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Abstract

Effective maintenance planning and scheduling are essential for manufacturing
companies to prevent machine breakdowns and maximize uptime and produc-
tion. Furthermore, these policies must be in alignment with the principles of
environmental integrity and social responsibility. The development of sustainable5

policies presents several challenges. These include the need to balance economic,
environmental, and social aspects, as well as to address uncertainties such as
unexpected failures and variable time-to-repair (TTR). This thesis, conducted in
partnership with Cebi, an electromechanical component design and manufacturing
company, addresses the challenge of developing sustainable maintenance policies in10

the face of uncertainty. To this end, we propose a Deep Reinforcement Learning
(DRL)-based approach for predictive maintenance, which we compare with tra-
ditional maintenance policies such as corrective, preventive, and condition-based
maintenance, and evaluate against diverse methods based on metaheuristics and
rule-based approaches.15

As a first contribution, we conducted a study of the impact of categorized
levels of uncertainty in a manufacturing environment on the failure distribution
and time to repair for maintenance policies. We evaluated the performance of
DRL, genetic algorithm-based simheuristic (GA-S), and rule-based (DR) decision-
making systems in terms of mean time to repair (MTTR), machine uptime, and20

computational efficiency. The work was conducted in simulated scenarios with
different levels of uncertainty and also considering a real manufacturing use case.
The experimental results show that DRL shows exceptional adaptability to reduce
MTTR, especially in the face of high uncertainty. GA-S outperforms DRL and DR
in terms of total machine uptime, but not in terms of MTTR, when configured25

with high re-optimization frequencies (i.e., hourly re-optimization), but rapidly
underperforms as the re-optimization frequency decreases. Furthermore, our study
shows that GA-S is computationally expensive compared to DRL and DR policies.

As a second contribution, we proposed to tackle the problem of maintenance
scheduling on multi-component identical parallel machines performed by technicians.30

In this work, we proposed a multi-agent DRL approach to learn the maintenance
policy under the uncertainty of multiple machine failures. This approach comprises



DRL agents that partially observe the state of each machine to coordinate the
decision-making in maintenance scheduling, resulting in the dynamic assignment
of maintenance tasks to technicians (with different skills) over a set of machines.
Experimental evaluation shows that our DRL-based maintenance policy outperforms
classical maintenance policies such as Corrective Maintenance (CM) and Preventive5

Maintenance (PM) in terms of failure prevention and downtime, improving overall
performance by ≈ 75%.

Our last contribution proposed to optimize maintenance scheduling from an
economic perspective (considering maintenance, breakdown, and downtime costs),
an environmental perspective (considering the carbon footprint produced during10

production) and a social perspective (considering the fatigue experienced by techni-
cians during maintenance activities). We propose an evolutionary multi-objective
multi-agent deep Q-Learning (EvoDQN)-based approach, where multiple agents
explore the preference space to maximize the hypervolume of these sustainable
objectives. The results demonstrate the trade-offs between these objectives when15

compared to traditional maintenance policies such as condition-based maintenance
(CBM) and CM, as well as different deep Q-network (DQN) policies trained with var-
ious preferences and a higher number of agents for our EvoDQN approach. Finally,
our approach evaluated the production cycle, in which our method demonstrated
superior performance, resulting in increased profitability within the system.20
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1
Introduction

In this chapter we introduce what is the problem of optimizing maintenance
scheduling and the challenges involved. Finally, we highlight what contributions are
present in this thesis.5
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1.3 Overview of the contribution . . . . . . . . . . . . . . . 410
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1.1 Context
Industry 4.0 (I4.0) technologies are transforming the business models of manufac-

turing companies, enabling greater production flexibility, efficiency, and productivity
[Moh18]. Thanks to these technologies, the industry has matured in its mainte-
nance processes from CM, where maintenance is performed in a reactive manner,5

to Predictive Maintenance (PdM), where real-time monitoring of machines or
production lines makes it possible to detect when a machine is likely to fail and to
intervene before these failures occur by assigning maintenance personnel with the
qualifications to perform these maintenance actions.

Maintenance scheduling is a critical aspect of any business, with approaches10

that vary based on industry-specific needs and capabilities. Static and dynamic
scheduling represent two distinct approaches to this process. In static scheduling, all
maintenance activities are planned in advance, taking into account their estimated
completion times, the resources needed to complete them (including personnel, tools,
and parts to be repaired or replaced), and the time and location of the maintenance15

activities. In contrast, dynamic scheduling assigns maintenance activities in real
time as needed, offering a more efficient and optimal response to resource allocation,
greater resilience to sudden changes, and the ability to adjust to new interventions
or unexpected delays.

Maintenance is an essential component of any production system as it ensures20

reliable and efficient operation. Not only does it maintain operational functionality,
but also optimizes the timing of interventions by assigning the most appropriate
personnel, thereby optimizing the TTR. Effective maintenance strategies help to
prevent multiple machine breakdowns and avoid resource conflicts, such as when
a technician is assigned to a machine while other machines are down waiting for25

service.
Maintenance scheduling requires careful coordination of several factors, including

technician availability, production schedules, and the potential for unexpected
equipment failures. The unpredictability of machine failures and the need to
minimize downtime introduce additional complexity to the scheduling process.30

There are a variety of optimization techniques that can be employed for the
purpose of maintenance optimization. These can be grouped into three main
categories. The first of these is Mathematical Programming (MP), which formalizes
the maintenance problem as a mathematical model. This allows the type of
problem to be defined, whether it is a cost or time minimization problem, or35

a problem that aims to maximize the reliability or operation of the equipment.
These problems require the definition of various constraints, including the non-
overlapping of assigned technicians, the order of maintenance operations, and the
restriction of the desired budget. The second is Metaheuristic-based methods,
that are designed to quickly identify a suitable solution, even for highly complex40
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or large-scale problems. These methods are typically applied to problems with
a large search space or nonlinear constraints. In metaheuristic approaches, the
maintenance scheduling problem is typically transformed or reformulated in a
way that aligns with the chosen metaheuristic algorithm, ensuring it can explore
potential solutions effectively. For instance, Ant Colony Optimization (ACO),5

methods adapt a scheduling problem to nodes (maintenance activities) where the
ants optimize the best route (where the edges can be resources) to form these
schedules. Other methods, such as Genetic Algorithms (GA), encode the problem
in a chromosome where each gene corresponds to a certain activity and its position
in the chromosome indicates the order of the activity to be performed. Finally,10

there are Machine Learning (ML) based methods using supervised, unsupervised or
reinforcement learning approaches (RL). In supervised learning, the use of historical
data can allow to recognize patterns that allow to detect when an equipment is
more likely to fail and to be able to assign maintenance activities. In unsupervised
learning, anomalies can be identified in the equipment, especially those that are15

of the same type, in order to be able to perform interventions. Lastly, in RL, an
agent must learn a policy through trial and error in an uncertain environment that
is influenced by the agent’s actions. The environment provides a reward signal that
indicates which actions benefit the agent’s behavior and which actions are better
avoided. This type of method allows for the creation of dynamic and adaptive20

schedules by interacting with the environment with different levels of uncertainty.
All acronyms used in this thesis are summarized in Table 1.1.

1.2 Challenges
There are several challenges to optimizing maintenance in the manufacturing

industry that have not been properly addressed.25

1. Uncertainty in production and maintenance processes [DS20].
During production on the shop floor, machines go through degradation
processes that cause interruptions that affect scheduling and production
times. These stoppages are caused by machines or components reaching
the end of their useful life. Depending on the production process,30

machine type or operating conditions, different failure distributions
occur [SBS+21]. In addition, the repair process to restore the machine
to a previous or like-new condition can present a variability in repair
time due to the complexity of the failure type, technician experience,
and skill [FAP+17] .35

2. Designing adaptive and effective maintenance policies [VAW+22].
Traditional maintenance policies, such as corrective and preventive main-
tenance, have been the standard for many years. However, these strate-

3



gies are too rigid to effectively address the dynamic and unpredictable
nature of manufacturing environments [ZZ17; YTC22]. These policies
must be able to dynamically adapt to changing machine conditions
[AX17], varying technician skill levels and availability [TDF+21], and
changing organizational priorities [GS18], all while effectively managing5

uncertainty. The complexity of these requirements makes it difficult to
create a one-size-fits-all solution, so it is necessary to develop policies
that can learn and adapt in real time to optimize machine uptime and
reduce unnecessary interventions.

3. Sustainability in the maintenance scheduling [SDL20].10

Sustainability has emerged as a major priority for businesses across vari-
ous 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 [JLK20]. Defining a maintenance15

policy that takes into account social and/or environmental aspects can
lead to a decrease in profitability, but it allows to comply with the
standards and demands of the government and customers regarding the
importance of the environment, such as energy and carbon footprint
reduction [XSS+21; AAA+24], and social responsibility to maintain safe20

and healthy conditions and improve employee productivity [SCO+20].

1.3 Overview of the contribution
This disseration address the above challenges and brings three contributions.
Dynamic maintenance scheduling approach under uncertainty: Com-

parison between reinforcement learning, genetic algorithm simheuristic,25

dispatching rules (Chapter 4) To address the first challenge, we analyze the
impact of categorized levels of uncertainty, specifically high and low, on the failure
distribution and time to repair. The experiments are conducted in simulated
scenarios with different levels of uncertainty and also considering a real manufac-
turing use case. The results show that rescheduling based on a GA-simheuristic30

outperforms RL and DR in terms of total machine uptime, but not in terms of
mean time to repair, when configured with high re-optimization frequencies (i.e.,
hourly re-optimization), but rapidly underperforms as the re-optimization frequency
decreases. We also show that the GA-S is computationally expensive compared to
RL and DR policies.35

Multi-agent Deep Reinforcement Learning based Predictive Mainte-
nance on Parallel Machines (Chapter 5). To address the second challenge,
we proposes a multi-agent approach that learns a maintenance policy performed

4



by technicians, under the uncertainty of multiple machine failures. This approach
comprises RL agents that partially observe the state of each machine to coordinate
the decision-making in maintenance scheduling, resulting in the dynamic assignment
of maintenance tasks to technicians (with different skills) over a set of machines.
Experimental evaluation shows that our RL-based maintenance policy outperforms5

traditional maintenance policies (incl., CM and PM) in terms of failure prevention
and downtime, improving by ≈ 75% the overall performance.

Evolutionary multi-objective multi-agent reinforcement learning for
sustainable maintenance scheduling (Chapter 6). To address the third
challenge, we explored an innovative approach aimed at optimizing maintenance10

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 approach15

that considers all three pillars of sustainability. Another significant 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-Learning based
approach (EvoDQN), where multiple agents explore the preference space to max-
imize the hypervolume of these sustainable objectives. The results demonstrate20

the trade-offs between these objectives when compared to traditional maintenance
policies such as CM and CBM, as well as different DQN policies trained with
various preferences. Our approach demonstrates superior performance, resulting in
increased profitability within the system.

5



Table 1.1: List of acronyms

Acronym Definition

AD Artificial Data
AI Artificial Intelligence
CBM Condition-Based Maintenance
CM Corrective Maintenance
CMMS Computerized Maintenance Management System
CNC Computer Numerical Computation
De Deterministic
DQN Deep Q-Network
DR Dispatching Rules
Dy Dynamic
Eco Economic
Env Environmental
EvoDQN Evolutionary Multiobjective Multiagent DQN
FIFO First-In-First-Out
FIBT First-In-Best-Technician
GA Genetic Algorithm
KPI Key Performance Indicators
MDP Markov Decision Process
Me Metaheuristic
MG Markov Game
MILP Mixed Integer Linear Programming
MINLP Mixed Integer Non-Linear Programming
MIP Mixed Integer Programming
ML Machine Learning
MOMDP Multi-objective Markov Decision Process
MP Mathematical Programming
MTTR Mean Time to Repair
NSGA-II Non-dominated Sorting Genetic Algorithm II
PdM Predictive Maintenance
PM Preventive Maintenance
PPO Proximal Policy Optimization
RD Real Data
RL Reinforcement Learning
RUL Remaining Useful Life
SA Simulated Annealing
Soc Social
TBL Triple Bottom Line
TS Tabu Search
VNS Variable Neighborhood Search
XAI eXplainable Artificial Intelligence6



2
Background

This chapter introduces the basic concepts of maintenance in industry and
Reinforcement Learning used in this dissertation.

Contents
5

2.1 Maintenance in Manufacturing . . . . . . . . . . . . . . 8
2.2 Reinforcement Learning . . . . . . . . . . . . . . . . . . 10

10
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2.1 Maintenance in Manufacturing
The industry has benefited from technologies such as cyber-physical systems,

internet of things, big data analytics, or still Artificial Intelligence (AI) [SML+21],
with the overall aim of increasing profitability, production, capacity, quality, em-
ployee safety, and decreasing costs [CA21]. Such technologies are widely used when5

it comes to maintenance operations, which is the practice of keeping equipment in
good operational condition and ensuring that its functions are performed efficiently.
In some cases, maintenance can represent up to 60% of the total turnover [Kom02;
ZdCd+20].

Inputs of this research work Contribution of this research work

Remote Monitoring

Sensors are deployed
and data collected/stored

Main scope of Predictive Maintenance (PdM)

Failure Prediction

➠ ➠

AI is used to
predict failures

using the collected data

1 Task Z

2 Task X
...

n Task Y

Maintenance tickets
are automatically

generated

Task scheduling

Maintenance tasks
are scheduled and
technician assigned

Figure 1: Key stages to move towards Predictive Maintenance (PdM)

models more robust, accurate and transparent for pre-
dicting failures in stage (2) [8, 9], or still to improve
state-of-the-art maintenance scheduling strategies [10]
and better model expert knowledge in the decision pro-
cess [11, 12].

As emphasized in Figure 1, although stage (1) (re-
mote monitoring) is a prerequisite for PdM, the main
goal of any PdM framework is to predict and optimally
schedule the maintenance interventions/tasks. In this re-
spect, maintenance can be corrective (applied after fail-
ure occurrence) or preventive (applied before failure oc-
currence) [13]. The former is known as corrective main-
tenance (CM), also known as run-to-failure, while the
latter can be divided into two policies known as Pre-
ventive and Predictive1 maintenance. The most simple
policy is CM, which seeks to maximize the lifetime of
the components, but with the disadvantage that it can
quickly becomes costly due to production interruptions
caused by the long equipment downtime. Preventive
Maintenance (PM), also known as time-based mainte-
nance, is a more advanced and effective strategy, as it
anticipates failures and avoids equipment breakdowns
that could be costly to repair. The disadvantage of
this type of maintenance is that the equipment receives
maintenance that is not yet necessary, reducing the lifes-
pan of some components and resulting in additional
costs. The key to overcome the trade-off between opting
for CM and/or PM is to determine the optimal mainte-
nance timing such that the overall profit of the manu-
facturing system is optimized. This has led to the so-
called PdM policy, also referred to as condition-based
maintenance [14], which uses statistical or AI models

1Some articles also refer to “prescriptive” maintenance when it is
included in a final decision support system.

to calculate the degradation of the equipment or the re-
maining useful life (RUL) of a component [15, 16]. This
makes possible the prediction of when and what part of
the system is likely to fail in order to optimally perform
maintenance decision making (incl., maintenance task
scheduling, technician assignment, etc.).

In today’s literature, several studies have proposed
PdM frameworks using machine learning (ML) tech-
niques [17]. While both supervised and unsupervised
learning techniques have already been widely used in
the manufacturing industry, accounting for 90-95% of
all applications according to [18], especially for PdM
[19], reinforcement learning (RL) has been much less
studied [20]. This is unfortunate because RL provides
many interesting features [21], such as learning by in-
teracting with the environment, measuring the utility of
actions that yield long-term benefits, optimizing com-
plex sequential decisions under uncertainty, adding that
RL takes advantage of the multi-agent approach, which
allows for multi-objective optimization [22]. To over-
come this gap in research, the present article proposes
a novel maintenance policy based on RL, which aims at
reducing unexpected failures and maintaining a high up-
time. As emphasized in Figure 1, our research does not
progress the state-of-the-art in failure prediction (i.e., in
determining failure distribution), but in dynamic main-
tenance task scheduling (failure distributions being used
as inputs of our strategy), where the originality com-
pared to state-of-the-art RL-based maintenance policy
models lies in the fact that, to the best of our knowl-
edge, it is the first multi-agent RL model taking into
account different types of failures, along with varying
maintenance times (depending on technician skills).

Section 2 discusses the current state-of-the-affairs

2

Figure 2.1: Key stages to move towards PdM

Having an effective maintenance provides a reliable production which converts10

to a profit as the final goal of any company. Maintenance involves two stages.
• Maintenance Planning: It is the process of gathering all the requirements,

including the identification of the possible tools and parts to be used to
perform the maintenance, the identification of the technicians with their skills
and availability, and the procedure to be performed for the maintenance.15

• Maintenance Scheduling: It is the process of assigning the different
maintenance tasks to the technicians based on their skills, availability and
priority of interventions. In this stage, an initial schedule of activities to
be carried out is established, which can be affected or modified by new
interventions, changes in priorities or unexpected delays.20

Maintenance activities may involve different actions, such as inspection, where
the equipment is examined to identify possible irregularities; repair, where the con-
dition of the equipment is restored to a previous or original state; and replacement,
where the machine or some component of the machine are replaced by another one
in a better state (ideally a new component).25

There are different maintenance strategies that can be implemented [AKA24]:

8



• Corrective Maintenance (CM): Is the simplest maintenance policy, which
only performs maintenance actions once the equipment suffers a breakdown.
The advantage of this type of maintenance policy is that it allows the full
use of the equipment’s useful life. However, sudden failures can affect the
scheduling of production and maintenance resources.5

• Preventive Maintenance (PM): It is a proactive policy where the objective
is to schedule maintenance activities on a regular basis in order to reduce
unplanned breakdowns. However, these maintenance activities are often
performed unnecessarily, which can increase operational costs.

• Reliability-Centered Maintenance: It is a systematic approach that10

establishes a baseline for the equipment, identifies potential failures and
their consequences, and develops appropriate maintenance tasks to enhance
reliability, optimize costs, and improve overall operational efficiency.

• Total Productive Maintenance: Is a hollistic approach involving all em-
ployees (e.g. operators, technicians, managers) in the maintenance activities15

to maximize productivity by ensuring all equipment are in optimal conditions.
• Predictive Maintenance (PdM): This is the most advanced maintenance

policy, which aims to monitor equipment with sensors and predict when
a machine is likely to fail. The objective is to schedule the maintenance
intervention just before the failure occurs, thus maximizing the useful life20

of the equipment and ensuring optimal performance in the maintenance
operations.

An increasing number of PdM systems are emerging in all sectors of the industry
[LHY+20]. Some market studies report that PdM can reduce time required to plan
maintenance by 50%, increase equipment uptime by 20% and reduce costs by 10%25

[CDC+22]. A PdM system can be seen as a three stage-process, as depicted in
Figure 2.1:

1. Remote monitoring: sensors and cameras are deployed on production
lines to capture real-time events and communicate these data to on site
or cloud systems;30

2. Failure Prediction: analytics tools with predictive (ML) capabilities
analyze the collected data to determine when a system (component,
equipment, process) is likely to fail;

3. Task Scheduling: based on the computed predictions, and expert knowl-
edge, decision support systems are designed, which often include the35

optimization of maintenance task scheduling and operator assignment.

Each of these stages is the subject of significant research efforts, for example
to address interoperability issues in stage (1) [TQL+18], to make AI (Machine
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Learning - ML) models more robust, accurate and transparent for predicting failures
in stage (2) [CZS+22; YRZ+22], or still to improve state-of-the-art maintenance
scheduling strategies [LDC18] and better model expert knowledge in the decision
process [BLA+19; GP21].

As emphasized in Figure 2.1, although stage (1) (remote monitoring) is a5

prerequisite for PdM, the main goal of any PdM framework is to predict and
optimally schedule the maintenance interventions/tasks.

2.2 Reinforcement Learning
Reinforcement Learning (RL) is a subset of machine learning in which an agent

(decision maker) must learn a behavior (called a policy) through trial and error10

in a dynamic environment [SB18]. In this sense, the agent is connected to the
environment through its perception and actions, as illustrated in Figure 2.2.

Agent

Environment

actionrewardstate

����
����

���

Figure 2.2: RL framework diagram

During each interaction with the environment, the agent receives an observation
o from the environment. This observation is a partial description of the state of the
environment s. If the agent is able to observe the complete information from the
environment, it its called fully observable, otherwise the environment is partially
observable. The set of actions that the agent is able to take forms part of the
action space. These actions can have discrete or continuous values. In order to
decide which action a the agent should take based on an observation, the agent can
follow a policy π. This policy can be deterministic, whereby for each observation
the agent will always perform the same action, or stochastic, whereby every action
has a probability of being executed. A policy can be defined as

a ∼ π(s)

When performing the action on the environment, the agent receives a value
indicating how well or poorly the transition through the new state is. This value is
called the reward r and is obtained trough the reward function defined as

r = R(s, a)

10



The objective of the agent is to maximize the cumulative reward, referred to as
the return, G, over the entire horizon, H. This can be expressed as follows:

G =
H∑

t=0
γtr

The term γ is used to reflect the importance of immediate or future rewards,
particularly in some RL problems where there is a long-term or infinite horizon. In
this context, the discount factor γ (with 0 ≤ γ ≤ 1 ) reflects how myopic is the5

agent to the future rewards.
For the agent, it is important to to know what is the expected return starting

from a state or state-action. That is, following a policy π the state-value function
vπ(s) and action-value function qπ(s, a) are defined as:

vπ(s) = E[G | s]
qπ(s, a) = E[G | s, a]

Ideally, the problem of RL is to find the optimal policy represented by π∗(s) in10

which the action a maximizes the expected return from starting in s.
RL algorithms can be classified in two key ways [Mor20]. The first classification

is based on how much knowledge they have of the environment.
• Model-based algorithms are the ones who understand completely how the

environment works and its dynamics. For this, the algorithm understand how15

the transition goes from one state to the other and what reward to expect
from those transitions.

• Model-free algorithms are usually implemented when the dynamics of
the environment is too complex to model and the agent learns from the
interactions with the environment.20

The second classification is about what exactly is the algorithm learning and
how to translate it to the policy.

• Value-based methods: Refers to algorithms that learn value functions which
estimates the expected return (cumulative reward). The policy is derived
from the value function. Some examples are Q-learning[SB18], SARSA[SB18],25

DQN[MKS+13].
• Policy-based methods: Refers to algorithms that optimize directly the

parameterized policy without explicitly learning the value function. Some
examples are REINFORCE [SB18], TRPO [Sch15]

• Actor-Critic methods: Refers to methods that learn both a policy and a30

value function, which is responsible for selecting actions, and the critic, which

11



evaluates the actions by estimating value functions. Some examples of this
algorithms are PPO [SWD+17], A3C [Mni16]

During this thesis we focused on model-free RL algorithms, in particular the
use of two RL algorithms, PPO and DQN, which will be described in the following
chapters.5
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3
Related Work

This chapter reviews existing work related to maintenance optimization with a
focus on uncertainty and sustainability.

