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 A B S T R A C T

In recent years, sustainability has emerged as a major priority for businesses across various industries, and 
the manufacturing sector is no exception. Production and maintenance processes now need to be economically 
profitable while also adopting practices that adhere to the principles of environmental integrity and social 
responsibility. This article explores an innovative approach aimed at optimizing maintenance scheduling from 
an economic perspective (considering maintenance, breakdown, downtime costs), an environmental perspective 
(considering the carbon footprint produced during production) and a social perspective (considering the fatigue 
experienced by technicians during maintenance activities). To the best of our knowledge, this is the first study 
to propose a manufacturing scheduling approach that considers all three pillars of sustainability. Another sig-
nificant contribution of this research is the innovative way in which the optimization problem is addressed. We 
propose an evolutionary multi-objective multi-agent Deep Q-network-based approach, where multiple agents 
explore the preference space to maximize the hypervolume of these sustainable objectives. Our methodology 
uses industrially representative data that incorporate realistic machine degradation signals, carbon intensity 
indicators, and technician constraints. The results demonstrate the trade-offs between these objectives when 
compared to traditional maintenance policies such as corrective and condition-based maintenance, as well 
as different Deep Q-network policies trained with various preferences. Our approach demonstrates superior 
performance compared to both baselines. Specifically, we observe an 11.6% improvement in hypervolume 
over Deep Q-network and an 18.9% improvement over Proximal Policy Optimization, resulting in significantly 
increased profitability within the system.
1. Introduction

The development towards Industry 4.0 has a substantial influence 
on the manufacturing industry. Not only facilitates the creation of 
smart products and services, it also enables new and disruptive business 
models. Industry 4.0 technologies include, but are not limited to, 
standardized communication protocols, the Internet of Things, artificial 
intelligence, big data and analytics, blockchain, cloud computing, and 
simulation (Muhuri et al., 2019). Although these technologies are 
often used, in the first place, to improve production operations (aka 
Overall Equipment Effectiveness), their implication in the Sustainable 
Development Goals (United Nations, 2015) requires more attention and 
evaluation. In fact, traditional production systems are notorious for 
their poor ecological (and social) imbalances. It becomes a necessity for 
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companies to address this problem for their future, as they face grow-
ing pressure from governments and customers to deliver sustainable 
products, aligned with European Green Deal-like initiatives (European 
Commission, 2019).

Predictive maintenance (PdM) moves away from traditional preven-
tive maintenance (PM), where tasks are scheduled at regular intervals, 
or corrective maintenance (CM), where tasks are scheduled when a 
failure occurs, to optimal maintenance timing. This approach aims to 
maximize the overall profit of the manufacturing system (Ran et al., 
2019). This move comes with a dynamic maintenance task schedul-
ing optimization problem (Aissani et al., 2009; Ruiz-Rodríguez et al., 
2024), consisting of assigning a set of maintenance tasks to a set of tech-
nicians, while minimizing the overall system downtime and cost, and 
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taking into account several constraints related to production, safety, 
technician skills, job duration, etc. (Lee, 1996). As illustrated in Fig.  1, 
traditional scheduling optimization strategies such as CM, PM, or PdM 
focus primarily on economic indicators and rarely, if ever, consider the 
two other pillars of the Triple Bottom Line (TBL): Environment and 
Social. However, there is room to jointly optimize these three dimen-
sions. In our framework, energy consumption refers to the total amount 
of energy used by the system, while grid carbon intensity measures 
the amount of carbon dioxide emitted per unit of energy produced. 
Thus, even if energy consumption remains constant, variations in the 
grid’s energy mix can lead to higher or lower carbon footprints. For 
example, performing inspection and maintenance on energy-intensive 
machines during periods of high grid carbon intensity, when fossil fuel 
sources dominate, can significantly reduce carbon emissions. Similarly, 
an employee-focused maintenance policy can deliver economic benefits 
by reducing productivity losses due to accidents or fatigue, while also 
positively impacting social factors such as employee morale.

Multi-objective problems are often addressed by combining multiple 
objectives into a single objective (scalarization). However, in certain 
scenarios, such as the sustainability-focused maintenance scheduling 
problem we present, this approach is not always feasible (Hayes et al., 
2022; Roijers et al., 2013). In particular, the manager’s or company’s 
preferences are unknown at the time of policy learning and become 
available only during operational decision making. Therefore, it is 
necessary to compute a coverage set of policies to respond quickly 
as additional information becomes available, such as the company’s 
evolving priorities, equipment failures, current carbon intensity, or 
technician status.

Developing policies that take into account diverse preferences and 
adapt to the manager’s changing needs can be a complex task, es-
pecially in high-dimensional, uncertain environments with interde-
pendent objectives. To address this challenge, we use Reinforcement 
Learning (RL) and evolutionary computation to evolve a set of policies 
that collectively maximize hypervolume and ensure broader coverage 
of the preference space. In particular, evolutionary computation allows 
us to refine existing solutions without retraining from scratch, while RL 
uses direct feedback from the environment to improve policy decisions. 
As a result, decision makers gain the flexibility to quickly select or 
adapt policies in response to current company needs.

This article advances the state-of-the-art in two significant ways:

• It is the first to consider both grid carbon intensity and technician 
fatigue in the maintenance scheduling optimization process, in 
addition to the economic criterion;

• It introduces an evolutionary multi-objective multi-agent deep Q-
Learning (EvoDQN) maintenance scheduling approach, enabling 
companies to adjust, whenever needed, the importance and pref-
erence of each TBL criterion without incurring any re-
optimization cost/time.

Section 2 discusses the pressing need for organizations to adopt 
sustainable practices, providing an overview of the evolution of regula-
tions and certifications over the years, and presents a realistic scenario 
in the manufacturing industry that requires the company to adapt 
its process due to customer requirements. Section 3 reviews existing 
maintenance scheduling strategies, highlighting their limitations when 
it comes to taking into account environmental and social aspects. Sec-
tion 4 introduces in detail our framework for sustainable maintenance 
scheduling called EvoDQN. Section 5 evaluates and compares EvoDQN 
against traditional maintenance scheduling policies and baselines. The 
discussion and conclusion follow. All acronyms and variables used 
throughout the article are summarized in Table  A.8.
2 
Fig. 1. Maintenance policies from a TBL perspective.

2. Sustainable manufacturing: a pressing need

Section 2.1 discusses the evolution of regulations and certification 
schemes over the years. Section 2.2 presents a scenario that illustrates 
the need for manufacturing processes to be flexible enough to accom-
modate real-time adjustments to the TBL criteria, resulting in diverse 
production and maintenance schedules.

2.1. Evolution of regulations & certifications for sustainable product devel-
opment

The manufacturing sector is under increasing pressure to adopt 
more sustainable practices, focusing on all aspects of the TBL (Perera 
et al., 2023). Recent literature and global initiatives show evidence of 
a willingness among companies and governments to improve the situa-
tion. The evolution of key certifications and regulations for sustainable 
development, depicted in Fig.  2(a) and Fig.  2(b) respectively, highlights 
a significant increase in regulations and certification schemes over the 
past two to three decades. Notably, Fig.  2(b) shows an exponential 
increase in regulation starting from 2019, largely due to the European 
strategy (through the ‘‘European Green Deal’’) to make the EU’s economy 
sustainable. Under the emerging pressure for the industry to market 
products as ‘‘sustainable’’ or ‘‘green’’, it is expected that companies 
will increasingly subscribe to green certification schemes (issued by 
independent third-party organizations) to ensure their customers of 
the products’ credibility. For example, adopting cornerstone certifi-
cation schemes like ISO 14001 (Environmental Management System) 
is anticipated to provide a competitive advantage and increase firm 
value, as discussed in Widiastuti et al. (2022). While most regulations 
and certifications focus on environmental sustainability, a few also 
emphasize the social pillar, such as SA8000 (Social Accountability 
International), which certifies an organization’s capability to meet 
standards for worker safety and well-being.

2.2. Motivation scenario for adjusting production and maintenance sched-
ules to meet customers’ sustainable development requirements

With the increasing pressure on companies to adopt sustainable 
development practices, they are constantly looking for ways to improve 
their products and processes. The 6R methodology (Jawahir et al., 
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Fig. 2. Overview of the evolution over time of key regulations and certification for sustainable development. 

Fig. 3. Illustration of dynamic adjustment of TBL criteria in manufacturing processes.
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2006) offers six key directions for improvement: (1) Reduce, (2) Reuse, 
(3) Remanufacture, (4) Recycle, (5) Reclaim or Recover, and (6) Re-
design. Focusing on the first direction (Reduce), several strategies can 
be employed, such as using fewer materials and resources, reducing the 
number of components, minimizing pollution, or decreasing consumer 
returns. One approach to reducing pollution is to optimize production 
and maintenance schedules taking into account both environmental 
and social criteria. Fig.  3 illustrates, in a comic strip format, a sce-
nario where the manufacturing process is made flexible enough to 
dynamically adjust the TBL criteria (Economic, Environmental, Social) 
in real-time, effectively meeting each customer’s TBL needs. This il-
lustration focuses on adjusting only the Economic and Environmental 
criteria to reduce the complexity of the scenario, but of course the social 
dimension (e.g., operator fatigue) is important to be considered too. 
This innovative strategy is the central proposal of the present article.

3. Maintenance scheduling: current state of affairs

This section provides an overview of the state-of-the-art approaches 
used for sustainable maintenance policies in manufacturing. For this 
purpose, keywords and search terms were identified to establish a 
search query. Web of Science was used for the literature search (Gusen-
bauer and Haddaway, 2020). The query used was the following:

Query used for literature review

(TS=(sustainable)  OR  TS=(sustainability) 
OR  TS=(social) OR  TS=(environmental)  OR 
TS=(environment) OR  TS=(‘‘carbon footprint’’) 
OR  TS=(CO2))  AND  (TS=(maintenance)  AND 
TS=(scheduling))  AND  (TS=(industry)  OR 
TS=(manufacturing))

A total of 413 articles were identified from 2019 to July 2024. After 
screening titles, abstracts, and keywords, a total of 46 articles were 
preserved and analyzed in Table  1 based on six criteria, each one taking 
two or more values, as detailed hereinafter:

• Maintenance Policy: Corrective Maintenance (CM), Preventive 
Maintenance (PM), Predictive Maintenance (PdM)

• Type of objective: Single (Si), Multiple (Mu)
• Solution method: Metaheuristic (Me), Machine Learning (ML), 
Mathematical Programming (MP), Others (Ot).

• Sustainability Pilars: Economic (Eco), Environmental (Env), So-
cial (Soc)

• Level: Machine (Mac), Production Line (PL), Factory (Fac)
• Evaluation: Real Dataset (RD), Artificial Dataset (AD)
To ease the analysis, Fig.  4 offers an overview of the distribution of 

the reviewed articles by criterion. Examining the ‘‘Pillars’’ covered by 
the 47 articles (see Fig.  4(a)), the majority focus on the Economic (Eco) 
as they are primarily business-oriented. Furthermore, it can be observed 
that most maintenance policies developed are preventive (PM in Fig. 
4(b)). Although PdM exhibits a higher level of maturity compared to 
CM, the last is still more commonly used. As evidenced in Fig.  4(c), 
most articles address production lines (PL) with multiple interdepen-
dent machines. This is followed by articles focusing on independent 
machines (Mac) and, lastly, larger systems of factories (Fac) or plants 
with multiple production lines at the same or different remote sites. 
Regarding optimization of maintenance scheduling for economically 
driven policies, metaheuristic methods represent the standard approach 
to solving (Boufellouh and Belkaid, 2019; Cacereño et al., 2021; Seidgar 
et al., 2020) (see Fig.  4(d)). Single-objective problems (Si) (Al-Hourani, 
2020; Ben Abdellafou et al., 2021; Chang, 2023) are slightly more ad-
dressed than multi-objective (Mu) (Baykasoğlu and Madenoğlu, 2021; 
Bencheikh et al., 2022) (see Fig.  4(e)). Interestingly, most articles use 
artificial datasets (AD) (Rokhforoz and Fink, 2022; Shen and Zhu, 
2019) for evaluation purposes, as evidenced in Fig.  4(f).
4 
3.1. Economic scheduling

