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Abstract

The profound impact of artificial intelligence and advanced simulations
has transformed various aspects of operations management, addressing
complexities and optimizing processes in contemporary manufacturing and
energy landscapes. This comprehensive research delves into three primary
domains: production control, maintenance scheduling, and the integration
of Battery Swapping Station (BSS) into smart microgrids.

In the contest of production control, the study highlights the imperative
nature of effectively coordinating material flow, resources, and processes,
with a keen focus on Work in Process (WIP) control. A groundbreaking
technique has been introduced that integrates Reinforcement Learning and
Industry 4.0 technologies, aiming to regulate throughput in a Flow Shop
setting and dynamically define sequencing rules. By employing a deep
Q-network (DQN), the study achieves a targeted throughput while main-
taining constant WIP. A central aspect of this work is the adaptability of
the proposed "intelligent" tool, which adjusts its decision-making contin-
gent on the dynamic changes in a production environment.

Shifting focus to maintenance scheduling in Flow Shop production
lines, Deep Reinforcement Learning (DRL) emerges as a game-changer.
The research proposes an innovative integration of DRL and simulation
tools to optimize maintenance tasks scheduling, harnessing the predictive
power of simulations and the adaptive capabilities of DRL. This approach’s
uniqueness lies in training on a single machine and testing the resulting
policy across varying machine configurations, demonstrating its robustness
in diverse experimental settings.

Lastly, the research addresses the potential of integrating Battery Swap-
ping Station (BSS) within a smart microgrid. A detailed simulation model,
acting as a digital twin of the microgrid, is developed, capturing the nu-
ances of renewable energy sources, second-life battery storage, and utilities.
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The study meticulously evaluates the economic viability of this integration,
emphasizing cost optimization and effective energy demand management.
Notably, the initiative promotes the circular economy by championing the
utilization of second-life batteries.

In conclusion, this research accentuates the transformative potential
of AI-driven techniques and advanced simulations in redefining operations
management paradigms across manufacturing and energy sectors.

Keywords: Operations Management, Deep Reinforcement Learning (DRL),
Flow Shop, Maintenance Scheduling, Battery Swapping Station, Smart Mi-
crogrid.
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Chapter 1
Introduction

In the contemporary era of digitization, Operations Management stands
at the crossroads of innovation and efficiency. As industries strive to opti-
mize their operational processes, the role of Artificial Intelligence (AI) and,
more specifically, Machine Learning techniques, emerges as pivotal in pro-
pelling businesses to new heights [2]. Deep Reinforcement Learning (DRL),
an advanced subset of Machine Learning, takes in the essence of decision-
making by enabling models to learn optimal strategies through trial and
error, all while interacting with a given environment [3]. This self-guided
learning mechanism, when synergized with simulation, can revolutionize
the way industries approach problem-solving, resource allocation, and de-
mand forecasting, as well as other operations [4].

The vast spectrum of Operations Management, encompassing areas like
supply chain optimization, production planning, and inventory control, re-
quires sophisticated tools that can adapt, learn, and provide actionable in-
sights [5]. Traditional mathematical models and heuristic methods formed
the backbone of decision-making in Operations Management. However,
the dynamism and complexity of modern operations, influenced by global
market trends, intricate supply chains, and rapidly evolving consumer pref-
erences, necessitate a paradigm shift [6]. This is where Deep Reinforcement
Learning, with its ability to process vast datasets and adapt in real-time,
promises transformative potential [7].

Simulation, a tool that has long been employed to mirror real-world
processes and predict outcomes, offers a sandbox environment for DRL
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models. Within these virtual confines, DRL algorithms can experiment,
learn, and fine-tune strategies without the risk of real-world repercussions.
This combination of DRL and simulation provides a robust framework,
allowing businesses to test hypotheses, explore new operational strategies,
and predict the outcomes of changes, all before actual implementation [8].
When fused with simulations, DRL can undergo training across diverse
scenarios, equipping it to make well-informed decisions in real-world con-
texts. This dual approach optimizes intricate processes without intensive
manual tuning and ensures adaptability to evolving environments and con-
straints, leading to heightened efficiency and reduced operational costs [9].
This thesis delves into the confluence of Deep Reinforcement Learning and
simulation, exploring their transformative impact on Operations Manage-
ment. Through comprehensive analysis and real-world case studies, this
work aims to shed light on the potential of this synergy, charting a path
for businesses pursuing operational excellence in the digital age.

1.1 Scientific Backgroud

The three works presented in the thesis share a common thread of lever-
aging cutting-edge technologies—specifically elements of Industry 4.0 such
as Simulation and Artificial Intelligence (AI), with an emphasis on Deep
Reinforcement Learning (DRL)—to revolutionize operations management
within diverse systems. All three studies focus on creating adaptive sys-
tems capable of responding to changes and uncertainties in real-time, crit-
ical for both production lines and energy systems. The first two works in-
tegrates AI (particularly DRL) with sophisticated simulation models, em-
phasizing their combined strength in enhancing decision-making processes
in complex, dynamic environments. Regarding the third work the decision-
making process is given to an intelligent system composed of numerous
algorithms. The central theme across all studies is optimization—whether
of production sequences, maintenance schedules, or energy consumption
and storage—to improve efficiency, cost-effectiveness, and responsiveness
to environmental changes. The scientific background underlying this the-
sis is briefly presented here, starting with work in process control and
job sequencing, planning, and scheduling of maintenance tasks in various
scenarios, and finally, some considerations related to the performance eval-
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uation of integrating a Battery Swapping Station into a smart microgrid.

1.1.1 Reinforcement Learning

In the contemporary landscape of Industry 4.0, the intricacies of mod-
ern manufacturing and logistics systems have become notably dynamic
[10]. This dynamism is shaped by interconnected devices, advanced au-
tomation, fluctuating customer demands, unforeseen disruptions, and the
need for real-time updates. One of the pressing challenges is addressing
fluctuating demand patterns, which can significantly impact production
schedules. Furthermore, there’s an imperative need for real-time adjust-
ments to unforeseen events such as machine breakdowns or material short-
ages [11]. This is where the application of AI in Operations Management
becomes central. Specifically, RL which learns optimal strategies via trial
and error, shows promise. Reinforcement Learning (RL) draws inspiration
from a variety of other well-known fields that study decision-making under
conditions of uncertainty. In Reinforcement Learning (RL), the problem
to address is described as a Markov Decision Process (MDP) [7]. MDP
is a mathematical framework to describe an environment in reinforcement
learning. The RL consists of two main elements: the agent and the envi-
ronment. The former interacts with the least. The environment reacts to
and rewards the seen or state-like impacts of these activities. These two
components are in constant communication, with the agent attempting
to affect the environment by its behaviour and the environment reacting
to the agent’s activities. The agent picks an action and observes what
happens in the environment after it takes the action. Then, it obtains a
reward in correlation with the action and the state. The agent repeats the
encounter numerous times and learns what action is ideal at each state
[12]. The environment’s response to a specific activity is determined by
a model that the agent may or may not be aware of. There are various
ways to develop policies to solve tasks using deep reinforcement learning
algorithms, each with its own set of benefits. There are many algorithms
with which the learning agent can be trained to solve a certain problem,
at the top stage, a distinction exists between model-based and model-free
(Figure 1.1).