Contents
5
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3.1 Uncertanty in maintenance scheduling
3.1.1 Static scheduling

The set of constraints and the complexity of the problem determine the type
of scheduling to be used. Although some degrees of uncertainty are occasionally
taken into account, static scheduling is often a deterministic problem, where all5

maintenance operations to be completed are known in advance. A large number
of studies have used metaheuristics to solve such problems. Let us mention
[MDZ+22] who propose a modified non-dominated neighbor immune algorithm
for the allocation of technicians and spare parts, the objective being twofold:
reducing both tardiness and maintenance cost. The authors compare their approach10

against other multiobjective algorithms under different conditions (i.e., varying
the number of machines, technicians, and maintenance tasks), whose results show
that it performs better in most cases. [YAK+22] work on a joint production and
maintenance problem aiming at reducing the total absolute deviation of completion
time. The overall goal is to ensure that the machines have a similar completion15

time that is constrained by maintenance activities. To solve this problem, a Lion
Optimization algorithm is proposed, whose evaluation is carried out based on
randomly generated cases considering different levels of complexity (varying the
number of tasks from 50-600 and machines from 1-20). The algorithm is compared
with six other metaheuristics, the results evidencing that it outperforms all of20

them. Other researchers such as [WBF+20] have used ML (clustering) techniques
such as k-means, mean-shift, Expectation-Maximization, or Density-Based Spatial
Clustering of Applications with Noise to solve static scheduling problems. The
main problem was in the production of parts using unsupervised learning to apply
opportunistic maintenance. Their approach was evaluated using real-life data from25

a car manufacturing plant based on a performance indicator showing “how many
stations can be stopped for maintenance while maintaining the desired production
capacity?".

Unlike the above studies, some scholars have considered different types of un-
certainty in the static scheduling problem. For example, [NKT+20] propose a30

GA to select the most appropriate and cost-effective maintenance strategies and
labor policies for production equipment considering the failures and availability of
machines and technicians. The objective is to reduce the Life Cycle Cost, which is
computed based on labor and production costs, maintenance costs, and on-demand
service costs. [SYP19] worked with the problem of the saturation effect of mainte-35

nance actions, for which they proposed an algorithm to find the best maintenance
intervals and the number of maintenance actions to decrease maintenance cost.
The authors evaluate their approach using two types of mechanical systems, namely
a high-precision boring mill and a power generation turbine system.
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3.1.2 Dynamic scheduling

When there is a high level of uncertainty in the system, dynamic scheduling
is considered and used more frequently. Until now, metaheuristics and iterative
algorithms have been the preferred option [GDA+23]. In this respect, [CD20]
propose a decision-making model in a flexible manufacturing system with several5

stations that suffer from multiple degradations that cannot be perfectly observed;
the goal being to maximize profits and decrease maintenance costs. The authors
make use of the Tabu search algorithm, whose evaluation experiments consist of
simulating a semiconductor manufacturing plant and comparing its algorithm with
the traditional operation-independent and operation-dependent CBM policies. The10

results show a significant improvement in the profit gain. [DNP+19] work on the
problem of joint scheduling of several jobs and maintenance activities considering
uncertainty about maintenance duration, whose objective is to minimize makespan
and total completion time. The authors implemented different heuristics and made
use of CPLEX with randomly generated instances. [RSL20] address the problem15

of setting maintenance inspection intervals using process mining techniques and a
probabilistic model in Bayesian networks. Their work is evaluated with the log of a
lathe installed in a plant of the Brazilian automotive industry, whose results show
an improvement in terms of cost and time. [LCZ21] also use a Bayesian approach
to predict the future deterioration of product quality and machine reliability, thus20

optimizing maintenance costs, product quality, and machine reliability. Their
model is applied to a boring mill used to manufacture a type of bearing seat and is
compared with a classical maintenance policy (considerable savings are obtained).
[AR20] propose to use a Simheuristic approach to deal with uncertainty in the
lot-sizing and scheduling problem in a maintenance system of identical parallel25

machines. The objective of maintenance scheduling is to define the periodicity of
PM to minimize the total time between PM actions and CM. Artificial data is used
to exhaustively vary different parameters in order to demonstrate the results of
parameter selection for failure prevention. [ADI+22] develop a framework called
“maintenance-driven scheduling cockpit” to support RUL-based maintenance and30

production scheduling decisions. The prototype is evaluated in different scenarios
in a simulation that establishes different costs for maintenance and production
operations.

Besides the use of metaheuristics and iterative algorithms, there has been an
increasing attention to agent-based systems. Among other relevant studies, let us35

mention [RF21] who present an iterative distributed framework using a combination
of model predictive control and Benders decomposition to address the problem
of joint production and maintenance scheduling, where agents are used to model
degradation of production units. The proposed framework is evaluated through the
simulation of two distinct systems (food manufacturing and electrical production)40
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and compared with centralized optimization and model predictive control methods.
The results show that the proposed approach outperforms such methods, leading
to significant savings in computational power. [BLD22] also developed a multi-
agent system for a joint production and maintenance scheduling policy considering
Prognostic and Health Management (PHM) modules. Agents are used to subdivide5

the complexity of the system that consists of (i) an environment agent that controls
the access to information to solve the subproblems; (ii) a supervisor agent that
controls the access to the environment; (iii) a customer agent that corresponds to
the manufacturing orders; (iv) a producer agent that manages each machine and its
scheduling; (v) a maintenance agent that is responsible for providing maintenance10

tasks. One of the main insights of this work is the implementation of effective PHM
modules to optimize the number of maintenance actions and machine availability.
[KJL19] propose an approach to determine the best window of opportunity to
perform maintenance in a stochastic production environment. This approach uses
multiple independent agents that learn the policy based on information from the15

production system buffer and time-to-failures. The RL policy outperforms CM and
PM policies with respect to completed jobs, while evidencing how agents learn to
execute maintenance closer to failure times with a low buffer volume. [VAW+22] also
tackle the problem of opportunistic maintenance using RL in a wafer manufacturing
plant scenario. The proposed approach is compared with DR-based policies based20

on different performance indicators, including, among other indicators, order cycle
time, machine downtime, and remaining lifetime. The work demonstrates the
ability of a DQN agent to learn a joint competitive strategy for dispatching and
opportunistic maintenance. Finally, let us mention [YWW22] who addresses the
problem of flexible job-shop problem integrated with time-based maintenance and25

CBM. An RL algorithm called “double-layer Q-learning” is designed to select
machines and jobs in a dynamic way. This work was evaluated against several
metaheuristics, which showed the relevance of the approach.

3.2 Economic-driven maintenance scheduling
From the three pillars of sustainability, it can be observed that the majority of30

articles focus on the economic aspect, as they are primarily business-oriented. As
illustrated in Figure 6.1, there is a clear preference for addressing the optimization
of maintenance through metaheuristic methods. Evolutionary computation is one of
the preferred methods for optimizing maintenance. For example, [SFZ20] addresses
the problem of two-stage scheduling in an assembly flow shop with random machine35

breakdowns. 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 proposed to solve this optimization problem: GA,
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cloud theory-based Simulated Annealing (SA), Imperialist Competitive Algorithm,
and New Self-adapted Differential Evolutionary. The last approach showed to
be statistically superior to the other proposed meta-heuristic algorithms in terms
of solution quality and computational time. Similarly, in their study, [WDZ+23]
addressed the challenge of joint optimization of integrated mixed maintenance and5

distributed two-stage hybrid flow-shop production for multi-site maintenance re-
quirements. 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 (NSGA-II), which demonstrated supe-
rior performance compared to other algorithms utilized in the study. Furthermore,10

[BB19] 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. NSGA-II was adopted to solve the optimization
problem. A numerical examples were generated to evaluate the proposed solution15

against LINGO 10. The results presented different trade-offs of the solutions for
the multiobjective problem. In addition, [CGG21] worked on a multi-objective
optimization for PM policy, where different experiments were conducted on the
NSGA-II to optimize system availability (maximize) and operating cost (mini-
mized). The approach was evaluated in a case of study in which optimization of the20

design and PM strategy needed to be implemented for an industrial fluid injection
system. Other metaheuristic methods have been implemented to solve the mainte-
nance problem as presented in [BHK21], 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 Tabu25

Search (TS). The results presented show insights about the different performance
of the methods evaluated, which are dependent on the shape of the intree that is
formed by the constraints of the ordered tasks. Other works, as investigated by
[QAA+20] addressed the problem of a joint production and maintenance policy
for a single machine environment with the objective of minimizing the number of30

tardy jobs. In this work a Mixed-Integer Linear Programming model and an ACO
model were proposed for optimizing small and large sizes instances, respectively.
In addition, Moore’s algorithm was used to evaluate ACO solutions, showing how
ACO outperform Moore’s algrithm for all the instances tested. [BM21] worked on
the problem of joint production and maintenance policy with the aim to optimize35

mean tardiness, schedule instability, makespan and mean flow time. To solve this, a
Greedy Randomized Adaptive Search Procedure algorithm is tested. The approach
was evaluated against a set of DR 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 [HAG+21] address40
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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. Additionaly, [DDC+19] worked on a joint production and5

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 DR 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 SA.10

In contrast, other works have chosen to employ classical methods such as MP.
[FTS19] explored a mixed integer non-linear programming model to determine
the optimal PM interval represented by a continuous-time Markov chain. The
objective is to reduce costs per unit time considering both perfect and imperfect
maintenance levels. The model was evaluated in a numerical example and solved by15

the Baron solver. [DNP+19] 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 randomly generated instances.20

A limited number of studies have employed AI/ML techniques. [JAA21] 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 where
condition monitoring data, sensor inputs, and machine operator inputs are used25

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. [GLG+21] 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 simulator30

where machines suffer from different degradation states, a buffer level is considered,
and maintenance actions 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 prob-35

lem. [HLB19] 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 Weighted40
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Shortest Processing Time first–Heuristic–Earliest Due Date method. [BLD22]
worked on the problem of scheduling maintenance activities for a joint production
and maintenance policy in a multi-agent approach. The proposed approach mod-
eled the problem as a multiagent with the objective to solve several subproblems
(as customers, producers, managers) where all these agents are coordinated by a5

supervisor agent. The framework is evaluated based on different key performance
indicators (KPI) such as execution time, number of cycles, number of maintenance
tasks, number of late jobs, total tardiness, and load of each machine. In a similar
work, [KPN+24] worked on joint maintenance and production scheduling with the
objective of optimizing maintenance cost and production-related metrics. In their10

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 allo-
cation and performance losses. Their work was tested in a simulation environment
that showed improvements in terms of scheduling efficiency, maintenance cost, and
execution times.15

Other methodologies have been employed to address the economic aspects of
maintenance optimization. The study by [DS19] 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 a20

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 availability and mean throughput time. [RF22] worked on
the maintenance scheduling problem where the objective is to maximize revenue
and availability (to find the optimal prices of goods and optimal maintenance25

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 integrating30

network externalities and predictive maintenance scheduling in pricing strategies for
suppliers, leading to increased revenue and profit. [Cha23] 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 incorporating35

costs related to repairs, maintenances, replacements, inventory and shortage. In
a study by [Al-20], 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 PM40
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improve the maintenance effectivenes, reducing failures and optimizing the resource
utilization. [YH21] 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 with5

a proposed algorithm called Smallest Sum of Processing and Removal Time First
and improved with a Minimum Cost Insertion. [SZ19] 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 tested10

with numerical experiments and compared with a Heuristic Method called HPSOGA
that is a combination of GA and Particle Swarm Optimization. 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
address the maintenance optimization as presented by [WYD+20]. In this work,15

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 DR in the literature demostrating an improvement20

in the jobs waiting time and average machine downtime. Furthermore, [GJ22]
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 random machine breakdown, due date tightness factor, and routing flexibility.25

Additionally, [GJC+23] continue working on the problem of flexible job shop
scheduling under reliability-based PM. In this work, a simulation-optimisation
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, [LRC+23] worked on the problem of opportunistic maintenance for a multi-30

unit system using Monte Carlo simulation. The main objective was to optimise the
maintenance cost where it is shown using simulated data to model the performance
of a Computer Numerical Control (CNC) machine.

3.3 Towards sustainable maintenance scheduling
3.3.1 Sustainable scheduling: energy consumption as prime35

focus
For sustainable maintenance policies, environmental aspects are usually ad-

dressed in terms of reducing the energy consumption. As was evidenced in Fig-
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ure 3.1c, most articles make use of metaheuristic methods to solve sustainable
maintenance scheduling. [SDL20] propose a joint energy, maintenance, and produc-
tion 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 machines5

and four buffers was implemented where particle swarm optimization was used to
solve the model. [WDX+20] also consider maintenance and peak power consump-
tion 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,10

most studies use evolutionary algorithms. [GTS+20] 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 consumption, and the makespan. The model is solved using GA and is
evaluated against SA and imperialist competitive algorithms in artificial instances.15

Similarly, [ST21] 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, SA, and teaching-learning-based optimiza-20

tion algorithms are implemented, with GA demonstrating superior performance.
[SC20] propose a bi-objective optimization model for a single machine consider-
ing 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
multiobjective GA yields better outcomes than the NSGA-II and is faster than25

the Baron solver. The work of Mirahmadi and Taghipour [MT19] 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. [ACZ+20] optimize – using30

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. [CL20;
CSX20; CL21] also work on the problem of joint production and maintenance
optimization involving energy consumption, which is also solved by GA.35

Other studies employ alternative methods beyond metaheuristics. [ASjK19]
develop a joint production-maintenance policy to optimize – using the Kuhn-Tucker
method – production quantity, production 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 an40
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unreliable manufacturing system and that the expected total cost is influenced
by decision variables such as production quantity, production rate, and reliability
parameter. [XSS+21] develop a joint policy that considers PM 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 replacement5

maintenance. The model is evaluated with data collected from Boehringer NG200
Crankshaft Turning CNC. Furthermore, [XSS+22] 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-10

bound algorithm and tested on a numerical example based on the production
system of an engine craft. Lastly, [GJ21] study reliability-based maintenance
in a simulation environment considering setup time and energy-related metrics.
The approach is evaluated against makespan, mean flow time, mean tardiness,
number of tardy jobs, total setup time, average operating energy consumption,15

and average idle energy consumption. The results demonstrate the advantage of a
reliability-centered periodic PM approach.

3.3.2 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.20

[AAA+24] studied the relationship between the production makespan, maintenance
activities, energy consumption, and carbon footprint (maintenance activities are
of the highest importance in this relationship). [DY20] address a two-stage joint
optimization problem of green manufacturing and maintenance for semiconductor
wafers considering the inspection and repair stages simultaneously. The authors25

present a hybrid multi-objective multiverse optimization algorithm that minimizes
the makespan, total carbon emissions, and total PM cost. Finally, [MFZ+20]
address the problem of maintenance scheduling for complex equipment considering
green performance, which is divided into two sub-objectives: (i) minimizing the
global maintenance cost resulting from resource consumption, production delay, and30

fault risk; (ii) minimizing carbon 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 [PKK23] focuses on the
environmental pillar by examining different aspects of manufacturing and waste
management. An optimization framework for process planning in a degrading35

multi-state system is proposed in this respect. The objective is to increase 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 [QZL+22]
that addresses the social dimension. This study aims to minimize the number of40
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man-days 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-schedule5

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 Summary
This section provides an overview of the state-of-the-art approaches used for10

maintenance scheduling in manufacturing based on six criteria, each one taking
two or more values, as detailed hereinafter:

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

• Type of objective: Single (Si), Multiple (Mu)15

• Solution method: Metaheuristic (Me), Machine Learning (ML), Mathe-
matical Programming (MP), Others (O).

• Sustainability Pilars: Economic (Eco), Environmental (Env), Social (Soc)
• Uncertainty: Stochastic (Se), Deterministic (De)
• Scheduling: Static (St), Dynamic (Dy)20

• Evaluation: Real Dataset (RD), Artificial Dataset (AD)
To ease the analysis, Figure 3.1 offers an overview of the distribution of the

reviewed articles by criterion.
Most of the maintenance policies developed in the articles are PM (see Fig-

ure 3.1a). Although PdM has a higher level of maturity compared to CM, the last25

one is still more commonly used. In addition, Si problems are addressed slightly
more often than Mu problems (see Figure 3.1b). Regarding the optimization of
maintenance scheduling, Me methods represent the standard solution approach (see
Figure 3.1c) with a lack of research on ML/MP approaches. On the sustainability
pillars (see Figure 3.1d), the majority focus on the Eco pillar, as they are primarily30

business-oriented. Interestingly, we found that for the different types of uncertainty
(see Figure 3.1e), most of the works address a Se environment that cover a widely
types of uncertainty even though the PdM policies are not highly address. We also
found that most of the articles that address different types of uncertainty work
with a Dy scheduling with St scheduling slightly below (see Figure 3.1f). Finally,35

most articles use AD for evaluation purposes, as shown in Figure 3.1g, with few
real-use cases (RD). Additionally, Table 3.1 consolidates these findings, offering a
detail and concise overview of the trends observed in the literature.
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Table 3.1: Summary table of the literature review

Article Policy Obj. Method Sust. Env. Sched. Eval.

[Al-20] PM Si Ot Eco Se Dy RD
[AR20] CM,PM,PdM Si Ot Eco Se Dy Ad
[ACZ+20] PM Mu Me Eco, Env De St -
[ADI+22] PdM Si Ot Eco Se Dy Ad
[ASjK19] CM Si Ot Eco, Env Se Dy AD
[AAA+24] CM, PM Si MP Eco, Env Se St AD
[BM21] PM Mu Me, Ot Eco Se Dy AD, RD
[BHK21] PM Si Me Eco De St AD
[BLD22] PdM Mu Ot Eco Se Dy AD
[BB19] CM, PM Mu Me Eco Se St -
[CGG21] PM, PdM Mu Me Eco Se Dy RD
[CD20] PM,PdM Si Me Eco Se Dy Ad
[Cha23] PM Si Ot Eco Se St AD
[CL20] PM Mu Me Eco, Env De St AD
[CSX20] PM Mu Me, MP Eco, Env De St AD
[CL21] PM Mu Me, MP Eco, Env De St AD
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Article Policy Obj. Method Sust. Env. Sched. Eval.

[DNP+19] PM Mu MP, Ot Eco Se Dy AD
[DDC+19] PM Si Me, Ot Eco Se St RD
[DS19] CM, PM Mu Ot Eco Se Dy AD
[DY20] PM Mu Me Eco, Env Se Dy AD
[FTS19] PM Si MP Eco Se Dy AD
[GTS+20] PdM Si Me Eco, Env Se Dy AD
[GLG+21] PdM Si ML Eco Se Dy AD
[GJ21] PM, PdM Mu Ot Eco, Env Se Dy AD
[GJ22] PM Mu Ot Eco, Env Se Dy AD
[GJC+23] PM Si, Mu Ot Eco Se Dy AD
[HLB19] CM Mu Ot Eco Se Dy AD
[HAG+21] PM Si Me, Ot Eco De St AD
[JAA21] PM, PdM Mu ML Eco De Dy RD
[KPN+24] PM Mu Ot Eco Se Dy AD
[KJL19] PdM Si ML Eco Se Dy Ad
[LRC+23] CM, PM Si Ot Eco Se St RD
[LCZ21] PdM Si N/A Eco Se Dy Rd
[MFZ+20] CM, PM, PdM Si Me Eco, Env Se Dy AD, RD
[MDZ+22] CM Mu Me Eco De St Ad
[MT19] CM, PM Si Me Eco, Env Se St AD
[NKT+20] CM,PM,PdM Si Me Eco Se St N/A
[PKK23] CM, PM Si ML Eco, Env Se Dy AD
[QAA+20] PM Si Me, MP Eco De St AD
[QZL+22] CM, PM Si Me, Ot Eco, Soc De St RD
[RF21] PdM Si MP Eco Se Dy Rd
[RF22] PdM Mu Ot Eco Se St AD
[RSL20] PM Mu ML Eco Se Dy Rd
[SFZ20] CM Si Me Eco Se Dy AD
[ST21] CM, PM Si Me Eco, Env Se Dy AD
[SZ19] PM Mu Ot Eco Se St AD
[SC20] PM Mu Me Eco, Env De St AD
[SYP19] PM Si Ot Eco Se St Rd
[SDL20] CM Si Me Eco, Env De St AD
[VAW+22] CM,PM Si ML Eco Se Dy Rd
[WDX+20] PM Si Me Eco, Env De St AD
[WDZ+23] CM, PM Mu Me Eco De St -
[WBF+20] PM Si ML Eco De St Rd
[WYD+20] PM Si Ot Eco Se Dy AD
[XSS+21] PM Si Ot Eco, Env Se Dy RD
[XSS+22] PM Si MP Env Se Dy AD
[YWW22] CM,PM Si ML Eco Se Dy Ad
[YAK+22] PM Si Me Eco De - AD
[YH21] PM Si Ot Eco De St AD

25
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4
Dynamic maintenance scheduling approach under
uncertainty: Comparison between reinforcement
learning, genetic algorithm simheuristic,
dispatching rules5

The scheduling of maintenance processes can be affected by different types and
degrees of uncertainty, which makes it crucial to analyze their impact on the
effectiveness of various optimization techniques. In this chapter, we explore how
different optimization approaches based on dispatching rules, genetic algorithms
and reinforcement learning respond to these uncertainties in maintenance planning10

in an industrial environment.
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4.1 Introduction
In the manufacturing industry, production and maintenance processes are closely

related. Although the objective of the production process is to meet the customer’s
demand for quality and production standards on time, it can be affected by constant
wear and tear on machine components due to continuous use or environmental5

aspects, which results in machine breakdown and degradation of quality [GDA+23].
The maintenance process works to prevent and correct failures by restoring or
replacing the components that caused the machine to fail.

Figure 4.1 illustrates a possible processing flow to schedule maintenance tasks,
starting from the collection of sensor data to estimate the RUL and/or assess10

whether the quality of manufactured products drops with time. This estima-
tion/assessment can then be used to create/open maintenance tickets – in addition
to traditional preventive and corrective tickets – that can finally be assigned to
technicians optimally. The effectiveness of a maintenance schedule depends on
the company’s objectives (e.g., does the company want to minimize makespan,15

completion time, improve system availability or sustainability) and constraints
(e.g., machine and technician priorities, dependencies between machines or pro-
cesses, production schedules, etc.) [DS20]. Despite the prevalence of mathematical
programming [SSS+23; Sto23] and metaheuristic methods to solve maintenance
scheduling problems, uncertainty remains a challenge [GZT+23; ZTC+23] affecting20

the maintenance decisions mainly due to the assumption that parameters and their
degree of uncertainty are known in advance, which usually not the case in practice
[DKT+15]. Uncertainty can come from different sources such as: estimation of
RUL of equipment [BMM+20], duration of maintenance time [YLC16], availability
and efficiency / fatigue of the technician [FAP+17], or the occurrence of unexpected25

events such as sudden failures and unavailability of the technician.
To address this dynamic and stochastic problem, methods such as hybrid

simulation optimization (also known as Simheuristic) [AR20], ML [SHA+22], and
rule-based are often employed. Among these, GA is frequently utilized as part of
these methods for hybrid simulation optimization. This is a search and optimization30

algorithm inspired by the evolutionary principle, taking advantage of its capability
to efficiently explore and optimize complex solution spaces. It is widely used to solve
optimization problems, such as exergoeconomic optimization for geothermal power
plants [NNA+18], stock market prediction [DZY+24], PID optimization [ZAO+20],
communication networks [NGY+23] among others. On the other hand, DRL has35

been applied across various domains to obtain optimal (or near-optimal) policies,
even in environments with varying complexity and uncertainty. Applications range
from vehicle routing [PL23], drone racing [KBL+23], protein design [LWN+23],
and even sectors with high-risk implications such as healthcare care [YSW+23].
Although these methods are widely used to optimize maintenance scheduling,40
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Figure 1: Workflow diagram of the automated maintenance scheduling system

the maintenance decisions mainly due to the assumption that parameters and their degree of uncertainty are known in
advance, which usually not the case in practice (de Jonge et al., 2015). Uncertainty can come from different sources
such as: estimation of RUL of equipment (Benaggoune et al., 2020), duration of maintenance time (Ying et al., 2016),
availability and efficiency / fatigue of the technician (Ferjani et al., 2017), or the occurrence of unexpected events such
as sudden failures and unavailability of the technician.

