. Therefore, investigating Hybrid Flow Shop Scheduling
Problems (HFSPs) is both theoretically significant and practically valuable. Within the
scope of smart manufacturing, real-time scheduling applying adaptive learning methods
has become a significant focus of research. Current studies on HFSP dynamic schedul-
ing problems leveraging reinforcement learning (RL) have yielded promising outcomes.
Chen et al. introduced an RL method for stochastic flexible flow shop scheduling, incorpo-
rating Monte Carlo tree search to improve the training efficacy and sample utilization rates,
successfully validating their approach [1]. Heger et al. applied reinforcement learning to
adaptively modify the k-value of Apparent Tardiness Cost with Setups (ATCS) ordering
rules in a complex manufacturing setting, reducing the average tardiness rate by 5% [2].
Jia et al. developed a Multi-Population Memetic Algorithm combined with Q-learning to
address Distributed Assembly Hybrid Flow Shop Scheduling with flexible preventive main-
tenance, demonstrating through their results that MPMA-QL offers superior solutions [3].
Zhao et al. introduced a deep reinforcement learning (DRL) architecture utilizing heteroge-
neous graph neural networks for solving hybrid flow shop issues, with the experimental
results highlighting its excellent generalization performance and solution efficiency [4].
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Liu et al. integrated Genetic Algorithms (GAs) with RL to tackle HFSPs, experimentally
confirming the feasibility and effectiveness of their method [5]. Additionally, Liu et al.
explored a deep multi-agent reinforcement learning strategy to address dynamic job shop
scheduling issues [6]. They further introduced a two-depth Q-network algorithm with a
hierarchical distributed framework to handle dynamic flexible job shop scheduling [7]. Su
et al. examined a framework combining graph neural networks and evolutionary strat-
egy RL for dynamic job shop scheduling, accommodating machine failures and random
processing times [8].

To date, a comprehensive study addressing multi-objective hybrid flow shop dynamic
scheduling, accounting for flexible preventive maintenance, random job arrivals, uncertain
processing times, and setup times, remains unexplored. This paper addresses this gap
by exploring HFSPs, aiming to reduce the makespan as well as the TEC. It proposes a
real-time scheduling approach founded on I-ES RL, comparing its performance with the ES
RL algorithm and various job sequencing policies.

2. Overview of the Problem

The multi-objective dynamic scheduling problem for the HFSP with setup times
(MDSPHE-S) can be outlined as follows: 1 jobs J; (i =1, 2,...,n), arriving dynamically, un-
dergo processing through K stages. These # jobs can be categorized into f families, where setup
times are required between different families. Each stage k has my (m, > 1,k =1, 2,...,K)
machines, with one or more stages including multiple machines. Flexible preventive mainte-
nance (FPM) is considered in line with production requirements, meaning that a machine’s
continuous operating time must not surpass the upkeep limit UT, and the duration of
maintenance is t"*. The primary goals of the scheduling are to minimize the makespan and
the overall energy consumption. Decision points occur when a job is processed at a stage
or when a new job arrives, at which point, the job is allocated to a machine to optimize the
objective function.

The problem is framed with the following assumptions: (1) Each machine handles only
one job at a time. (2) The setup times for machines and job transport times between stages
are considered negligible. (3) All the jobs at stage k are processed in the same duration
across all machines. (4) If two successive jobs on a machine are from the same family, the
setup time is zero; otherwise, the setup is performed after the preceding job’s completion.
(5) The setup times are taken into account at the initial state.

3. Scheduling Strategy for MDSPHEF-S Derived from I-ES Algorithm

To tackle the problem addressed in this study, we employ a partially connected neural
network model to enhance the ES algorithm, referred to as the I-ES algorithm. Figure 1
illustrates the interaction sequence within the dynamic scheduling system of the HFSP
implemented with the I-ES algorithm. Figure 1 illustrates the structure of an HFSP dynamic
scheduling system based on the I-ES algorithm. The system uses a simulation module to
model factors such as machine maintenance, setup times, and uncertain processing times
in production, and feeds these data into a non-fully connected neural network model for
processing, outputting optimized scheduling decisions. A feedback mechanism allows
the simulation results to be used to adjust and optimize the neural network model, thus
improving the stability and robustness of the scheduling system.

3.1. State Space

Selecting an appropriate state can capture real-time changes in the system state. For
the MDSPHEF-S characteristics, the environment is defined across three dimensions: job,
min ,max

machine, and stage. The state space vector SSSis represented as [Q, k, Ni, UJ, fic, P PI™,

pﬁzt”*’”i”, pfzte””“" |. Here, Q represents the total number of jobs in the shop; Ny represents

the total number of jobs in stage k; U} . represents the residual maintenance threshold of the
machines in the shop; f. represents the family of jobs processed by the machine c in stage
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k; and the last four represent the minimum and maximum processing time as well as the
minimum and maximum residual processing time of all the jobs in stage k, respectively.
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Figure 1. Interaction flow chart of MDSPHF-S dynamic scheduling system utilizing the I-ES.
3.2. Space of Available Actions

Within shop scheduling frameworks, an action a; € A; at decision moment ¢ involves
selecting a machine My, for job J; to be processed at state S;. Considering the characteristics
and objectives of MDSPHEF-S, the following four job sequencing rules and one machine
selection rule are designed.

Job selection rules: select the job with the shortest/longest processing time at the
current stage k (SPT/LPT), and select the job with the shortest/longest remaining total
processing time at the current stage k (SRM/LRM).

Machine selection rule: choose the machine with the smallest sum of processing energy
and setup energy (SPE).