Model-based learning tries to model the environment and then deter-
mine the best policy based on the model it has learnt. In model-free learn-
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Figure 1.1. A Taxonomy of Reinforcement Learning Algorithms

ing the agent uses trial-and-error experience to draw up the best policy [7].
The approach used in this thesis is the second one considering the major
scope of developing a general framework for a manufacturing planning and
control system. One of the challenges of working with DRL is determining
how to model the state space, action space, and reward function to properly
shape the problem and choose the network hyperparameters to overcome
overfitting. The learning agent receives an observation of the system’s
state as input and then calculates a reward based on which the system will
evolve to different states to maximize the overall reward. So, in this type
of problem, the question is how to represent the state, the reward, and the
set of alternative actions to best depict the real system. Starting with the
broader concept, this section introduces reinforcement learning, setting the
foundation as a potent tool in complex decision-making scenarios. It hints
at the vast potential applications ranging from production lines to energy
systems. As a pivotal technology, reinforcement learning bridges the gap
between theoretical aspirations and practical achievements, making it a
focal point in the contemporary scientific background.
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1.1.2 Flow Shop Scheduling

Referring to a manufacturing environment, the operations performed
are typically known as jobs, related to the items being produced. These
items can often be broken down into several tasks (or operations), each
representing the smallest unit of work considered practical. In many man-
ufacturing and assembly plants, these operations frequently need to follow
the same sequence for all jobs, implying that each job must follow the
same path. The machines are assumed to be connected in series in such
instances, defining the environment as a Flow Shop [13].

Flow Shop Scheduling, a specific instance of Job Shop Scheduling, in
which all operations are executed in a predetermined order across all jobs.
Each job passes through the machines in a fixed sequence: the first op-
eration occurs on the first machine, the second operation on the second
machine (upon completion of the first), and so forth until the job is finished.
The problem has seen numerous variants over the years, each prompting
the development of both exact and approximate resolution algorithms [14].

However, most Flow Shop Scheduling studies have focused on determin-
istic cases, where all parameters, like production times, machine availabil-
ity, and transportation durations, are known and consistent. In reality,
several uncertainties often disrupt this predictability, affecting decision-
making processes. Examples include machine failures, operator absences,
stock shortages, or changes in job priority, all of which can significantly
affect industrial operations [15]. In stochastic contexts, traditional as-
sumptions for deterministic Flow Shops undergo alterations: job release
dates are unpredictable, machines may malfunction, and processing times
become independent random variables. The scheduling and production
control problem has been handled in a variety of ways, employing a range
of frameworks. The dynamic nature of flow shop environments calls for
more than conventional management strategies, leading to the exploration
of artificial intelligence’s role in transforming these systems.

1.1.3 The Dynamics of Production Line Management

Considering the complexity of production line management, explicitly
focusing on the dynamics of Work-In-Progress (WIP), throughput (TH),
and cycle time (CT), interconnected through Little’s Law. This law, foun-
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dational in queueing theory and operations management, indicates that
the product of throughput and cycle time is equal to the work in progress:
WIP = TH × CT . Its practical application spans individual workstations
to entire production plants, given the consistency in the measurement units
of WIP, TH, and CT.

The study further explores the theory in the context of CONWIP
(CONstant Work In Progress) production lines, a production control sys-
tem, as examined by Hopp and Spearman [1]. It considers the implica-
tions under varying operational scenarios, highlighting how performance
extremes (best and worst cases) can manifest in a production line.

In the best-case scenario, the research outlines how the minimum cycle
time and maximum throughput are dependent on the WIP level and certain
thresholds (rb bottleneck rate that is the rate of the workstation with the
highest long-term utilization (parts per unit time or jobs per unit time);
T0 raw process time that is the sum of the long-term average process times
of each workstation; W0 critical WIP is the WIP level at which a line with
given rb and T0 values but no variability achieves maximum throughput
(rb) with the shortest cycle time (T0)), leading to the insight that a zero-
inventory goal is impractical. Even under ideal conditions, no inventory
would mean no throughput, hence zero productivity. Instead, a critical
WIP (W0) is suggested as a more realistic optimal inventory level.

The worst-case analysis, conversely, identifies conditions under which
a production line would experience maximum cycle time and minimum
throughput, considering both processing and waiting times. The findings
underscore that even predictable process duration, if varied, can result in
severe operational inefficiencies.

Furthermore, the thesis introduces the Practical Worst Case (PWC),
which is an intermediary scenario incorporating maximum randomness,
making it a more representative benchmark for real-world systems. It
defines this case within the framework of a system state and applies con-
ditions like balanced lines, single-machine stations, and exponential dis-
tribution of process times. The PWC scenario provides insights into the
operational behaviour at extremely low and high WIP levels, emphasiz-
ing that achieving near-capacity throughput in highly variable systems
requires maintaining high WIP levels, which consequently leads to longer
cycle times.
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BestCase:

CTmin =

T0, if w < W0

w

rb
, otherwise

(1.1)

THmax =


w

T0
, if w < W0

rb, otherwise
(1.2)

WorstCase:
CTmax = wṪ0; (1.3)

THmin =
1

T0
(1.4)

PWC:
CTPWC = T0 +

w − 1

rb
; (1.5)

THPWC =
W rb

W0 +W − 1
(1.6)

This analysis bridges theoretical extremes and real-world production
scenarios, establishing that systems performing better than the PWC are
lean, while those performing worse may have significant inefficiencies (Fig-
ures 1.2 and 1.3). The study proposes utilizing these insights for an inter-
nal benchmarking methodology. This section underscores the operational
obstacles encountered in production line management. It prepares the
ground for introducing advanced technological interventions that could re-
define traditional approaches. Artificial intelligence emerges as a beacon of
hope, promising unprecedented improvements in the realm of production
control and beyond.