To address this dynamic and stochastic problem, methods like hybrid simulation optimization (aka Simheuristic)
Alves and Ravetti (2020), Machine Learning (Su et al., 2022), and Rule-based are often employed. One of these meth-
ods for hybrid simulation optimization is GA. This is a search and optimization algorithm inspired by the evolutionary
principle, where solutions are obtained iteratively developed using genetic operators such as selection, crossover, and
mutation. It is widely used to solve optimization problems such as exergoeconomic optimization for geothermal
power plant (Nasruddin et al., 2018), stock market prediction (Deng et al., 2024), PID optimization (Zahir et al.,
2020), communication networks (Neumann et al., 2023) among others. On the other hand, Reinforcement Learning
(RL) is a type of machine learning in which an agent (decision maker) learns a policy through interaction with an
environment with the objective of maximizing a reward. For the nature of RL methods to obtain an optimal (near-
optimal) policy, several applications with different degrees of complexity and uncertainty have been implemented,
such as vehicle routing (Pan and Liu, 2023), drone racing (Kaufmann et al., 2023), protein design (Lutz et al., 2023),
and even sectors with high-risk implications like healthcare (Yang et al., 2023). Although these methods are widely
used to optimize maintenance scheduling, there is still a lack of understanding of how they behave under different
kinds of uncertainties. To fill this gap in the literature, this article aims to explore the performance of GA, RL, and
classical DR, in terms of time to repair, machine uptime, and time complexity, under varying levels of uncertainty for
machine failure distribution and maintenance duration.

Section 2 further discusses the maintenance scheduling problem, along with state-of-the-art methodologies and
methods to solve it. Section 3 formally describes the maintenance scheduling problem and the optimization methods
considered for benchmarking purposes (incl., RL, GA-Simheuristic, DR). Section 4 presents the results obtained
considering both simulated maintenance scenarios and a real-life use case; discussion and conclusions follow. Note
that all acronyms used in this paper are summarized in Table 1

2

Figure 4.1: Workflow diagram of the automated maintenance scheduling system

there is still a lack of understanding of how they behave under different kinds of
uncertainties. To fill this gap in the literature, this chapter aims to explore the
performance of GA, DRL, and classical DR, in terms of time to repair, machine
uptime, and time complexity, under varying levels of uncertainty for machine failure
distribution and maintenance duration.5

Section 4.2 further discusses the maintenance scheduling problem, along with
state-of-the-art methodologies and methods to solve it. Section 4.3 formally
describes the maintenance scheduling problem and the optimization methods con-
sidered for benchmarking purposes (incl., DRL, GA-Simheuristic, DR). Section 4.4
presents the results obtained considering both simulated maintenance scenarios10

and a real-life use case; discussion and conclusions follow.

4.2 Scheduling under uncertainty
4.2.1 Where does uncertainty come from?

The scheduling of maintenance tasks can be performed statically or dynamically.
Static scheduling, which is performed offline, is adopted when the maintenance15

requirements are known in advance (e.g., list of tasks and technicians, job duration,
technician’s skill level, etc.), while dynamic maintenance is performed online to
cope with the occurrence of unexpected events (e.g., sudden machine failures). The
dynamic nature of the problem is highly linked to the uncertainty underpinning
the maintenance process, whose most common types of uncertainty are [DS20]:20

• Maintenance type: there is often uncertainty about what maintenance
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actions must be performed when a ticket is created such as component
replacement, partial maintenance to restore a component’s life, inspection,
among others [YZC+19];

• Maintenance duration: the predicted duration of the maintenance can
highly vary depending on the complexity of the operation and the capabilities5

/ experience of the technician, or even depending on his fatigue at a given
time [FAP+17];

• Technician availability: technician might unexpectedly request sick leave or
vacation, or may need to be reassigned to a task of higher priority [RKdG+22];

• Machine availability: unexpected failures may occur at any time, or a10

change of priority in the production schedule [HCA20];
• Failure distribution: deterioration models of components are stochastic by

nature, which may originate from natural conditions, such as natural wear
and tear, or artificial due to human intervention [SBS+21];

• Joint schedule: when trying to take into consideration several schedules15

(e.g., maintenance and production schedules, aka. opportunistic mainte-
nance), any abrupt change in one of the schedules (e.g., change in production
frequency/priority) highly impacts the second schedule [WBF+20];

To solve the maintenance scheduling problem, three main classes of methods
can be used: (i) Mathematical Programming: set of techniques to find the optimal20

solution (or feasible solutions in case of complexity or time constraints) but with
the disadvantage of being computationally and time expensive; (ii) Metaheuristics:
set of techniques to find near-optimal solutions but with a faster processing time
than exact methods; and (iii) Machine Learning (ML): set of techniques that not
only allow one to perform a search for the solution but also to train the algorithm25

to identify patterns to generalize for new instances of the problem.

4.3 Maintenance scheduling approaches
To evaluate and compare different optimization methods under different degrees

of uncertainty, a two-stage approach is adopted, as illustrated in Figure 4.2. The
first step consists of building the environment to simulate the maintenance process in30

a job shop floor, where both machines and technicians are modeled (cf., Figure 4.2).
The uncertainty associated with machines and technicians, respectively, relate to
failure distribution and TTR. The second stage consists of the definition of the
three optimization methods (DRL, GA-S, DR) and the way to compare them.
These two stages are further detailed in sections 4.3.1 and 4.3.2 respectively.35

4.3.1 System description (Environment)
The maintenance scheduling problem is defined as when and how to perform

maintenance activities to maximize machine uptime. LetM be the set of machines.
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Figure 2: Overview of the two-stage dynamic maintenance scheduling framework

• Uncertainty: Maintenance time (Um), Technician availability (Ut), Machine availability (Uv), Production (Up),
Failures (Uf), Tooling degradation (Ut)

• Objective: Makespan (Mk), Maximum Tardiness (Ta), Completion Time (Co), Reliability of system (Re),
Availability of system (Av), Profit (Pt), Service cost (Sc), Sustainability (Su), Production (Po)

• Optimization methods: Metaheuristics (Me), Machine Learning (ML), Mathematical Programming (MP), Oth-
ers (O).

• Evaluation: Artificial Data (Ad), Real Data (Rd)

The literature analysis shows that most of the studies (≈57%) seek to minimize service costs as part of preventive
and/or predictive maintenance policies, but very few seek to minimize maintenance time, while it can contribute to
achieve substantial savings. Looking now at how and what type of uncertainty is tackled by the reviewed studies, it
is interesting to note that most addresses the uncertainty of failure and very few addresses the uncertainty related to
the duration of maintenance tasks (≈ 11%), while this duration can vary greatly from one technician to another. In
the reviewed studies, Németh et al. (2020) consider uncertainty about the availability of technicians and Valet et al.
(2022) and Detti et al. (2019) consider uncertainty about maintenance duration, but none of them consider/tackle both
together. In the present paper, we propose three methods to jointly address these two types of uncertainty using three
methods of different nature, namely RL, GA-simheuristic, and DR. In addition, our objective is to answer the research
question of “How does RL, GA-Simheuristic, DR perform when applied to different levels of uncertainty?, which to
the best of our knowledge has never been answered by the current literature. Section 3 presents the methodology to
answer this research question.

3. Maintenance scheduling approaches

To evaluate and compare different optimization methods under different degrees of uncertainty, a two-stage ap-
proach is adopted, as illustrated in Figure 2. The first step consists in building the environment to simulate the
maintenance process in a job shop floor, where both machines and technicians are modelled (cf., Figure 2). The un-
certainty associated with machines and technicians respectively relate to failure distribution and time to repair. The

7

Figure 4.2: Overview of the two-stage dynamic maintenance scheduling framework

Each machine i ∈M can fail at any time step t following a 2-parameter Weibull
distribution wit ∼ W(αi, βi) and changing its state, xit ∈ {0, 1, 2}, from a working
state (xit = 0) to a breakdown state (xit = 1). If machine i ∈ M fails, then a
technician j ∈ T needs to perform maintenance on machine i and the technician’s
state changes from available (yjt = 0) to busy (yjt = 1), while the machine’s5

state changes to maintenance (xit = 2). Maintenance is assumed to be perfect,
which means that machines are restored to the “As-Good-As-New” state. Each
technician j ∈ T has different skills (e.g., one technician may be able to repair
one type of failure in less time than another technician), so the intervention
time for each machine i ∈ M is given by dij ∼

⌈
N (µij, σij)

⌉
, where µij and σij10

indicate the mean and standard deviation of the TTR of technician j to machine i,
respectively. A machine i ∈M that is maintained by a technician j ∈ T in step t
is represented by zijt. We assume that a single technician repairs a machine at a
given step t, therefore ∑j∈J zijt = {0, 1}. The objective is to maximize the uptime
of the machines in the complete horizon, which is equivalent to minimizing the15

MTTR while simultaneously reducing the breakdown time of the machines. The
mathematical formulation can be written as in (4.1). Table 4.1 summarizes all the
variables used in this paper.

max
∑

∀t∈H

∑
∀i∈M

I(xit = 0) (4.1)

Where I(xit = 0) is an indicator variable that takes the value of 1 if the condition in
the parenthesis is met, in this case, the machine i at the timestep t is in a working20
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state. The goal of this objective function is to maximize the total number of time
steps t ∈ H where all machines i ∈M are in a working state xit = 0 throughout
the time horizon H.

Table 4.1: Nomenclature for variables used in the maintenance scheduling model

Variable Description
M The set of all machines
T The set of all technicians
D Maintenance Log
F The set of all failures
H Horizon of the scheduling
t Timestep 0 ≤ t ≤ H
αi Mean time of the failure for machine i
βi Standard deviation of the failure for machine i
xit State of the machine i at timestep t
yjt State of the technician j at timestep t
dij Intervention time of technician i to machine j
ηijt Remainig maintenace time of technician i to machine j at time t
µij Mean of the TTR for machine i by technician j
σij Standard deviation of the TTR for machine i by technician j
zijt Indicate if a technician j is doing maintenance to a machine i at the

timestep t
sk Time of the ticket opening k from the maintenance log
ck Duration of the ticket k from the maintenance log
qk Indicates the technician who serviced the ticket k
fk Indicates the type of failure of the ticket k
τi Normalized remainingn time of the intervention of the ticket i
ψi Normalized timespan since the last intervention of the ticket i
ϕj Normalized remaining time of the technician j to be available

The problem of decision making in the context of the assignment of maintenance
technicians can be formally represented as a Markov Decision Process (MDP),5

since we deal both with temporal dynamics (taking a maintenance decision at each
time step t) and probabilistic uncertainty (about the potential failure of machines
and the variable TTR of technicians). MDP is a mathematical formulation of a
problem in which an agent (decision maker) selects actions sequentially to transit
through different states guided by rewards. An MDP can be expressed as a 5-tuple10

⟨S,A,P , R, γ⟩ consisting of (i) a state space S: indicating all possible states in
which the agent can be in; (ii) an action space A: indicating all possible actions the
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agent can take; (iii) a transition function P : 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; (iv) a reward function R : S × A× S → R: returning an immediate
reward given by the transition from (s, a) to s′; and (v) a discount factor γ ∈ [0, 1]:
indicating how myopic the agent is (γ = 0 indicates that the agent only cares5

about immediate reward, while γ → 1 indicates that the agent gives more weight
to future state information).

The state of the system, represented by different characteristics of the technician
and the tickets, is represented by the vector o. This vector provides three time-
related features.10

• Remaining intervention time (τi): For each ticket i, τi ∈ R represents
the normalized time left for the intervention to be completed.

• Lifespan of the tickets (ψi): Each ticket i, reflects the normalized duration
or age since its creation represented by ψi ∈ R

• Technician availability (ϕj): For each technician j, ϕj ∈ R represents the15

remaining time of the technician to become available.
The state vector is represented as follows:

o = [τ1, ..., τ|M|, ψ1, ..., ψ|M|, ϕ1, ..., ϕ|T |] (4.2)
In our system, the actions are defined as a selection process in which an available

technician t ∈ T , is assigned to address and intervention i ∈M. The definition of
the action space is given by:20

a ∈M× T ∪ {d} (4.3)

The equation (4.3) and its components can be understood as follow:
• a : Is the action taken by the agent at a particular timestep
• M×T : Is the Cartesian product of the set of interventionsMand technicians
T . Represents all possible paring indicating which technician is assigned to
which intervention.25

• d : Indicated the scenario where no technician is assigned to any intervention.
The reward function is designed to provide a higher value as more machines are

in a working state and decrease as the time remaining for maintenance increases,
reflecting the cost of machines being out of service. The reward function, denoted
as r(o, a,o′), is defined as:30

r(o, a,o′) =
∑

i∈M(1− ηijt

max dij
)

|M|
(4.4)

Where each of the components of (4.4) are represented as:
• r(o, a,o′) : The reward function, dependent on the current observation o, the

action taken a, and the next observation o′.
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• (1 − ηijt

max dij
) : The operational efficency, ηijt is the remaining maintenance

time for machine i under technician j at time t, and max dij is the maximum
possible maintenance duration for machine i and technician j. As this fraction
represents the normalized remaining maintenance time, with the substraction
from 1 flipping the value to represent the efficiency (more remaining time5

means less efficiency).
• M : Represents the total number of machines to normalize the reward.

In general, the agent learns a policy (π) to perform the best assignment since the
reward is inversely proportional to the remaining TTR; therefore, cases may arise
where it is better to wait for a technician who will perform a fast intervention than10

to assign an available technician with a slow intervention time.

4.3.2 Decision-making layer
This layer defines the actions that should be performed based on the pending

maintenance tasks and the information from the technician. Sections 4.3.2 to 4.3.2,
respectively, introduce the proposed DRL, GA-simheuristic (GA-S), and DR to15

solve the dynamic maintenance scheduling problem formalized in Section 4.3.1.

Reinforcement learning

During exploration, the DRL agent has to select a technician and a machine
to perform maintenance. One challenge consists in avoiding illegal actions such
as “the selected technician is already working on another machine” or “the selected20

machine is already under maintenance”. There are usually two ways to solve this
problem: (i) penalizing the illegal actions of the agent with a negative reward; (ii)
using an action mask that allows the agent to select only actions that are valid
and discard exploring nonviable solutions. In the present paper, we propose to use
the Proximal Policy Optimization (PPO) [SWD+17] with action masking based on25

the Stable-baseline-3 (SB3) library implementation. PPO is part of the policy
gradient methods and ensures that the policy update stays close to the previous
policy by optimizing a clipped surrogate objective. The idea of action masking
is to apply a function directly on the raw logits of the actor’s network to prevent
the network from selecting actions as defined in (4.5)-(4.6), where l(s) is the logits30

generated based on state s and M is a large negative number. In this way, the
policy can prevent the selection of actions due to the zero probability of the softmax
function.

mask(l(s))i =
li if ai is valid in s

M Otherwise
(4.5)

π
′

θ(·|s) = softmax(mask(l(s))) (4.6)
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GA-S
GA is a popular alternative for the static scheduling problem [NKT+20], but

it faces several challenges in dynamic scheduling such as: (i) representing all the
states of an MDP in a chromosome may not be feasible, (ii) high execution time in
relation to the number of states, or still (iii) managing uncertainty is not possible.5

To address these challenges, we adopt a strategy to obtain solutions in every n
step with the current state of the system, where we combine the genetic search
for solutions using the MDP as a simulator. In our GA-S, the encoding of the
chromosome, at time t, is a vector of the form [e,b, c], where:

e = [e0, ..., eH ] ei ∈ {0, 1} (4.7)
b = [b0, ..., b|M−1|] bi ∈ T (4.8)
c = [c0, ..., c|M−1|] ci ∈ Z (4.9)

The elements of e represent whether a maintenance action will be performed10

ei = 1, or if no action, ei = 0, will be performed for each time step t. The elements
of b represent which technician will be assigned to perform the maintenance actions.
The elements of c represent which machine will receive maintenance. This encoding
allows one to preserve the sequential nature of actions. The vector e will generate
two new children, e1 and e2, based on a point ρ, the elements [e1

0 : e1
ρ−1] of the15

child e1 (as shown in Figure 4.2 through ❀ symbol) will be permuted and the
elements of [e2

ρ : e2
H ] of the child e2 (as shown in Figure 4.2 through ❈ symbol) will

be permuted. Let us consider η = ∑ρ
i=0 e

1
i , which is the number of maintenance

operations that were performed up to ρ. Now, similar to the previous operation,
the vector b and c will generate two new children each, b1, b2,c1,c2 based on η, the20

elements [b1
0 : b1

η−1] and [b2
η : b2

|M−1|] will be mutated to select different technicians,
while the elements [c1

0 : c1
η−1] and [c2

η−1 : c2
|M−1|] will be permuted to change the

order of maintenance operations. The new children are then denoted by [e1,b1, c1]
and [e2,b2, c2].
Dispatching rules25

A simple way to perform maintenance scheduling is to establish rules or guide-
lines to determine how and in what order maintenance tasks should be performed.
In this paper, we propose to use two rules for scheduling, namely (i) First-In-First-
Out (FIFO): the first available task is assigned to the first available technician1;
(ii) First-In-Best-Technician (FIBT): similar to FIFO except that the available30

technicians are evaluated regarding the maintenance task to be performed, the
most suitable technician – whose skills perform maintenance in the shortest time –
being assigned.

1In case the pairing cannot be performed, no maintenance action is performed.
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Figure 3: Schematic representation of the organizational structure in Section 4

3.2.3. Dispatching rules
A simple way to perform maintenance scheduling is to establish rules or guidelines to determine how and in what

order maintenance tasks should be performed. In this paper, we propose to use two rules for scheduling, namely
(i) First-In-First-Out (FIFO): the first available task is assigned to the first available technician1; (ii) First-In-Best-
Technician (FIBT): similar to FIFO except that the available technicians are evaluated regarding the maintenance
task to be performed, the most suitable technician – whose skills perform maintenance in the shortest time – being
assigned.

4. Result and analysis

In this section, we present the evaluation of RL, GA-S, and DR to solve the dynamic scheduling problem pre-
viously defined (cf., section 3.1), along with a financial discussion. To ease understanding of how this section is
structured, we refer the reader to Figure 3: section 4.1 discusses the experimental settings, including how artifi-
cial/synthetic data is generated to consider different degrees of uncertainty (section 4.1.1), how GA’s hyperparameters
are chosen (section 4.1.2), and how real data from historical maintenance data from a manufacturing industry are
processed/transformed to model the dynamic maintenance problem. Then, as highlighted in Figure 3, both datasets
(synthetic and real) are used as inputs of our experiments, whose results are presented and discussed in section 4.2.
Section 4.3 presents a case study on use of a manufacturing industry. Section 4.4 presents a brief discussion of the
financial considerations to apply each policy in terms of the uptime of the machines.

4.1. Experimental settings
4.1.1. Synthetic data

In reliability, the Weibull distribution is a continuous probability distribution commonly used to model the time to
failure Sulewski et al. (2022). It can be defined by 2-parameters, shape (β) and scale (α) parameters as shown in 10.

f (x;α, β) =
β

α

( x
α

)β−1
e−(x/α)β (10)

While the scale parameter represents a characteristic life, the shape parameter can characterize a specific type of
failure. This type of failure can be observed in the bathub curve, where a β < 1 represents infant mortality, β ≈ 1
a random failure, and β > 1 a wear-out effect Jayatilleka and McLinn (2021), as shown in Figure 4(a). In our
experiments, two degrees of uncertainty (low and high) for the failure distribution and time to repair are considered,
which leads us to define four scenario configurations that combine all degrees of uncertainty. To vary the uncertainty
of the failure distribution, β ∈ {1.2, 3.0} is defined, which represents the levels of uncertainty. These values were

1In case the pairing cannot be performed, no maintenance action is performed.

11

Figure 4.3: Schematic representation of the organizational structure in Section 4.4

4.4 Result and analysis
In this section, we present the evaluation of DRL, GA-S, and DR to solve the

dynamic scheduling problem previously defined (cf., section 4.3.1), along with a
financial discussion. To ease understanding of how this section is structured, we
refer the reader to Figure 4.3: section 4.4.1 discusses the experimental settings,5

including how artificial/synthetic data is generated to consider different degrees of
uncertainty (section 4.4.1), how GA’s hyperparameters are chosen (section 4.4.1),
and how real data from historical maintenance data from a manufacturing industry
are processed/transformed to model the dynamic maintenance problem. Then, as
highlighted in Figure 4.3, both datasets (synthetic and real) are used as inputs of our10

experiments, whose results are presented and discussed in section 4.4.2. Section 4.4.3
presents a case study on use of a manufacturing industry. Section 4.4.4 presents a
brief discussion of the financial considerations to apply each policy in terms of the
uptime of the machines.

4.4.1 Experimental settings15

Synthetic data
In reliability, the Weibull distribution is a continuous probability distribution

commonly used to model the time to failure [SS22]. It can be defined by 2-
parameters, shape (β) and scale (α) parameters as shown in 4.10.

f(x;α, β) = β

α

(
x

α

)β−1
e−(x/α)β (4.10)
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Table 4.2: Parameter Configuration for GA-S

Variable Value

Population Size 100, 250, 500
Mutation Rate 10%, 30%, 40%, 50%
Crossover Rate 10%, 50%, 100%
Stopping Criterion 5 minutes
Selection Strategy Tournament

While the scale parameter represents a characteristic life, the shape parameter can
characterize a specific type of failure. This type of failure can be observed in the
bathub curve, where a β < 1 represents infant mortality, β ≈ 1 a random failure,
and β > 1 a wear-out effect [JM21], as shown in Figure 4.4a. In our experiments,
two degrees of uncertainty (low and high) for the failure distribution and TTR5

are considered, which leads us to define four scenario configurations that combine
all degrees of uncertainty. To vary the uncertainty of the failure distribution,
β ∈ {1.2, 3.0} is defined, which represents the levels of uncertainty. These values
were selected to characterize the shape of the distribution where, 1.2 showed a
skewed distribution while 3.0 tends to be a more symmetrical distribution. β > 110

establishes a wear-out model in components where the uncertainty decreases as
β → ∞, reducing the spread of failures. The uncertainty in the TTR is defined
as σ ∈ {0.5, 1.5}, where the uncertainty decreases as σ → 0. These values were
chosen to provide a streched distribution, indicating a lower degree of uncertainty
in the distribution of failures (close to 0) and a longer characteristic of life being15

the components more resistant to failure, as shown in Figure 4.4b. Note that the
proposed MDP has an horizon of 168 steps, equivalent to one week.