Although a large share of the literature focuses on economically 
drive maintenance policies, as illustrated in Fig.  4(a), many of these 
approaches do not incorporate environmental or social factors. For 
instance, Seidgar et al. (2020) addresses the problem of two-stage 
scheduling in an assembly flow shop with random machine break-
downs. In this work, the objective is to minimize the expected weighted 
sum of the makespan and the mean completion time. Maintenance is 
performed as part of the completion time for each processing time 
of each job on the machines. Four metaheuristic algorithms are pro-
posed to solve this optimization problem: Genetic Algorithm (GA), 
Imperialist Competitive Algorithm, cloud theory-based Simulated An-
nealing (SA), and New Self-adapted Differential Evolutionary (NSDE). 
The NSDE algorithm is statistically superior to the other proposed 
meta-heuristic algorithms in terms of solution quality and computa-
tional time. Similarly, in their study, Wang et al. (2023) addressed 
the challenge of joint optimization of integrated mixed maintenance 
and distributed two-stage hybrid flow-shop production for multi-site 
maintenance requirements. Their objective was to minimize the total 
weighted earliness/tardiness penalty and the number of lost orders. 
To achieve this, they proposed an Improved Non-dominated Sorting 
Genetic Algorithm-II (INSGA-II), which demonstrated superior perfor-
mance compared to other algorithms utilized in the study. Further-
more, Boufellouh and Belkaid (2019) addressed the problem for a 
joint production and maintenance policy under non-renewable resource 
constraints (e.g. raw materials or fuel). Two objectives were defined, 
to minimize the expected makespan and the total maintenance cost 
for preventive and corrective actions. Non Dominated Sorting Genetic 
Algorithm (NSGA-II) was adopted to solve the optimization problem. 
A numerical examples were generated to evaluate the proposed so-
lution against LINGO 10. The results presented different trade-offs of 
the solutions for the multi-objective problem. In addition, Cacereño 
et al. (2021) worked on a multi-objective optimization for preventing 
maintenance policy, where different experiments were conducted on 
the Non-dominated Sorting Genetic Algorithm II (NSGA-II) to optimize 
system availability (maximize) and operating cost (minimized). The 
approach was evaluated in a case of study in which optimization 
of the design and PM strategy needed to be implemented for an 
industrial fluid injection system. Other metaheuristic methods have 
been implemented to solve the maintenance problem as presented 
in Ben Abdellafou et al. (2021), where the objective is to minimize 
the makespan for task scheduling in identical and parallel machines. 
For this problem, a heuristic approach was implemented, together 
with an implementation of Tabu Search (TS). The results presented 
show insights about the different performance of the methods evalu-
ated, which are dependent on the shape of the intree that is formed 
by the constraints of the ordered tasks. Other works, as investigated 
by Yazdani et al. (2022), address the problem of joint maintenance 
and production policy with the objective of minimizing the Total 
Absolute Deviation of Completion times (TADC) on a parallel machine 
under periodic maintenance. A metaherusitic algorithm called Lion 
Optimization Algorithm (LOA) was proposed. The model was evaluated 
with random instances and compared against several metaheuristics 
that outperformed the other algorithms for problems in different size 
ranges. The authors of Qamhan et al. (2020) addressed the problem 
of a joint production and maintenance policy for a single machine 
environment with the objective of minimizing the number of tardy jobs. 
In this work a Mixed-Integer Linear Programming (MILP) model and 
an Ant Colony Optimization (ACO) model were proposed for optimiz-
ing small and large sizes instances, respectively. In addition, Moore’s 
algorithm was used to evaluate ACO solutions, showing how ACO 
outperform Moore’s algorithm for all the instances tested. Baykasoğlu 
and Madenoğlu (2021) worked on the problem of joint production 
and maintenance policy with the aim to optimize mean tardiness, 
schedule instability, makespan and mean flow time. To solve this, a 
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Table 1
Trends in maintenance for sustainable scheduling.
 Policy Object. Method Pillars Level Eval.  
 Al-Hourani (2020) PM Si Ot Eco Mac RD  
 An et al. (2020) PM Mu Me Eco, Env – –  
 Asghar et al. (2019) CM Si Ot Eco, Env Mac AD  
 Attia et al. (2024) CM, PM Si MP Eco, Env Mac AD  
 Baykasoğlu and Madenoğlu (2021) PM Mu Me, Ot Eco PL AD, RD 
 Ben Abdellafou et al. (2021) PM Si Me Eco Mac AD  
 Bencheikh et al. (2022) PdM Mu Ot Eco Mac AD  
 Boufellouh and Belkaid (2019) CM, PM Mi Me Eco PL –  
 Cacereño et al. (2021) PM, PdM Mu Me Eco Mac RD  
 Chang (2023) PM Si Ot Eco Mac AD  
 Cui and Lu (2020) PM Mu Me Eco, Env PL AD  
 Cui and Lu (2021) PM Mu Me, MP Eco, Env PL AD  
 Cui et al. (2020) PM Mu Me, MP Eco, Env Mac AD  
 Detti et al. (2019) PM Mu MP, Ot Eco Mac AD  
 Diaz Cazanas et al. (2019) PM Si Me, Ot Eco PL RD  
 Djassemi and Seifoddini (2019) CM, PM Mu Ot Eco Fac AD  
 Dong and Ye (2020) PM Mu Me Eco, Env Fac AD  
 Farahani et al. (2019) PM Si MP Eco PL AD  
 Ghaleb et al. (2020) PdM Si Me Eco, Env Mac AD  
 Giner et al. (2021) PdM Si ML Eco PL AD  
 Gupta and Jain (2021) PM, PdM Mu Ot Eco, Env Mac, PL AD  
 Gupta and Jain (2022) PM Mu Ot Eco, Env PL AD  
 Gupta et al. (2023) PM Si, Mu Ot Eco PL AD  
 Hedjazi et al. (2019) CM Mu Ot Eco Mac, Fac AD  
 Hidri et al. (2021) PM Si Me, Ot Eco PL AD  
 Jayasuriya et al. (2021) PM, PdM Mu ML Eco Fac RD  
 Kedy et al. (2024) PM Mu Ot Eco Mac AD  
 Li et al. (2023) CM, PM Si Ot Eco Mac RD  
 Mi et al. (2020) CM, PM, PdM Si Me Eco, Env Mac AD, RD 
 Mirahmadi and Taghipour (2019) CM, PM Si Me Eco, Env PL AD  
 Paraschos et al. (2023) CM, PM Si ML Eco, Env PL AD  
 Qamhan et al. (2020) PM Si Me, MP Eco Mac AD  
 Qin et al. (2022) CM, PM Si Me, Ot Eco, Soc Mac, PL, Fac RD  
 Rokhforoz and Fink (2022) PdM Mu Ot Eco PL AD  
 Seidgar et al. (2020) CM Si Me Eco Mac, PL AD  
 Sharifi and Taghipour (2021) CM, PM Si Me Eco, Env Mac AD  
 Shen and Zhu (2019) PM Mu Ot Eco PL AD  
 Sin and Chung (2020) PM Mu Me Eco, Env Mac AD  
 Sun et al. (2020) CM Si Me Eco, Env PL AD  
 Wang et al. (2020) PM Si Me Eco, Env PL AD  
 Wang et al. (2023) CM, PM Mu Me Eco Fac –  
 Wu et al. (2020) PM Si Ot Eco PL AD  
 Xia et al. (2021) PM Si Ot Eco, Env Mac RD  
 Xia et al. (2022) PM Si MP Env PL AD  
 Yazdani et al. (2022) PM Si Me Eco PL AD  
 Yu and Han (2021) PM Si Ot Eco Mac, PL AD  
Fig. 4. Distribution of research articles per category. 
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Greedy Randomized Adaptive Search Procedure (GRASP) algorithm is 
tested. The approach was evaluated against a set of dispatching rules 
and a SA algorithm, showing the advantage of the proposed method 
as an effective approach for improving the performance of dynamic 
flexible job shop scheduling problem. The work by Hidri et al. (2021) 
address the problem of joint production and maintenance with parallel 
machines with a single server and unavailability constraints with the 
objective to minimize the makespan. To solve this problem, a lower 
bound and three metaheuristics (SA, TS and GA) were proposed where 
a different tradeoff of solutions for different subset of instances were 
showed. Additionally, Diaz Cazanas et al. (2019) worked on a joint 
production and maintenance policy for identical parallel machines with 
the objective of minimizing the making space of all activities. The 
model was solved in a hybrid way, combining an approach based 
on dispatching rules and SA. The approach was evaluated in a case 
study on a plastic industry with seven identical injection machines and 
different alternative methods based on different rules and simulated 
annealing.

In contrast, other works have chosen to employ classical methods 
such as mathematical programming. Farahani et al. (2019) explored a 
mixed integer non-linear programming model to determine the optimal 
PM interval represented by a continuous-time Markov chain. The objec-
tive is to reduce costs per unit of time by considering both perfect and 
imperfect maintenance levels. The model was evaluated in a numerical 
example and solved by the Baron solver. Detti et al. (2019) worked 
on the problem of joint production maintenance scheduling where the 
objectives are the completion time and makespan considering different 
robust criteria. Maintenance activities are considered and are seen as 
additional tasks. The problem was solved using Mixed Integer Linear 
Programming and a Heuristic method tested on random generated 
instances.

A limited number of studies have employed AI/ML techniques. Jaya-
suriya et al. (2021) worked on a maintenance management system 
for tire manufacturing that provides an optimum time frame for PM 
actions on condition monitoring and production data. The scheduler 
was implemented using an Artificial Neural Network (ANN) where 
condition monitoring data, sensor inputs, and machine operator inputs 
are used to generate breakdown alarms, dynamic scheduling, and 
breakdown alarms. The system was evaluated using performance charts 
and regression using real data from the manufacturing plant. Giner 
et al. (2021) worked on the problem of maintenance scheduling in a 
production environment where maintenance actions are decided by a 
policy trained using RL. The evaluation was tested on a discrete event 
simulator where machines suffer from different degradation states, a 
buffer level is considered, and maintenance actions (corrective and 
condition-based) are performed by the decision maker (the agent). 
The objective is to minimize the maintenance cost and maximize the 
cumulative value of the products.

Other agent-based systems have also been used to tackle this kind 
of problem. Hedjazi et al. (2019) worked on maintenance scheduling 
on geodistributed assets in a distributed industrial environment. In 
this work, a multi-agent system solution was implemented where the 
mechanism promotes competition and cooperation of agents to obtain 
a global schedule. The results performed well in terms of Global Cost, 
Total Weighted Tardiness Cost, and makespan compared to Weighted 
Shortest Processing Time first–Heuristic–Earliest Due Date (WSPT-H-
EDD) method. Bencheikh et al. (2022) worked on the problem of 
scheduling maintenance activities for a joint production and main-
tenance policy in a multi-agent approach. The proposed approach 
modeled the problem as a multi-agent with the objective to solve 
several subproblems (as customers, producers, managers) where all 
these agents are coordinated by a supervisor agent. The framework 
is evaluated based on different Key Performance Indicator (KPI) such 
as execution time, number of cycles, number of maintenance tasks, 
number of late jobs, total tardiness, and the load of each machine. In 
a similar work, Kedy et al. (2024) worked on joint maintenance and 
6 
production scheduling with the objective of optimizing maintenance 
cost and production-related metrics. In their work a multi agent system 
is proposed where they improve a Contract-Net Protocol by addressing 
the challenges of agent myopia leading to suboptimal resource alloca-
tion and performance losses. Their work was tested on a simulation 
environment showing improvement in terms of scheduling efficiency, 
maintenance cost, and execution times.