1.1.4 Embracing Artificial Intelligence in Production Con-
trol

Many researchers recommend the Machine Learning, Deep Learning,
or Reinforcement Learning technique to solve difficulties that may arise in
production control. In [16] H. Wang et al., 2020 to address the uncertainty
of the production environment in the assembly job shop, a RL algorithm
called dual Q-learning, is proposed to enhance the adaptability to envi-
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Figure 1.2. Cycle time versus WIP [1]

Figure 1.3. Throughput time versus WIP [1]
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ronmental changes by self-learning. Moreover, in [17] Wu et al., 2020 a
combination of deep neural network (DNN) and Markov decision processes
(MDP) is proposed for the dynamic dispatching of re-entrant production
systems. Also, in the chemical production scheduling process Hubbs et
al., 2020 apply DRL to account for uncertainty and achieve online, dy-
namic scheduling [18]. Furthermore, to demonstrate the validity of the
approaches proposed, there is a comparison with well-known heuristics or
analytic models. This happens also in [19] in which the performance of the
ML-based production control is compared to a static rule-based approach.
There are also works in which the main contribution is the development of
a four-level collaborative RL algorithm which provides a schedule for two
non-identical robots for non-identical machines [20]. To reduce makespan,
that is the length of time that elapses from the start of work to the end, in
[21] there is the employment of a reinforcement learning (RL) technique to
develop efficient robot task sequences. The Petri net model is then used to
describe states, actions, and rewards. In production planning and control
one of the key tasks is of course the scheduling of tasks and operations.
Many methods for the problem of scheduling and production optimum con-
trol have been proposed in the literature [22]. To schedule in production
systems many dispatching rules are been proposed, but many rules might
apply to different situations, so, it can be difficult for the decision-maker to
choose the right rule at any particular time. Furthermore, dispatch rules
are confined to their local information frontiers, therefore no rule outper-
forms others due to differing system goals, situations, and conditions [23].
The methods and algorithms of ML, DL and RL can be used to address
challenges that may arise when dealing with situations in which there is
no comprehensive understanding of the system dynamics [24]. Combining
the potential of the neural networks and the RL has developed the DRL
that blends artificial neural networks with a reinforcement learning frame-
work to assist software agents in learning how to accomplish their goals. It
merges function approximation and goal optimization to map states and
actions to the rewards they occur in. The DRL is the appropriate approach
for creating a self-optimization scheduling strategy that can be employed
with the accurate simulation and high-performance data supplied by a
simulation tool. Because of its qualities, DRL has lately been explored
and applied in manufacturing systems to handle decision-making difficul-
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ties that might be problematic in today’s complex and dynamic industrial
systems environment [25]. In this research, the theoretical implication of
the work of [1] will be used in the application of a Deep Q-Network control
mechanism in a Flow Shop manufacturing environment. The objective is
to meet specified throughput targets while adhering to the CONWIP prin-
ciple of constant WIP, utilizing the PWC as a performance benchmark.
The task now is to provide a comprehensive methodology that will lead re-
searchers and practitioners through the application and optimization pro-
cess, provide deployment instructions, and accelerate implementation in
prospective use cases [26]. This transformation extends to the realm of
maintenance scheduling, where AI’s analytical and predictive skill unveils
new horizons.

1.1.5 Maintenance Scheduling and Artificial Intelligence

Maintenance management is the key factor in maximizing the value
of manufacturing assets, including productivity, reliability, and cost effec-
tiveness. So this crucial function is responsible for planning, implement-
ing, controlling, and enhancing maintenance activities within an organi-
zation. Maintenance scheduling determines when the planned work is to
take place, who is to perform it. The goals of maintenance scheduling are
to maximize the amount of work completed using available resources, to
prioritize the most important work orders, to complete as many preven-
tive maintenance tasks as possible, and to minimize the use of external
resources by effectively using internal labor. When maintenance planning
and scheduling are implemented together, they can offer significant ben-
efits to an organization. These include controlling maintenance-related
resources, reducing equipment downtime, reducing spare parts inventory,
improving workflow, and increasing efficiency by reducing the movement
of resources between areas. Maintenance can be seen as a job scheduling
problem. However, it turns out that it violates the necessary conditions for
the use of classical scheduling theory and so maintenance scheduling is even
more complex than job shop scheduling [27]. So, this study concentrates on
potential machine failures within the Flow Shop. To mitigate these, sched-
uled maintenance is essential; however, such actions necessitate production
halts, impacting overall productivity. This dilemma is often referred to in
the literature as the "joint maintenance and production scheduling prob-
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lem" or "scheduling with availability constraints" [28]. Various approaches
and algorithms exist to solve these scheduling problems. This thesis pro-
poses employing AI, combined with simulation, to optimize maintenance
scheduling. The manufacturing sector is on the point of transformative
innovation, driven by increasing sensor integration, the Internet of Things
(IoT), advancements in robotics, and an abundance of data. This surge
in factory digitization compels manufacturers to reassess their existing op-
erations and future strategies in the advent of Smart Manufacturing and
Industry 4.0. AI stands poised to be instrumental in realizing these rev-
olutionary prospects [29]. Among the tools facilitating the transition to
Smart Manufacturing, such as Cloud Computing, Big Data Analytics, and
5G, Machine Learning (ML) holds a significant position [30, 31]. This work
utilizes and elaborates on Reinforcement Learning. Reinforcement Learn-
ing deals with sequential decision-making, exploring how agents should
perform in environments to maximize cumulative rewards. Notably, the
agent learns which actions to execute without explicit guidance, instead
discerning which strategies maximize its rewards through continuous in-
teraction with its environment [32]. A specific focus of this work is Deep
Reinforcement Learning, merging Reinforcement Learning with Artificial
Neural Networks with extensive layers and parameters. This study im-
plements Proximal Policy Optimization (PPO), a policy gradient method
characterized by its unique clipped probability ratios forming a conserva-
tive performance estimate for the policy [33]. The aim is to train an agent
capable of efficiently scheduling preventive maintenance and minimizing
machine failure during processing stages. This objective was pursued by
implementing a neural network with two 64-neuron hidden layers, utilizing
the Python library Stable Baselines3. The neural network inputs include
the probability of machine failure at the onset of each job and the time
elapsed since the last maintenance. After training is completed on a sin-
gle machine, the developed policy is then tested in a 5-machine flow shop
environment, considering various scenarios. For the experimental phase, a
Flow Shop model was constructed in Anylogic simulation software, giving
the opportunity to consider different Flow Shop Scheduling problem config-
urations. The experiments also leveraged solutions from existing literature
to enhance scientific rigour, incorporating solutions derived from [34]. In
conclusion, various experiments under different Flow Shop Scheduling con-
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figurations were conducted to validate the results. Notably, in all analyzed
instances, AI significantly reduced machine failures by autonomously and
adeptly scheduling preventive maintenance, based on real-time machine
parameters. This approach demonstrated considerable promise in enhanc-
ing industrial reliability and efficiency in the face of uncertainties. This
section reveals how AI revolutionizes maintenance scheduling, embody-
ing adaptability, and foresight. Beyond production environments, these
advanced scheduling techniques exhibit their versatility and impact, ex-
tending to the dynamic field of energy and transportation.