GA-S hyperparameter optimization

We conducted a series of experiments with the objective of finding the best
setting of the GA’s parameters: population size, mutation rate, and crossover20

rate. To this end, a stopping time criterion (set to 5 min) is defined, along with a
tournament selection strategy. Experiments are carried out 20 times with β = 2.0
and γ = 1.0. In total, 324 configurations are tested, which is the result of the
combination of 3 Population size × 4 Mutation Rate × 3 Crossover Rate × 9-
step configurations. In each of these configurations, the values of the objective25

function are normalized to facilitate comparison and identification of the best
hyperparameter setting. Let us note that one of our goals is to select a parameter
setting that would be flexible and robust to any operator’s decision to modify the
number of steps when performing dynamic scheduling. Table 4.2 summarizes the
different hyperparameters selected.30
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Figure 4.5: Comparative analysis of genetic algorithm parameters: (a) Crossover
Rates, (b) Mutation Rates, and (c) Population sizes, over 24 steps

In the GA-S approach, it is essential to define a specific re-optimization
period to perform the rescheduling. In this sense, we propose to define G ∈
{1, 2, 4, 6, 8, 12, 16, 20, 24} in which the search for the optimal solution will be
performed. Although a timestep can be of different unit time (sec, min, hour), we
selected those numbers to refer to a day (1 to 24), which means that one timestep5

refers to 1H in our environment. Figures 4.5a, 4.5b, 4.5c show the performance
comparison between the different crossover rates, mutation rates, and population
size against the other parameters. The x-axis shows the different number of steps
in which the re-optimization/rescheduling is performed, while the y-axis shows
the values of the normalized objective function. Figure 4.5a presents the com-10

parative analysis of various crossover rates in all mutation rates and population
sizes. The first configuration, which involves 1-step rescheduling, executes the
scheduling process 168 times (as the MDP’s horizon is of 168 steps). At the other
extreme, the 24-step configuration carries out rescheduling only seven times, as it
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Table 4.3: Optimal genetic algorithm hyperparameters at each step interval

Number of Steps
1 2 4 6 8 12 16 20 24

Cross. 1.0 1.0 0.5 0.5 0.5 1.0 1.0 0.5 0.5
Mut. 0.3 0.3 0.5 0.4 0.5 0.1 0.1 0.1 0.1
Pop. 50001000100025002500500050005000100

reaches the end of the horizon. The values obtained are very close to each other,
and it is difficult to conclude any trend with the crossover rate. Looking now at
Figure 4.5b, which shows the comparative analysis of various mutation rates in all
cases of crossover rates and population sizes, one may note a slight improvement
associated with a mutation rate of 0.1 against the others for most of the steps.5

Finally, Figure 4.5c shows a comparative analysis of population sizes in different
time steps. The results suggest that a smaller population size is more advantageous
in high-frequency rescheduling, characterized by low time-step values, as it enables
increased crossover and mutation operations and enhances the exploration of diverse
solutions. However, by decreasing the frequency of rescheduling, which leads to10

higher complexity of the problem, a larger population size becomes more effective
as it covers a wider range of solutions. In summary, Table 4.3 gives insight into the
best configuration results per re-optimization period (G).
Real data transformation

In this section, we conduct the experiments in a real-life use case from a15

manufacturing industry. We used 10-year historical maintenance data in which we
pre-processed the data to extract the parameters for the maintenance duration and
failure distribution.

Each maintenance entry (ticket) k ∈ D is characterized by the following at-
tributes:20

• Creation date and time (sk) represents the specific date and time when
the maintenance ticket was created.

• Maintenance Duration (ck) denotes the total time taken to complete the
maintenance intervention

• Technician Identifier (qk) represents the id of the technician who complete25

the maintenance intervention
• Failure type (fk) represents the type of failure that was addressed by the

technician on the maintenance intervention
All tickets in the maintenance records are chronologically ordered based on their
creation date and time sk.30

Using this information, we performed a data processing to obtain the values of
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Figure 6: Illustration of feature extraction methodology based on maintenance data

Table 6: Comparative performance evaluation of RL, DR, GA, under different levels of uncertainty in Failure Distribution and Maintenance
Duration

Uncertainty Methods

Fail Dist Maint Dur RL D1 D2 G1 G2 G4

Reward MTTR Reward MTTR Reward MTTR Reward MTTR Reward MTTR Reward MTTR

High Low 27.40 4.03 23.68 6.05 23.99 5.90 27.51 5.83 26.71 5.86 26.56 5.81
Low Low 44.77 4.54 37.92 6.07 38.65 5.78 46.89 5.80 45.23 5.79 44.70 5.77
High High 27.19 4.90 25.37 5.96 25.77 5.65 27.64 6.84 27.15 6.60 26.81 6.40
Low High 45.01 4.74 39.47 6.04 40.28 5.76 46.43 6.71 44.74 6.50 43.95 6.44

Fail Dist Maint Dur G6 G8 G12 G16 G20 G24

Reward MTTR Reward MTTR Reward MTTR Reward MTTR Reward MTTR Reward MTTR

High Low 26.03 5.64 25.80 5.74 25.25 5.74 23.30 5.88 19.95 5.77 19.06 5.82
Low Low 44.18 5.62 43.01 5.76 41.44 5.93 37.54 5.93 32.94 5.75 30.73 5.77
High High 26.42 6.22 26.22 6.48 25.80 6.34 23.96 6.33 20.60 6.15 19.86 5.99
Low High 43.62 6.33 43.02 6.42 41.54 6.33 38.02 6.33 33.18 6.14 32.26 6.00

To model the failure distribution, we subdividedD by an initial filter into tickets by the type of failure f ∈ F and
for each technician j ∈ T , resulting in subsets D f j. Consequently, D is represented as the union of these subsets,
denoted by D = ⋃D f j. For each subset D f j, the Time Between Failures (TBF) is determined by sk+1 − (sk + ck)
where k ∈ D f j (see green samples in Figure 6). To model the failure distribution, we fit a two-parameter Weibull
distribution using the Reliability Library where we subsequently extracted α and β parameters. For the Time to
Repair (TTR) for each technician, represented by a normal distribution, we added a second filter in addition to each
failure type by filtering for each technician. The TTR for each ticket k was computed based on the duration ck, with
these samples highlighted as orange in Figure 6. From this procedure, we calculated the average repair time µ f j and
the standard deviation σ f j for each failure and technician combination.

4.2. Comparative analysis

In this section, results of the comparative analysis of the methods (RL, GA-S, DR) are presented and discussed. Let
us remind ourselves that (i) the performance evaluation of each method is done based on Equation 4 and considering
the MDP defined in Section 3.1. The reader can find hereinafter a few more experimental setting information for each
method:

• RL: the RL agent was trained using the PPO algorithm (Schulman et al., 2017) based on the SB3 library. For the
parameters of PPO, we define the size of the networks for the actor and critic as [256,256] for each. The total
number of steps in the environment to train the network is 3M with 250 epochs. The learning rate is defined as

14

Figure 4.6: Illustration of feature extraction methodology based on maintenance
data

µij , σij , αij , βij that will be used to represent the dynamic scheduling environment.
Maintenance data is used to calculate the MTTR and Mean Time Between Failures
(MTBF), as illustrated in Figure 4.6. These KPI will be used to estimate the
failure distribution and to determine the maintenance duration of the technicians
per failure.5

To model the failure distribution, we subdivide D by an initial filter into tickets
by the type of failure f ∈ F and for each technician j ∈ T , resulting in subsets
Dfj. Consequently, D is represented as the union of these subsets, denoted by
D = ⋃Dfj. For each subset Dfj, the Time Between Failures is determined by
sk+1−(sk+ck) where k ∈ Dfj (see green samples in Figure 4.6). To model the failure10

distribution, we fit a two-parameter Weibull distribution using the Reliability
Library where we subsequently extracted the parameters α and β. For the TTR
for each technician, represented by a normal distribution, we added a second filter
in addition to each failure type by filtering for each technician. The TTR for each
ticket k was calculated based on the duration ck, with these samples highlighted as15

orange in Figure 4.6. From this procedure, we calculated the average repair time
µfj and the standard deviation σfj for each failure and technician combination.

4.4.2 Comparative analysis
In this section, the results of the comparative analysis of the methods (DRL,

GA-S, DR) are presented and discussed. Let us remind ourselves that (i) the20

performance evaluation of each method is performed based on Equation 4.4 and
considering the MDP defined in Section 4.3.1. The reader can find hereinafter a
few more experimental setting information for each method:

• DRL: the DRL agent was trained using the PPO algorithm [SWD+17] based
on the SB3 library. For the parameters of PPO, we define the size of the25

networks for the actor and critic as [256,256] for each. The total number
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Table 4.5: Wall-clock time (s) comparison of DRL, GA, and DR for maintenance
scheduling under differing degrees of uncertainty

Configuration Methods

Failure Distribution Maintenance Duration DRL D1 D2 G1 G2 G4

High Low 0.38 0.05 0.04 6317.05 563.27 226.32
Low Low 0.35 0.04 0.04 6681.33 606.27 237.62
High High 0.35 0.04 0.05 6186.50 537.95 226.43
Low High 0.38 0.04 0.04 6400.39 559.74 229.44

Failure Distribution Maintenance Duration G6 G8 G12 G16 G20 G24

High Low 582.09 417.07 1268.48 917.97 696.99 64.17
Low Low 598.62 437.04 1270.40 930.85 717.78 72.07
High High 582.41 416.96 1148.53 872.95 680.05 62.58
Low High 592.93 418.19 1171.24 894.28 665.13 68.41

of steps in the environment to train the network is 3M with 250 epochs.
The learning rate is defined as a linear schedule from 1e−2 → 0 for the total
training. Other parameters follow the default settings in SB3. The PPO policy
converged after training for 13 hours on 4 GPUs of Tesla V100-SXM2-32GB
and 28 CPU cores;5

• GA-S: the implementation of the GA-S model is based on the Pymoo library.
We defined different numbers of steps in which the search for the optimal
solution will be performed based on current information for the tickets
(failures) and the availability of the technicians. The scheduling is performed
in every nG step given that n ∈ Z and 0 ≤ nG < H;10

• DR: for the two DRs (FIFO, FIBT), there are no hyperparameters to define. In
each timestep, the rules perform an assignment based on current information
as described in Section 4.3.1.
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Figure 4.7: Performance differential of DRL, DR, GA across low and high uncer-
tainty in TTR and Failure Distribution

The results of the comparison analysis are presented in Table 4.4 for the three
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methods2. We used the reward and the MTTR as KPI as both provide different
insights into the performance of the methods in scheduling. The MTTR provides
information on the effectiveness of technician allocations in performing interventions,
while the reward provides an overall health and productivity of the system as it
measures the working state of the machines and the remaining maintenance time.5

In the case of the reward (Eq. 4.4), the results obtained from DRL and G1 are quite
similar; the total reward obtained is slightly higher in GA-S than in DRL for the
cases where the uncertainty is low for the failure distribution, but the performance
of DRL – compared to GA-S – increases along with the increase of uncertainty
in the failure distribution. This finding can be visualized in Figure 4.7 where10

we display the difference between DRL, D2, and GA-S for 1 step (every hour), 8
steps (every shift), and 24 steps (every day). The greatest impact on the reward is
influenced by the uncertainty of the Failure Distribution. With the DRL approach,
the results show that there is a tendency to obtain better results when there is less
unpredictability in the Failure Distribution even if there is high uncertainty on how15

long the maintenance will take. In contrast, the GA-S approach shows the opposite
response under similar conditions. On the other hand, when the uncertainty in the
Failure Distribution is high, it’s the GA-S methods that improve the rewards, while
DRL method’s rewards decrease. Regarding DR, even if the methods provide lower
rewards, the reward increases when the uncertainty in both Failure Distribution20

and Maintenance Duration increases. This difference highlights the behavior of
the methods under uncertainty and which method might be more reliable under
different conditions. Regarding the MTTR, DRL showed superior performance,
consistently achieving lower values compared to the other methods, including D2,
which is responsible for choosing the best technician. This suggests that DRL is an25

effective approach for the maintenance process, leading to a better allocation of
resources and a reduction in operational downtime. In the case of DR methods,
there is an exceptional behavior for the high uncertainty in the Failure Distribution
and the Maintenance Duration, where a decrease is observed in the MTTR for
both D1 and D2.30

Let us now analyze the wallclock time it takes to make inferences for each
of the methods, whose results are given in Table 4.5 (note: inferences were run
on a MacOS Ventura with 2.6 GHz 6-Core Intel Core i7 on the processor and
32 GB 2667 MHz DDR4 on RAM). It can be observed that the method that
obtains the results in the shortest time is DR, followed by DRL, and finally GA-S.35

The wallclock time taken by GA-S to obtain the results for each step (1h step)
is higher (≈ 1.72 on average) than the time needed to calculate the steps (1h),
which makes it not applicable in real-time settings with our current computational

2We remind the reader that G1, G2, G4,. . . , G24 refer to the use of GA-S considering different
re-optimization periods for generating the re-scheduling (i.e., every hour, 2h, 4h,. . . , 24h).
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Table 4.6: Comparative Evaluation of reward, TTR, and solving time for DRL,
DR, GA methods using real data

Metric DRL D1 D2 G1 G2 G4
Reward 11.38 6.83 5.52 6.85 7.06 6.97
MTTR 4.68 4.49 2.62 4.49 4.50 4.56
Time (s) 0.77 0.20 0.19 10476.30 1061.07 569.52
Metric G6 G8 G12 G16 G20 G24
Reward 6.76 6.78 6.66 6.57 6.15 6.62
MTTR 4.53 4.51 4.47 4.49 4.23 4.37
Time (s) 1203.02 887.39 2022.17 1580.30 1873.02 224.70

resources. We should mention that there is no linear relationship between reducing
the number of steps and the complexity of the problem when applying GA-S to this
problem. When we perform the scheduling in each time step, we have to perform
168 schedules that represent 168 hours (equivalent to 1 week); however, the number
of interventions to be performed will be significantly reduced because in each5

schedule we solve certain active tickets. On the other hand, reducing the frequency
of scheduling involves greater complexity by having more active interventions due
to the cumulative tickets that are being generated in each step of time for which
we do not perform any action. This effect can be seen as the computational time
decreases in G1, G2, and G4, but increases in G6, and increases again from G8 to10

G12.

4.4.3 Use case study of a manufacturing industry
We present here the real-life case study using 10 years of historical maintenance

data from a manufacturing company. To do so, we conducted the analysis described
in Section 4.4.1, which resulted in the derivation of 100 Weibull distributions for all
types of failures and machines and 8 technicians. For this, ten representative Weibull
distributions were chosen with sufficient samples at the fitting time and making sure
that they are satisfying specific criteria. Among other criteria, a shape parameter
greater than 1.0 and the distributions with a low-scale parameter are expected,
which eases the execution of the experiments, since failure distributions occur in a
short amount of time modeling wear-out degradation. Let these ten distributions
be represented by lists αreal and βreal, with ten values each representing the scale
and shape parameters of a Weibull distribution, respectively. Our experiments are
based on a set of 100 Weibull distributions formed by combining the values of αreal

and βreal defined as:
{W (s, k) : s ∈ αreal, k ∈ βreal}

45



The results, presented in Table 4.6, reveal important insights into the behavior
of the scheduling methods for the real-based scenario.

• GA-S shows a minimal variation for the different reschedule frequency,
suggesting that the occurrence of failures is prolonged. Consequently, having a
lower frequency reschedule (e.g. 24 hours reschedule) offers optimal benefits in5

terms of wallclock time, as frequent rescheduling does not provide significantly
benefits.

• DRL once trained, shows a shorter inference time compared to GA-S. This
efficiency translates into significant time savings when used recurrently, as
illustrated in Figure 4.8. Furthermore, the results presented show that the10

reward is considerably higher compared to the other methods, indicating how
well DRL methods deal with real data distributions to keep machines in a
working state.

• DR present lower reward than compared to the best model of the other
methods. However, the D2 variant of DR effectively reduces MTTR by15

assigning the best technicians compared to GA and DRL. This trade-off
between suggests that although D2 optimizes technician assignment, it may
not adequately address the complexity of the environment, particularly in
prioritizing less frequent but critical failures.

Based on these findings, selecting the appropriate scheduling method involves a20

strategic decision. While GA-S may be less efficient in terms of computational
time, its consistent results across rescheduling frequencies is suitable for a more
stable and less complex parameter tuning, in addition, it presents a well-balanced
solution between the reward and MTTR. In contrast, the DRL approach is highly
time-efficient and generates higher rewards, making it attractive for operations that25

need high uptime. Lastly, rule-based methods are an alternative without the need
for parameter selection that demonstrates excellent performance in minimizing the
MTTR with a low computational time. Each of these methos presents benefits and
challenges that the decision maker should consider.

4.4.4 Financial consideration30

The objective of the proposed model is to minimize the downtime of the
equipment that leads to a reduction in the maintenance duration. It should be
noted that several costs are involved in the maintenance operations, including e.g.
the type of maintenance performed. Imperfect maintenance allows to restore the
equipment to a previous state by extending the RUL of the component or equipment,35

or replacement operation, whose purpose is to restore the equipment as good as new
by substituting the component by a new (or almost new) one. The cost of these
different types of maintenance can vary significantly, with maintenance replacement
operations generally being more expensive. In addition, if the component of an
equipment cannot be maintained because it reaches its useful life, a spare part40
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Figure 4.8: Wall-Clock time required by DRL, G1, G8, G24 for scheduling over
different periods of time

needs to be installed. This is one of the most significant costs after a breakdown,
especially for high-end equipment. Another factor to consider is the cost of the
workforce. Indeed, maintenance operations require skilled technicians who can
perform maintenance with different degrees of quality, not only by reducing MTTR
but also maximizing MTBF. On the business side, a decision maker needs to5

consider the advantage of extending the lifespan of the equipment to keep a high
production against the cost of performing maintenance considering spare parts,
technicians, type of maintenance, among other factors.

4.5 Conclusion
Maintenance scheduling implies dealing with different types of uncertainty,10

spanning from the maintenance duration (which may highly vary depending on the
assigned technician) to RUL estimation/approximination or unexpected changes in
the production schedule. While metaheuristics and some extensions (e.g., Simheuris-
tics) have been widely used to deal with stochastic combinatorial optimization
problems, DRL is increasingly used in all sectors due to democratization of AI/ML.15

The present chapter covers two types of uncertainty as part of the stochastic
scheduling problem (uncertainty about machines’ failure distribution and time
to repair of technicians), with the overall goal of increasing machine uptime and
reducing MTTR, while minimizing wallclock time. Experiments are carried out con-
sidering both artificial/synthetic data and a real-life use case with a manufacturing20

company (using 10 years of maintenance data). The experimental results indicate
that DRL shows an exceptional adaptability to decrease the MTTR, especially
in the face of high uncertainty. Overall, GA-S performs well in several scenarios,
particularly when the re-optimization frequency is high (re-optimized every hour),
but has the disadvantage of having a high inference time. Finally, DR policies25

provide a computationally efficient solution for fast decision making under resource
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constrained conditions. For example, in the case of the real-life use case, DRs
obtain high performance in reducing TTR compared to DRL and GA-S. Although
the exploration space is large, the complexity of the environment is low, allowing it
to outperform in terms of MTTR.

In the following chapter, we will investigate how the design of DRL-based5

policies can overcome the classical maintenance policies used in the industry for
environments with multicomponent machines. To do this, we will analyze the
operational state of the equipment with the goal of maintaining high uptime while
maximizing the RUL.
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5
Multi-agent Deep Reinforcement Learning based
Predictive Maintenance on Parallel Machines

Machines on the shop floor consist of multiple components that can fail
unexpectedly, requiring technicians with varying levels of experience and skills to5

restore operations. In this chapter, we present a multi-agent reinforcement learning
approach to address the optimization of maintenance and evaluate their
performance against classical maintenance strategies.

Contents
10 5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.2 Multi-agent DRL-based maintenance policy . . . . . . 53
5.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 6215

49



5.1 Introduction
In recent years, the use of ML techniques has gained significant traction in

PdM applications in the manufacturing industry [SAS21]. While both supervised
and unsupervised learning techniques have already been widely used in the manu-
facturing industry, accounting for 90-95% of all applications according to [DB21],5

especially for PdM [LPB+20], DRL has been much less studied [dGMO+21]. This
limited focus on DRL is a missed opportunity, as DRL provides many interesting
features [SB18], such as learning by interacting with the environment, measuring
the utility of actions that yield long-term benefits, optimizing complex sequential
decisions under uncertainty, adding that DRL takes advantage of the multi-agent10

approach, which allows for multi-objective optimization [KLS+20].

5.1.1 DRL-based Maintenance Policies and Strategies
RL-based maintenance strategies usually address a sequential or parallel man-

ufacturing process. The former (sequential) refers to processes where multiple
machines are connected and dependent on each other, as depicted in Figure 5.1a15

and 5.1b (machine M3 requiring, as inputs, goods manufactured by M2, which itself
requires goods manufactured by M1), while the latter (parallel) refers to processes
where machines are independent of one another (i.e., goods being manufactured
by machines in parallel), as depicted in Figure 5.1c and 5.1d. For each type of
manufacturing process, two types of agent architectures can be applied for decision-20

making, namely centralized (decisions regarding the different components/processes
are taken by a single logical agent) or distributed (decisions are distributed among
multiple logic agents), thus leading to the four architectural design possibilities
depicted in Figure 5.1.

In the domain of centralized agent architectures, several approaches have been25

developed with the objective of optimizing maintenance scheduling, particularly
in the context of parallel manufacturing environments where machines operate
independently, as shown in Figure 5.1c. Xu and Cao [XC19] propose a centralized
approach to schedule maintenance tasks of a machine tool, the objective being to
improve the energy efficiency of the production process. This policy can be applied30

to different states of machine degradation, taking into account productivity, product
quality, and energy consumption. A control policy for manufacturing facilities
linked to a finished products buffer is proposed by Xanthopoulos et al. [XKK+17],
where the agent policy allows to alternate between production and maintenance
actions. This approach was compared with other production policies, such as35

Kanbas and (s,S), along with maintenance policies such as CBM and periodic-
based. Experiments have shown that the DRL-based policy succeeds in reducing
the cost function, providing high-level of service while keeping inventory as low as
possible. An extension of this work was proposed by Paraschos et al. [PKK20] to
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architectural design possibilities depicted in Figure 2.
In the following, the 8 articles adopting an RL-based
maintenance approach are further discussed, first focus-
ing on studies adopting a centralized approach, and then
on studies adopting the distributed one.

Xu and Cao [62] propose a centralized approach to
schedule the maintenance tasks of a machine tool, the
objective being to improve the energy efficiency of the
production process. This policy can be applied to dif-
ferent states of machine degradation while taking into
account productivity, product quality, and energy con-
sumption. A control policy for manufacturing facilities
linked to a finished products buffer is proposed by Xan-
thopoulos et al. [68], where the agent policy allows
to alternate between production and maintenance ac-
tions. This approach was compared to other production
policies, such as Kanbas and (s,S), along with main-
tenance policies such as condition-based and periodic-
based. Experiments have shown that the RL-based pol-
icy succeeds in reducing the cost function, providing
high-level of service while keeping inventory as low as
possible. An extension of this work was proposed by
Paraschos et al. [51] to include quality data that is re-
lated to the system degradation level. In addition, the
authors include a recycling policy so that agents can ad-
ditionally perform the action of recycling second-class
goods. This system is guided to maximize profits for

the different products, and to minimize maintenance and
production costs. Their work was tested in different sce-
narios with variable production times and deterioration
frequencies. Results showed that the proposed policy
achieves higher profits than other policies, and is effec-
tive in managing inventory levels and preventing equip-
ment deterioration. Huang et al. [61] have been working
on the problem of PM for a serial production line with
multi-stage machines, this work having been extended
in [50] to find the optimal time to execute preventive
actions. The authors have compared their work with
respect to different maintenance policies such as CM,
PM, opportunistic, and different RL algorithms, whose
results show that the RL policy manages to keep main-
tenance and production costs below the other policies.
Wang et al. [39] propose the optimization of produc-
tion scheduling and maintenance of multiple factories
in which collaborative maintenance policy is performed.
In their model, both machine deterioration and unex-
pected failures are taken into account with the aim of
maximizing the total profit, where collaborative mainte-
nance is ensured through the use of blockchain technol-
ogy.

Regarding studies adopting the distributed scheme,
let us cite Kuhnle et al. [60] who propose an approach
to determine the best window of opportunity to per-
form maintenance in a stochastic production environ-
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include quality data that are related to the level of system degradation. In addition,
the authors include a recycling policy so that agents can additionally perform the
action of recycling second-class goods. This system is guided to maximize profits
for the different products, and to minimize maintenance and production costs.
Their work was tested in different scenarios with variable production times and5

deterioration frequencies. The results showed that the proposed policy achieves
higher profits than other policies, and is effective in managing inventory levels and
preventing equipment deterioration. Wang et al. [WYW21] propose optimization of
production scheduling and maintenance of multiple factories in which a collaborative
maintenance policy is performed. In their model, both machine deterioration and10

unexpected failures are taken into account with the aim of maximizing the total
profit, where collaborative maintenance is ensured through the use of blockchain
technology.