Other methodologies have been employed to address the economic 
aspects of maintenance optimization. The study by Djassemi and Seifod-
dini (2019) examines the effect of different criticality policies based 
on the shortest mean time between failures, longest queue length, 
high level of utilization, and longest mean repair time. These policies 
were evaluated with a discrete-event simulation model that represents 
the dynamic of a real-world manufacturing cell that includes machine 
failure, maintenant resource allocation, material flow, job sequencing 
and scheduling. Policies were evaluated on the basis of machine avail-
ability and mean throughput time. Rokhforoz and Fink (2022) worked 
on the maintenance scheduling problem where the objective is to 
maximize revenue and availability (to find the optimal prices of goods 
and optimal maintenance scheduling); for this the authors proposed a 
two-level optimization solution based on game theory called leader-
multiple-followers game. In this, customers are considered as followers 
seeking to obtain their consumption and the supplier as the leader who 
is responsible for obtaining the price of the network and maintenance 
scheduling of its manufacturing units, demonstrating the effectiveness 
of integrating network externalities and PdM scheduling in pricing 
strategies for suppliers, leading to increased revenue and profit. Chang 
(2023) worked on the problem to determine the best schedule for a 
preventive replacement last policy with the objective of minimizing the 
mean cost rate over a finite time horizon. A numerical example was 
presented in order to minimize the total mean cost rate incorporating 
costs related to repairs, maintenances, replacements, inventory and 
shortage. In a study by Al-Hourani (2020), a Criticality Analysis was 
conducted for a pharmaceutical company where a risk matrix was used 
to classify equipment and set priority levels. Historical maintenance 
data was used to evaluate the current status of the machine. The 
analysis obtained showed that the implementation of the rescheduled 
PM improve the maintenance effectiveness, reducing failures and opti-
mizing the resource utilization. Yu and Han (2021) studied the problem 
of machine scheduling focusing on periodic machine maintenance for 
single-machine and flow shop scheduling models. The objectives were 
to minimize the total completion time and minimize the maximum 
lateness. Random examples were generated for the model studied and 
solved with a proposed algorithm called Smallest Sum of Processing 
and Removal Time First and improved with a Minimum Cost Inser-
tion (SPRT-MCI). Shen and Zhu (2019) worked on the problem of 
maintenance scheduling for a parallel machine setup. In this problem, 
processing and maintenance time are considered uncertain variables. 
To solve this problem, an improved version of a Long Processing Time 
rule is implemented, and it is tested with numerical experiments and 
compared with a Heuristic Method called HPSOGA that is a combi-
nation of GA and PSO. The results showed the performance of the 
improvement version against the original rule, and narrowing respect to 
the HPSOGA. Simulation-based approaches have been also used to ad-
dress the maintenance optimization as presented by Wu et al. (2020). In 
this work, they tackle the problem of joint production and maintenance 
policy for failure-prone parallel machines in make-to-order production 
environment. The objective of the model is to minimize the weighted 
long-run average waiting costs of the production system. A simulations 
were performed using the Value Iteration algorithm and compared 
against different dispatching rules in the literature demonstrating an 
improvement in the jobs waiting time and average machine downtime. 
Furthermore, Gupta and Jain (2022) worked on a stochastic flexible job 
shop scheduling that considers uncertainties and dynamic jobs arrivals. 
In this work, five input parameters are considered, that is, reliability-
centered PM, percentage of machine failure, mean time to repair for 
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random machine breakdown, due date tightness factor, and routing 
flexibility. Additionally, Gupta et al. (2023) continue working on the 
problem of flexible job shop scheduling under reliability-based PM. 
In this work, a simulation-optimization approach was implemented in 
which the mean flow time, the maximum flow time, the mean tardiness 
and the number of late jobs were evaluated in different scenarios. 
Finally, Li et al. (2023) worked on the problem of opportunistic main-
tenance for a multi-unit system using Monte Carlo simulation. The 
main objective was to optimize the maintenance cost where it is shown 
using simulated data to model the performance of Computer Numerical 
Control (CNC) machine.

3.2. Sustainable scheduling: energy consumption as prime focus

For sustainable maintenance policies, environmental aspects are 
usually addressed in terms of reducing energy consumption. As was evi-
denced in Fig.  4(d), most articles make use of metaheuristic methods to 
solve sustainable maintenance scheduling problems. Sun et al. (2020) 
propose a joint energy, maintenance, and production model with the 
objective of minimizing the total electricity cost, maintenance cost, and 
minimizing production loss based on the production throughput of the 
manufacturing system. To evaluate the model, a numerical study with 
five machines and four buffers was implemented where particle swarm 
optimization was used to solve the model. Wang et al. (2020) also 
consider maintenance and peak power consumption for the problem of 
collaborative optimization of manufacturing scheduling for the hybrid 
flow shop. The objective is to minimize the makespan considering 
maintenance plans and peak power consumption. Despite these two 
research works, most studies use evolutionary algorithms. Ghaleb et al. 
(2020) studied a joint production and maintenance policy in a single 
machine considering machine deterioration and failures. The goal is to 
minimize the total cost including inspection, repair, energy consump-
tion, and the makespan. The model is solved using GA and is evaluated 
against simulated annealing and imperialist competitive algorithms in 
artificial instances. Similarly, Sharifi and Taghipour (2021) worked 
on a single machine level for the joint production and maintenance 
schedule with multiple failures, inspired by a real-world problem for 
a manufacturing company on a Lathe CNC machine. The objective is to 
optimize the total cost of the system (incl. maintenance cost, machine 
energy consumption cost, makespan). In this work, GA, simulated 
annealing, and teaching–learning-based optimization algorithms are 
implemented, with GA demonstrating superior performance. Sin and 
Chung (2020) propose a bi-objective optimization model for a single 
machine considering electricity cost and PM using GA. The objectives 
are to minimize the total energy cost and machine unavailability. The 
results show that the proposed hybrid multi-objective GA yields better 
outcomes than the non-dominated sorting GA (NSGA-II) and is faster 
than the Baron solver. The work of Mirahmadi and Taghipour (2019) 
goes beyond the single machine level to the flexible job-shop scheduling 
problem considering maintenance, production, and energy aspects with 
the objective of minimizing the expected makespan. The optimization 
model is solved using GA and tested on a small scale for three industrial 
machines and four jobs. An et al. (2020) optimize, using a multi-objective 
evolutionary algorithm with the pareto elite storage strategy, the production 
process considering maintenance by minimizing the makespan, total 
tardiness, total production cost, and total energy consumption. Cui 
et al. (Cui and Lu, 2020; Cui et al., 2020; Cui and Lu, 2021) also 
work on the problem of joint production and maintenance optimization 
involving energy consumption, which is also solved by GA.

Other studies employ alternative methods beyond metaheuristics.
Asghar et al. (2019) develop a joint production-maintenance policy 
to optimize, using the Kuhn–Tucker method, production quantity, pro-
duction rate, and manufacturing reliability considering variable energy 
consumption cost. The study presents several insights, including that 
a controllable production rate is preferable when dealing with an 
unreliable manufacturing system and that the expected total cost is 
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influenced by decision variables such as production quantity, pro-
duction rate, and reliability parameter. Xia et al. (2021) develop a 
joint policy considering preventive and replacement policies in an 
energy efficient way. The aim is to minimize the total non-value-added 
energy consumption obtaining the best intervals for preventive and 
replacement maintenance. The model is evaluated with data collected 
from Boehringer NG200 Crankshaft Turning CNC. Furthermore, Xia 
et al. (2022) studied an energy-oriented selective maintenance policy 
for series-parallel multi-unit systems, the objective being to maximize 
energy efficiency by optimizing the maintenance actions of machines 
at each breakdown. The model is solved using a modified branch-
and-bound algorithm and tested on a numerical example based on the 
production system of an engine craft. Lastly, Gupta and Jain (2021) 
study reliability-based maintenance in a simulation environment con-
sidering setup time and energy-related metrics. The approach is eval-
uated against makespan, mean flow time, mean tardiness, number of 
tardy jobs, total setup time, average operation energy consumption, 
and average idle energy consumption. The results demonstrate the 
advantage of a reliability-centered periodic PM approach.

3.3. Beyond energy consumption

In addition to energy consumption, reducing the overall system 
carbon footprint (e.g. a production line, process) is one of the main 
objectives of today’s companies. Attia et al. (2024) studied the relation-
ship between the production makespan, maintenance activities, energy 
consumption, and carbon footprint (maintenance activities being of the 
highest importance in this relationship). Dong and Ye (2020) address 
a two-stage joint optimization problem of green manufacturing and 
maintenance for semiconductor wafer considering inspection and repair 
stages simultaneously. The authors present a hybrid multi-objective 
multiverse optimization algorithm that minimizes the makespan, total 
carbon emissions, and total PM cost. Finally, Mi et al. (2020) address 
the problem of maintenance scheduling for complex equipment con-
sidering green performance, which is divided into two sub-objectives: 
(i) minimizing the global maintenance cost resulting from resource 
consumption, production delay, and fault risk; (ii) minimizing car-
bon emissions during maintenance resource scheduling. The algorithm 
was implemented using NSGA-II and tested in a use case involving a 
grinding roll fault in a large vertical mill. Another study by Paraschos 
et al. (2023) focuses on the environmental pillar by examining different 
aspects of manufacturing and waste management. An optimization 
framework for process planning in a degrading multi-state system is 
proposed in this respect. The objective is to boost revenues through the 
sale and production of high-quality products, recycling, and minimizing 
production and maintenance costs.

In addition to the environmental pillar, we found a unique article 
by Qin et al. (2022) that addresses the social dimension. This study 
aims to minimize the number of days of work required for temporary 
employment in the maintenance management of the steel industry. This 
goal is achieved by reducing the number of maintenance days and 
minimizing the deviation between the interval times of maintenance 
tasks and the maintenance period of the equipment nodes. To this 
end, a two-stage optimization strategy is developed, which consists of 
generating a pre-schedule using a rule-based method, followed by a GA-
based optimization. The test with real data from a Baowu steel company 
showed an improvement of 40.3% on the basis of pre-scheduling.

3.4. Reinforcement learning for maintenance optimization

Although Fig.  4(d) shows that there are few ML methods focused on 
maintenance optimization with an emphasis on sustainability, it is im-
portant to note that various manufacturing problems can be effectively 
modeled within a RL framework to determine the optimal policy for dif-
ferent operational scenarios (Ochella et al., 2022; Arena et al., 2024). In 
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Fig. 5. Overview of the EvoDQN framework. Agents evolve maintenance policies based on initial preferences and are evaluated using normalized TBL objectives. The most suitable 
policy is selected based on manager preferences and deployed in the environment.
Fig. 6. EvoDQN environment for sustainable maintenance policies generation, modeling the states of machines and technicians, along with carbon intensity data to support 
TBL-based decision-making.
this sense, numerous studies have addressed maintenance optimization 
using a purely economic approach within the RL framework.

The work presented by Yan et al. (2022) addresses the problem 
of flexible PM considering machine and labor resources. They im-
plemented a Q-learning algorithm with the objective of minimizing 
the makespan. Another classical approach based on R-Learning algo-
rithm was proposed by Paraschos et al. (2020). They proposed a joint 
production, maintenance, and product quality policy on a stochastic 
production environment that suffers from degradation.

Other works have used Deep Reinforcement Learning (DRL) for their 
maintenance optimization. Huang et al. (2020) proposed a Double Deep 
Q-Network (DQN) to learn a PM policy on a 6-machine-5-buffer produc-
tion line showing the capabilities of DRL to learn even opportunistic 
and group maintenance policies. Feng and Li (2022) developed a DRL-
based joint production and maintenance policy for a multistage serial 
production line where machines undergo multiple deterioration stages. 
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The objective was to optimize production and maintenance costs. Ye 
et al. (2023) worked on the problem of joint maintenance-inspection 
optimization in a large-scale manufacturing network through DRL with 
the objective of maximizing profit.

As systems become more complex, traditional DRL maintenance 
optimization methods are limited in interactions and interdependencies 
between different components. Some approaches extend from single-
agent to a multi-agent reinforcement learning (MARL), where multiple 
agents work together to optimize maintenance strategies. For exam-
ple, Nguyen et al. (2022) worked on maintenance optimization for 
multi-state component systems, where an initial ANN-based predictor 
is used to estimate maintenance cost and the MARL algorithm to 
optimize maintenance decisions. Bhatta and Chang (2023a,b) worked 
on the problem of a flexible manufacturing system operated by mobile 
multi-skilled robots. The robot assignment and maintenance scheduling 
are addressed by the MARL approach. Do et al. (2024) developed a 
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Condition-Based Maintenance (CBM) approach based on MARL for two 
serial parallel systems considering the dependencies of the components. 
The objective was to minimize maintenance and downtime costs. Ruiz 
Rodríguez et al. (2022) developed a maintenance optimization strategy 
for identical parallel machines. Their approach involved training an 
MARL system to identify an optimal maintenance policy that would 
maximize uptime and prevent failures. Su et al. (2022) worked on a 
maintenance optimization for a production line with multiple levels of 
PM.

Finally, other approaches use different RL-based systems. Jia et al. 
(2023) address the problem of distributed assembly hybrid flow-shop 
scheduling with flexible PM. For this, a multi-population memetic 
algorithm with Q-learning is proposed with the objective of minimizing 
the makespan. Abbas et al. (2024) addresses the challenges of decision 
support in PdM, specifically in a turbofan engine use case, by propos-
ing a behavioral cloning-based specialized RL agent with the goal of 
minimizing maintenance and failure costs. Yan et al. (2024) proposed 
a hybrid method based on evolutionary algorithms and RL for the 
distributed flexible job-shop scheduling problem with the objective to 
minimize the makespan, maintenance cost, and total energy consump-
tion. In this framework, RL is used to guide the local search process by 
dynamically refining the neighborhood structure of solutions, thereby 
increasing the search efficiency and helping to escape local optima.

4. EvoDQN for sustainable maintenance policies generation

This section presents the evolutionary multi-objective multi-agent 
DRL (EvoDQN) approach for sustainable maintenance scheduling,
which allows a maintenance manager or decision maker to select, when 
starting a new production batch, a sustainable maintenance policy based 
on the specified TBL criteria preferences. These criteria are used to 
identify the closest policy among all those trained with EvoDQN, as 
detailed in Section 4.2. To facilitate understanding of the approach, 
Fig.  5 illustrates the overall process. Initially, based on a predefined 
set of preferences (see frame a ), multiple agents are created (see 
frame b ). The overall goal is to enable agents to learn the policies 
that are distributed across the preference space. The agents’ preferences 
are used to scalarize the reward during training. New agents will be 
created during the evolutionary process (see Evolutionary Operator 
in frame b ) with the objective of maximizing hypervolume. The 
policies obtained with EvoDQN are then evaluated and normalized (see 
frame c ), which allows the identification of the policy that aligns 
the most closely with the preference specified by the manager (see 
frame d ). This preference is defined by the manager with the aim of 
selecting the current interest of the company and balancing between 
the different objectives. A trained policy will be selected based on 
how closely the policy behaves with respect to the manager’s interest 
(frame e ). The best/selected policy (see frame f ) is then designated 
as the solution to implement in the environment.