1.1.6 Simulation Approaches in Modern Energy and Trans-
portation Systems

A transformative shift is happening also in electricity production and
consumption, driven by the imperative to combat climate change and en-
hance energy system efficiency [35]. In this broader context, the scientific
community has proposed and developed various strategies and method-
ologies to reduce humanity’s environmental footprint, especially in the
realms of transportation and energy [36]. Recent years have witnessed a
significant increment in the adoption of electric vehicles (EVs). However,
certain challenges continue to keep their widespread integration, and one
prominent challenge is the protracted recharging times [37]. A potential
remedy for this issue comes in the form of a Battery Swapping Station
(BSS) [38]. These stations enable users to swiftly exchange depleted or
near-depleted batteries for fully charged ones. They dramatically reduce
recharging times to just a few minutes and enable efficient scheduling of
recharging for depleted batteries. Consequently, the integration of BSS can
substantially cut greenhouse gas emissions. To maximize these benefits, it
is imperative to integrate BSS into intelligent electrical systems like smart
microgrids, heavily reliant on renewable energy sources [39]. This integra-
tion can elevate transport system sustainability by harnessing renewable
power generation and easing efficient energy management. Managing BSS
entails two crucial aspects: individual-level management to ensure efficient
use of the battery fleet in terms of recharging and decommissioning, and
management of interactions with the electricity grid and other associated
elements. In the existing literature, considerable attention has been dedi-
cated to achieve the best scheduling and coordination in microgrids with
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BSS [40]. A fundamental aspect to consider when integrating BSS into a
microgrid is the management of energy flows throughout the system. The
existing literature emphasizes the importance of integrating components
such as BSS, Renewable Energy Sources, and storage units within micro-
grids [41].

1.2 Research outline and contributions

This thesis is structured in the form of a "three-paper" thesis, with
published and forthcoming scientific papers to which I significantly con-
tributed. The first paper (Chapter 2) delves into the complexities of Work
in Process (WIP) Control, presenting methodologies and findings that ad-
vance our understanding of efficient job sequencing in a Flow Shop. The
second paper (Chapter 3) picks up the baton from the first and aims to
conduct a comprehensive study on the planning and scheduling of mainte-
nance activities in a Flow Shop, ensuring optimal operations and minimal
disruptions. The third paper (Chapter 4), instead, focuses on the inno-
vative approach of integrating a Battery Swapping Station into a smart
microgrid, exploring its potential benefits and challenges in modern energy
systems. In the next sections, there is a much more detailed description of
each research work conducted.

1.2.1 Work in process (WIP) control and job sequencing
in a Flow Shop

This work presents a research that combines advancements in artificial
intelligence (AI) with engineering applications, specifically targeting work
in process (WIP) control within a production system and dynamically
determining sequencing rules for individual machines. To achieve this,
the research proposes innovative approaches that leverage Reinforcement
Learning techniques and algorithms inspired by Industry 4.0 technologies.
The main emphasis is on regulating throughput and WIP in a Flow Shop
setting. To attain a predefined throughput objective, the study employs
a deep Q-network (DQN) to determine a constant WIP amount for the
system. Furthermore, a significant objective of this study is to develop an
"intelligent" tool that can adapt its decision-making process in response
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to changes in the production line’s status. This adaptability is crucial in
dealing with the dynamic nature of modern manufacturing environments.
In this paper, a novel technique is introduced to define the state, action
space, and reward function for the Reinforcement Learning agent. These
components play a crucial role in shaping the agent’s learning process
and influence its decision-making. The defined state, action space, and
reward function are notable contributions of this research, as they provide a
solid foundation for effectively applying AI-driven control in the production
system.

This paper was co-authored by Silvestro Vespoli (University of Naples
Federico II), Guido Guizzi (University of Naples Federico II) and Liber-
atina Carmela Santillo (University of Naples Federico II), under review in
Engineering Applications of Artificial Intelligence.

1.2.2 Planning and scheduling of maintenance activities in
a Flow Shop under different scenarios

The paper puts forth a combined approach of a simulation tool and
a DRL algorithm designed to streamline the planning of maintenance ac-
tivities in a Flow Shop production sequence. The primary objective is
to perfect maintenance schedules while augmenting productivity, achieved
by merging the proficiency of simulation and DRL-driven smart decision-
making. This advanced simulation tool mirrors the Flow Shop production
line digitally, facilitating an accurate representation and emulation of ma-
chinery functions, task sequences, and maintenance activities. What dis-
tinguishes this methodology is that the initial learning phase is conducted
on a single machine. Subsequently, the devised policy undergoes testing
on a Flow Shop line, both on machines with identical Weibull parameters
(α and β) and on those with different parameters. This combined ap-
proach of the simulation tool and DRL paves the way for an adept system
to schedule and strategize maintenance tasks in a Flow Shop production
chain. Merging the utility of simulations with DRL-informed decisions,
this method promises a combined strategy to refine maintenance methods
and boost production outcomes across various tested scenarios.

This paper was co-authored by Silvestro Vespoli (University of Naples
Federico II), Guido Guizzi (University of Naples Federico II) and Liber-
atina Carmela Santillo (University of Naples Federico II), is ready to be
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submitted to Applied Intelligence.