3.3. Fitness Function

This paper aims to minimize both the makespan and TEC. These objectives are com-
bined into a single optimization goal using a weighting method. Given that both the
makespan and TEC are inversely related to the fitness function, the fitness function for
the ES algorithm is expressed as Equation (1). Cyx represents the maximum completion
time after all the jobs are completed, the TEC is the total energy consumption, and w is the
weight, w =0.7.

Fitness = —(wCpax + (1 — w)TEC) (1)

4. Quantitative Illustration and Assessment
4.1. Configuration of Parameters

Table 1 lists the parameters used to define the problem. Py is the range of the setup
time, ECyp is the range of process energy consumption, ECs; is the range of setup energy
consumption, ECy, is the range of maintenance energy consumption, and EC; is the range
of idle energy consumption. As an example, U (1, 10) means that it is uniformly generated
in the range of 1 to 10.
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Table 1. Parameter value ranges for the issue.

Instance P n my K Pik ECpyp ECy EC,, EC;
Small U (1, 10)
Medium U (1, 50) 100 U(1,4) 4 U@1,99) U@15 U4 UG  U®G?2)
Large U (1, 100)
4.2. Analysis of Findings
This study evaluates the effectiveness of the I-ES scheduling approach and ES algo-
rithms, along with four scheduling rules, by using the performance metrics GD and IGD.
The GD measures how close the solution set is to the true Pareto front, while the IGD
assesses the extent to which the solution set covers the true Pareto front. The calculation
results for the different algorithms are presented in Figure 2 and Table 2.
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Figure 2. Boxplots of GD and IGD performance indicators.
Table 2. Comparative analysis of performance metrics for various scheduling methods.
GD IGD
Instance
I-ES ES Rulel Rule2 Rule3 Rule4 I-ES ES Rulel Rule2 Rule3 Rule4
152,68  843.13 19654 173029  262.87 339.88 731072 11,5145 756527  9321.38 780176  7984.68
Small 30429 657485 6573 1553.22 31545 532.22 0.0 1744039  868.92  3764.25 770.4 925.29
4226 106478  150.61 344.88 155.74 43.99 68.18 3021.71 130.86 194.73 105.75 138.08
50876 72350  690.12 140681  1529.78  860.47 0.0 18,396.85  2150.18 458695 389629  793.25
Medium 28938 69522 42301  2881.07  670.26 621.7 70.95 1222.33  1849.65 914678 248537  1942.01
29548  6521.05  1179.53 372176 187535  363.99 0.0 18,234.65 55195 712261 442233  470.74
1096.58 142579 152925  2168.61 235781  2440.61 536247  14,581.94 547035  7406.88 799656  7543.1
Large 161.31 116327 272957  5593.6 400596  3979.68 11833  2179.99 483617 145163 958124  12,377.79
65148 749549  1332.83 540244 235408  1049.78 35558 1644016 35558  11,078.65  1826.98 19424
Average  389.14  3668.73  987.64 275585  1503.03 113692 147625 1144806 264210  7459.84 432074  3790.82

Rulel: SPT-SPE; Rule2: LPT-SPE; Rule3: SRM-SPE; Rule4: LRM-SPE.

As shown in the box-and-line plot in Figure 2, it can be seen that the I-ES algorithm
has better robustness. The box-and-line plot shows how multiple algorithms perform in
different test instances. Specifically, the I-ES algorithm has a lower mean number position,
indicating that it outperforms the other algorithms in most test instances. In addition,
the I-ES algorithm has a relatively narrow box, which means that its performance is less
volatile and the results are more stable. In contrast, the other algorithms have wider bins,
indicating that their performance fluctuates more between instances and is less robust.
The reason for this is that reducing redundant connections in non-fully connected neural
networks can minimize these interfering factors. This enhances the model’s capability to
learn crucial features, thereby boosting the stability and robustness of the I-ES algorithm
across different environments.
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As observed in Table 2, the I-ES-based approach, when averaged across all cases,
achieves GD and IGD values of 389.14 and 1476.25, respectively, indicating superior con-
vergence compared to the other algorithms evaluated. This improved performance is
attributed to the use of non-fully connected neural networks, which reduce the model
complexity by limiting the number of connections, thereby decreasing the risk of overfitting.
Additionally, the selective connectivity inherent in non-fully connected structures allows
the model to focus on significant features while disregarding irrelevant ones, enhancing the
model’s ability to extract key information and thereby improving the overall performance.

5. Conclusions

To address the dynamic scheduling challenges in an HFSP, this paper proposes an I-
ES-based method that optimizes objectives through a weighted combination of bi-objective
optimization and an enhanced neural network model. The enhanced neural network
model leverages advanced learning techniques to improve the scheduling accuracy and
adaptability. The experimental findings, as observed in Table 2, demonstrate that the I-ES
algorithm consistently achieves superior objective values compared to the other algorithms
evaluated. Specifically, the I-ES-based approach, when averaged across all the cases,
achieves GD and IGD values of 389.14 and 1476.25, respectively. These results indicate
superior convergence and diversity. The lower GD value signifies that the solutions
obtained by the I-ES algorithm are closer to the true Pareto front, while the lower IGD value
indicates that the solutions cover the Pareto front more comprehensively. This performance
demonstrates the efficacy of the I-ES method in handling dynamic scheduling challenges in
the HFSP. The use of a weighted combination of bi-objective optimization and an enhanced
neural network model allows for a more robust and adaptable approach to scheduling.

Future research could explore the extension of this method to handle more realistic
dynamic events, such as order insertions and withdrawals, which are common in practical
scheduling environments. Additionally, further enhancements to the neural network
model and the optimization strategy could be investigated to improve the efficiency and
applicability of the method in more complex and dynamic scheduling scenarios.
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