Section 4.1 introduces the problem and formalization underlying 
our DRL system and its interaction. Section 4.2 presents the EvoDQN 
algorithm, detailing the interactions agents have with the environment.

4.1. Problem formulation and modeling

The formalization of the sustainable maintenance scheduling prob-
lem is carried out in an environment that involves a set of parallel 
machines that are repaired by technicians considering TBL. In this 
regard, Section 4.1.1 describes the environment in which the main-
tenance scheduling problem exists, outlining the key components and 
interactions within the system. Following this, Section 4.1.2 formal-
izes the problem within a DRL framework, capturing the decision-
making process required to optimize multiple conflicting objectives 
simultaneously.
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4.1.1. System description
Let us consider a factory where the production is performed by a 

set of 𝑀 independent parallel machines as shown in Fig.  6. Each ma-
chine 𝑚 ∈ 𝑀 suffers from a degradation modeled by a Gamma process 
𝛤𝑚 with shape parameter 𝛼𝑚 and scale parameter 𝛽𝑚. The degradation 
reduces the efficiency of the production cycle linearly (Arık, 2021), 
from full efficiency without any degradation to decreasing towards half 
efficiency. The production cycle stops completely when the machine 
is not operating (breakdown or maintenance). Machine 𝑚 ∈ 𝑀 fails 
if the degradation reaches the threshold 𝜌𝑚. When machine 𝑚 fails, 
a breakdown cost 𝐶𝐵 is incurred, an additional downtime cost 𝐶𝐷 is 
added for each time step in which the state of machine 𝜔𝑚 is in a 
breakdown (𝜔𝑚 = 1) or maintenance (𝜔𝑚 = 2). A machine 𝑚 can receive 
maintenance by any available technician 𝑡 ∈ 𝑇  to restore the state of 
the machine (imperfect maintenance action 𝑥𝑖), or replacement (perfect 
maintenance 𝑥𝑝) leaving the machine completely restored. When a 
technician performs maintenance (𝜔𝑡 = 1), the technician cannot be 
assigned to any other task until maintenance is completed, after which 
the technician is available again (𝜔𝑡 = 0). Each 𝑡 ∈ 𝑇  has different 
maintenance times 𝑡𝑚 for each machine 𝑚, which somehow represents 
the technicians’ skills. When a technician performs maintenance, the 
technician fatigue level increases. In contrast, when the technician is 
not assigned to any maintenance activity, he/she recovers from fatigue. 
The fatigue and recovery models described in Jaber et al. (2013) are 
employed. These are detailed in (1) and (2), respectively.
𝐹 (𝜏𝐹 ) = 1 − 𝑒−𝜆

𝐹 𝜏𝐹 (1)

(𝜏) = 𝐹 (𝜏)𝑒−𝜇
𝑅𝜏𝑖 (2)

The fatigue accumulated by time 𝜏𝐹  is represented by 𝐹 (𝜏𝐹 ), while the 
residual fatigue after a rest period of length 𝜏 ≥ 0 is given by (𝜏). 
The value of  = 0 represents full recovery (no residual fatigue), while 
 = 1 represents no recovery (maximum fatigue). In (1) and (2), 𝜆𝐹
and 𝜇𝑅 are fatigue and recovery parameters, respectively. These pa-
rameters control the speed of fatigue accumulation and recovery relief. 
This fatigue level increases the time it takes a technician to perform 
maintenance by (1+𝐹 (𝜏𝐹 )). An example illustrating the different phases 
of fatigue and recovery for a technician is provided in Fig.  7 based on 
a scenario of maintenance interventions over time.

In addition, an unexpected breakdown increases the total repair 
time by 𝜏𝐵 ∼  (𝜇break, 𝜎2break). When a technician 𝑡 ∈ 𝑇  performs 
maintenance, a maintenance cost is incurred depending on the type of 
maintenance action, 𝐶𝑃  for perfect maintenance and 𝐶𝐼  for imperfect 
maintenance.

Each machine 𝑚 has an energy consumption (kWh) given by 𝐸𝑚. 
This energy consumption is a key factor in reducing the overall carbon 
footprint of the production process. Due to the fact that the carbon 
intensity, measured in (gCO2eq/kWh), fluctuates throughout the day, 
scheduling maintenance activities during periods of high carbon inten-
sity can effectively reduce the total carbon emissions associated with 
energy consumption. As an example, Fig.  7 shows the different types of 
signals present in the system and the behavior of different maintenance 
policies that are adapted based on the TBL. For example, an economic 
maintenance policy (CM, PM, PdM) can focus on optimizing only the 
cost that takes into account the maintenance interventions based on 
the degradation signal (or time-based). A Peco_soc can strike a balance 
between looking for the best maintenance window to reduce the cost 
and maintaining a low level of fatigue of the technicians to perform 
better maintenance interventions. A Peco_env can decide to perform 
maintenance interventions to reduce costs while at the same time look-
ing to do it when the carbon intensity is high. Finally, Peco_hollistic can 
look for a balance between all these objectives. The primary objective 
is to obtain Peco_hollistic policies that balance the costs associated with 
maintenance, machine breakdowns, and downtime with the goal of 
reducing the carbon footprint of the machines and the fatigue of the 
technicians.
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Fig. 7. Illustration of system signals, including carbon intensity, degradation, and fatigue, and their influence on identifying optimal maintenance windows based on TBL objectives.
To achieve this, we model the general sustainable maintenance 
scheduling problem as a multi-objective optimization problem. The 
objective is to determine an optimal maintenance scheduling policy that 
minimizes:

• Economic costs (including maintenance, breakdown, and down-
time costs),

• Environmental impact (carbon emissions due to energy con-
sumption),

• Social impact (technician fatigue and workload balance).

Decision variables

Let 𝑥𝑚,𝑡,𝑘 be a binary decision variable indicating whether machine 
𝑚 is maintained by technician 𝑡 at time step 𝑘:

𝑥𝑚,𝑡,𝑘 =

⎧

⎪

⎨

⎪

⎩

1, if maintenance is performed on machine 𝑚 by technician 𝑡 at time 𝑘,
0, otherwise.

Similarly, let 𝑥𝑝𝑚,𝑡,𝑘 and 𝑥𝑖𝑚,𝑡,𝑘 be binary variables for perfect and 
imperfect maintenance actions, respectively.

State variables

• 𝑔𝑚(𝑘): Degradation level of machine 𝑚 at time step 𝑘.
• 𝜌𝑚: Degradation threshold at which machine 𝑚 fails.
• 𝜔𝑚(𝑘): State of machine 𝑚 at time 𝑘, where 0 = operational, 1 = 
breakdown, 2 = under maintenance.

• 𝐶𝐼𝑘: Carbon intensity (gCO2eq/kWh) at time step 𝑘.
• 𝐸𝑚: Energy consumption (kWh) of machine 𝑚.
• 𝜐𝑡: Fatigue level of technician 𝑡, which increases with maintenance 
actions and decreases with rest.

Objective functions

The multi-objective formulation is:
min
𝐱

(

𝑓eco(𝐱), 𝑓env(𝐱), 𝑓soc(𝐱)
)

where:
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1. Economic cost function. The economic cost function represents the 
total cost associated with maintenance operations. It accounts for:

• Breakdown costs (𝐶𝐵 ⋅ 1𝜔𝑚=1) incurred when a machine fails.
• Downtime costs (𝐶𝐷 ⋅ 1𝜔𝑚=2) due to non-operational machines 
under maintenance.

• Perfect maintenance costs (𝐶𝑃 ⋅ 𝑥𝑝𝑚,𝑡,𝑘) when a machine is fully 
restored.

• Imperfect maintenance costs (𝐶𝐼 ⋅𝑥𝑖𝑚,𝑡,𝑘) when a machine is only 
partially restored.

𝑓eco(𝐱) =
∑

𝑘∈

∑

𝑚∈𝑀

(

𝐶𝐵 ⋅ 1𝜔𝑚=1 + 𝐶𝐷 ⋅ 1𝜔𝑚=2 + 𝐶𝑃 𝑥𝑝𝑚,𝑡,𝑘 + 𝐶𝐼 𝑥𝑖𝑚,𝑡,𝑘
)

. (3)

2. Environmental cost function. The environmental cost function repre-
sents the carbon footprint of the production system by considering:

• Machine energy consumption (𝐸𝑚) in kWh.
• Carbon intensity (𝐶𝐼𝑘) in gCO2eq/kWh, which varies through-
out the day.

• Operational state of machines (1𝜔𝑚=0), ensuring emissions are 
counted only when machines are running.

𝑓env(𝐱) =
∑

𝑘∈

∑

𝑚∈𝑀

(

𝐸𝑚 ⋅ 𝐶𝐼𝑘 ⋅ 1𝜔𝑚=0
)

. (4)

3. Social cost function. The social cost function represents the fatigue 
of the technicians and the balance of workload, given by:

• Minimizing overall fatigue (∑𝑡∈𝑇 𝜐𝑡), ensuring technicians re-
main efficient and well-rested.

• Balancing workload by penalizing large fatigue differences be-
tween technicians.

The weight parameter 𝜉 controls the balance between fatigue reduction 
and workload fairness:

• 𝜉 close to 1 prioritizes fatigue minimization.
• 𝜉 close to 0 prioritizes workload balance.
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𝑓soc(𝐱) = 𝜉
∑

𝑡∈𝑇 𝜐𝑡
|𝑇 |

+ (1 − 𝜉)
∑

𝑡≠𝑡′ |𝜐𝑡 − 𝜐𝑡′ |
2|𝑇 |

(5)

Constraints

1. Technician assignment constraint:. 
∑

𝑚∈𝑀
𝑥𝑚,𝑡,𝑘 ≤ 1, ∀ 𝑡 ∈ 𝑇 , ∀ 𝑘 ∈ .

Ensures that each technician can only be assigned to one machine at 
any given time.
2. Machine degradation constraint:. 

𝜔𝑚(𝑘) =

⎧

⎪

⎨

⎪

⎩

1, if 𝑔𝑚(𝑘) ≥ 𝜌𝑚 and 𝜔𝑚(𝑘 − 1) ≠ 2,
2, if 𝑔𝑚(𝑘) ≥ 𝜌𝑚 and 

∑

𝑡∈𝑇 𝑥𝑚,𝑡,𝑘 > 0,
0, otherwise.

Ensures that a machine enters breakdown (𝜔𝑚 = 1) if degradation 
reaches or exceeds 𝜌𝑚 without scheduled maintenance, enters mainte-
nance (𝜔𝑚 = 2) if a technician is assigned, and remains operational 
(𝜔𝑚 = 0) otherwise.
3. Maintenance action constraint:. 
𝑥𝑝𝑚,𝑡,𝑘 + 𝑥𝑖𝑚,𝑡,𝑘 = 𝑥𝑚,𝑡,𝑘,

𝑥𝑚,𝑡,𝑘 ∈ {0, 1},

𝑥𝑝𝑚,𝑡,𝑘, 𝑥
𝑖
𝑚,𝑡,𝑘 ∈ {0, 1}.

Ensures that maintenance can be either perfect (𝑥𝑝𝑚,𝑡,𝑘) or imperfect 
(𝑥𝑖𝑚,𝑡,𝑘).

4. Machine state constraint:. 
1𝜔𝑚=0 + 1𝜔𝑚=1 + 1𝜔𝑚=2 = 1, ∀𝑚 ∈ 𝑀, 𝑘 ∈ .

Ensures that each machine is always in exactly one state (operational, 
breakdown, or maintenance).

In the next section, we present a detailed formulation of the sus-
tainable maintenance scheduling problem by integrating its economic, 
environmental, and social objectives into a sequential decision-making 
framework modeled as a Multi-objective Markov Decision Process, 
which provides the basis for our RL approach.