1.2.3 Performance evaluation of integrating a Battery Swap-
ping Station into a smart microgrid

The integration of Battery Swapping Stations (BSSs) into smart mi-
crogrids presents an opportunity to optimize energy generation, storage,
and consumption. However, there exists a gap in the literature regard-
ing the detailed analysis of the profitability of integrating a BSS within a
smart microgrid, particularly utilizing second-life batteries for storage and
renewable energy sources for generation. This study aims to address this
gap by employing a multi-method simulation approach to thoroughly in-
vestigate the economic viability of such integration. The simulation model
developed for this study is a digital twin of the microgrid, incorporating
components such as the BSS, renewable energy sources (wind and photo-
voltaic), second-life battery storage, and utilities. By optimizing energy
flows within this model, considering the cost-effectiveness of diverse gen-
eration sources and prioritizing the utilization of renewable energy, it aims
to provide a comprehensive assessment of the economic benefits. Fur-
thermore, the simulation takes into account crucial factors including bat-
tery swapping operations, warehouse management, and battery charging
scheduling. The profitability analysis undertaken in this study is grounded
in the objective of minimizing total costs while effectively meeting the en-
ergy demands of residential loads. Ultimately, the integration of the BSS
into the smart microgrid not only targets economic efficiency but also
strives to maximize the utilization of second-life batteries, contributing to
the concept of a circular economy.

This paper was co-authored by Silvestro Vespoli (University of Naples
Federico II), Guido Guizzi (University of Naples Federico II) and Gabriella
Ferruzzi (ENEA Italian National Agency for New Technologies, Energy
and Sustainable Economic Development), pubblished in Energies [42].





Chapter 2
Enhancing Production Line
Efficiency through Work In
Process Control and
Scheduling using Deep
Reinforcement Learning

2.1 Introduction

Managing the coordination and regulation of materials, resources, and
processes in manufacturing operations, known as production control, is a
critical component in ensuring efficient and effective production [43]. Tra-
ditional production control methods, based on fixed rules and heuristics,
often fall short when addressing the complexities and dynamics of modern
production systems [10]. The inflexibility of these legacy approaches can
lead to sub-optimal resource allocation and scheduling decisions; a salient
issue considering the highly customisable and rapidly evolving landscape
of the modern manufacturing sector [5].

The onset of Industry 4.0, notably the incorporation of Artificial Intel-
ligence (AI), offers a promising solution to these challenges. Specifically,
Machine Learning (ML) methodologies and algorithms have been high-
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lighted in several studies as advantageous alternatives to traditional pro-
duction control techniques, enabling more adaptive and efficient manage-
ment [44, 45, 46]. These approaches introduce new capabilities for planning
and control systems to address production scheduling and control issues
[47, 19, 48, 49]. Furthermore, it has been shown that the integration of
such technologies into production systems can yield considerable benefits
[50, 51, 52].

One such ML methodology that shows significant promise is Reinforce-
ment Learning (RL), particularly Deep Reinforcement Learning (DRL).
DRL combines RL with deep neural networks, enabling the algorithm to
learn from experience and make decisions based on predefined objectives
[4, 53]. Over time, a DRL algorithm can become increasingly proficient at
decision-making and achieving specified goals, improving production pro-
cesses and reducing costs [54].

DRL has been already applied across various aspects of production
systems, from production control to scheduling and maintenance [55, 56].
It has also demonstrated capabilities in addressing the intricate decision-
making challenges present in modern dynamic manufacturing environ-
ments [25, 57, 26]. However, despite these advances, the application of
DRL for production control concerning Work-In-Process (WIP) levels re-
mains an understudied area in existing literature [58, 59].

As a matter of fact, effective management of Work-in-Process (WIP)
is critical to minimize disruptions and ensure smooth production in dy-
namic environments [60, 61]. Controlling WIP levels to align with desired
throughput can optimize the production process, maximizing output while
minimizing costs [62, 63]. However, decision-making can be complex and
time-consuming, especially considering fluctuating market demands and
system dynamics [64, 2, 65, 12].

This work aims to address this research gap by designing a Deep Q-
Network (DQN) agent, a DRL approach, to effectively regulate WIP levels
and sequencing in a dynamic and complex production system. By dy-
namically adjusting WIP in response to desired throughput, our method
provides a novel solution for optimizing production control and scheduling.
We also propose a dispatching rule selection method contingent on system
status to further enhance adaptability and efficiency.

Summarising, this paper addresses two key research questions:



2.2. Problem statement 19

1. How can a learning agent, implemented with a Deep Q-Network
(DQN), effectively regulate Work-in-process (WIP) and sequencing
in a complex and dynamic production system, considering the chal-
lenges of the variability of the currently manufacturing setting?

2. What benefits does integrating a Digital Twin with Deep Reinforce-
ment Learning (DRL) offer in optimizing production processes and
enhancing decision-making capabilities, particularly regarding real-
time data utilization and adaptability to environmental changes?

By investigating these questions, this work presents a novel approach
to address the challenges of managing modern production systems. This
study leverages DRL to optimize production control and scheduling, con-
tributing to this academic field while also providing practical tools for
more efficient and adaptive production management aligned with Industry
4.0 paradigms [1, 6, 18, 66]. Our approach offers a valuable contribution
to the literature along with practical implications for modern production
facilities progressing towards Industry 4.0. The paper is structured as fol-
lows: Section 2 presents the problem formulation, Section 3 describes the
proposed technique in detail, Section 4 discusses the simulation environ-
ment and the experimental plan carried out to support the proposal and
the results of different configurations, and finally, Section 5 concludes the
study.

2.2 Problem statement

The goal of the work is to use an artificial intelligence system for
decision-making within a production system for manufacturing planning
and control, which draws up a plan capable of adapting decisions to contin-
gent situations through a trial and error process together with a mechanism
of rewards and punishments. A dependable simulated environment is de-
sirable for any Reinforcement Learning system. This is best accomplished
with the assistance of reliable general-purpose simulation software with
quick, consistent, and simplified links to RL algorithms.

The reinforcement learning training process is based on an artificial
explorer that investigates every aspect of a simulation world. With the
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right reward configuration, this method could be used to partially auto-
mate some typically repetitive portions of the verification and validation
process, allowing for more extensive testing of the robustness and realism
of the simulation model. Standardized RL environments are available to
academics so that they can test and evaluate their algorithms on level play-
ing fields. These commonly used environments, however, lack the variety
and complexity found in real-world simulated systems. Any industry or
situation can benefit from advanced training settings on a general-purpose
simulation platform, which can be quickly adapted while also delivering
varying levels of complexity and problems.

The purpose of this research is to investigate the use of reinforcement
learning in industrial production, particularly production scheduling and
control. The study will look into two aspects of RL implementation: (1)
using RL for production line control to maintain a constant level of work-
in-process while achieving specified performance results, and (2) using RL
for dynamic production scheduling by selecting appropriate rules based on
downstream conditions.