In the context of sequential manufacturing processes, where machines are
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interconnected and dependent on each other, centralized approaches have proven
effective in managing maintenance tasks, as illustrated in Figure 5.1a. For example,
Huang et al. [HCC19] have been working on the problem of PM for a serial
production line with multi-stage machines, this work having been extended in
[HCA20] to find the optimal time to execute preventive actions. The authors have5

compared their work with respect to different maintenance policies such as CM,
PM, opportunistic, and different DRL algorithms, whose results show that the
DRL policy manages to keep maintenance and production costs below the other
policies.

In the domain of distributed maintenance strategies, where multiple agents can10

collaborate to optimize maintenance tasks in different manufacturing environments,
as presented in Figure 5.1b and Figure 5.1d. Kuhnle et al. [KJL19] focused on
a parallel stochastic production environment to determine the best window of
opportunity to perform maintenance. Their work is based on the use of multiple
independent agents that learn the policy based on information from the production15

system buffer and time-to-failures. The DRL policy outperforms the CM and
PM policies with respect to completed jobs and evidenced how the agents learn
to execute maintenance closer to failure times with a low buffer volume. On the
other hand, Su et al. [SHA+22] extended Huang et al. work [HCC19; HCA20],
transitioning from single-agent to multi-agent systems for PM in sequential, multi-20

stage production lines. Their main contribution is to demonstrate convergence
towards better policies and to solve scalability issues by the joint action space of
the single agent approaches. Although the above-discussed studies are interesting
in many respects, they still suffer from two main limitations: (l1) they do not
fully account for the dynamic availability and skill levels of technicians, which25

can significantly impact the efficiency of maintenance tasks; (l2) they remain
restricted to managing only a single type of machine failure, whereas in real-world
environments, multiple failure types need to be addressed simultaneously.

Addressing these limitations requires careful consideration of the underlying
agent architecture. Although there is a tendency to adopt centralized architectures30

due to the inherent complexities of distributed frameworks, distributed approaches
introduce a number of challenges. These include agent heterogeneity, communica-
tion, the definition of collective goals (cooperation), scalability, non-stationarity,
and so forth [DR19; NNN20]. However, distributed approaches offer a more realistic
and potentially powerful solution when these challenges are effectively addressed35

and managed. For this reason, this chapter explores a new multi-agent DRL-based
maintenance policy aimed at overcoming the previously discussed limitations (l1,
l2).

To address the challenges of developing effective and adaptive maintenance
policies, this chapter proposes a novel DRL-based maintenance strategy aimed40
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at dynamically responding to unexpected failures, managing uncertainty, and
optimizing system uptime.

Section 5.2 provides the formalization of the DRL model that underpins the
proposed maintenance policy. Section 5.3 presents the experimental setup and
evaluation of our system in two manufacturing scenarios. Finally, a discussion and5

conclusion are given in Sections 5.4 and 5.5 respectively.

5.2 Multi-agent DRL-based maintenance policy
This Section presents the mathematical formalization underlying our DRL

system. Section 5.2.1 introduces the environment considering a set of identical-
parallel machines subject to multiple failures. Section 5.2.2 presents the DRL-10

Framework explaining in detail the interaction that the agents have with the
environment. All notations used in this work are summarized in Table 5.1.

Table 5.1: Notation used in this chapter

Notation Description
M Set of machines
Cm Set of components of m ∈M
fc Failure time of c ∈ Cm

T Set of Technicians
rtc Repairing time by technician t ∈ T given a component c ∈ Cm

W (x;α, β) 2-parameter Weibull distribution
zm State of m ∈M
gt State of t ∈ T
wc State of c ∈ Cm

lc Lifespan of component c ∈ Cm

em Remaining maintenance time of m
rm Reward obtained by agent in charge of m
om Local observation obtained by agent in charge of m
am Action taken by the agent in charge of m
η Reward penalty due to breakdown prediction
p Total profit

5.2.1 System description
Let us consider a factory where the production is performed by M identical

machines. Each machine m ∈M is integrated by Cm components, which can fail15

at fc | c ∈ Cm timesteps. The machine m can receive maintenance by any available
technician t ∈ T to restore or repair any c ∈ Cm. Each t has a repairing time r for
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Figure 3: Environment proposed for multi-agent deep RL-based PdM

4. Evaluation

For evaluation purposes, the proposed RL-based
maintenance policy is going to be compared with tradi-
tional ones such as CM and PM. Section 4.1 describes
such policies. Section 4.2 presents the experimental set-
up. Section 4.3 presents the training phase of the multi-
agent system. Section 4.4 presents and discusses the
obtained results.

4.1. Maintenance Policy Benchmarking

To evaluate the proposed RL-based maintenance pol-
icy, three maintenance policies are implemented: cor-
rective (CM), preventive (PM), and a random one (RA),
in a similar way as proposed in [60]. Each of these poli-
cies is further described in the following.

CM is the simplest policy. It is based on waiting for
any of the components c in machine m to fail before
performing the maintenance action. Once the machine
goes to the breakdown state, it checks if there is a tech-
nician t available. If any, technician t is assigned to m,
otherwise, m makes the t query at each time step un-
til it can perform the assignment. The pseudocode of
this policy, which has been implemented in our envi-
ronment, is detailed in Algorithm 1.

The RA policy is part of the preventive maintenance
policy because it tries to perform maintenance actions
before the failure occurs. For this, an ǫ can be defined,
which determining the probability of requesting a tech-
nician t to perform maintenance actions to any of the
components c ∈ Cm, even if the maintenance is not
‘necessary’ (i.e., not critical). In case there is no tech-
nician available, the operation is repeated for the next

Algorithm 1 CM policy
m← current machine
Cm ← set of Components
if state(m) = breakdown then

for t in T do
if state(t) = available then

for c in C do
if state(c) = break then

do maintenance to c by t
break

time step. The pseudocode of this policy is detailed in
Algorithm 2.

Algorithm 2 RA policy
Parameters ǫ ∈ (0, 1]
m← current machine
Cm ← set of Components
r ← random number between 0 and 1
cr ← random c from C
if r < ǫ then

for t in T do
if state(t) = available then

do maintenance to cr by t
break

The PM policy performs maintenance actions period-
ically. A time period T should be set for each c ∈ C.
This will indicate the times at which maintenance will
be requested to be performed on the components c ∈ C.
In case that c failed before the maintenance action is
performed, the PM policy can request a technician t to

8

Figure 5.2: Environment proposed for multi-agent DRL-based PdM

each type of component c. The repairing time r by technician t given a component c
is defined as rtc ∈ Z+.

We can represent three states for each machine that evolve in discrete-time
steps. The first is working, which indicates that the machine is running normally
and has not shown any type of failure. The second is breakdown, in which one5

or more c have failed and the machine can not return to the working state until
c has/have been repaired. To model the failure of a component, a 2-parameter
Weibull distribution is used, as commonly adopted in the literature to describe
equipment failures [Hal93], where the probability density function is defined as
W (x;α, β) = βxβ−1

αβ e−( x
α

)β , with α the scale parameter and β the shape. The last10

state is maintenance, which indicates that a technician t has been assigned to repair
a c in rtc time steps. If the machine does not present any other type of failure,
then it will switch back to the working state. Ideally, the machine should move
from the working state to the maintenance state without having to go through
the breakdown state. Finally, any available technician can be assigned when the15

machine is in the working or breakdown state.

5.2.2 Multi-agent models
In order to obtain optimal or near-optimal maintenance policies, a DRL approach

is employed. According to this, multiple decision-making agents are placed in an
environment whose dynamics are initially unknown [SB18]. This environment20

can be formally described using an extension of the MDP called Markov Games
(MG), also known as Stochastic Games. As mentioned in Chapter 4, an MDP
is a mathematical formulation of a problem in which an agent (decision-maker)
selects actions sequentially to transit through different states guided by rewards.
MDP can be expressed as a 5-tuple ⟨S,A,P , R, γ⟩, which consists of a state space25

S indicating all possible states the agent can be in; an action space A indicating
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all possible actions the agent can take; a transition function P : 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; a reward function R : S × A × S → R
that returns an immediate reward given by the transition from (s, a) to s′; and a
discount factor γ ∈ [0, 1] indicating how myopic the agent is, a γ = 0 indicating5

that the agent only cares about immediate reward and in the case of γ → 1 the
agent gives more weight to future state information. MG is a generalization of
MDP to work with multiple agents. MG for N agents can be defined by the
6-tuple

〈
N,S, {Ai}i∈N ,P , {Ri}i∈N , γ

〉
, which consists of a state space S indicating

the state space observed by all the agents; an action space Ai indicating all possible10

actions the agent i can take; a transition function P : S × A → S, given that
A = A1× ...×Ai, indicating the probability of transitioning from any state s ∈ S to
any state s′ ∈ S for any joint action a ∈ A; a reward function Ri : S ×A× S → R
that returns an immediate reward received by agent i for a transition from (s, a)
to s′; and a discount factor γ ∈ [0, 1].15

The proposed predictive maintenance policies (DRL policies) performed two
tasks: (i) keep the machines in a working state as long as possible; (ii) prevent any
failure that could lead to a breakdown state by triggering a maintenance action.
Using the MG framework, agents determine their actions based on the observations
given by the system. Therefore, it is required to design local observations that20

provide the basis for the agent’s actions and provide useful information for training.
To perform the above described tasks, agents observe a representation of the system
state that includes the state of all the machines and technicians. However, each
agent is limited to observe the lifetime of the components of its own machine and
any remaining time of maintenance. This limits the decision-making of the agents25

(since they are partially unaware of the complete state of the other machines),
which contributes to decrease the complexity of their decision-making.

The system state observed by an agent am responsible for the machine m is
represented by the vector given in (5.1), where zi ∈ {0, 1, 2} gives information
whether machine i ∈M is in a working, breakdown or maintenance state respectively,30

gj ∈ {0, 1} whether a technician j ∈ T is working on a particular machine (0) or
free (1), wc represents the state of component c ∈ Cm, lc the lifespan of component
c ∈ Cm, and em the remaining maintenance time of machine m.

om = (z1, ..., z|M |, g1, ..., g|T |, w1, ..., w|Cm|, l1, ..., l|Cm|, em) (5.1)

Depending on the observation, each agent must select whether to perform a
maintenance action by selecting an available technician and the component to35

be maintained or to delay maintenance. The action of agent am responsible for
machine m is given in (5.2) where d means that no technician will be assigned to
m.
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am ∈ T × Cm ∪ {d} (5.2)
To guide agents in learning the policy, a reward function is defined to benefit the

agent to keep the machine in the working state and to predict the best time to trigger
maintenance actions. This function is defined in (5.3), where om is the observation
of the current state of the machine m, am the action taken, and o′

m the next
observation obtained from machine m. η is defined in (5.4), with fc ∼ W (x;α, β)5

the time steps in which the selected component c by the maintenance action will
fail, and lc the current time steps of the component.

rm(om, am,o′
m) =



1 if o′
m = working

1− η if o′
m = maintenance

0 if o′
m = breakdown

−2 if a = invalid

(5.3)

η =


fc−lc
fc+lc

if fc > lc

1 otherwise
(5.4)

Overall, the agents learn how to keep machines in the working state as long
as possible due to the fact that this condition allows them to obtain the highest
reward and, indirectly, to identify the best technicians to perform maintenance in10

the shortest amount of time steps to move out of the breakdown and maintenance
state as quickly as possible.

5.3 Evaluation
For evaluation purposes, the proposed DRL-based maintenance policy will be

compared to traditional ones, such as CM and PM. Section 5.3.1 describes such15

policies. Section 5.3.2 presents the experimental setup. Section 5.3.3 presents the
training phase of the multi-agent system. Section 5.3.4 presents and discusses the
results obtained.

5.3.1 Maintenance Policy Benchmarking
To evaluate the proposed DRL-based maintenance policy, three maintenance20

policies are implemented: corrective (CM), preventive (PM), and random (RA),
in a way similar to that proposed in [KJL19]. Each of these policies is described
below.

CM is the simplest policy. It is based on waiting for any of the components c
in machine m to fail before performing the maintenance action. Once the machine25

goes to the breakdown state, it checks if there is a technician t available. If any,
technician t is assigned to m, otherwise, m makes the t query at each time step
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until it can perform the assignment. The pseudocode of this policy, which has been
implemented in our environment, is detailed in Algorithm 1.

Algorithm 1 CM policy
1: m← current machine
2: Cm ← set of Components
3: if state(m) = breakdown then
4: for t in T do
5: if state(t) = available then
6: for c in Cm do
7: if state(c) = break then
8: do maintenance to c by t
9: break

The RA policy is part of the preventive maintenance policy because it tries
to perform maintenance actions before the failure occurs. For this, an ϵ can be
defined, which determining the probability of requesting a technician t to perform5

maintenance actions on any of the components c ∈ Cm, even if maintenance is not
‘necessary’ (i.e., not critical). In case there is no technician available, the operation
is repeated for the next time step. The pseudocode of this policy is detailed in
Algorithm 2.

Algorithm 2 RA policy
Parameters ϵ ∈ (0, 1]
m ← current machine
Cm ← set of Components
r ← random number between 0 and 1
cr ← random c from C
if r < ϵ then

for t in T do
if state(t) = available then

do maintenance to cr by t
break

The PM policy performs maintenance actions periodically. A time period T10

should be set for each c ∈ C. This will indicate the times at which maintenance will
be requested on the components c ∈ C. In case that c failed before the maintenance
action is performed, the PM policy can request a technician t to perform a corrective
action to the particular component that failed. The pseudocode of this policy is
detailed in Algorithm 3.15
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Algorithm 3 PM policy
Parameters T = {τ1, ..., τc} period of maintenance for each c in Cm

i ← current timestep
m ← current machine
Cm ← set of Components
if state(m) = working then

for τ in Tc do
if i = τ then

for t in T do
if state(t) = available then

do maintenance to c by t
break

else
do apply the CM Policy
break

Table 5.2: Parameters of the studied scenarios

|M | |T | |Cm| αc βc rtC

Scenario 1 3 2 2 ⟨6, 8⟩ ⟨5, 5⟩
〈
(8, 2), (2, 8)

〉
Scenario 2 5 3 2 ⟨6, 8⟩ ⟨5, 5⟩

〈
(8, 2), (2, 8), (8, 8)

〉

The next Sections detail the experimental environment and setup in which
the three above maintenance policies and ours (RL) have been implemented for
evaluation and comparison purposes.

5.3.2 Experimental setup
To test our system, a variable number of agents and technicians is defined and5

two types of component failures are modeled based on the W (x;α, β) distribution.
A different α for each type of failure is used, which analogously represents the
time to failure, and a single β ≥ 2 is set to model wear-out failures [DS98]. Three
technicians are defined, where only the first two are used in the first scenario
(as reported in Table 5.2). The repair time of the technicians is set so that one10

technician is highly experienced in repairing one type of failure (short repairing
time) and inexperienced in repairing the other (long repairing time), the opposite
applies for the second technician. The third technician is inexperienced in repairing
both types of failures. To evaluate the proposed policy with respect to the policies
described in Section 5.3.1 (CM, PM, RA), the horizon of the episode is limited to15

1.5 times the maximum 90th percentile of the failure distributions. In this way, we
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can evaluate the occurrence of both failure distributions in a short period of time.
The configuration used for each scenario (3 machines and 5 machines) is given in
Table 5.2.

5.3.3 Training of DRL agents
To evaluate our system, agents are trained using the Proximal Policy Optimiza-5

tion algorithm [SWD+17] based on the RLlib library implementation. This is part
of the policy gradient methods and ensures that the policy update stays close to
the previous policy by optimizing a clipped surrogate objective. Additionally, we
use Curiosity [PAE+17] as an exploration strategy to address the lack of diversity
in reward (sparsity) due to the fact that some actions may not provide an imme-10

diate reward (e.g., delay action). Curiosity is a type of intrinsic motivation for
exploration that encourages the agent to experience novel states. Deepak Pathak
et al. [PAE+17] define curiosity as the error in an agent’s ability to predict the
consequence of its own actions in a visual feature space learned by a self-supervised
inverse dynamics model. Agents are trained with completely independent policies15

for 5 million steps. A fully connected 2-layer of 16× 16 is used, a batch size of
2000, and a learning rate of 1e−3, while keeping the remaining hyperparameters
by default. Figure 5.3a and 5.4a show the training curves (green curves) of the
3M and 5M scenarios, respectively, and their average (purple) over the 50k steps,
where agents manage to learn the policy despite the non-stationarity effect of the20

learning of multiple agents.

5.3.4 Maintenance policy comparison analysis
As detailed in section 5.3.1, policies learned by our multi-agent system are

evaluated with respect to the CM, PM, and RA policies. All the actions of these
policies are valid, so unlike DRL agents, these agents know what each agent chooses25

when forming the joint action to be executed in the environment. This prevents,
for example, multiple agents from choosing the same available technician, which
DRL agents do not know a priori when performing the joint action. In the RA
policy, as shown in Algorithm 2, an ϵ = .35 is set, which prevents the agent
from executing a maintenance action too quickly. For the CM policy, there is30

no parameter to be adjusted/set in Algorithm 1 since the agents wait until the
machines switch to the breakdown state to request a maintenance action. In the
PM policy, as shown in Algorithm 3, the maintenance action is triggered based
on the failure distributions. In this respect, the maintenance request times are
given by T = {E[f1], ...,E[f|Cm|]}, where E[fc] represents the expected value of35

the distribution of failures fc ∼ W (x;α, β) for component c ∈ Cm. In case there
is a failure before requesting maintenance, then the CM policy is performed. To
evaluate the different maintenance policies, four metrics are defined: percentage
of time that the machines were in working state; performance based on the total
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reward obtained for each policy; total number of breakdowns per episode; total
number of maintenance actions per episode. In our experiments, the results were
obtained by averaging the results over 1000 episodes.

The results obtained from our experiments are given in Figure 5.3 and 5.4
for the 3M and 5M scenarios. Looking at metric percentage of time in working5

state (see Figure 5.3b and 5.4b), results show that the RL policy outperforms
the other three policies (CM, RA, PM), as RL allows machines to stay ≈ 60%
of the time in the working state, against 40% to 50% for CM, RA and PM. In
addition, RL spends ≈ 20% less time in the breakdown state than CM, RA, and
PM, while spending a similar amount of time in the maintenance one. This brings10

evidence that the DRL agents not only succeed in predicting when to execute the
maintenance actions to avoid a failure, but also in improving agent coordination
(e.g., avoiding them to pick the same technician at the same time). Looking at
metric total reward, as can be seen in Figure 5.3c and 5.4c for the 3M and 5M
scenarios, the cumulative reward in the DRL policy outperforms the other policies15

between 20% to 35%. This suggests that because agents are guided by the reward
to keep the machine in a working state, and they request maintenance actions as
close as possible to the failures, it is a policy that reduces unexpected failures while
reducing the collision of maintenance requests. The latter is due to the fact that, if
several agents request at the same time the same technician, this is considered as20

an invalid action, which is penalized and causes a restart of the environment, thus
preventing the maximization of rewards. Looking at total number of breakdowns
(see Figure 5.3d and 5.4d), the policy learned by DRL agents – being guided to
obtain a reward for approaching the time step in which there will be a breakdown –
succeeds in reducing the number of breakdowns. An explanation lies in the fact that25

the other policies do not have adequate knowledge of when to trigger maintenance
due to the lack of coordination between agents. This could be different for the
case of the PM policy if |T | ≥ |M |, since, on average, it would be executing the
maintenance action taking advantage of the complete useful life of the components.
However, this scenario is unrealistic considering a manufacturing scenario. Instead,30

if the value of ϵ in the RA policy is increased, this would decrease the number of
failures but at the cost of an increase in the number of maintenance actions.

Figure 5.3e and 5.4e give insight into the number of maintenance actions
performed by each policy. Interestingly, the RL policy generates a higher number
of actions. However, this needs to be put into perspective considering how this35

contributes to reducing the overall system downtime, for which RL outperforms the
three other policies (as previously analyzed with Figure 5.3b and 5.4b). One reason
that might explain this result is that scheduling a higher number of maintenance
actions can prevent machines from switching to the failure state, but also avoid
any queue for the availability of technicians to trigger the maintenance action.40
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5.3.5 Financial implication
The different policies in both scenarios were evaluated from an economic point

of view considering three key variables obtained from Section 5.3.4. Since the
profit of the company is obtained by their productivity, we evaluate the total profit
with respect to the number of time steps the machines are in the working state.5

However, given that maintenance actions and breakdowns also represent a cost to
the total profit, these two parameters (number of breakdowns and maintenance
actions) are also taken into account when calculating the total profit.

Based on this premise, the total profit is calculated using (5.5), where p repre-
sents the total profit, pmax the maximum profit, a the total percentage of time steps10

in the working state, b the number of breakdowns, c the number of maintenance
actions, and α ∈ [0, 1] and β ∈ [0, 1] a ratio of the maximum profit that each
breakdown and each maintenance action costs, respectively. The maximum possible
profit, per episode, is the scenario where the machines are all the time in the
working state.15

p = pmax(a− (α.b+ β.c)) (5.5)
Figure 5.5a and 5.5b illustrate that the top-1 policies with different values

of α and β represent between 1% and 10% of pmax for breakdown events and
maintenance actions. These are extreme values, but they allow us to identify the
frontiers where one policy outperforms another from a total-profit perspective.
Dark colors (also denoted by “+” in the legend) represent a profit gain, while20

light colors (denoted by “−”) represent a loss. For different values of α and β, the
RL, RA, and PM policies perform better. However, unlike DRL and PM, the RA
policy never leads to a positive profit, which is unrealistic. As can be seen from
the results, if the cost per number of maintenance actions increases, the preventive
policy becomes a better choice than the RL policy. On the other hand, if β is25

kept low, the RL policy is not affected by an increase of α, which is due to the
prevention of breakdowns.

5.4 Discussion
Although the present research work opens up a new direction to maintenance

task scheduling in uncertain environments and with the dynamic assignment of30

technicians with different skills, some limitations or improvement opportunities
should be raised.

First, one of the great advantages of multiagent systems is the distribution of a
complex task into multiple simpler tasks among different agents to avoid exponential
growth of the joint action space [ZTZ+21; FFA+18]. However, multi-agent RL sys-35

tems present different challenges such as agent heterogeneity, communication, the
definition of collective goals (cooperation), scalability, design of compact representa-
tions of the true state of the environment, and the main problem of non-stationarity
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[DR19; NNN20]. Many approaches propose to adopt a centralized-learning ap-
proach (cf., Figure 5.1) to address some of these challenges [FFA+18; RSD+18].
Nevertheless, decentralized-learning has proven to be as effective in addressing this
problem [dWGM+20]. In the current work, we use a fully decentralized learning
paradigm of RL that may prove to be computationally expensive due to the large5

search space on a day-to-day basis, the dynamic nature of the manufacturing floor,
and the interactions between agents that can become complex to be managed
[MGC+22]. To overcome this, new approaches should be investigated. Combining
RL with metaheuristics for the exploration of RL agents is a possible direction
[Dru19]. Besides, we consider that it is also important to evaluate the design of10

the agents’ observations with respect to the type of learning to be used.
Second, for the assignment of technicians to perform a maintenance task, a

planner is usually in charge of obtaining all the requirements, such as the number of
technicians needed, the craftsmanship skills, the working hours, the duration of the
job, etc. [Pal19]. However, when defining the policies obtained by the RL agents,15

these policies can exhibit (very) complex behaviors, which can cause distrust when
planners, schedulers, or even technicians are part of the decision-making process
[SPC+21]. Therefore, it is very important in future PdM frameworks to focus
“explaining” the decisions resulting from such frameworks, which is also known as
XAI (eXplainable AI) in the literature [MGC+22; MMS+20; JKF+19].20

Finally, in the approach presented in this chapter, the maintenance policy
learned by the DRL agents is based on equipment degradation, and on the skills of
the technicians and their availability. However, as evidenced in section 5.1.1, in
order to optimize the learned policy, it is important to explore the development
of a joint policy with production activities to look for the best time windows of25

opportunity [KJL19] to perform maintenance actions, but also to take into account
quality data (that is, monitoring how the quality of a given process degrades over
time) [PKK20; HFR21].