4.1.2. Multi-objective Markov decision process
To obtain optimal or near-optimal maintenance policies, it is neces-

sary for decision-making agents to learn how to explore the preference 
space of the multiple objectives in an environment whose dynamics 
are initially unknown (Sutton and Barto, 2018). This environment can 
be described by a Multi-Objective Markov Decision Process (MOMDP). 
MOMDP is a mathematical formulation of a problem in which an 
agent (decision-maker) selects actions sequentially to transit through 
different states guided by rewards. A MOMDP can be expressed as a 
5-tuple ⟨𝑆,𝐴, , 𝑅, 𝛾⟩, which consists of (i) a state space 𝑆 indicating 
all possible states the agent can be in; an action space 𝐴 indicating 
all possible actions the agent can take; (ii) a transition function  ∶
𝑆 × 𝐴 → 𝑆 indicating the probability of transitioning from any state 
𝑠 ∈ 𝑆 to state 𝑠′ ∈ 𝑆 given that the agent took action 𝑎 ∈ 𝐴; (iii) a 
reward function 𝑅 ∶ 𝑆 ×𝐴×𝑆 → R𝑁  that returns an immediate reward 
vector given by the transition from (𝑠, 𝑎) to 𝑠′; and (iv) a discount factor 
𝛾 ∈ [0, 1] indicating how myopic the agent is, where 𝛾 = 0 indicates 
that the agent only cares about immediate reward and 𝛾 → 1 indicates 
it gives more weight to future state information.

The proposed sustainable maintenance policies aim to optimize 
three objectives: (i) minimize the maintenance, breakdown, and down-
time costs; (ii) minimize the fatigue level of the technicians after 
performing maintenance actions; (iii) minimize the carbon footprint. 
Using the MOMDP framework, agents determine their actions based 
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on the observations made by the system. Therefore, it is required to 
design local observations that provide the basis for the agent’s actions 
and provide useful information for training.

The system state observed by the agent is represented by the vector 
given in (6), where 𝑔Norm𝑚 ∀𝑚 ∈ 𝑀 gives information about the 
normalized machine degradation, 𝑞Norm𝑡 ∀𝑡 ∈ 𝑇  is the normalized 
remaining time of each technician performing maintenance, 𝐶𝐼 forecast

the normalized carbon footprint forecast, 𝝊𝒕 ∀𝑡 ∈ 𝑇  the fatigue level of 
the technicians, 𝑂(𝜔𝑚) ∀𝑚 ∈ 𝑀 the one hot encoding of the state of 
each machine, and 𝑂(𝜔𝑡) ∀𝑡 ∈ 𝑇  the one hot encoding of the state of 
each technician. 
𝐨 = (𝑔Norm𝑚 , 𝑞Norm𝑡 , 𝐶𝐼 forecast, 𝝊𝒕, 𝑂(𝜔𝑚), 𝑂(𝜔𝑡)) (6)

Depending on the observation, the agent decides at each time step 
which type of maintenance operation needs to be performed. Eight 
rules are defined based on the selection of the machine, technician, and 
type of maintenance, as detailed hereinafter:

• Machine selection based on Highest Degradation Level (𝑚𝐻𝐷𝐿), 
and Highest Cycle Time (𝑚𝐻𝐶𝑇 )

• Technician selection based on Technician with the minimum 
level of fatigue (𝑡𝑚𝐹 ) or maximum skills (𝑡𝑀𝑆 ).

• Maintenance operation based on the type of maintenance, per-
fect maintenance (𝑥𝑝), where the component is replace, or imper-
fect maintenance (𝑥𝑖) where the state of a component is partially 
recovered.

The actions taken by the agent is given in (7). In addition, the policy 
can decide not to take any action (i.e. no technician will be assigned 
to perform maintenance) represented by 𝑑. The eight dispatching rules 
are detailed and explained in Table  2, and together with the ‘‘no-action’’ 
option there is a total of nine possible actions that the agent can take, 
as indicated by |𝐚| = 9. 

𝐚 ∈ {𝑀𝐻𝐷𝐿,𝑀𝐻𝐶𝑇 } × {𝑇𝑚𝐹 , 𝑇𝑀𝑆} × {𝑥𝑝, 𝑥𝑖} ∪ {𝑑} (7)

To guide agents in learning the policy, the reward function is 
defined as the negative of the objective function defined in 4.1.1:
𝐫 = −𝐟 (𝐱)

where:

𝐫 = −𝐟 (𝐱)
𝐫 = [𝑟eco, 𝑟env, 𝑟soc]

Thus, each element of the reward is the negative of the objectives 
defined in (3),(4),(5):
𝑟𝑒𝑐𝑜 = −𝑓eco(𝐱),
𝑟𝑒𝑛𝑣 = −𝑓env(𝐱),
𝑟𝑠𝑜𝑐 = −𝑓soc(𝐱).

This aligns with the MOMDP framework to maximize the rewards, 
and the sustainable maintenance scheduling formulation to minimize 
the objectives.

The transition function  captures the dynamics of the system, 
including the stochastic degradation of machines, CO2 forecast, and 
the relationship between production and maintenance. For a particular 
action 𝑎, given a state 𝑠, the next state 𝑠′ is determined as follows:

• Machine degradation following a 𝛤  process and the degradation 
is only restored by maintenance actions 𝑥𝑝 and 𝑥𝑖. A perfect 
maintenance action restores the machine completely. An imper-
fect maintenance action restores partially the original state of the 
machine.

• Remaining technician time decreases for each timestep and is 
normalized by the maximum repair time.
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Table 2
The eight dispatching rules applied by MOMDP agents, combining machine state, technician condition, and 
maintenance type (perfect or imperfect).
 Rule Description  
 1 𝑀𝐻𝐷𝐿 × 𝑇𝑚𝐹 × 𝑥𝑝 Perform a perfect maintenance action by the technician with the 

lowest fatigue level on the machine with the highest degradation 
level.

 

 2 𝑀𝐻𝐷𝐿 × 𝑇𝑚𝐹 × 𝑥𝑖 Perform an imperfect maintenance action by the technician with 
the lowest fatigue level on the machine with the highest 
degradation level.

 

 3 𝑀𝐻𝐷𝐿 × 𝑇𝑀𝑆 × 𝑥𝑝 Perform a perfect maintenance action by the best performance 
technician on the machine with the highest degradation level.

 

 4 𝑀𝐻𝐷𝐿 × 𝑇𝑀𝑆 × 𝑥𝑖 Perform an imperfect maintenance action by the best performance 
technician on the machine with the highest degradation level.

 

 5 𝑀𝐻𝐶𝑇 × 𝑇𝑚𝐹 × 𝑥𝑝 Perform a perfect maintenance action by the technician with the 
lowest fatigue level on the machine with the highest cycle time.

 

 6 𝑀𝐻𝐶𝑇 × 𝑇𝑚𝐹 × 𝑥𝑖 Perform an imperfect maintenance action by the technician with 
the lowest fatigue level on the machine with the highest cycle time.

 

 7 𝑀𝐻𝐶𝑇 × 𝑇𝑀𝑆 × 𝑥𝑝 Perform a perfect maintenance action by the best performance 
technician on the machine with the highest cycle time.

 

 8 𝑀𝐻𝐶𝑇 × 𝑇𝑀𝑆 × 𝑥𝑖 Perform an imperfect maintenance action by the best performance 
technician with the lowest fatigue level on the machine with the 
highest cycle time.

 

• Forecast of CO2 is determined by the hourly data of the carbon 
intensity of Luxembourg from Electricity Maps (2024). The fore-
cast is obtained by taking the values from the current step 𝑘 to 
𝑘 + 𝛥𝑘, where 𝛥𝑘 represents the number of forecast steps. The 
predicted carbon intensity, denoted as 𝐶𝐼 forecast𝑘 , is computed by 
adding a noise component 𝐶𝐼noise𝑘  to the actual carbon intensity 
𝐶𝐼𝑘. The noise component is generated using a linearly spaced 
vector ranging from 0 to 1 over 𝛥𝑘 steps, scaled by random values 
drawn from a normal distribution with mean 𝜇car and standard 
deviation 𝜎car:

• Fatigue level of each technician increases on maintenance in-
terventions while decreases on the resting periods following the 
fatigue and recovery models formalized in (1) and (2).

Overall, the objective is to find policies that maximize the hyper-
volume.

4.2. EvoDQN algorithm

Combining evolutionary algorithms with ML, such as DRL, has been 
successful in many applications (Drugan, 2019), notably for dynamic 
scheduling problem solving (Chen et al., 2020; Köksal Ahmed et al., 
2022; Song et al., 2023; Fu et al., 2022). Building upon this evidence, 
this research develops a novel Evolutionary multi-objective multi-agent 
DQN (EvoDQN), detailed in Algorithm 1, to generate sustainable poli-
cies that balance the different objectives of the TBL. DRL is responsible 
for optimizing the policies, while evolutionary computation generates 
new policies in the preference space, the goal being to maximize the 
hypervolume of these policies by training a limited set of policies in 
each generation.

In a more technical way, EvoDQN distributes and optimizes multiple 
agents across different initial preferences, as was sketched schemati-
cally in Fig.  5. The initial set of policies then undergoes an evolutionary 
process in which new agents are generated through an evolutionary 
operator with the goal of maximizing hypervolume. According to the 
methodology proposed by Bodnar et al. (2020), EvoDQN combines 
agents that are closely aligned in terms of preferences. These agents are 
trained based on DQN (Mnih et al., 2013), where the reward vector is 
scalarized based on the preference vector. Once the agents have been 
trained, their selection is based on two functions. The first function,
Pareto_Agents, identifies agents that form the Pareto front based 
on their multi-objective cumulative reward. Each agent is associated 
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Algorithm 1: Evolutionary multi-objective multi-agent Deep Q-Network 
(EvoDQN)
Input: 𝑛𝑢𝑚_𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠, 𝑖𝑛𝑖𝑡𝑖𝑎𝑙_𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑠, 𝑛𝑢𝑚_𝑠𝑡𝑒𝑝𝑠, 𝑛𝑢𝑚_𝑝𝑜𝑙𝑖𝑐𝑖𝑒𝑠, 

𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛_𝑟𝑎𝑡𝑒, 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟_𝑟𝑎𝑡𝑒
Initialization Phase;
Initialize population of agents 𝑃 = ∅;
for each preference vector 𝐝𝑖 in 𝑖𝑛𝑖𝑡𝑖𝑎𝑙_𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑠 do

Initialize agent 𝑖 with:
• replay memory 𝐷𝑖,
• action-value function 𝑄𝜃𝑖  with random weights 𝜃𝑖,
• target action-value function 𝑄𝜃′𝑖

 with 𝜃′𝑖 = 𝜃𝑖,

• preference vector 𝐝𝑖.
Add 𝑖 to 𝑃 ;

for 𝑔 ← 1 to 𝑛𝑢𝑚_𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 do
Evolutionary Phase;
for each agent 𝑖 in 𝑃  do

Find closest neighbor agent 𝑘 (by preference vector);
if 𝑔 > 1 then

𝑖∗, 𝑘∗ ← Evolutionary_Operator(𝑖, 𝑘,
 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛_𝑟𝑎𝑡𝑒, 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟_𝑟𝑎𝑡𝑒);
Update 𝑃 ← 𝑃 ∪ {𝑖∗, 𝑘∗};

Learning Phase;
for 𝑠𝑡𝑒𝑝 ← 1 to 𝑛𝑢𝑚_𝑠𝑡𝑒𝑝𝑠 do

for each agent 𝑖 in 𝑃  do
Choose action 𝑎 from state 𝑠 using an 𝜖-greedy policy;
Take action 𝑎, observe reward 𝐫 and next state 𝑠′;
Compute scalar reward 𝑟′ ← 𝐫 ⋅ 𝐝𝑖;
Store transition (𝑠, 𝑎, 𝑟′, 𝑠′) in 𝐷𝑖;
Sample minibatch (𝑠𝑗 , 𝑎𝑗 , 𝑟′𝑗 , 𝑠′𝑗 ) from 𝐷𝑖;

𝑦𝑗 =

{

𝑟′𝑗 , if terminal,
𝑟′𝑗 + 𝛾 max𝑎′ 𝑄𝜃′𝑖

(𝑠′𝑗 , 𝑎
′), otherwise.