To accomplish these objectives, the research needs a dependable simu-
lated world that can provide a quick and consistent link to RL algorithms.
In figure 2.1 there is the step-by-step graphical representation of the al-
gorithm proposed in which there is a first part that involves the steps to
follow in order to train an RL system to control the production (WIP
amount) and the second part that involves the scheduling issue (rule to
be chosen). The learning agent is to be taught the amount of WIP that
must be kept constant to achieve specified results. The second topic to be
investigated is the usage of RL for dynamic production scheduling. To this
aim, the learning agent has to choose the most appropriate rule based on
the condition of the production line downstream of the choice of the WIP
to keep constant, the output of the prior training. The study also seeks
to create a mechanism of rewards and punishments for the RL system to
adapt decisions to contingent circumstances.

2.2.1 Theoretical background

In literature Hopp and Spearman analyzed the behavior of CONWIP
(CONstant Work In process) lines working in a different scenarios [1]. In
particular, they proposed the Practical Worst-Case (PWC) model which
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Figure 2.1. The step-by-step graphical representation of the algorithm pro-
posed

garnered significant empirical support and has been widely implemented in
diverse production settings [67]. Keeping the WIP controlled has demon-
strated efficacy in mitigating the effects of fluctuations and interruptions.
In particular, they deduced the relationships that link the Throughput and
Work in Process as shown in Table 2.1, in particular with T0 is the Raw
Processing Time of the line (the sum of long-term average process time
of each workstation); rb represents the Bottleneck Rate of the line (it is
the rate of the workstation that has the highest long-term utilization); W0

represents the Critical WIP of the line (it is the WIP level for which a
line, with a defined Raw Processing Time and Bottleneck Rate, achieve
the maximum throughput and the minimum cycle time without any vari-
ability) and finally w represent the current WIP of the line.

The choice to employ the approach of the Practical Worst Case in this
study allows us to evaluate the performance of the system under uncer-
tainty. This is important because, even if there are other models available
for production line management [68], they are often not utilized to reg-
ulate Work-In-Process (WIP) but they use these approaches to meet the
due date constraints.
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Table 2.1. Relationship in "Factory Physics"

Performance Scenario CycleTime Throughput

BestCase
CTmin = T0 if w < W0 THmax = w

T0
if w < W0

CTmin = w
rb

otherwise THmax = rb otherwise
WorstCase CTmax = wT0 THmin = 1

T0

PWC CTPWC = T0 +
w−1
rb

THPWC = w rb
W0+w−1

In literature to assess the problem of production control, clearing func-
tions have also been used [69]. Clearing functions model the output ca-
pacity of a production resource as a function of its workload, enabling
the prediction and optimization of resource utilization over time. Con-
ventional methods of production control often employ predetermined rules
and heuristics to carry out clearing functions, which may prove insufficient
for intricate and ever-changing production systems. Hopp and Spearman’s
theoretical framework on practical worst-case analysis highlights the vul-
nerability of production systems to variability and uncertainty, resulting in
potential disruptions and delays. Their results can be seen as a particular
case of the clearing function when we employ Average WIP-based clearing
function [70].

The objective of this research is to create a unique control strategy
using reinforcement learning to analyze the current condition of the pro-
duction system and its set of alternative actions, with the same objective
as the one proposed in Vespoli et al. [61]. The system can then decide the
optimum policy to accomplish a certain objective. Furthermore, to evalu-
ate the effectiveness of the suggested technique, we compare the acquired
findings with the known results of the analytical model.

2.2.2 Reinforcement Learning and its application

Even though in recent years has been developed many algorithms to
perform training in a RL environment, in this work we used the Deep
Q-network. The Deep Q-network (DQN) has been developed by Mnih et
al. [71]; it combines a standard RL algorithm known as Q-Learning with
a deep neural network (DNN). DQN is a reinforcement learning tool and
an extension of the Q-learning technique in which a deep neural network
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replaces the state-action tables. Weight adjustments depending on the loss
function influence the DQN’s learning of the value function 2.1:

Lt = (E[r + γ maxa Q(s(t+1), at)]−Q(st, at))
2 (2.1)

in which E[r + maxa Q(s(t+1), at )], represents the optimum predicted
reward associated with the transition to the state s(t+1); r is the reward
associated with the action at and the state st; is the discount factor used
to balance immediate and potential reward; and Q(st, at ) is the network’s
approximate value. In the network, back-propagation is employed to trans-
mit the mistakes estimated by the loss function, which follows the gradient
descent concept. A ε-greedy technique ([7])is used to establish the policy’s
behavior in order to find a compromise between exploring new states and
altering current good policies. DQN has shown impressive performance
in a variety of domains, including video games, robotics, and natural lan-
guage processing [72]. DQN is a flexible algorithm that can be adapted to
a variety of problem types and environments [54]. DQN has been shown
to be effective at handling high-dimensional state and action spaces, which
is a common challenge in many RL problems. DQN is better suited for
discrete action spaces: DQN is a Q-learning algorithm that is specifically
designed to handle discrete action spaces, which are common in many RL
problems and, also in the one proposed in this work.

According to a large portion of the literature reviewed, consistency in
input data is critical to the agent’s ability to learn [73, 74]. Since the data
necessary to accurately represent a specific system and capture the de-
sired knowledge varies substantially between applications, most intelligent
control solutions are customized. To build adaptive systems, an effective
representation that incorporates all necessary information is crucial. This
includes understanding time and temporal trends through observation of
a time-keeping data source, awareness of the agent’s own performance and
how it differs from the target performance, knowledge of other agents’ per-
formance, and observation of any additional factors required to depict the
system’s required dynamics. By considering these characteristics, an intel-
ligent agent can build a detailed description of the manufacturing process
while taking environmental and decision-making factors into account.

These characteristics enable the intelligent agent to build a sufficiently
detailed description of the manufacturing process while taking environ-
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mental and decision-making factors into account. It is important when
tackling this kind of problems to model in a right way the RL’s features
(state of observation, action space and reward fuction) [9]. In this research,
we modeled the observation state by taking into consideration the features
of the jobs as well as the current parameter of the line. The work’s main
contribution is the novel technique used to define the state, action space,
and reward function [59]. In Figure 2.2, there is a representation of the
proposed approach. In particular, it shows how the system works: the
learning agent receives observations from the production line and jobs’ at-
tributes as inputs, and then selects an action, which could be choosing the
amount of WIP to be injected in the system or selecting the dispatching
rule to be performed. To evaluate the quality of the action, the system
receives feedback in the form of a reward, which is modeled in two ways
depending on the specific sub-problem.