5.5 Conclusion
In this chapter we have examined a novel stochastic system that experiences30

multiple types of failures on a set of machines working in parallel (i.e., that are
independent from one another). The problem consists in determining the best
time to assign a maintenance task to a given technician (depending on her/his
availability and skills) on a particular machine in order to avoid system failures and
maintain a high operational uptime. To solve this problem, a multi-agent deep RL35

system is proposed, where each agent is responsible to monitor a single machine
and trigger the (appropriate/optimal) maintenance action(s). The efficiency of
the system is experimentally evaluated and compared with three other policies
(reactive, preventive and random). Results of the proposed scenario show that the
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RL policy outperforms the others, reducing up to 80% the breakdown time, and
up to 75% the failure prevention. To achieve these results, the RL policy performs
more maintenance actions. Although in this chapter we have made an initial
financial assessment to understand under which parameters one policy is superior
to another, in the following chapter we will look more deeply at the economic as5

well as the environmental and social aspects of developing sustainable maintenance
policies.
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Figure 4: Training and evaluation of the 3M-Scenario

For the CM policy, there is no parameter to be ad-
justed/set in Algorithm 1 since the agents wait until the
machines switch to the breakdown state for requesting a
maintenance action. In the PM policy, as shown in Al-
gorithm 3, the maintenance action is triggered based on
the failure distributions. In this respect, the maintenance
request times are given by T = {E[ f1], ...,E[ f|Cm |]},
where E[ fc] represents the expected value of the distri-
bution of failures fc ∼ W(x;α, β) for component c ∈ Cm.
In case there is a failure before requesting maintenance,
then the CM policy is performed. To evaluate the differ-
ent maintenance policies, four metrics are defined: per-
centage of time that the machines were in working state;
performance based on the total reward obtained for each
policy; total number of breakdowns per episode; total
number of maintenance actions per episode. In our ex-
periments, results were obtained by averaging the re-
sults over 1000 episodes.

Results obtained from our experiments are given in
Figure 4 and 5 for the 3M and 5M scenarios. Looking
at metric percentage of time in working state (see Fig-
ure 4(b) and 5(b)), results show that the RL policy out-
performs the three other policies (CM, RA, PM), as RL
allows machines to stay ≈ 60% of the time in working
state, against 40% to 50% for CM, RA and PM. Besides,
RL spends ≈ 20% less time in breakdown state than
CM, RA, PM, while spending a similar amount of time
in the maintenance one. This brings evidence that the

RL agents not only succeed in predicting when to exe-
cute the maintenance actions to avoid a failure, but also
in improving agent coordination (e.g., avoiding them to
pick the same technician at the same time). Looking at
metric total reward, as can be seen in Figure 4(c) and
5(c) for the 3M and 5M scenarios, the cumulative re-
ward in the RL policy outperforms the other policies be-
tween 20% to 35%. This suggests that, because agents
are guided by the reward to keep the machine in a work-
ing state, and they request maintenance actions as close
as possible to the failures, it is a policy that reduces un-
expected failures while reducing the collision of main-
tenance requests. The latter is due to the fact that, if
several agents request at the same time the same tech-
nician, this is considered as an invalid action, which is
penalized and causes a restart of the environment, thus
preventing the maximization of rewards. Looking at to-
tal number of breakdowns (see Figure 4(d) and 5(d)),
the policy learned by the RL agents – being guided to
obtain a reward for approaching the time step in which
there will be a breakdown – succeeds in reducing the
number of breakdowns. One explanation lies in the fact
that the other policies do not have adequate knowledge
of when to trigger the maintenance due to the lack of co-
ordination between agents. This could be different for
the case of the PM policy if |T | ≥ |M|, since, on average,
it would be executing the maintenance action taking ad-
vantage of the completely useful life of the components.
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Figure 4: Training and evaluation of the 3M-Scenario

For the CM policy, there is no parameter to be ad-
justed/set in Algorithm 1 since the agents wait until the
machines switch to the breakdown state for requesting a
maintenance action. In the PM policy, as shown in Al-
gorithm 3, the maintenance action is triggered based on
the failure distributions. In this respect, the maintenance
request times are given by T = {E[ f1], ...,E[ f|Cm |]},
where E[ fc] represents the expected value of the distri-
bution of failures fc ∼ W(x;α, β) for component c ∈ Cm.
In case there is a failure before requesting maintenance,
then the CM policy is performed. To evaluate the differ-
ent maintenance policies, four metrics are defined: per-
centage of time that the machines were in working state;
performance based on the total reward obtained for each
policy; total number of breakdowns per episode; total
number of maintenance actions per episode. In our ex-
periments, results were obtained by averaging the re-
sults over 1000 episodes.

Results obtained from our experiments are given in
Figure 4 and 5 for the 3M and 5M scenarios. Looking
at metric percentage of time in working state (see Fig-
ure 4(b) and 5(b)), results show that the RL policy out-
performs the three other policies (CM, RA, PM), as RL
allows machines to stay ≈ 60% of the time in working
state, against 40% to 50% for CM, RA and PM. Besides,
RL spends ≈ 20% less time in breakdown state than
CM, RA, PM, while spending a similar amount of time
in the maintenance one. This brings evidence that the

RL agents not only succeed in predicting when to exe-
cute the maintenance actions to avoid a failure, but also
in improving agent coordination (e.g., avoiding them to
pick the same technician at the same time). Looking at
metric total reward, as can be seen in Figure 4(c) and
5(c) for the 3M and 5M scenarios, the cumulative re-
ward in the RL policy outperforms the other policies be-
tween 20% to 35%. This suggests that, because agents
are guided by the reward to keep the machine in a work-
ing state, and they request maintenance actions as close
as possible to the failures, it is a policy that reduces un-
expected failures while reducing the collision of main-
tenance requests. The latter is due to the fact that, if
several agents request at the same time the same tech-
nician, this is considered as an invalid action, which is
penalized and causes a restart of the environment, thus
preventing the maximization of rewards. Looking at to-
tal number of breakdowns (see Figure 4(d) and 5(d)),
the policy learned by the RL agents – being guided to
obtain a reward for approaching the time step in which
there will be a breakdown – succeeds in reducing the
number of breakdowns. One explanation lies in the fact
that the other policies do not have adequate knowledge
of when to trigger the maintenance due to the lack of co-
ordination between agents. This could be different for
the case of the PM policy if |T | ≥ |M|, since, on average,
it would be executing the maintenance action taking ad-
vantage of the completely useful life of the components.
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(b) Percentage of the timesteps in each state per
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Figure 4: Training and evaluation of the 3M-Scenario

For the CM policy, there is no parameter to be ad-
justed/set in Algorithm 1 since the agents wait until the
machines switch to the breakdown state for requesting a
maintenance action. In the PM policy, as shown in Al-
gorithm 3, the maintenance action is triggered based on
the failure distributions. In this respect, the maintenance
request times are given by T = {E[ f1], ...,E[ f|Cm |]},
where E[ fc] represents the expected value of the distri-
bution of failures fc ∼ W(x;α, β) for component c ∈ Cm.
In case there is a failure before requesting maintenance,
then the CM policy is performed. To evaluate the differ-
ent maintenance policies, four metrics are defined: per-
centage of time that the machines were in working state;
performance based on the total reward obtained for each
policy; total number of breakdowns per episode; total
number of maintenance actions per episode. In our ex-
periments, results were obtained by averaging the re-
sults over 1000 episodes.

Results obtained from our experiments are given in
Figure 4 and 5 for the 3M and 5M scenarios. Looking
at metric percentage of time in working state (see Fig-
ure 4(b) and 5(b)), results show that the RL policy out-
performs the three other policies (CM, RA, PM), as RL
allows machines to stay ≈ 60% of the time in working
state, against 40% to 50% for CM, RA and PM. Besides,
RL spends ≈ 20% less time in breakdown state than
CM, RA, PM, while spending a similar amount of time
in the maintenance one. This brings evidence that the

RL agents not only succeed in predicting when to exe-
cute the maintenance actions to avoid a failure, but also
in improving agent coordination (e.g., avoiding them to
pick the same technician at the same time). Looking at
metric total reward, as can be seen in Figure 4(c) and
5(c) for the 3M and 5M scenarios, the cumulative re-
ward in the RL policy outperforms the other policies be-
tween 20% to 35%. This suggests that, because agents
are guided by the reward to keep the machine in a work-
ing state, and they request maintenance actions as close
as possible to the failures, it is a policy that reduces un-
expected failures while reducing the collision of main-
tenance requests. The latter is due to the fact that, if
several agents request at the same time the same tech-
nician, this is considered as an invalid action, which is
penalized and causes a restart of the environment, thus
preventing the maximization of rewards. Looking at to-
tal number of breakdowns (see Figure 4(d) and 5(d)),
the policy learned by the RL agents – being guided to
obtain a reward for approaching the time step in which
there will be a breakdown – succeeds in reducing the
number of breakdowns. One explanation lies in the fact
that the other policies do not have adequate knowledge
of when to trigger the maintenance due to the lack of co-
ordination between agents. This could be different for
the case of the PM policy if |T | ≥ |M|, since, on average,
it would be executing the maintenance action taking ad-
vantage of the completely useful life of the components.

10

(c) Cumulative Rewards
−5

0
5

10
15

R
ew

ar
d 20

25
30
35
40

0 0.5.106 1.106 1.5.106 2.106 2.5.106 3.106 3.5.106 4.106 4.5.106

(a) Learning curve 3M

0

0.2

0.4

Ti
m

es
te

ps
ra

te
(%

)

0.6

0.8

1

RL RE RA PR

working state
breakdown state

maintenance state

(b) Percentage of the timesteps in each state per policy

0

6

12

18

R
ew

ar
d 24

30

36

RL RE RA PR

(c) Cumulative Rewards

0

1

2

3

N
um

be
ro

fb
re

ak
do

w
ns

4

5

6

RL RE RA PR

(d) Number of breakdowns per policy

0

2

4

6

N
um

be
ro

fa
ct

io
ns

8

10

12

RL RE RA PR

(e) Maintenance actions per policy

Figure 4: Training and evaluation of the 3M-Scenario

For the CM policy, there is no parameter to be ad-
justed/set in Algorithm 1 since the agents wait until the
machines switch to the breakdown state for requesting a
maintenance action. In the PM policy, as shown in Al-
gorithm 3, the maintenance action is triggered based on
the failure distributions. In this respect, the maintenance
request times are given by T = {E[ f1], ...,E[ f|Cm |]},
where E[ fc] represents the expected value of the distri-
bution of failures fc ∼ W(x;α, β) for component c ∈ Cm.
In case there is a failure before requesting maintenance,
then the CM policy is performed. To evaluate the differ-
ent maintenance policies, four metrics are defined: per-
centage of time that the machines were in working state;
performance based on the total reward obtained for each
policy; total number of breakdowns per episode; total
number of maintenance actions per episode. In our ex-
periments, results were obtained by averaging the re-
sults over 1000 episodes.

Results obtained from our experiments are given in
Figure 4 and 5 for the 3M and 5M scenarios. Looking
at metric percentage of time in working state (see Fig-
ure 4(b) and 5(b)), results show that the RL policy out-
performs the three other policies (CM, RA, PM), as RL
allows machines to stay ≈ 60% of the time in working
state, against 40% to 50% for CM, RA and PM. Besides,
RL spends ≈ 20% less time in breakdown state than
CM, RA, PM, while spending a similar amount of time
in the maintenance one. This brings evidence that the

RL agents not only succeed in predicting when to exe-
cute the maintenance actions to avoid a failure, but also
in improving agent coordination (e.g., avoiding them to
pick the same technician at the same time). Looking at
metric total reward, as can be seen in Figure 4(c) and
5(c) for the 3M and 5M scenarios, the cumulative re-
ward in the RL policy outperforms the other policies be-
tween 20% to 35%. This suggests that, because agents
are guided by the reward to keep the machine in a work-
ing state, and they request maintenance actions as close
as possible to the failures, it is a policy that reduces un-
expected failures while reducing the collision of main-
tenance requests. The latter is due to the fact that, if
several agents request at the same time the same tech-
nician, this is considered as an invalid action, which is
penalized and causes a restart of the environment, thus
preventing the maximization of rewards. Looking at to-
tal number of breakdowns (see Figure 4(d) and 5(d)),
the policy learned by the RL agents – being guided to
obtain a reward for approaching the time step in which
there will be a breakdown – succeeds in reducing the
number of breakdowns. One explanation lies in the fact
that the other policies do not have adequate knowledge
of when to trigger the maintenance due to the lack of co-
ordination between agents. This could be different for
the case of the PM policy if |T | ≥ |M|, since, on average,
it would be executing the maintenance action taking ad-
vantage of the completely useful life of the components.
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Figure 4: Training and evaluation of the 3M-Scenario

For the CM policy, there is no parameter to be ad-
justed/set in Algorithm 1 since the agents wait until the
machines switch to the breakdown state for requesting a
maintenance action. In the PM policy, as shown in Al-
gorithm 3, the maintenance action is triggered based on
the failure distributions. In this respect, the maintenance
request times are given by T = {E[ f1], ...,E[ f|Cm |]},
where E[ fc] represents the expected value of the distri-
bution of failures fc ∼ W(x;α, β) for component c ∈ Cm.
In case there is a failure before requesting maintenance,
then the CM policy is performed. To evaluate the differ-
ent maintenance policies, four metrics are defined: per-
centage of time that the machines were in working state;
performance based on the total reward obtained for each
policy; total number of breakdowns per episode; total
number of maintenance actions per episode. In our ex-
periments, results were obtained by averaging the re-
sults over 1000 episodes.

Results obtained from our experiments are given in
Figure 4 and 5 for the 3M and 5M scenarios. Looking
at metric percentage of time in working state (see Fig-
ure 4(b) and 5(b)), results show that the RL policy out-
performs the three other policies (CM, RA, PM), as RL
allows machines to stay ≈ 60% of the time in working
state, against 40% to 50% for CM, RA and PM. Besides,
RL spends ≈ 20% less time in breakdown state than
CM, RA, PM, while spending a similar amount of time
in the maintenance one. This brings evidence that the

RL agents not only succeed in predicting when to exe-
cute the maintenance actions to avoid a failure, but also
in improving agent coordination (e.g., avoiding them to
pick the same technician at the same time). Looking at
metric total reward, as can be seen in Figure 4(c) and
5(c) for the 3M and 5M scenarios, the cumulative re-
ward in the RL policy outperforms the other policies be-
tween 20% to 35%. This suggests that, because agents
are guided by the reward to keep the machine in a work-
ing state, and they request maintenance actions as close
as possible to the failures, it is a policy that reduces un-
expected failures while reducing the collision of main-
tenance requests. The latter is due to the fact that, if
several agents request at the same time the same tech-
nician, this is considered as an invalid action, which is
penalized and causes a restart of the environment, thus
preventing the maximization of rewards. Looking at to-
tal number of breakdowns (see Figure 4(d) and 5(d)),
the policy learned by the RL agents – being guided to
obtain a reward for approaching the time step in which
there will be a breakdown – succeeds in reducing the
number of breakdowns. One explanation lies in the fact
that the other policies do not have adequate knowledge
of when to trigger the maintenance due to the lack of co-
ordination between agents. This could be different for
the case of the PM policy if |T | ≥ |M|, since, on average,
it would be executing the maintenance action taking ad-
vantage of the completely useful life of the components.
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Figure 5.3: Training and evaluation of the 3M-Scenario
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Figure 5: Training and evaluation of the 5M-scenario

However this scenario is unrealistic considering a man-
ufacturing scenario. Instead, if the value of ǫ in the RA
policy is increased, this would decrease the number of
failures but at the cost of an increased number of main-
tenance actions.

Figure 4(e) and 5(e) give insight into the number of
maintenance actions performed by each policy. Inter-
estingly, the RL policy generates a higher number of
actions. However, this needs to be put into perspective
considering how this contributes to reducing the overall
system downtime, for which RL outperforms the three
other policies (as previously analyzed with Figure 4(b)
and 5(b)). One reason that might explain this result is
that scheduling a higher number of maintenance actions
can prevent machines from switching to the failure state,
but also avoid any queue for the availability of techni-
cians to trigger the maintenance action.

4.5. Financial implication
The different policies in both scenarios were evalu-

ated from an economical aspect considering three key
variables obtained from section 4.4. Since the profit of
the company is obtained by their productivity, we eval-
uate the total profit with respect to the number of time
steps that the machines are in the working state. How-
ever, giving that maintenance actions and breakdowns
also represent a cost to the total profit, these two param-
eters (number of breakdowns and maintenance actions)

are also taken into account when calculating the total
profit.

Based on this premise, the total profit is calculated
using (5), where p represents the total profit, pmax the
maximum profit, a the total percentage of time steps
in the working state, b the number of breakdowns, c
the number of maintenance actions, and α ∈ [0, 1] and
β ∈ [0, 1] a ratio of the maximum profit that each break-
down and each maintenance action costs respectively.
The maximum possible profit, per episode, is the sce-
nario where the machines are all the time in the working
state.

p = pmax(a − (α.b + β.c)) (5)

Figure 6(a) and 6(b) illustrate that the top-1 policies
with different values of α and β represent between 1%
and 10% of the pmax for breakdown events and main-
tenance actions. These are extreme values, but they al-
low us to identify the frontiers where one policy out-
performs another from a total profit perspective. Dark
colors (also denoted by “+” in the legend) represent a
profit gain, while light colors (denoted by “−”) repre-
sent a loss. For different values of α and β, the RL, RA,
and PM policies perform better. However, unlike RL
and PM, the RA policy never leads to a positive profit,
which is unrealistic. As can be seen from the results, if
the cost per number of maintenance actions increases,
the preventive policy becomes a better choice than the
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Figure 5: Training and evaluation of the 5M-scenario

However this scenario is unrealistic considering a man-
ufacturing scenario. Instead, if the value of ǫ in the RA
policy is increased, this would decrease the number of
failures but at the cost of an increased number of main-
tenance actions.

Figure 4(e) and 5(e) give insight into the number of
maintenance actions performed by each policy. Inter-
estingly, the RL policy generates a higher number of
actions. However, this needs to be put into perspective
considering how this contributes to reducing the overall
system downtime, for which RL outperforms the three
other policies (as previously analyzed with Figure 4(b)
and 5(b)). One reason that might explain this result is
that scheduling a higher number of maintenance actions
can prevent machines from switching to the failure state,
but also avoid any queue for the availability of techni-
cians to trigger the maintenance action.

4.5. Financial implication
The different policies in both scenarios were evalu-

ated from an economical aspect considering three key
variables obtained from section 4.4. Since the profit of
the company is obtained by their productivity, we eval-
uate the total profit with respect to the number of time
steps that the machines are in the working state. How-
ever, giving that maintenance actions and breakdowns
also represent a cost to the total profit, these two param-
eters (number of breakdowns and maintenance actions)

are also taken into account when calculating the total
profit.

Based on this premise, the total profit is calculated
using (5), where p represents the total profit, pmax the
maximum profit, a the total percentage of time steps
in the working state, b the number of breakdowns, c
the number of maintenance actions, and α ∈ [0, 1] and
β ∈ [0, 1] a ratio of the maximum profit that each break-
down and each maintenance action costs respectively.
The maximum possible profit, per episode, is the sce-
nario where the machines are all the time in the working
state.

p = pmax(a − (α.b + β.c)) (5)

Figure 6(a) and 6(b) illustrate that the top-1 policies
with different values of α and β represent between 1%
and 10% of the pmax for breakdown events and main-
tenance actions. These are extreme values, but they al-
low us to identify the frontiers where one policy out-
performs another from a total profit perspective. Dark
colors (also denoted by “+” in the legend) represent a
profit gain, while light colors (denoted by “−”) repre-
sent a loss. For different values of α and β, the RL, RA,
and PM policies perform better. However, unlike RL
and PM, the RA policy never leads to a positive profit,
which is unrealistic. As can be seen from the results, if
the cost per number of maintenance actions increases,
the preventive policy becomes a better choice than the
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(b) Percentage of the timesteps in each state per
policy
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Figure 5: Training and evaluation of the 5M-scenario

However this scenario is unrealistic considering a man-
ufacturing scenario. Instead, if the value of ǫ in the RA
policy is increased, this would decrease the number of
failures but at the cost of an increased number of main-
tenance actions.

Figure 4(e) and 5(e) give insight into the number of
maintenance actions performed by each policy. Inter-
estingly, the RL policy generates a higher number of
actions. However, this needs to be put into perspective
considering how this contributes to reducing the overall
system downtime, for which RL outperforms the three
other policies (as previously analyzed with Figure 4(b)
and 5(b)). One reason that might explain this result is
that scheduling a higher number of maintenance actions
can prevent machines from switching to the failure state,
but also avoid any queue for the availability of techni-
cians to trigger the maintenance action.

4.5. Financial implication
The different policies in both scenarios were evalu-

ated from an economical aspect considering three key
variables obtained from section 4.4. Since the profit of
the company is obtained by their productivity, we eval-
uate the total profit with respect to the number of time
steps that the machines are in the working state. How-
ever, giving that maintenance actions and breakdowns
also represent a cost to the total profit, these two param-
eters (number of breakdowns and maintenance actions)

are also taken into account when calculating the total
profit.

Based on this premise, the total profit is calculated
using (5), where p represents the total profit, pmax the
maximum profit, a the total percentage of time steps
in the working state, b the number of breakdowns, c
the number of maintenance actions, and α ∈ [0, 1] and
β ∈ [0, 1] a ratio of the maximum profit that each break-
down and each maintenance action costs respectively.
The maximum possible profit, per episode, is the sce-
nario where the machines are all the time in the working
state.

p = pmax(a − (α.b + β.c)) (5)

Figure 6(a) and 6(b) illustrate that the top-1 policies
with different values of α and β represent between 1%
and 10% of the pmax for breakdown events and main-
tenance actions. These are extreme values, but they al-
low us to identify the frontiers where one policy out-
performs another from a total profit perspective. Dark
colors (also denoted by “+” in the legend) represent a
profit gain, while light colors (denoted by “−”) repre-
sent a loss. For different values of α and β, the RL, RA,
and PM policies perform better. However, unlike RL
and PM, the RA policy never leads to a positive profit,
which is unrealistic. As can be seen from the results, if
the cost per number of maintenance actions increases,
the preventive policy becomes a better choice than the
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Figure 5: Training and evaluation of the 5M-scenario

However this scenario is unrealistic considering a man-
ufacturing scenario. Instead, if the value of ǫ in the RA
policy is increased, this would decrease the number of
failures but at the cost of an increased number of main-
tenance actions.

Figure 4(e) and 5(e) give insight into the number of
maintenance actions performed by each policy. Inter-
estingly, the RL policy generates a higher number of
actions. However, this needs to be put into perspective
considering how this contributes to reducing the overall
system downtime, for which RL outperforms the three
other policies (as previously analyzed with Figure 4(b)
and 5(b)). One reason that might explain this result is
that scheduling a higher number of maintenance actions
can prevent machines from switching to the failure state,
but also avoid any queue for the availability of techni-
cians to trigger the maintenance action.