Perform a gradient descent step on the loss (𝑦𝑗 −𝑄𝜃𝑖 (𝑠𝑗 , 𝑎𝑗 ))
with respect to 𝜃𝑖;
Update 𝑠 ← 𝑠′;

Selection Phase;
𝑃 ← Pareto_Agents(𝑃 );
𝑃 ← Hypervolumen_Contrib(𝑃 , 𝑛𝑢𝑚_𝑝𝑜𝑙𝑖𝑐𝑖𝑒𝑠);
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Algorithm 2: Evolutionary_Operator
Input: 𝑎1 /*Agent 1*/

𝑎2 /*Agent 2*/
𝑎∗1 ← 𝑎1;
𝑎∗2 ← 𝑎2;
/*Crossover through the replay buffer*/;
Let  N  be the length of the replay buffer;
𝑟𝑏_𝑐𝑜 ∼  (0.05, 0.95);
𝑐𝑜_𝑖𝑑𝑥 ← 1 − 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟_𝑟𝑎𝑡𝑒 ⋅ 𝑟𝑏_𝑐𝑜;
𝑟𝑏11 ← 𝑎1.𝑟𝑒𝑝𝑙𝑎𝑦_𝑏𝑢𝑓𝑓𝑒𝑟(0, 𝑐𝑜_𝑖𝑑𝑥);
𝑟𝑏21 ← 𝑎2.𝑟𝑒𝑝𝑙𝑎𝑦_𝑏𝑢𝑓𝑓𝑒𝑟(0, 𝑐𝑜_𝑖𝑑𝑥);
𝑟𝑏12 ← 𝑎1.𝑟𝑒𝑝𝑙𝑎𝑦_𝑏𝑢𝑓𝑓𝑒𝑟(𝑐𝑜_𝑖𝑑𝑥,𝑁);
𝑟𝑏22 ← 𝑎2.𝑟𝑒𝑝𝑙𝑎𝑦_𝑏𝑢𝑓𝑓𝑒𝑟(𝑐𝑜_𝑖𝑑𝑥,𝑁);
𝑎∗1 .𝑟𝑒𝑝𝑙𝑎𝑦_𝑏𝑢𝑓𝑓𝑒𝑟 ← merge(𝑟𝑏11, 𝑟𝑏22);
𝑎∗2 .𝑟𝑒𝑝𝑙𝑎𝑦_𝑏𝑢𝑓𝑓𝑒𝑟 ← merge(𝑟𝑏21, 𝑟𝑏12);
/*Mutation through the weights and preferences*/;
𝑝𝑣_𝑚𝑢 ∼  (0.05, 0.95);
𝑚𝑟 ← 1 − 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛_𝑟𝑎𝑡𝑒 ⋅ 𝑝𝑣_𝑚𝑢;
𝑎∗1 .𝑝𝑟𝑒𝑓 = (𝑚𝑟) ⋅ 𝑎1.𝑝𝑟𝑒𝑓 + (1 − 𝑚𝑟) ⋅ 𝑎2.𝑝𝑟𝑒𝑓 ;
𝑎∗2 .𝑝𝑟𝑒𝑓 = (1 − 𝑚𝑟) ⋅ 𝑎1.𝑝𝑟𝑒𝑓 + 𝑚𝑟 ⋅ 𝑎2.𝑝𝑟𝑒𝑓 ;
𝜖1, 𝜖2 ∼  (𝜇, 𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑎𝑡𝑖𝑜𝑛);
𝑎∗1 .𝑝𝑜𝑙𝑖𝑐𝑦_𝑤𝑒𝑖𝑔ℎ𝑡𝑠 = 𝑎1.𝑝𝑜𝑙𝑖𝑐𝑦_𝑤𝑒𝑖𝑔ℎ𝑡𝑠 + 𝜖1;
𝑎∗1 .𝑡𝑎𝑟𝑔𝑒𝑡_𝑤𝑒𝑖𝑔ℎ𝑡𝑠 ← 𝑎1.𝑝𝑜𝑙𝑖𝑐𝑦_𝑤𝑒𝑖𝑔ℎ𝑡𝑠;
𝑎∗2 .𝑝𝑜𝑙𝑖𝑐𝑦_𝑤𝑒𝑖𝑔ℎ𝑡𝑠 = 𝑎2.𝑝𝑜𝑙𝑖𝑐𝑦_𝑤𝑒𝑖𝑔ℎ𝑡𝑠 + 𝜖2;
𝑎∗2 .𝑡𝑎𝑟𝑔𝑒𝑡_𝑤𝑒𝑖𝑔ℎ𝑡𝑠 ← 𝑎2.𝑝𝑜𝑙𝑖𝑐𝑦_𝑤𝑒𝑖𝑔ℎ𝑡𝑠;
return 𝑎∗1 , 𝑎∗2 ;

with a cumulative reward vector that represents its performance in 
several objectives. An agent is considered non-dominated if no other 
agent has a cumulative reward vector that is better or equal in every 
objective and strictly better in at least one objective. The second is the
Hypervolumen_Contrib function that selects the top 𝑛𝑢𝑚_𝑝𝑜𝑙𝑖𝑐𝑖𝑒𝑠
agents from the set 𝐴 = {𝑎1, 𝑎2,… , 𝑎𝑛}, which are the agents that 
contribute the most to the overall hypervolume. First, the total hy-
pervolume is computed as 𝐻𝑉 (𝐴). Then, for each agent 𝑎𝑖 ∈ 𝐴, the 
hypervolume of the set without that agent is calculated as 𝐻𝑉 (𝐴⧵{𝑎𝑖}). 
The contribution of agent 𝑎𝑖 is defined by

𝛥𝑖 = 𝐻𝑉 (𝐴) −𝐻𝑉 (𝐴 ⧵ {𝑎𝑖}),

which represents the decrease in hypervolume if 𝑎𝑖 is removed. The 
agents are then ranked such that

𝛥𝑖1 ≥ 𝛥𝑖2 ≥ ⋯ ≥ 𝛥𝑖𝑛 ,

and the top 𝑛𝑢𝑚_𝑝𝑜𝑙𝑖𝑐𝑖𝑒𝑠 agents (those with the highest 𝛥𝑖 values) are 
selected.

The evolutionary operator, detailed in Algorithm 2, is applied to 
each agent with its nearest neighbor in the preference space to generate 
two new child agents. This operator performs three key functions:

1. Replay Buffer Crossover: Each child’s replay buffer is formed 
by merging a portion of its parent’s experiences with a comple-
mentary portion from its neighbor. This ensures that the child 
inherits relevant learning experiences from both agents.

2. Preference Vector Blending: The child’s preference vector is 
updated by computing a weighted linear combination of the 
parent’s and the neighbor’s preference vectors. The resulting 
vector is then normalized so that its components sum to one. 
This blending effectively shifts the child’s preference towards 
that of its neighbor, promoting the exploration of intermediate 
trade-offs in the multi-objective space.

3. Policy Weight Mutation: The child’s policy network is initially 
set by copying its parent’s network parameters. Subsequently, 
a small Gaussian noise is added to the weights to introduce 
diversity into the policy. Optionally, the last layer of the network 
may be reinitialized to further enhance exploration.
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Table 3
System evaluation parameters used in the simulation.
 Category Parameter 
 Machine Parameters
   Number of machines 3  
   Energy consumption/m (kWh) 100.0  
   Gamma shape parameter 2.0  
   Gamma scale parameter 1.0  
   Failure threshold 20.0  
 Technician Parameters
   Number of technicians 2  
   Maintenance time for T1 6  
   Maintenance time for T2 3  
   Workload balance 0.5  
 Cost Parameters
   Perfect maintenance/m 0.5k  
   Imperfect maintenance/m 0.1k  
   Downtime 1.0k  
   Breakdown 10.0k  
 Forecast CO2 Parameters
   Steps 10  
   Mean noise 0.0  
   Std noise 0.1  

Overall, the evolutionary operator encourages exploration in both 
policy and preference spaces, thereby facilitating the development of 
more diverse and effective maintenance policies. To simplify under-
standing, an overview of how the evolutionary operator is presented 
in Fig.  8.

5. Implementation & evaluation

In the following, EvoDQN is compared with classical maintenance 
policies and DRL policies based on DQN and PPO. Section 5.1 intro-
duces the experimental setup used for evaluation. Section 5.2 details 
the methodology employed to train EvoDQN and their baseline (cf. Fig. 
5 to visualize where this step stands). The results obtained between 
the different policies and their sustainable implications are discussed 
in Section 5.3.

5.1. Evaluation scenario and setup parameters

The evaluation was conducted in a three-machine, two-technician 
setting. Each machine has an energy consumption of 𝐸𝑚 = 100.0 kWh 
∀𝑚 ∈ 𝑀 . The gamma degradation model is defined with a shape 
parameter of 𝛼𝑚 = 2.0 and a scale parameter of 𝛽𝑚 = 1.0 on all 
machines. The failure threshold is set to 𝜌𝑚 = 20.0 ∀𝑚 ∈ 𝑀 . The 
maintenance time of the two technicians are defined as 𝑡=1,𝑚 = 6
and 𝑡=2,𝑚 = 3 ∀𝑚 ∈ 𝑀 units of time to complete any intervention 
in a complete rest state. The parameters for the fatigue and recovery 
model presented in (1) and (2) are 𝜆𝐹 = 0.03 and 𝜇𝑅 = .15. The cost of 
perfect maintenance is 𝐶𝑃 = 500.0 units per machine, while imperfect 
maintenance costs 𝐶𝐼 = 100.0 units per machine. The downtime cost is 
𝐶𝐷 = 1.0𝑘 units and the cost of a machine breakdown is significantly 
higher at 𝐶𝐵 = 10.0𝑘 units. We obtained information on the carbon 
intensity in Luxembourg in 2022 from the Data Portal of Electricity 
Maps. The carbon intensity represents the amount of greenhouse gases 
emitted per unit of electricity consumed, measured in grams of CO2 
equivalent per kilowatt-hour (gCO2eq/kWh). The carbon intensity fore-
cast is computed over a horizon of 𝛥𝑘 = 10 time steps, incorporating 
a noise component modeled as a normally distributed random variable 
with mean 𝜇car = 0.0 and standard deviation 𝜎car = 0.1. A summary of 
the overall experimental configuration is provided in Table  3.

The evaluation of maintenance policies is based on three pillars of 
sustainability: economic, social, and environmental. The economic pil-
lar considers maintenance costs, breakdown costs, and downtime costs. 
The social pillar assesses the fatigue level of technicians performing 
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Fig. 8. Overview of the Evolutionary Operator. Child agents inherit perturbed policy networks, mixed replay buffers, and rotated preference vectors from two parent agents. 
Variables 𝜖1, 𝜖2, 𝑐𝑜_𝑖𝑑𝑥, 𝑚𝑟 are referenced from Algorithm 2.
Fig. 9. Parallel coordinate plot showing the relationship between hyperparameter settings and their corresponding hypervolume performance for the EvoDQN.
maintenance. The environmental pillar measures the carbon footprint 
on the production of machines.

The policies obtained by EvoDQN are compared against two classi-
cal maintenance policies: CM, and CBM. These policies are described 
in the following.

• The CM policy performs perfect maintenance whenever the ma-
chine suffers a degradation that causes the equipment to go into a 
breakdown state. As half of the defined dispatching rules perform 
perfect maintenance (Rule 1,3,5,7 in Table  2), the CM policy only 
executes those rules;

• CBM policy performs maintenance activities by executing one of 
the eight dispatching rules when a machine reaches 𝜌𝑚.

CM only executes four dispatching rules since it needs to perform 
perfect maintenance (replacement) when the component breaks. On the 
other hand, CBM executes a dispatching rule when a particular thresh-
old is reached on a machine. We evaluated 99 different thresholds for 
CBM (from 1 to 99). In total, 8 policies were obtained for CM and 
792 policies for CBM (99 thresholds × 8 rules).

5.2. Training of evolutionary DRL agents

For training the EvoDQN models, a fully connected neural network 
with one hidden layer and ReLU activation was used. A Bayesian 
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optimization hyperparameter search was conducted using Weights & 
Biases (wandb) sweeps. The search consisted of a single phase of 
100k environment steps over four generations. After optimization, the 
selected hyperparameters were used to train a new model for 100k 
environment steps in 10 generations. Training was performed on a 
system equipped with an Intel Core i7-14700K processor, 96 GB of 
RAM, and an NVIDIA GeForce RTX 4080 SUPER GPU, ensuring efficient 
computation. Detailed hyperparameter ranges and settings used in this 
sweep are summarized in Table  4.

To provide further insight into the hyperparameter optimization 
process for EvoDQN, we present a parallel coordinate plot (Fig.  9) that 
illustrates the relationships and trade-offs between the hyperparameter 
settings and their corresponding impact on the optimization metric.

The set of initial preferences is the one reported in Table  5. Each 
of the agents receives one of these preferences that scalarizes the 
reward vector while being trained (cf., Algorithm 1). Following this, 
new agents are created through the evolutionary process (cf. Algorithm 
2). The configuration of the sweep parameters and the best parameters 
obtained are detailed in Table  4, where the best parameters were those 
that maximized the hypervolume with a maximum selection of eight 
agents over generations.