The class of operations to be executed, or jobs, in the queue, have
particular characteristics, and an agent attached to the line learns the
appropriate policy using reinforcement learning techniques. This work
contributed to the modeling of the Flow Shop line and its associated pa-
rameters, as well as the network hyperparameters [58], in such a way that
training can be performed and a policy can be established. Using this
policy and the simulation instrument, Deep Reinforcement Learning tech-
niques may be used to determine whether the objective is centered or not.
The goodness of the training settings is specifically evaluated by simulat-
ing the model with the policy personalized from the many configurations
and evaluating the relative function of loss and reward. The environment
chosen for model execution is the simulation program AnyLogic, which
allows for the handling of many scenarios.

2.3 Proposed settings of DQN features

The primary advancement presented in this paper involves the devel-
opment of a Deep Reinforcement Learning (DRL) methodology that ef-
fectively manages Work-in-Process (WIP) to regulate throughput and job
sequencing within a production system. These two sub-problems are ad-
dressed sequentially and separately. Given the central objective of con-
figuring the attributes of the Reinforcement Learning (RL) algorithm in
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Figure 2.2. The representation of how the reinforcement learning (RL) works
applied to the problems issued

this scientific paper, we now proceed to elaborate on the observation space.
The observation space is consistent for both approaches, except for two pa-
rameters that are specifically tailored to address one of the sub-problems
(control approach). Through empirical investigation, it has been deter-
mined that the selected state space aptly captures the essence of the prob-
lem at hand. The configuration of the state space presented in this work
is based on our initial attempts [58, 59]. Dedicated sections will be allo-
cated to explain the treatment of the action space and reward function in
the two different approaches. The provided data points aim to encompass
essential information in the context of regulating throughput and dynami-
cally selecting dispatching rules. For training the DQN (Deep Q-Network)
algorithm with training data, a vector of observations is employed for both
sub-problems of WIP control and Dispatching Rule selection:

1. S0...S4: Queue size on machine i;

2. S5...S9: Standard deviation of processing time of jobs in queue on
machine i;
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3. S10...S14: Coefficient of Variation (CV) of processing time of jobs in
queue on machine i;

4. S15...S19: Estimated utilization machine i;

5. S20: Normalized mean error;

6. S21: Feasibility.

The state space consists of machine parameters, such as those ref-
erenced in 1 and 4 (S0...S4 and S15...S19). We chose these parameters
because we wanted to map the system from the perspective of production
availability (i.e., the machines) and production flow (i.e., the jobs present in
the system). For the latter, we used metrics referenced in 2 and 3 (S5...S9

and S10...S14) to inform the learning agent of the distribution of job pro-
cessing times over time. In 5 of the list (S20), we present the normalized
mean error of the current throughput relative to the desired one. This
metric was used to determine how to weight the variable for normalizing
the mean error in state space. We chose to normalize the value between
0 and 1 because this range is more suitable for use as a parameter. It is
impossible to reduce the value of a WIP below its limit, which is known
as the system condition of feasibility 6 (S21) in terms of the validity and
qualification of the action to be performed. If WIP is positive, this variable
is set to 1, otherwise, it is set to 0. We did not consider the normalized
mean error (S20) and feasibility (S21) because they were important only
for the control approach and not for the scheduling aspect. A positive
work-in-process value suggests a desired situation, prompting the agent to
factor in the action’s feasibility before execution.

Regarding the action space, its formalization is carried out in more
depth in the next section. Similar to the formalization of the agent’s
state representations in the observation space, the formalization of the
available actions the agent can take at each step to modify its surroundings
is presented. Consequently, the number of feasible actions, as well as their
distribution and composition, is determined by the specific application and
domain. In the Control approach, the set of actions involves determining
the number of jobs to inject into the system in order to achieve a desired
CONWIP value. In the Scheduling approach, the set of actions involves
combining known dispatching rules for the 5-machines.
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Furthermore, using reinforcement learning, the reward that must be
described and also, how it is connected to the chosen actions and the
environment. So, a reward function defines how the agent is rewarded and
penalized for certain behaviors and their impact on its goals. A crucial
factor to consider is whether the agent receives good or negative feedback
while getting the reward, as well as its relative value concerning the criteria
against which it is evaluated. The reward strategy must consider how these
incentives should be delivered, based on which values and at what intervals,
all of which will influence training and agent behavior by changing the
environmental input it receives.

2.3.1 Control Approach Setting

One of the objective of this study is to regulate a Flow Shop using a
Deep Reinforcement Learning (DRL) algorithm, with the aim of addressing
the challenges encountered when analyzing a complex manufacturing sys-
tem. Maintaining controlled levels of Work-in-Process (WIP) has proven
to be effective in mitigating the impact of fluctuations and interruptions
[61]. For the production line productivity control problem, the action space
and reward function were formalized ad hoc. So, when dealing with the
issue in this work, the action is to add some work in process to the line
equal to the difference between the initial WIP value and the WIP value
that the network chooses to manage to achieve the desired throughput tar-
get, scaled by a factor of 10 to be consistent with the initial WIP value,
and a size of 41 for the action space (deciding to add 0, 1,...,40 jobs). In
this application, the agent is provided with a reward function that gives
an higher reward in relation to how close it gets to the throughput target.
The purpose is to reward the agent whenever it does an activity that puts
it closer to the desired behavior, the function is always positive as shown
in the Figure 2.3. If the absolute value of meanError is greater than a
particular threshold, d, the function returns a large value of reward, which
indicates a high level of reward. This means that the function strongly
encourages the agent to choose actions that result in a small meanError
value. On the other hand, if the absolute value of meanError is less than
d, the function returns a value that is a linear combination of |meanError|
and β, that identifies the slope of the linear trend. As the absolute value
of meanError gets closer to d, the linear component becomes dominant
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and the value of the function increases. This indicates that the function
still rewards actions that result in a small meanError value, but the level
of reward decreases as the value of meanError approaches d. Overall, the
reward function 2.2 encourages the agent to take actions that minimize the
value of meanError, with a particularly strong emphasis on minimizing
meanError when its absolute value is greater than d. However, to avoid
the situation where the system does not get a meanError equal to zero,
a linear part is introduced to give the agent a specific reward value.

As a result, the calculation of this reward function is formalized in the
equation 2.2 and in the Figure 2.3 is displayed the reward function with the
parameter d = 0.5 and β = 20 (chosen after a pre-experimental campaign
[58]).

reward1 =


1

|meanError|
, if |meanError| > d

1
d − β

d
· |meanError|+ β, if |meanError| < d

(2.2)

Within a manufacturing setting, there are various different states and
behaviors that are defined by rules. For example, in terms of both the
validity and qualification of the action to be conducted, it is not possible
to attempt to reduce the value of a parameter WIP below its limit. As
a result, if the agent believes that the operations are unjustified, a fixed
negative penalty is applied to encourage these methods to be avoided.
The system is penalized if the WIP in the system, considering also the
last action done by the learning agent, scaled by 10, is less than or equal
to zero. With the addition of feasibility, this concept has been translated.
Furthermore, in many cases, a less-than-ideal action is required in order to
reach a condition in which a far more advantageous action can be taken.
When the throughput objective is reached, the reward function is enabled
to evaluate the biggest value.