4.5. Financial implication
The different policies in both scenarios were evalu-

ated from an economical aspect considering three key
variables obtained from section 4.4. Since the profit of
the company is obtained by their productivity, we eval-
uate the total profit with respect to the number of time
steps that the machines are in the working state. How-
ever, giving that maintenance actions and breakdowns
also represent a cost to the total profit, these two param-
eters (number of breakdowns and maintenance actions)

are also taken into account when calculating the total
profit.

Based on this premise, the total profit is calculated
using (5), where p represents the total profit, pmax the
maximum profit, a the total percentage of time steps
in the working state, b the number of breakdowns, c
the number of maintenance actions, and α ∈ [0, 1] and
β ∈ [0, 1] a ratio of the maximum profit that each break-
down and each maintenance action costs respectively.
The maximum possible profit, per episode, is the sce-
nario where the machines are all the time in the working
state.

p = pmax(a − (α.b + β.c)) (5)

Figure 6(a) and 6(b) illustrate that the top-1 policies
with different values of α and β represent between 1%
and 10% of the pmax for breakdown events and main-
tenance actions. These are extreme values, but they al-
low us to identify the frontiers where one policy out-
performs another from a total profit perspective. Dark
colors (also denoted by “+” in the legend) represent a
profit gain, while light colors (denoted by “−”) repre-
sent a loss. For different values of α and β, the RL, RA,
and PM policies perform better. However, unlike RL
and PM, the RA policy never leads to a positive profit,
which is unrealistic. As can be seen from the results, if
the cost per number of maintenance actions increases,
the preventive policy becomes a better choice than the
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Figure 5: Training and evaluation of the 5M-scenario

However this scenario is unrealistic considering a man-
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tenance actions.
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steps that the machines are in the working state. How-
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also represent a cost to the total profit, these two param-
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are also taken into account when calculating the total
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maximum profit, a the total percentage of time steps
in the working state, b the number of breakdowns, c
the number of maintenance actions, and α ∈ [0, 1] and
β ∈ [0, 1] a ratio of the maximum profit that each break-
down and each maintenance action costs respectively.
The maximum possible profit, per episode, is the sce-
nario where the machines are all the time in the working
state.

p = pmax(a − (α.b + β.c)) (5)

Figure 6(a) and 6(b) illustrate that the top-1 policies
with different values of α and β represent between 1%
and 10% of the pmax for breakdown events and main-
tenance actions. These are extreme values, but they al-
low us to identify the frontiers where one policy out-
performs another from a total profit perspective. Dark
colors (also denoted by “+” in the legend) represent a
profit gain, while light colors (denoted by “−”) repre-
sent a loss. For different values of α and β, the RL, RA,
and PM policies perform better. However, unlike RL
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Figure 6: Top-profit policies for different α and β, which respectively represent the cost (percentage of the maximum profit) of a breakdown and
maintenance action. Dark colors (denoted by “+” in the legend) represent a profit gain, while light colors (denoted by “−” in the legend) represent
a loss.

RL policy. On the other hand, if β is kept low, the RL
policy is not affected by an increase of α, which is due
to the prevention of breakdowns.

5. Discussion

Although the present research work opens up a new
direction to maintenance task scheduling in uncertain
environments and with dynamic assignment of techni-
cians with different skills, some limitations or improve-
ment opportunities should be raised.

First, one of the great advantages of multi-agent sys-
tems is the distribution of a complex task into multiple
simpler tasks among different agents to avoid the expo-
nential growth of the joint action space [92, 93]. How-
ever, multi-agent RL systems present different chal-
lenges such as agent heterogeneity, communication, the
definition of collective goals (cooperation), scalability,
design of compact representations of the true state of
the environment, and the main problem of the non-
stationarity [86, 87]. Many approaches propose to adopt
a centralized-learning approach (cf., Figure 2) to ad-
dress some of these challenges [93, 94]. Nevertheless,
decentralized-learning has proven to be as effective in
addressing this problem [95]. In the current work, we
use a fully decentralized learning paradigm of RL that
may prove to be computationally expensive due to the
large search space on a day-to-day basis, the dynamic
nature of the manufacturing floor, and the interactions
between agents that may become complex to be man-
aged [96]. To overcome this, new approaches should

be investigated. Combining RL with metaheuristics for
the exploration of RL agents is a possible direction [97].
Besides, we consider that it is also important to evalu-
ate the design of the agents’ observations with respect
to the type of learning to be used.

Second, usually for the assignment of technicians to
perform a maintenance task, a planner is in charge of ob-
taining all the requirements, such as the number of tech-
nicians needed, the craftsmanship skills, the working
hours, the duration of the job, etc. [98]. However, when
defining policies obtained by RL agents, these policies
can exhibit (very) complex behaviors, which can cause
distrust when planners, schedulers, or even technicians
are part of the decision making process [99]. It is there-
fore very important in future PdM frameworks to focus
“explaining” the decisions resulting from such frame-
works, which is also known as XAI (eXplainable AI) in
the literature [96, 100, 101].

Finally, in the approach presented in this paper, the
maintenance policy learned by the RL agents is based
on equipment degradation, and on the skills of the tech-
nicians and their availability. However, as evidenced in
section 2, in order to optimize the learned policy, it is
important to explore the development of a joint policy
with production activities to look for the best time win-
dows of opportunity [60] to perform the maintenance
actions, but also to take into account the quality data
(i.e., monitoring how the quality of a given process de-
grades over time) [51, 33].
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use a fully decentralized learning paradigm of RL that
may prove to be computationally expensive due to the
large search space on a day-to-day basis, the dynamic
nature of the manufacturing floor, and the interactions
between agents that may become complex to be man-
aged [96]. To overcome this, new approaches should

be investigated. Combining RL with metaheuristics for
the exploration of RL agents is a possible direction [97].
Besides, we consider that it is also important to evalu-
ate the design of the agents’ observations with respect
to the type of learning to be used.

Second, usually for the assignment of technicians to
perform a maintenance task, a planner is in charge of ob-
taining all the requirements, such as the number of tech-
nicians needed, the craftsmanship skills, the working
hours, the duration of the job, etc. [98]. However, when
defining policies obtained by RL agents, these policies
can exhibit (very) complex behaviors, which can cause
distrust when planners, schedulers, or even technicians
are part of the decision making process [99]. It is there-
fore very important in future PdM frameworks to focus
“explaining” the decisions resulting from such frame-
works, which is also known as XAI (eXplainable AI) in
the literature [96, 100, 101].

Finally, in the approach presented in this paper, the
maintenance policy learned by the RL agents is based
on equipment degradation, and on the skills of the tech-
nicians and their availability. However, as evidenced in
section 2, in order to optimize the learned policy, it is
important to explore the development of a joint policy
with production activities to look for the best time win-
dows of opportunity [60] to perform the maintenance
actions, but also to take into account the quality data
(i.e., monitoring how the quality of a given process de-
grades over time) [51, 33].
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RL policy. On the other hand, if β is kept low, the RL
policy is not affected by an increase of α, which is due
to the prevention of breakdowns.

5. Discussion

Although the present research work opens up a new
direction to maintenance task scheduling in uncertain
environments and with dynamic assignment of techni-
cians with different skills, some limitations or improve-
ment opportunities should be raised.

First, one of the great advantages of multi-agent sys-
tems is the distribution of a complex task into multiple
simpler tasks among different agents to avoid the expo-
nential growth of the joint action space [92, 93]. How-
ever, multi-agent RL systems present different chal-
lenges such as agent heterogeneity, communication, the
definition of collective goals (cooperation), scalability,
design of compact representations of the true state of
the environment, and the main problem of the non-
stationarity [86, 87]. Many approaches propose to adopt
a centralized-learning approach (cf., Figure 2) to ad-
dress some of these challenges [93, 94]. Nevertheless,
decentralized-learning has proven to be as effective in
addressing this problem [95]. In the current work, we
use a fully decentralized learning paradigm of RL that
may prove to be computationally expensive due to the
large search space on a day-to-day basis, the dynamic
nature of the manufacturing floor, and the interactions
between agents that may become complex to be man-
aged [96]. To overcome this, new approaches should

be investigated. Combining RL with metaheuristics for
the exploration of RL agents is a possible direction [97].
Besides, we consider that it is also important to evalu-
ate the design of the agents’ observations with respect
to the type of learning to be used.

Second, usually for the assignment of technicians to
perform a maintenance task, a planner is in charge of ob-
taining all the requirements, such as the number of tech-
nicians needed, the craftsmanship skills, the working
hours, the duration of the job, etc. [98]. However, when
defining policies obtained by RL agents, these policies
can exhibit (very) complex behaviors, which can cause
distrust when planners, schedulers, or even technicians
are part of the decision making process [99]. It is there-
fore very important in future PdM frameworks to focus
“explaining” the decisions resulting from such frame-
works, which is also known as XAI (eXplainable AI) in
the literature [96, 100, 101].

Finally, in the approach presented in this paper, the
maintenance policy learned by the RL agents is based
on equipment degradation, and on the skills of the tech-
nicians and their availability. However, as evidenced in
section 2, in order to optimize the learned policy, it is
important to explore the development of a joint policy
with production activities to look for the best time win-
dows of opportunity [60] to perform the maintenance
actions, but also to take into account the quality data
(i.e., monitoring how the quality of a given process de-
grades over time) [51, 33].
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6
Evolutionary multi-objective multi-agent deep
reinforcement learning for sustainable
maintenance scheduling

Sustainability has become a key objective for industry, including the5

manufacturing sector, where production and maintenance processes must now
balance economic profitability with environmental and social responsibilities. In this
chapter, we present the design of sustainable maintenance policies based on a new
evolutionary reinforcement learning approach, which addresses the different
objectives simultaneously.10
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6.1 Introduction
The development towards Industry 4.0 has a substantial influence on the

manufacturing industry. It not only allows for establishing smart products and
services, but also new and disruptive business models. Industry 4.0 technologies
include, but are not limited to, standardized communication protocols, the Internet5

of Things, artificial intelligence, big data and analytics, blockchain, cloud computing,
and simulation [WXZ+22]. 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 [Uni15] requires more
attention and evaluation. In fact, traditional production systems are notorious10

for their poor ecological (and social) imbalances. It becomes a necessity for
companies to address this problem for their future, as they face growing pressure
from governments and customers to deliver sustainable products, aligned with
European Green Deal-like initiatives [Eur19].

Predictive maintenance (PdM) moves away from traditional preventive main-15

tenance (PM), where tasks are scheduled at regular intervals, or corrective main-
tenance (CM), where tasks are scheduled when a failure occurs, to optimal main-
tenance timing. This approach aims to maximize the overall profit of the manu-
facturing system [RZL+19]. This move comes with a dynamic maintenance task
scheduling optimization problem [RKR+24], consisting of assigning a set of mainte-20

nance tasks to a set of technicians, while minimizing the overall system downtime
and cost, and taking into account several constraints related to production, safety,
technician skills, job duration, etc. [Lee96]. As illustrated in Figure 6.1, 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 Triple25

Bottom Line (TBL): Environment and Social. However, there is room to jointly
optimize the three dimensions. Inspection and maintenance of energy-intensive ma-
chines during a period of time where the grid carbon intensity is high can contribute
to reducing carbon emissions. Similarly, an employee-focused maintenance policy
can deliver economic benefits by reducing productivity losses due to accidents or30

fatigue, while also having a positive impact on social factors such as employee
morale. This chapter 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;35

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

Section 6.2 discusses the pressing need for organizations to adopt sustainable40
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Figure 6.1: Maintenance policies from a TBL perspective

practices, providing an overview of the evolution of regulations 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 6.3 introduces EvoDQN. Section 6.4 evaluates and compares EvoDQN
against traditional maintenance scheduling policies (corrective, preventive) and5

classical DQN approaches. Discussion and conclusion follow. All the variables used
throughout the chapter are summarized in Table 6.1.

6.2 Sustainable manufacturing: a pressing need
Section 6.2.1 discusses the evolution of regulations and certification schemes

over the years. Section 6.2.2 presents a scenario that illustrates the need for manu-10

facturing processes to be flexible enough to accommodate real-time adjustments to
the TBL criteria, resulting in diverse production and maintenance schedules.

6.2.1 Evolution of regulations & certifications for sustain-
able product development

The manufacturing sector is under increasing pressure to adopt more sustainable15

practices, focusing on all aspects of the TBL [PMA23]. Recent literature and global
initiatives show evidence of a willingness among companies and governments to
improve the situation. The evolution of key certifications and regulations for
sustainable development, depicted in Figure 6.2a and Figure 6.2b respectively,

69



Table 6.1: List of variables and their descriptions

Var. Description

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 and scale βm parameters

ρm Failure threshold for m ∈M
gm Degradation on machine m
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
Tt,m Maintenance time of technician t in mach. m
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
η Carbon footprint forecast
ηn Carbon footprint noise
ηs Carbon footprint steps forecast
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
κp Perfect maintenance
κi Imperfect maintenance
S State space
A Action space
P Transition function
R Reward function
γ Discount factor

highlights a significant increase in regulations and certification schemes over the
past two to three decades. Notably, Figure 6.2b 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
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Figure 2: Overview of the evolution over time of key regulations and certification for sustainable development.

schemes like ISO 14001 (Environmental Manage-
ment System) is anticipated to provide a competi-
tive advantage and increase firm value, as discussed
in [60]. 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 or-
ganization’s capability to meet standards for worker
safety and well-being.

2.2. Motivation scenario for adjusting production
and maintenance schedules 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 prod-
ucts and processes. The 6R methodology [35] of-
fers six key directions for improvement: (1) Re-
duce, (2) Reuse, (3) Remanufacture, (4) Recycle,
(5) Reclaim or Recover, and (6) Redesign. Focus-
ing on the first direction (Reduce), several strate-
gies can be employed, such as using fewer mate-
rials and resources, reducing the number of com-
ponents, minimizing pollution, or decreasing con-
sumer returns. One approach to reducing pollution
is to optimize production and maintenance sched-
ules taking into account both environmental and
social criteria. Figure 3 illustrates, in a comic strip
format, a scenario where the manufacturing process
is made flexible enough to dynamically adjust the
TLB criteria (Economic, Environmental, Social) in
real-time, effectively meeting each customer’s TLB
needs. This illustration focuses on adjusting only

the Economic and Environmental criteria to reduce
the complexity of the scenario, but of course the so-
cial 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 mainte-
nance policies in manufacturing. For this purpose,
keywords and search terms were identified to es-
tablish a search query. Web of Science was used for
the literature search [31]. 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 Mainte-
nance (CM), Preventive Maintenance (PM),
Predictive Maintenance (PdM)
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schemes like ISO 14001 (Environmental Manage-
ment System) is anticipated to provide a competi-
tive advantage and increase firm value, as discussed
in [60]. 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 or-
ganization’s capability to meet standards for worker
safety and well-being.

2.2. Motivation scenario for adjusting production
and maintenance schedules 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 prod-
ucts and processes. The 6R methodology [35] of-
fers six key directions for improvement: (1) Re-
duce, (2) Reuse, (3) Remanufacture, (4) Recycle,
(5) Reclaim or Recover, and (6) Redesign. Focus-
ing on the first direction (Reduce), several strate-
gies can be employed, such as using fewer mate-
rials and resources, reducing the number of com-
ponents, minimizing pollution, or decreasing con-
sumer returns. One approach to reducing pollution
is to optimize production and maintenance sched-
ules taking into account both environmental and
social criteria. Figure 3 illustrates, in a comic strip
format, a scenario where the manufacturing process
is made flexible enough to dynamically adjust the
TLB criteria (Economic, Environmental, Social) in
real-time, effectively meeting each customer’s TLB
needs. This illustration focuses on adjusting only

the Economic and Environmental criteria to reduce
the complexity of the scenario, but of course the so-
cial 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 mainte-
nance policies in manufacturing. For this purpose,
keywords and search terms were identified to es-
tablish a search query. Web of Science was used for
the literature search [31]. 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 Mainte-
nance (CM), Preventive Maintenance (PM),
Predictive Maintenance (PdM)

3

(b) Evolution of regulations/policies

Figure 6.2: Overview of the evolution over time of key regulations and certification
for sustainable development.

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 certification schemes
like ISO 14001 (Environmental Management System) is anticipated to provide a5

competitive advantage and increase firm value, as discussed in [WSU22]. 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.10

6.2.2 Motivation scenario for adjusting production and
maintenance schedules 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 and15

processes. The 6R methodology [JDR+06] offers six key directions for improvement:
(1) Reduce, (2) Reuse, (3) Remanufacture, (4) Recycle, (5) Reclaim or Recover,
and (6) Redesign. 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 approach20

to reducing pollution is to optimize production and maintenance schedules taking
into account both environmental and social criteria. Figure 6.3 illustrates, in a
comic strip format, a scenario where the manufacturing process is made flexible
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With our customers’ expectations all over the map,
we need to adopt different development practices
whenever needed. We should start thinking about
innovative solutions and strategies to handle this.

We’ve already upgraded our machinery to be more
eco-friendly. Let’s brainstorm ways to make our
manufacturing processes flexible enough to dynami-
cally adjust the TBL (Economic, Environmental,
Social) criteria in real-time, resulting in adaptive
production and maintenance schedules. Imagine if
we could create a system where, for example,
Schedule A focuses solely on economic efficiency,
with maintenance interventions timed for maximum
profitability (see AI1, AI2). On the other hand,
Schedule B could balance environmental and
economic factors, suggesting maintenance during
periods of high grid carbon intensity (see BI1, BI2)
to minimize carbon impact. This method is still in
the conceptual stage, but with innovative thinking,
we can turn it into a practical solution

Figure 3: Illustration of dynamic adjustment of TBL criteria in manufacturing processes

(Economic, Environmental, Social) in real-time, effectively meeting each customer’s TBL needs. This illus-
tration 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 [38]. The query used was the following:

4

Figure 6.3: Illustration of dynamic adjustment of TBL criteria in manufacturing
processes

enough to dynamically adjust the TBL criteria (Economic, Environmental, Social)
in real-time, effectively meeting each customer’s TBL needs. This illustration
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 proposal5

of this chapter.
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6.3 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 man-
ager or decision maker to select – when starting a new production batch – a5

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 6.3.2. To facilitate understanding of the approach,
Figure 6.4 illustrates the overall process. Initially, based on a predefined set of pref-
erences (see frame a ), multiple agents are created (see frame b ). The overall goal10

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 the15

identification of the policy that aligns the most closely with the preference specified
by the manager (see frame d ) by the nearest neighbor (frame e ). The best /
selected policy (see frame f ) is then deployed to the environment.

Closest Preference Policy

1-NN
Policy 2

EvoDQN

Evolutionary 
Operator

(Section 4.2)
a b c

... ...

...

Set initial preferences

Agents

...

 Number of
policies

1

np

n

1
2

Normalized
ObjectivesPolicies

p

1

2

d e f

Evaluate policies

... ...

Policy deploymentSet manager preferences Environment (Section 4.1)Policy selection

Figure 6.4: Overview of the EvoDQN framework

Section 6.3.1 introduces the problem and formalization underlying our DRL
system and its interaction. Section 6.3.2 presents the EvoDQN algorithm, detailing20

the interactions agents have with the environment. All notations used in this work
are summarized in Table 6.1.

73



6.3.1 Problem formulation and modeling
The formalization of the sustainable maintenance scheduling problem is carried

out in an environment that involves a set of parallel machines that are repaired by
technicians considering TBL. In this regard, section 6.3.1 describes the environment
in which the maintenance scheduling problem exists, outlining the key components5

and interactions within the system. Following this, section 6.3.1 formalizes the
problem within a DRL framework, capturing the decision-making process required
to optimize multiple conflicting objectives simultaneously.
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Figure 6.5: Illustration of the system signals and maintenance windows based on
the TBL

System description

Let us consider a factory where the production is performed by a set of M10

parallel independent machines as shown in Figure 6.6. Each machine 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 [Arı21], from full efficiency without any degradation to decreasing toward
half efficiency. The production cycle stops completely when the machine is not15

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
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Figure 6.6: EvoDQN environment for sustainable maintenance policies generation

can receive maintenance by any available technician t ∈ T to restore the state of the
machine (imperfect maintenance action κi), or replacement (perfect maintenance κp)
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 has5

different maintenance times Ttm 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 [JGN13] are employed. These are detailed in (6.1) and (6.2), respectively.10

F (τF ) = 1− e−λF τF (6.1)
R(τR) = F (τ)e−µRτR

i (6.2)

The fatigue accumulated by time τF is represented by F (τF ), while the residual
fatigue after a rest period of length τR ≥ 0 is given by R(τR). The value of
R = 0 represents full recovery (no residual fatigue), while R = 1 represents
no recovery (maximum fatigue). In (6.1) and (6.2), λF and µR are fatigue and
recovery parameters, respectively. These parameters control the speed of fatigue15

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 Figure 6.5
based on a scenario of maintenance interventions over time.
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In addition, an unexpected breakdown increases the total repair time by τB ∼
N (µbreak, σ

2
break). 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 energy5

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 intensity can effectively reduce total carbon emissions associated
with energy consumption. As an example, Figure 6.5 shows the different types of10

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 to15

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 looking 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 balance20

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.

Multi-Objective Markov Decision Process

To obtain optimal or near-optimal maintenance policies, it is necessary for25

decision-making agents to learn how to explore the preference space of multiple
objectives in an environment whose dynamics are initially unknown [SB18]. 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 different30

states guided by rewards. A MOMDP can be expressed as a 5-tuple ⟨S,A,P , 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 P : 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;35

(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.40

76



Table 6.2: The eight dispatching rules taken by the MOMDP agents

Rule Description

1 MHDL × TmF × κp Perform a perfect maintenance action by the technician with the
lowest fatigue level on the machine with the highest degradation
level.

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

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

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

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

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

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

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

The proposed sustainable maintenance policies aim to optimize three objectives:
(i) minimize maintenance, breakdown and downtime costs; (ii) minimize technician
fatigue level after performing maintenance actions; and (iii) minimize carbon
footprint. Using the MOMDP framework, agents determine their actions based
on the observations made by the system. Therefore, it is required to design local5

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 (6.3), where gNorm

m ∀m ∈ M gives information about the normalized machine
degradation, qNorm

t ∀t ∈ T is the normalized remaining time of each technician10

performing maintenance, ηNorm 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 = (gNorm
m , qNorm

t , ηNorm, υt,O(ωm),O(ωt)) (6.3)

Depending on the observation, the agent decides at each time step which type15

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:
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• Machine selection based on Highest Degradation Level (mHDL), and High-
est 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, perfect mainte-5

nance (κp), where the component is replaced, or imperfect maintenance (κi)
where the state of a component is partially recovered.

The action taken by the agent is given in (6.4), in addition, the policy can decide
not to take any action (no technician will be assigned to perform maintenance)
represented by d. The eight dispatching rules are detailed and explained in Table 6.2.10

am ∈ {MHDL, MHCT } × {TmF , TMS} × {κp, κi} ∪ {d} (6.4)

To guide agents in learning the policy, a reward vector is defined to represent
the three pilars of sustainability, as given in (6.5).

r = [reco, renv, rsoc] (6.5)

The economic pillar, represented by reco, is integrated by three elements. r1
eco is

the cost of performing a perfect or imperfect maintenance operation by a given
technician and machine. r2

eco is the downtime cost for machines that are not in an15

operational state (breakdown or maintenance). r3
eco is the breakdown cost when

a machine goes into a breakdown state. The following equations represent each
component of the reward function of the economic pillar:

r1
eco(s, a, s′) = (CP

1κp∈a + CI
1κi∈a)∀m ∈M (6.6)

r2
eco(s, a, s′) =

∑
CD

1ωm>0∀m ∈M (6.7)
r3

eco(s, a, s′) =
∑

m∈M

CB
1ωm=0∧ω′

m=2 (6.8)

reco = −(r1
eco + r2

eco + r3
eco)

max possible cost (6.9)

The environmental pillar, represented by renv, indicates the carbon footprint of
the system, which is calculated as follows:20

renv = − η0
∑

m∈M Em1ωm=0

max energy consumption

The social pillar, represented by rsoc, is defined as the sum of the fatigue of
the technicians when performing maintenance interventions and the sum of the
absolute difference between the fatigue of the technicians, thus promoting a balanced
workload (weighted by ξ) while minimizing fatigue.

rsoc = −
(
ξ

∑
υi

|T |
+ (1− ξ)

∑
i ̸=j |υi − υj|

2|T |

)
∀i, j ∈ T

78



The transition function P 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 only5

restored by maintenance actions κp and κi. A perfect maintenance action
restores the machine completely. An imperfect 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.10

• Forecast of CO2 is determined by the hourly data of the Carbon Intensity
of Luxembourg from ElectrictyMaps [Ele24]. Taking the values from the
current step x to x+ηs, the signal is added to a noise vector that is generated
using a linearly spaced vector that goes from 0 to 1 over the ηs forecast steps,
scaled by random values drawn from a normal distribution with µcar and σcar15

parameters.
• Fatigue level of each technician increases on maintenance interventions while

decreases on the resting periods following the fatigue and recovery models
formalized in (6.1) and (6.2).