After obtaining the parameters that maximize hypervolume, four 
more models were trained to evaluate the spread of the solutions, as 
given in Fig.  10. The different models are described below.
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Table 4
Summary of selected hyperparameters including their search ranges.
 Hyperparameter Search range Selected value  
 Batch Size {16, 32, 64, 256} 32  
 Buffer Size {5000, 10000, 20000} 10,000  
 Epsilon End [0.5, 1.0] 0.908  
 Epsilon Final [0.01, 0.25] 0.191  
 Epsilon Initial [0.8, 0.95] 0.873  
 Epsilon Start [0.0, 0.5] 0.255  
 Layer Size {64, 256, 1024, 2048} 1,024  
 Learning Rate End [0.0001, 0.001] 0.000384  
 Learning Rate Start [0.001, 0.1] 0.0323  
 Mutation Rate [0.05, 0.5] 0.407  
 Number of Generations {4} 10 (For training) 
 Perturbation [1e−05, 0.1] 0.0301  
 Replay Buffer Strategy {0, 1} 1  
 Reset Layer {0, 1} 0  
 Target Update Steps {32, 64, 128, 256} 32  
 Tau [0.01, 0.1] 0.0552  
 Update Steps {4, 8, 16, 32} 16  

Table 5
Matrix of initial preferences with assigned weights for 
economic (Eco), environmental (Env), and social (Soc) 
objectives.
 Weights

 Eco Env Soc  
 Preference 1 0.25 0.5 0.25 
 Preference 2 0.00 0.75 0.25 
 Preference 3 0.00 1.00 0.00 
 Preference 4 0.25 0.00 0.75 
 Preference 5 0.00 0.25 0.75 
 Preference 6 1.00 0.00 0.00 
 Preference 7 0.75 0.00 0.25 
 Preference 8 0.50 0.25 0.25 
 Preference 9 0.25 0.75 0.00 
 Preference 10 0.25 0.25 0.50 
 Preference 11 0.75 0.25 0.00 
 Preference 12 0.50 0.50 0.00 
 Preference 13 0.00 0.00 1.00 
 Preference 14 0.00 0.50 0.50 
 Preference 15 0.50 0.00 0.50 

• EvoDQN8: EvoDQN employs a selection process of 8 agents per 
generation, each trained for 100𝑘 steps using the initial prefer-
ences from Table  5. Total number of steps taken were 4.3𝑀 ;

• EvoDQN16: EvoDQN with 16 agents, each being trained for 100𝑘
steps with initial preferences from Table  5;

• EvoDQN32: EvoDQN with 32 agents, each being trained for 
100𝑘 steps with initial preferences from Table  5.

• DQN: DQN with 15 agents based on the preferences from Table 
5, each being trained for 286𝐾 steps with initial preferences from 
Table  5 for a total of 4.3𝑀 steps.

• PPO: PPO with 15 agents, based on the preferences from Table 
5, each being trained for 286𝐾 steps with initial preferences from 
Table  5 for a total of 4.3𝑀 steps.

EvoDQN is compared with vanilla DQN and PPO (both implemented 
using the Stable-Baselines3 library). These methods are trained using 
the initial preferences outlined in Table  5, and a detailed description of 
the training setup and hyperparameter optimization process is provided 
in  Appendix  B. By relying on a single set of preferences to scalarize the 
reward, DQN and PPO inherently limit their ability to explore multiple 
objectives. Furthermore, we evaluated the hypervolume achieved by 
EvoDQN16 (16 agents) and EvoDQN32 (32 agents) using the same 
set of initial preferences. As illustrated in Fig.  10, EvoDQN discovers 
policies that are more evenly distributed across the preference space, 
with a hypervolume of 11442566.59 resulting in ≈ 11.6% higher than 
DQN and ≈ 18.9% PPO.
15 
Fig. 10. Hypervolume over time comparing EvoDQN variants (32, 16, 8 agents) with 
baseline DQN and PPO algorithms.

5.3. Maintenance policy comparison analysis

As previously mentioned in Section 5.1, EvoDQN with eight policies 
is compared with the CBM and CM policies, where each policy repre-
sents a different dispatching rule. We selected CBM with a threshold 
of 77 (denoted by CBM77) as the set of policies to evaluate because it 
demonstrated the highest level of effectiveness compared to the other 
thresholds in terms of hypervolume. Although these policies are primar-
ily focused on the economic aspect, we are interested in evaluating the 
impact on the other pillars. Before comparing those policies, we believe 
that it is important to provide insight into what one EvoDQN policy 
implies on the behavior of the system and technician over a period of 
time. In this regard, Section 5.3.1 showcases the sustainable implication 
for top-profit policy (P1) of EvoDQN. Thereafter, the comparison results 
are discussed in Section 5.3.2. To further evaluate the robustness of our 
approach in more complex settings, we conduct additional experiments 
presented in Appendix  C, where the number of machines is scaled up 
to 50. This analysis offers valuable insights into EvoDQN’s performance 
under more demanding and constrained real-world conditions.

5.3.1. Sustainable implication of EvoDQN top-profit policy
Economic policies are effective due to the straightforward relation-

ship between profit maximization and cost minimization. However, 
the inclusion of sustainable policies directly impacts the economic 
objective. For example, identifying windows of opportunity where the 
carbon footprint is high to perform maintenance interventions may ben-
efit the environment, but it may also affect production and maintenance 
by performing interventions far from the point of failure (too early 
or too late). Similarly, reducing fatigue and distributing maintenance 
tasks can affect the selection of technicians and the timing of the 
intervention. In practice, only a subset of policies that cover the entire 
preference space is useful. For example, policies that prioritize sustain-
ability over economic considerations may only perform maintenance 
when the carbon footprint is high. Extreme cases in the preference 
space may prevent machines from continuing in production to mini-
mize the carbon footprint. On the other hand, the suggested socially 
beneficial policies would prevent technicians from experiencing high 
levels of fatigue by prioritizing rest over interventions. In the most 
extreme cases, technicians would never perform maintenance activities 
to avoid increasing fatigue. Fig.  11 presents a subset of the temporal 
data of a policy where the three objectives are balanced. The first three 
temporal data graphs (starting at the top) represent the degradation 
of the machines where the breakdown point is when the degradation 
reaches 1.0. The following two graphs illustrate the fatigue level of the 
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Fig. 11. Machine degradation, technician fatigue, and carbon intensity over time, with dashed red lines indicating maintenance actions and their impact on system dynamics.
two technicians involved in the maintenance process, the value of 0 and 
1 representing respectively complete recovery and fatigue (cf., Eq. (1) 
and (2) for further details). Finally, the last graph (at the bottom) 
represents the carbon footprint signal of the overall manufacturing 
process.

5.3.2. Comparison results
The results illustrating the trade-off between economic, social, and 

environmental objectives for the EvoDQN, CBM77, and CM mainte-
nance policies are shown in Fig.  12(a), while Fig.  12(b) presents how 
this trade-off evolves with an increasing number of EvoDQN policies, 
particularly for 8, 16, and 32 policies. As presented in Fig.  12(a), 
the lower the score on all axes, the better the policy. It can be seen 
that the EvoDQN policies clearly illustrate a trade-off between the 
economic, environmental, and social objectives. It is evident that as 
social and environmental costs increase, the economic cost decreases. 
In particular, we can observe a set of policies in the lower part of the 
economic axis that exhibit a slight trade-off between the other two 
objectives. From the entire set of EvoDQN policies, a subset has been 
identified as feasible for implementation in an industrial setting. This 
is because policies that significantly reduce carbon footprint values and 
technician fatigue tend to avoid maintenance activities to minimize 
fatigue, or even, in the most extreme cases, to keep machines in a 
state of downtime (for maintenance or breakdown) so that the carbon 
footprint is minimized. This kind of policy is, of course, not a viable 
option in real-world industrial scenarios. In the case of CBM77, certain 
policies demonstrate distinctive behavior, some exhibiting competitive 
economic results comparable to those of the EvoDQN policies. In con-
trast, CM policies exhibit a consistent, centralized cluster with similar 
16 
behavior (see Table  6). As shown in Fig.  12(b), increasing the number 
of EvoDQN policies from 8 to 16 and 32 results in a denser and more 
diverse set of trade-offs between economic, social, and environmen-
tal objectives. The additional policies generated by EvoDQN16 and 
EvoDQN32 reveal a broader spectrum of trade-offs, making it easier 
to visualize how different preferences can balance these objectives. 
Compared to EvoDQN8, which provides a limited set of solutions, 
the policies obtained from EvoDQN16 and EvoDQN32 more clearly 
demonstrate how certain policies prioritize economic efficiency, while 
others focus on social and environmental improvements. This expanded 
solution space offers decision makers a more comprehensive range 
of policies that can be selected from, depending on their priorities. 
The results further confirm that, while some policies achieve a lower 
economic cost, they often come at the expense of higher environmental 
and social impacts. By increasing the number of policies, more detailed 
information is achieved on these trade-offs, enabling a more precise 
selection of maintenance strategies.

For a deeper analysis, the results obtained from the eight EvoDQN 
policies, eight CBM77, and four CM policies are presented with their 
2D projection in Fig.  13, together with a more in-depth breakdown 
of the economic pillar. The first three columns represent the projec-
tion of the trade-off between two objectives, the first column repre-
senting Economic-Social, the second column representing Economic-
Environmental, and the third one representing Social-Environmental. 
As the CM and CBM policies are rule-based, which EvoDQN is able to 
select depending on the state of the system, we present the two best 
rules of the CM and CBM from the different projections in the first three 
columns and the best result of each policy for the last column. On the 
EvoDQN side, we present in each row the eight different policies found. 



M.L. Ruiz-Rodríguez et al. Engineering Applications of Artiϧcial Intelligence 156 (2025) 111126 
Fig. 12. Comparison of EvoDQN policies. (a) EvoDQN, CBM77, and CM policies for the TBL. (b) EvoDQN across different number of policies.
Table 6
Performance metrics (mean and standard deviation) for various policies.
 Policy Total cost Fatigue CO2

 Mean Std Mean Std Mean Std  
 EvoDQN8 P1 431050.00 97949.00 192.11 7.50 12239464.70 172603.09  
 EvoDQN8 P2 578456.67 115496.33 413.67 4.98 9106073.53 100828.19  
 EvoDQN8 P3 617750.00 225047.47 139.28 3.44 13399132.53 301014.62  
 EvoDQN8 P4 1736313.33 1082474.24 289.77 59.90 8094301.40 1531255.37 
 EvoDQN8 P5 2428280.00 334505.79 173.64 8.75 9799308.67 371258.24  
 EvoDQN8 P6 3936030.00 570318.53 151.19 27.14 6279504.77 818018.48  
 EvoDQN8 P7 5513950.00 275351.03 68.32 6.02 3992640.37 655529.94  
 EvoDQN8 P8 7255126.67 559136.51 25.28 16.98 1180830.77 524339.03  
 CBM77 R1 969090.00 220347.24 147.33 15.26 13124996.92 527897.96  
 CBM77 R2 2547168.00 214518.61 352.91 19.01 8248932.42 328836.38  
 CBM77 R3 930810.00 204269.26 140.21 14.04 13326043.14 485182.85  
 CBM77 R4 2600908.00 197973.47 350.42 20.71 8246078.68 285789.40  
 CBM77 R5 1365580.00 275681.47 202.72 21.43 11413359.98 686179.06  
 CBM77 R6 2692006.00 202550.53 354.06 22.65 7586123.62 404762.00  
 CBM77 R7 1543310.00 289439.75 215.63 30.50 10988890.86 908023.59  
 CBM77 R8 2693018.00 251266.04 355.77 18.95 7570451.52 380278.95  
 CM R1 3940120.00 172669.90 148.68 13.83 11208915.06 373082.92  
 CM R3 3901730.00 172146.63 148.85 14.18 11253092.26 436529.93  
 CM R5 3391030.00 207082.07 150.18 12.11 10667375.66 486925.62  
 CM R7 3355220.00 238993.52 148.59 17.59 10827049.70 561767.31  
The fourth column provides in the form of a bar chart the different costs 
that conform to the Economic pillar. From an economic standpoint, 
policies P1, P2, and P3 demonstrate superior performance compared 
to traditional maintenance policies, and policy P4 exhibits comparable 
results. CM policies are associated with higher breakdown costs, which 
represent the primary maintenance expense. It is clear that the CM 
policy incurs higher breakdown costs due to its reactive approach, in 
which maintenance action is only performed once a breakdown has 
occurred. In contrast, the CBM77 policy can prevent more breakdowns 
by performing maintenance before they occur, but it is challenging to 
coordinate the technicians involved in the process. In terms of social 
impact, policies P3, P7, and P8 have demonstrated the most effective 
17 
approach to reducing fatigue. The P3 policy, shown in Fig.  13, suc-
cessfully balances the trade-off between social and economic aspects, 
achieving strong results in the social factor while only slightly affecting 
the economic aspect. In terms of reducing carbon footprint, policies P6 
to P8 are the most effective. However, the policy P4, which significantly 
minimize the carbon footprint compared to the CM policies, and with 
the exception of one CBM77 policy, also optimize maintenance costs to 
a large extent.
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Fig. 13. 2D Projection of maintenance policy trade-offs across economic, social, and environmental objectives. 
5.4. Operational feasibility in industrial operations

It is essential for companies to achieve a balance between the dual 
objectives of maximizing profits and minimizing costs while maintain-
ing a sustainable approach. However, policies that give more priority 
18 
to environmental or social criteria than economic ones are not relevant 
in an industrial context. In this regard, the policies P1, P2, P3 are 
well-suited for implementation in industrial contexts where economic 
considerations are of primary importance. With respect to the pair of 
objectives, policy P3 shows notable performance in balancing social 
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Fig. B.14. Parallel coordinate plot showing the relationship between hyperparameter settings and their corresponding hypervolume performance for the DQN algorithm.
Fig. B.15. Parallel coordinate plot showing the relationship between hyperparameter settings and their corresponding hypervolume performance for the PPO algorithm.
Fig. C.16. Comparison of maintenance policies under different system scales. (a) Hypervolume results of RL, CBM, and CM policies across different numbers of machines. (b) 
Relative improvement of RL over CBM and CM as the system scales.
and economic considerations, while policy P2 exhibits a particularly 
strong economic and environmental focus. It is important to note 
that while some EvoDQN policies may not be directly relevant for 
implementation in operational settings, as previously discussed, they 
remain essential for an optimal exploration of the search space.

Although the CBM and CM policies are mainly oriented to eco-
nomics (they do not take well into account the balance between the 
three TBL criteria), we can still highlight that the policies are viable 
options for application in real industrial settings, especially when using 
the dispatch rule R1 and R3, which allow a good performance in the 
economic aspect and also reflected in the social aspect.

From an operational condition perspective, an important KPI to be 
analyzed is the production cycle of each policy. This KPI is summarized 
in Table  7 for all the 20 evaluated policies. The set of P1, P2, P3, and 
P4 policies demonstrate better performance compared to the traditional 
policies. P1 exhibits the most notable improvement in terms of the 
19 
average production cycle, with a 8.02% increase compared to CBM77 
and a 22.81% improvement for CM in its most cost-effective policies. 
These policies also represent the most cost-effective options, as the 
highest costs are, respectively, the breakdown and downtime, which 
represents production equipment with a higher production cycle.

6. Conclusion

This article presents a framework for developing sustainable mainte-
nance policies based on a hybrid approach that combines Evolutionary 
Computation and DRL. Our proposal involves multiple agents, each 
with a preference vector that determines the reward. After training, 
the agents undergo an evolutionary process in which new agents are 
created and trained with the goal of maximizing the hypervolume and 
identifying a set of distributed policies within the preference space. 
In addition, a scenario based on parallel machines that experience 
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Table 7
Production cycle mean and standard deviation for 
various policies.
 Policy PC Mean PC Std  
 EvoDQN8 P1 31407.06 318.96  
 EvoDQN8 P2 31768.42 545.01  
 EvoDQN8 P3 30555.22 414.28  
 EvoDQN8 P4 29928.67 1785.59 
 EvoDQN8 P5 27951.21 575.46  
 EvoDQN8 P6 25921.69 1032.73 
 EvoDQN8 P7 23440.13 417.65  
 EvoDQN8 P8 20496.47 849.48  
 CBM77 R1 28863.94 269.56  
 CBM77 R2 24800.80 324.57  
 CBM77 R3 28860.07 249.15  
 CBM77 R4 24740.38 329.07  
 CBM77 R5 29074.47 287.84  
 CBM77 R6 25796.58 576.20  
 CBM77 R7 28996.30 317.74  
 CBM77 R8 25749.26 511.02  
 CM R1 24238.93 176.51  
 CM R3 24286.44 183.50  
 CM R5 25561.90 382.69  
 CM R7 25572.46 412.26  

degradation and repair by technicians was proposed, which incorpo-
rates the three pillars of sustainability. The proposed EvoDQN approach 
obtains distributed policies in the preference space demonstrating dif-
ferent trade-offs among the TBL objectives. The results showed how 
the economic pillar contrasts with the proposed social and environ-
mental pillars. In addition, we found that our approach produces 
superior results in terms of the production cycle compared to classical 
maintenance policies that lead to higher profits.

6.1. Implications

Maintenance optimization is a process that involves understanding 
the condition of the equipment by incorporating the use of technol-
ogy to monitor variables in real time such as temperature, vibration, 
pressure, and humidity. The collection and analysis of this data using 
ML algorithms is essential for identifying patterns, correlations, and/or 
abnormalities that could indicate potential equipment failures or per-
formance issues. However, it is important to consider the additional 
costs associated with implementing this technology, including the in-
stallation of sensors, network infrastructure, and computational power 
to train the ML models. Furthermore, incorporating social aspects 
can improve well-being and job satisfaction, as well as help identify 
specific training needs, enabling the development of new skills and the 
improvement of existing ones.

6.2. Limitations and future work

This research provides valuable insights into the optimization of 
maintenance scheduling through sustainable practices. However, more 
work is required to address some challenges and explore potential 
research directions.

• Expanding the problem to a production line where the interdepen-
dence of machines is a key consideration in maintenance schedul-
ing optimization. In addition, to consider energy consumption as 
part of the cost and production as a profit.

• Addressing the scalability of the system as the search space for 
policies increases with the addition of new machines to the pro-
duction line, while also enabling evaluations over longer hori-
zons, such as months or years.

• Exploring additional effects of technician fatigue, such as tem-
porary unavailability or reduced maintenance quality, to better 
capture other effects on system performance.
20 
• Improving the transparency of policies generated by DRL al-
gorithms, which often lack explainability. Explainable RL is an 
important area of focus to ensure that decision-makers can better 
understand and trust the policies generated.

• Ensuring that the selection of TBL weights by the operator or 
manager is aligned with the company’s objectives. Techniques 
like the Analytic Hierarchy Process (AHP) can be employed to 
guide the selection process.
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Appendix A. List of acronyms and variables

Table  A.8 provides the list of acronyms and variables used through-
out this paper.

Appendix B. Hyperparameters definition

The hyperparameters for the baseline models, DQN and PPO (im-
plemented using Stable-Baselines3), were selected based on a hyperpa-
rameter search using Weights & Biases (wandb) sweeps. The search con-
sisted of a single phase that involved 100k environment steps, during 
which the best performing parameters were identified for use in longer 
training runs. The explored ranges and the selected hyperparameter 
values are summarized in Tables  B.9.

To provide further insight into the hyperparameter optimization 
process, we present parallel coordinates plot that illustrates the rela-
tionships and trade-offs between the hyperparameter settings and their 
corresponding impact on the optimization metric for DQN and PPO (see 
Figs.  B.14 and B.15).

Appendix C. Scalability analysis

To assess the scalability of our approach, we evaluated the perfor-
mance of the system under varying levels of complexity by increasing 
the number of machines to 5, 10, 15, 25, and 50. In all cases, the 
number of technicians was kept fixed (two technicians) across the 
different maintenance strategies (RL, CBM, and CM). For consistency, 
we used the same parameter configuration for the training as used in 
EvoDQN8 (see Section 5.2). The results are illustrated in Fig.  C.16, 
showing the impact of system scale on both hypervolume and relative 
improvement.
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Table A.8
List of acronym/variables and their descriptions.
 Acronym/Variable Description  
 AD Artificial Datasets  
 CBM Condition-Based Maintenance  
 CM Corrective Maintenance  
 CNC Computer Numerical Control  
 DQN Deep Q-Network  
 DRL Deep Reinforcement Learning  
 Eco Economic  
 Env Environmental  
 EvoDQN Evolutionary multi-objective multi-agent DQN  
 Fac Factory  
 GA Genetic Algorithm  
 KPI Key Performance Indicator  
 Mac Machine  
 Me Metaheuristic  
 ML Machine Learning  
 MARL Multi-agent Reinforcement Learning  
 MOMDP multi-objective Markov decision process  
 MP Mathematical Programming  
 Mu Multiple Objectives  
 NSGA-II Non-dominated Sorting Genetic Algorithm II  
 PdM Predictive Maintenance  
 PM Preventive Maintenance  
 PL Production Line  
 RD Real Data  
 RL Reinforcement Learning  
 Si Single Objective  
 Soc Social  
 TBL Triple Bottom Line  
 𝑀 A set of machines: 𝑀 = {1,… , 𝑚}  
 𝑇 A set of technicians  
 𝐸𝑚 Energy consumption (kWh) of machine 𝑚 ∈ 𝑀  
 𝜔𝑚 State of machine for 𝑚 ∈ 𝑀  
 𝜔𝑡 State of technicians for 𝑡 ∈ 𝑇  
 𝛤𝑚(𝛼𝑚 , 𝛽𝑚) Gamma process for machine 𝑚 ∈ 𝑀 , with shape 𝛼𝑚(𝑡) and scale 𝛽𝑚 parameters  
 𝜌𝑚 Failure threshold for 𝑚 ∈ 𝑀  
 𝑔𝑚,𝑘 Degradation on machine 𝑚 at time step 𝑘  
 𝑞𝑡 Remaining time of technician 𝑡 performing maintenance  
 𝜇car Mean of the normal distribution for the CO2 forecast parameter  
 𝜎car Standard deviation of the normal distribution for the CO2 forecast parameter  
 𝐶𝑃 Perfect maintenance cost  
 𝐶𝐼 Imperfect maintenance cost  
 𝐶𝐷 Downtime cost  
 𝐶𝐵 Breakdown cost  
 𝜏𝐵 Increased breakdown repair time  
 𝜉 Weights for balance workload  
 𝑡,𝑚 Maintenance time of technician 𝑡 in mach. 𝑚  
 𝐹 (𝜏𝐹 ) Technician fatigue accumulation function at maintenance time 𝜏𝐹  
 (𝜏) Technician fatigue recovery function after rest time 𝜏  
 𝜆𝐹 Fatigue parameter  
 𝜇𝑅 Recovery parameter  
 𝜇break mean for the additional repair time after a breakdown  
 𝜎2

break variance for the additional repair time after breakdown  
 𝐶𝐼 Carbon intensity (gCO2eq/kWh)  
 𝐶𝐼 forecast Carbon intensity forecast  
 𝐶𝐼𝑛 Carbon intensity noise  
 𝛥𝐶𝐼 Carbon intensity forecast steps  
 𝜐𝑡 Fatigue level of technician 𝑡  
 𝑚𝐻𝐷𝐿 Machine with the Highest degradation level  
 𝑚𝐻𝐶𝑇 Machine with the Highest cycle time  
 𝑡𝑚𝐹 Technician with the minimal level of fatigue  
 𝑡𝑀𝑆 Technician with the maximum skills  
 𝑥𝑚,𝑡,𝑘 Binary decision variable indicating if maintenance is performed on machine 𝑚 by technician 𝑡 at time step 𝑘  
 𝑥𝑝𝑚,𝑡,𝑘 Binary decision variable indicating if perfect maintenance is performed on machine 𝑚 by technician 𝑡 at time step 𝑘  
 𝑥𝑖𝑚,𝑡,𝑘 Binary decision variable indicating if imperfect maintenance is performed on machine 𝑚 by technician 𝑡 at time step 𝑘 
 𝑆 State space  
 𝐴 Action space  
  Transition function  
 𝑅 Reward function  
 𝛾 Discount factor  
21 
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Table B.9
Summary of selected hyperparameters for DQN and PPO, including their search ranges
 Algorithm Hyperparameter Search range Selected value 
 

DQN

Batch Size {32, 64, 128, 256} 256  
 Buffer Size {5000, 10000, 20000} 5,000  
 Exploration Final Epsilon [0.01, 0.1] 0.0146  
 Exploration Fraction [0.01, 0.5] 0.392  
 Exploration Initial Epsilon [0.8, 1.0] 0.895  
 Gradient Steps {1, 2, 4} 1  
 Learning Rate [0.0001, 0.1] 0.0211  
 Target Update Interval {500, 1000, 2000} 1,000  
 Tau [0.01, 1.0] 0.617  
 Train Frequency {1, 4, 8} 4  
 

PPO

Batch Size {32, 64, 128, 256} 256  
 Clip Range [0.1, 0.4] 0.200  
 Entropy Coefficient [1e−08, 0.01] 0.00711  
 GAE Lambda [0.8, 1.0] 0.969  
 Learning Rate [0.0001, 0.1] 0.00247  
 Max Gradient Norm {0.5, 1} 0.5  
 Number of Epochs {3, 5, 10} 10  
 Number of Steps {128, 256, 512, 1024} 1,024  
 Value Function Coefficient [0.1, 1.0] 0.826  

We computed the hypervolume of the solutions obtained to quantify 
the performance across the three objectives, as presented in
Fig.  C.16(a), as well as the relative improvement of RL over CBM 
and CM, as shown in Fig.  C.16(b). The results show a decrease in 
hypervolume as the number of machines increases, reflecting the 
increasing challenge of balancing trade-offs between objectives. Specif-
ically, with more machines and a fixed number of technicians, the 
system incurs higher costs and becomes less efficient, resulting in a 
reduced hypervolume.

Additionally, the higher number of machines contributes to a
greater environmental impact, particularly in terms of carbon footprint. 
From a human perspective, the workload on technicians also increases 
significantly, as the workforce does not scale with the size of the 
system. This combination of factors highlights the importance of intel-
ligent policy design, particularly in resource-constrained environments.

Data availability

Data will be made available on request.
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