Overall, the objective is to find policies that maximize the hypervolume.20

6.3.2 EvoDQN algorithm
Combining evolutionary algorithms with AI, such as DRL, has been successful

in many applications [Dru19], notably for solving dynamic scheduling problems
[CYL+20; KLV+22; SWY+23; FGC+22]. Based on this evidence, this research
develops a novel Evolutionary multi-objective multi-agent DQN (EvoDQN), detailed25

in Algorithm 4, to generate sustainable policies 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.30

In a more technical way, EvoDQN distributes and optimizes multiple agents
across different initial preferences, as was sketched schematically in Figure 6.4.
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 [BDL20], EvoDQN35

combines agents that are closely aligned in terms of preferences. These agents are
trained based on DQN [MKS+13], where the reward vector is scalarized based on
the preference vector. Once the agents have been trained, the selection of agents is
based on two functions. The first is Pareto_Agents, which selects agents that form
a Pareto front in the reward space based on the cumulative reward. The second40
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Algorithm 4 Evolutionary multi-objective multi-agent Deep Q-Network (EvoDQN)
1: Input: num_generations, initial_preferences, num_steps, num_policies,

mutation_rate, crossover_rate
2: for each i in initial_preferences do
3: Initialize agent i and store in A
4: Initialize replay memory Di

5: Initialize action-value function Qθi
with random weights θi

6: Initialize target action-value function Qθ′
i

with weights θ′
i = θi

7: Set the preference vector di for agent i

8: for g ← 1 to num_generations do
9: for each agent i in A do

10: aj ← closest neighbor of ai by preference vector
11: if g > 1 then
12: a∗

i , a∗
j ← Evolutionary_Operator(ai, aj , mutation_rate, crossover_rate)

13: A← A ∪ {a∗
i , a∗

j}
14: for each agent i in A do
15: for step← 1 to num_steps do
16: Choose a from s using an ϵ-greedy approach
17: Take action a, observe reward r and next state s′

18: r′ ← r · d
19: Store transition (s, a, r′, s′) in Di

20: Sample random minibatch of transitions (sj , aj , r′
j , s′

j) from Di

21: Set

yj =
{

r′
j for terminal s′

r′
j + γ maxa′ Qθ′(s′

j , a′) otherwise

22: Perform a gradient descent step on (yj −Qθ(sj , aj)) with respect to θ
23: s← s′

24: A← Pareto_Agents(A)
25: A← Hypervolumen_Contrib(A, num_policies)

is Hypervolume_Contrib, which selects the num_policies that contributes most
to maximizing hypervolume. The evolutionary operator, detailed in Algorithm 5,
is applied to each agent with its nearest neighbor in the preference space. The
objective is to combine the experiences of pairs of agents that are close to each
other in their preference space, while perturbing the weights of the policy network5

and moving the preference vector towards each other to create two new pairs of
agents. To ease understanding, an overview of how the evolutionary operator is
presented in Figure 6.7.

6.4 Implementation & Evaluation
In the following, EvoDQN is compared with classical maintenance policies.10

Section 6.4.1 introduces the experimental setup used for evaluation. Section 6.4.2
details the methodology employed to train EvoDQN and their baseline (cf. Fig-
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Algorithm 5 Evolutionary_Operator
1: Input: a1 /*Agent 1*/, a2 /*Agent 2*/
2: a∗

1 ← a1
3: a∗

2 ← a2
▷ Crossover through the replay buffer

4: Let N be the length of the replay buffer
5: rb_co ∼ U(0.05, 0.95)
6: co_idx← 1− crossover_rate · rb_co
7: rb11 ← a1.replay_buffer(0, co_idx)
8: rb21 ← a2.replay_buffer(0, co_idx)
9: rb12 ← a1.replay_buffer(co_idx, N)

10: rb22 ← a2.replay_buffer(co_idx, N)
11: a∗

1.replay_buffer ← merge(rb11, rb22)
12: a∗

2.replay_buffer ← merge(rb21, rb12)
▷ Mutation through the weights and preferences

13: pv_mu ∼ U(0.05, 0.95)
14: mr ← 1−mutation_rate · pv_mu
15: a∗

1.pref = (mr) · a1.pref + (1−mr) · a2.pref
16: a∗

2.pref = (1−mr) · a1.pref + mr · a2.pref
17: ϵ1, ϵ2 ∼ N (µ, σ2)
18: a∗

1.policy_weights = a1.policy_weights + ϵ1
19: a∗

1.target_weights← a1.policy_weights
20: a∗

2.policy_weights = a2.policy_weights + ϵ2
21: a∗

2.target_weights← a2.policy_weights
22: return a∗

1, a∗
2

ure 6.4 to visualize where this step stands). The results obtained between the
different policies and their sustainable implications are discussed in section 6.4.3.

6.4.1 Evaluation & environment setup
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 gamma5

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
Tt=1,m = 6 and Tt=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 presented10

in 6.1 and 6.2 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 Electricy15

Maps. The carbon intensity represents the amount of greenhouse gases emitted
per unit of electricity consumed as grams of CO2 equivalent per kilowatt hour
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Figure 6.7: Overview of the Evolutionary Operator

(gCO2eq/kWh). From the carbon intensity signal, ηs = 10 for the forecast with a
noise vector using µcar = 0.0 y σcar = 0.1. A summary of the overall experimental
configuration is provided in Table 6.3.

The evaluation of maintenance policies is based on three pillars of sustainability:
economic, social, and environmental. The economic pillar considers maintenance5

costs, breakdown costs, and downtime costs. The social pillar assesses the fatigue
level of technicians performing maintenance. The environmental pillar measures
the carbon footprint on the production of machines.

The policies obtained by EvoDQN are compared against two classical mainte-
nance policies: CM, and CBM. These policies are described in the following.10

• The CM policy performs perfect maintenance whenever the machine 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 6.2), the CM policy only executes those rules;

• CBM policy performs maintenance activities by executing one of the eight15

dispatching rules when a machine reaches ρm.
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Table 6.3: System evaluation parameters

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

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 threshold is reached on a machine. We
have evaluates 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

6.4.2 Training of evolutionary DRL agents
For EvoDQN training purposes, the Wandb Sweep library is used to perform

a Bayesian search for hyperparameters that maximize the hypervolume. A total
of 40 parallel sweep agents were executed with a maximum of 48 hours running
on 2.6 GHz AMD Epyc ROME 7H12 nodes. A total of 144 EvoDQN models were10

trained. Each agent on the evolutionary approach was trained for 250k steps (e.g.,
if there are 10 agents in the first generation, a total of 2.5M steps will be taken up
to that point) and the different objectives are validated on 50 episodes. The set
of initial preferences is the one reported in Table 6.4. Each of the agents receives
one of these preferences that scalarizes the reward vector while being trained (cf.,15

Algorithm 4). Following this, new agents are created through the evolutionary
process (cf., Algorithm 5). The configuration of the sweep parameters and the best
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Table 6.4: Matrix of initial preferences

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

parameters obtained are detailed in Table 6.5, where the best parameters were
those that maximized the hypervolume with a maximum selection of eight agents
across generations.

After obtaining the parameters that maximize hypervolume, nine more models
are trained to compare our approach with, as given in Figure 6.8. The different5

models are described hereinafter:
• EvoDQN: EvoDQN employs a selection process of 8 agents per generation,

each trained for 250k steps using the initial preferences from Table 6.4. Total
number of steps taken are 42.25M ;

• EvoDQN*: EvoDQN employs a selection process of 8 agents per generation,10

each trained for 250k steps using the initial preferences of the last generation
of EvoDQN. Total number of steps taken was 5.5M ;

• DQN_I: DQN with 15 agents, each being trained for ≈ 2.816M steps with
the preferences obtained by the last generation of EvoDQN. Total number of
steps taken are 42.25M ;15

• DQN_F: DQN with 8 agents, each being trained for ≈ 5.281M steps with
the preferences obtained by the last generation of EvoDQN. Total number of
steps taken are 42.25M among all agents;

• DQN_I250k: DQN with 15 agents, each being trained for 250k steps using
the initial preferences shown in Table 6.4. A total of 3.75M steps were taken.20

• DQN_F250k: DQN with 8 policies, each being trained for 250k steps with
the preferences obtained by the last generation of EvoDQN. number of steps
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Table 6.5: Hyperparameter sweep configuration & best values

Parameter Values
Name Sweep Best

Batch Size 16, 32, 64, 256 256
Buffer Size 5k, 10k, 20k 5k
Layer Size 64, 256, 1024, 2048 256
Learning Rate End 0.0001 to 0.001 0.001
Learning Rate Start 0.001 to 0.1 0.080
Mutation rate 0.05 to 0.5 0.303
Number of Gen. 5, 10, 15, 20 20
Perturbation rate 1e-05 to 0.1 0.057
Target Steps 32, 64, 128, 256 64
Tau 0.01 to 0.1 0.098
Update Steps 4, 8, 16, 32 32
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Figure 6.8: Hypervolume over time for EvoDQN and DQN variants

taken are 2M among all agents;
• EvoDQN16: EvoDQN with 16 agents, each being trained for 250k steps

with initial preferences from Table 6.4;
• EvoDQN24: EvoDQN with 24 agents, each being trained for 250k steps

with initial preferences from Table 6.4.5

• EvoDQN32: EvoDQN with 32 agents, each being trained for 250k steps
with initial preferences from Table 6.4.

• EvoDQN40: EvoDQN with 40 agents, each being trained for 250k steps
with initial preferences from Table 6.4.

EvoDQN is compared with DQN-based models, DQN_I and DQN_I250K,10

with the initial preferences from Table 6.4. In addition, the final preferences of
the EvoDQN agents, obtained by the evolutionary processes, were used as initial
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preferences for the DQN-based models DQN_F and DQN_F250K. In addition,
EvoDQN* – which is EvoDQN but with the initial preferences as the ones obtained
by EvoDQN – is trained and evaluated. Furthermore, we analysed the performance
of EvoDQN with an increased number of agents (16, 24, 32 and 40) using the initial
preferences outlined in Table 6.4. The models were named EvoDQN16, EvoDQN24,5

EvoDQN32 and EvoDQN40, respectively.
After analyzing the different models, as show in Figure 6.8, EvoDQN found

policies that are better distributed in the preference space and obtain a higher
hypervolume compared to DQN-based. It is noteworthy to say that the preferences
assigned to DQN do not vary in training, so we train the models of DQN_I10

and DQN_I250k with the initial preferences in Table 6.4, and DQN_F and
DQN_F250K with the preferences found by EvoDQN. The policies found by
DQN_F, although trained with the same number of total steps as EvoDQN, overfit
and give higher priority to environmental and social objectives than to economic
ones. The DQNF250K policies demonstrated an improvement in hypervolume,15

although the extent of this improvement was less pronounced than that observed
with EvoDQN and EvoDQN*. When comparing the performance of EvoDQN
and EvoDQN*, it is evident that a wider field of initial preferences allows for
a more comprehensive exploration, rather than focusing on the region where
the hypervolume is maximized by EvoDQN. This approach leads to a higher20

hypervolume than that achieved by EvoDQN*. Moreover, increasing the number
of agents involved in the selection process leads to an increase in the hypervolume,
but also a longer training time, due to the fact that more agents are trained per
generation.

6.4.3 Maintenance policy comparison analysis25

As previously mentioned in section 6.4.1, EvoDQN with eight policies is com-
pared with the CBM and CM policies, where each policy represents 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. Although30

these policies are primarily 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 system and technician behaviors over a period of time. In this regard,
section 6.4.3 showcases the sustainable implication for policy 7 (P7) of EvoDQN.35

Thereafter, the comparison results are discussed in section 6.4.3
Sustainable implication of EvoDQN P7

Economic policies are effective due to the straightforward relationship between
profit maximization and cost minimization. However, the inclusion of sustainable
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Figure 6.9: Machine degradation, technician fatigue, and carbon intensity associated
with maintenance interventions

policies directly impacts the economic objective. For example, identifying win-
dows of opportunity where the carbon footprint is high to perform maintenance
interventions may benefit 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 can5

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 sustainability 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 minimize10

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. Figure 6.9 presents a subset of
the temporal data of a policy where the three objectives are balanced. The first15
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Figure 6.10: EvoDQN, CBM77 and CM policies for the TBL

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 two technicians involved in
the maintenance process, the value of 0 and 1 representing respectively complete
recovery and fatigue (cf., Equations (6.1) and (6.2) for further details). Finally,5

the last graph (at the bottom) represents the carbon footprint signal of the overall
manufacturing process.

Comparison results

The results in terms of the trade-off between economic, social, and environmental
objectives for the maintenance policies of EvoDQN, CBM77 and CM are presented10

in Figure 6.10. The lower the score on all the axes, the better the policy. It can
be observed 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 a15

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 (for20
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maintenance or breakdown) so that the carbon footprint is minimized. This kind of
policies are, 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
contrast, CM policies exhibit a consistent, centralized cluster with similar behavior.5

Table 6.6: Performance metrics for various policies

Policy Total Cost Fatigue CO2
Mean Std Mean Std Mean Std

EvoDQN8 P1 5224632.00 643776.33 70.81 23.05 6400227.78 1170575.91
EvoDQN8 P2 673694.00 193507.49 407.64 7.22 9135870.62 112714.30
EvoDQN8 P3 8041360.00 115930.81 3.28 2.86 611974.08 136320.13
EvoDQN8 P4 6756262.00 294488.76 29.71 6.53 3640282.90 896390.78
EvoDQN8 P5 906400.00 417111.25 165.02 7.83 12330807.18 503133.79
EvoDQN8 P6 1291790.00 574877.80 152.20 9.33 11953001.80 1107733.05
EvoDQN8 P7 434270.00 94808.87 183.53 8.60 12283418.08 261931.21
EvoDQN8 P8 513110.00 182068.51 158.62 7.41 12880761.30 319704.17
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 R2 3901730.00 172146.63 148.85 14.18 11253092.26 436529.93
CM R3 3391030.00 207082.07 150.18 12.11 10667375.66 486925.62
CM R4 3355220.00 238993.52 148.59 17.59 10827049.70 561767.31

For deeper analysis, the results obtained from the eight EvoDQN policies, eight
CBM77, and four CM policies are presented with their 2D projection in Figure 6.11
and Figure 6.12, along with a more in-depth breakdown of the economic pillar. The
first three columns represent the projection of the trade-off between two objectives,
the first column representing Economic-Social, the second column representing10

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 in15

each row the eight different policies found. The fourth column provides in the
form of a bar chart the different costs that conforms the Economic pillar. From an
economic standpoint, policies P2, P7, and P8 demonstrate superior performance
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Figure 6.11: 2D Projection of the policies P1 to P4 in the objective space and
economic cost breakdown
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Figure 6.12: 2D Projection of the policies P5 to P8 in the objective space and
economic cost breakdown
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Table 6.7: Production cycle mean and standard deviation

Policy PC Mean PC Std

EvoDQN8 P1 23182.70 1110.41
EvoDQN8 P2 31118.56 508.18
EvoDQN8 P3 19386.97 143.28
EvoDQN8 P4 20920.41 368.69
EvoDQN8 P5 29852.60 658.53
EvoDQN8 P6 28485.00 1183.37
EvoDQN8 P7 31286.72 327.55
EvoDQN8 P8 30850.90 437.16
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

compared to traditional maintenance policies, and policy P5 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 can5

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 P1, P3, and P4 have demonstrated the most effective approach to
reducing fatigue. Furthermore, policies P5 to P8 have demonstrated intermediate
solutions, with the best CM and CBM77 solutions being superior. In terms of10

reducing carbon footprint, policies P1, P3, and P4 are the most effective, in line
with policies that prioritize social aspects. However, there are intermediate policies,
such as policy P2, which significantly minimize the carbon footprint compared to
the CM policies. With the exception of one CBM77 policy, they also optimize
maintenance costs to a large extent.15

6.4.4 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 maintaining a sustainable approach.
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However, policies that give more priority to environmental or social criteria than
economic ones are not relevant in an industrial context. In this regard, the policies
obtained by EvoDQN P2, P5, P7, and P8 are well-suited for implementation
in industrial contexts where economic considerations are of primary importance.
With respect to the pair of objectives, policy P8 shows notable performance in5

balancing social 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.10

Although the CBM and CM policies are mainly oriented to economics (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 allows a good
performance in the economic aspect and also reflected in the social aspect.15

From an operational condition perspective, an important KPI to be analyzed is
the production cycle of each policy. This KPI is summarized in Table 6.7 for all the
20 evaluated policies. The best results for each family of policies are highlighted
in bold. The set of P2, P5, P7, and P8 policies demonstrate better performance
compared to the traditional policies. P7 exhibits the most notable improvement in20

terms of the average production cycle, with a 8.40% increase compared to CBM77
and a 22.34% 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.25

6.5 Conclusion
This chapter presents a framework for developing sustainable maintenance

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 evolutionary30

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 degradation
and repair by technicians was proposed, which incorporates the three pillars of
sustainability. The proposed EvoDQN approach obtains distributed policies in35

the preference space demonstrating different trade-offs among the TBL objectives.
The results showed how the economic pillar contrasts with the proposed social and
environmental pillars. In addition, we found that our approach produces superior
results in terms of the production cycle compared to classical maintenance policies
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that lead to higher profits.

6.5.1 Implications
Maintenance optimization is a process that involves understanding the condition

of the equipment by incorporating the use of technology to monitor variables in
real time such as temperature, vibration, pressure, and humidity. The collection5

and analysis of this data using ML algorithms is essential for identifying patterns,
correlations, and/or abnormalities that could indicate potential equipment failures
or performance issues. However, it is important to consider the additional costs
associated with implementing this technology, including the installation of sensors,
network infrastructure, and computational power to train the ML models. Further-10

more, 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.
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7
Conclusion

This chapter presents the overall conclusion of the dissertation and proposes
potential research directions.
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7.1 Summary of contributions
This thesis examines the application of reinforcement learning for the optimiza-

tion of maintenance activities in the manufacturing industry, with a focus on the
concepts of uncertainty, efficiency, and sustainability. The approach aligns with
the optimization of maintenance processes through the concept of policy, which5

centers on the decision-making process regarding the assignment of maintenance
tasks to technicians. The objective of this decision is to guarantee the continuity
and efficiency of operations while minimizing downtime and costs. During this
work we address different challenges.

In Chapter 4, we focused on investigating the impact of different levels of uncer-10

tainty on the distribution of failures and repair time, with the goal of optimizing
machine uptime. Three different methods based on scheduling rules, GA (with
multiple re-optimization frequencies), and RL were evaluated. Our results showed
that RL showed a significant reduction in MTTR compared to the other methods
with different levels of uncertainty; also, when using real data, it showed a high15

ability to maximize the uptime of the equipment. On the other hand, GA with
high re-optimization frequency proved to be the best alternative in optimizing
equipment uptime under different degrees of uncertainty, but it is computationally
inefficient. Finally, DR are a simple alternative with low computational cost and
competitive results in reducing the MTTR.20

In Chapter 5, we investigated the use of reinforcement learning to design
maintenance policies. In this work, classical maintenance policies were evaluated
(i.e. CM and PM), where different metrics were analyzed to determine which policies
are more effective in terms of number of actions, number of failures, percentage of
different states of the equipment (in maintenance, operational, breakdown), where25

the objective is to perform the maintenance actions as close as possible to the time
of the failure to prevent it from occurring. The problem is more complex than the
one presented in chapter 4, where, in addition to the fact that machines can fail,
the individual components belonging to the machines can also fail. Furthermore,
in this work we evaluated the use of a multi-agent system, where each agent is30

responsible for monitoring a single machine, but all agents share the resources,
which in this case are the technical resources. Our results showed that the RL policy
outperformed the others, reducing the downtime by up to 80% and the downtime
prevention by up to 75%. To achieve these results, the RL policy performs more
maintenance actions. Finally, we present a first economic evaluation where we show35

under which parameters one policy outperforms another.
In Chapter 6, we proposed a model of a sustainable maintenance policy that

incorporates the three pillars of sustainability. In the economic pillar, we consider
the costs of maintenance, breakdowns, and downtime; in the environmental pillar,
we consider the carbon footprint given by the operation of the equipment; and in40
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the social pillar, we consider the fatigue experienced by the technicians. For this
purpose, we proposed an evolutionary algorithm based on reinforcement learning,
in which several agents learn a maintenance policy with a certain weighting in the
sustainability pillars, optimizing with them individually the reward (based on the
sustainability pillars), and these agents go through an evolutionary process with5

the objective of maximizing the hypervolume, thus obtaining a set of agents more
evenly distributed among the different objectives. As a result, the policies obtained
by our approach show a greater diversity in the objectives of sustainability with
respect to classical policies such as CBM and CM that do not adhere to these
principles, in addition to showing the trade-off that exists between the economic10

pillar with respect to the social and environmental pillar, we obtained better results
in minimizing the costs.

7.2 Broader implications
To optimize maintenance efficiency, it is essential to understand the condition

of the equipment in order to predict potential failures. This requires the use of15

various technologies, such as sensors that monitor temperature, vibration, pressure,
humidity, and other variables in real time. The collection of the data must be
transmitted over relliabale networks to ensure both privacy and security. Once
collected, the data must be analyzed by algorithms (AI/ML) to identify patterns,
correlations, and anomalies that could indicate potential equipment failure. These20

algorithms must be robust enough to withstand changes in the environment, such
as temperature fluctuations, luminosity changes, or vibrations caused by new equip-
ment installation. The use of these technologies, however, represents an additional
cost to the industry, including the installation of sensors, network infrastructure,
and the computational power required for training and deploying ML models. In25

addition, incorporating social aspects can lead to enhanced employee well-being and
job satisfaction. The integration of technology can also impact workforce-related
metrics such as wrench-time which measures the real time technicians spend on
maintenance tasks, excluding non-productive activities, by identifying tools, parts
or procedure to be done. Furthermore, predictive insights can help identify specific30

training needs, enabling the development of new skills and improving existing ones,
ensuring that technicians are better equipped to operate and understand advanced
predictive maintenance systems.

7.3 Limitations and future work
In this thesis, we focus on optimizing maintenance policies in parallel machine35

environments. We believe that there is still significant scope for further research
on the relationship between maintenance and production policies, particularly in
heterogeneous environments with production lines and factories. Furthermore, the
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policies generated by these agents based on DRL lack transparency, making it
difficult to understand the decisions they make. Explainable RL is an important
area of focus to ensure that decision-makers have access to more transparent and
understandable policies, allowing for more effective adaptation of these models to
real industrial environments. We hope that this work will serve as a basis and a5

source of inspiration for other researchers.
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