2.3.2 Scheduling Approach Setting

This section will explain scheduling in a Flow Shop that utilizes Deep
Reinforcement Learning. As a general rule, one dispatching rule may be
superior to another depending on the design and conditions of the prob-
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Figure 2.3. The representation of the reward function varying the value of
the mean error with d = 0.5 and β = 20

lem. This paper considers as Mouelhi-Chibani et al. [75] the problem of the
decision-making difficulty connected with the optimal dispatching choice
for a Flow Shop. The authors believe that the system’s strength comes
from the fact that it does not require training but rather requires weight
adjustment in the network. On the contrary, here there will be a series
of experiments performed changing the hyperparameters. Notably, dis-
patching rules have been validated using simulation. Another commonly
acknowledged result is that no dispatching rule is universally superior.
Certain metrics, such as mean flow time (the number of time jobs spends
in the system), do very well on certain metrics, such as SPT, while others,
such as maximum job lateness, perform poorly on others. They perform
poorly because they are highly dependent on system design, operating con-
ditions, and the performance criterion used to evaluate rules. As a result,
determining the optimal dispatching rules for a given situation may be
challenging. In the proposed learning methodologies, simulation samples
are employed as training sets. An automated system can use these sets
to determine which rule selections produced positive or negative results.
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Each machine’s scheduling rule specifies the range of conceivable action
that the system may perform. Three scheduling rules are provided: first-
in, first-out (FIFO); the shortest processing time (SPT) and, the longest
processing time (LPT). Considering each action as a possible rule combi-
nation to be applied to the five machines. The learning agent schedules
the jobs on each machine, considering that the latter has the option of
picking one of three alternative scheduling rules, which affect the system’s
possible operations. The set of the possible actions indicate five different
rule combinations. The total number of alternatives with three criteria
per machine is 35 (243). The recurrence with which decisions are made,
and thus the action is chosen by the network, in this case, is equal to the
raw time of the production line. The proposed method formulates the
reward function based on the work of Hopp and Spearman, linking it to
the throughput (TH) of the production line. Although the throughput of
the production line cannot exceed its value at the Best Case, the link is
made with the mobile throughput of the line, THmobile, which is calculated
as the number of jobs processed in a certain time window over that time
window. If N represents the number of jobs processed in a certain time
window, and ∆t is the length of that time window in minutes, then the
mobile throughput THmobile can be calculated as:

THmobile =
N

∆t
(2.3)

In equation (2.3) the time window is ∆t 240 minutes that represents the
duration of an half of a working shift (8 hours = 480 minutes). The function
has its intersection with the x-axis, representing the THmobile of the line, at
the TH relative to the PWC, THPWC ; it is asymptotic to zero because the
TH is a quantity that cannot take negative values, and it has its maximum
in the TH relative to the Best Case scenario 2.1. The TH corresponding to
the Best Case is compensated with the highest reward and values greater
than this are evenly and equally weighted. So, for values of THmobile less
than or equal to rb, the function is logarithmic and increases as THmobile

increases. This means that the agent is encouraged to take actions that
result in higher values of THmobile up to a certain point, after which the
reward remains constant at a maximum value of scoremax. On the other
hand, for values of THmobile greater than rb, the function takes a constant
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Figure 2.4. The representation of the reward function varying the value of
the THmobile

value of scoremax. This means that the agent is no longer incentivized
to increase THmobile beyond the rb threshold. This behavior is useful in
scenarios here because it is important to balance the trade-off between
maximizing THmobile and avoiding excessively high values that could lead
to negative outcomes.

reward2 =


log(W0+W−1

W rb
THmobile)

log((W0+W−1
W )

1
scoremax )

, if THmobile ∈ [0; rb]

scoremax, if THmobile ∈ [rb;∞]

(2.4)

In (2.4), THmobile is the throughput calculated in a time window of 240
minutes, W0 is the critical WIP of the production line, W is the amount
of the WIP set constant in our CONWIP Flow Shop and rb is the rate
of the workstation that has the highest long-term utilization that is the
TH in the best case (Hopp and Spearman). The scoremax in the (2.4) is
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the max reward that the system can achieve and in this work we chose to
set it at 100, as shown in 2.4, in order to balance the penalization and/or
rewarding and the generalization of the learning.

2.4 Results and Discussion

Any Reinforcement Learning system must have a trustworthy simu-
lated environment. This is best performed with the use of dependable
general-purpose simulation software that provides rapid, consistent, and
simple linkages to RL algorithms. For the experimental scenarios, we uti-
lized a tool for Reinforcement Learning (RL) to explore different settings
of the system. The environment is built with the AnyLogic simulation
tool, and the RL agent is trained with rl4j from Deeplearning4j, a deep
learning programming framework developed in Java. In the initial phase
(configuration 1-2), we devoted considerable effort to fine-tuning the hy-
perparameters and adjusting the size of the hidden layer within the tool,
and also the amount of episodes for the training need to be evaluated. The
process allowed us to optimize the RL training. In the subsequent phase
(configuration 3-4-5), our focus shifted towards modifying two important
factors: the desired throughput target and the frequency at which actions
are taken. By experimenting with different values for these parameters,
we aimed to assess their impact on the learning process and the overall
behaviour of the RL system.

The value set by hyperparameters frequently plays a key role for learn-
ing efficiency and has to be established in advance, while implementing
and improving learning algorithms. In the work of Ottoni et al.[76] the RL
performance has been examined using statistical methods, offering a rig-
orous method for selecting the optimal set of hyperparameters. Multiple
tests have been conducted in order to determine the right number of steps
per episode, as well as the total number of episodes, as well as the suitable
observation and action-space. Likewise, in this work, the hyperparameter
settings were determined using scientific literature and the characteristics
of our case.

The hyperparameters ([77]) considered are :

• The Learning Rate has been set to 0.001, which is a reasonable
value because a large coefficient (e.g., 1) causes parameters to jump,
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whereas a small coefficient (e.g., 0.00001) causes them to inch along
smoothly.

• The Regularization is a technique for avoiding overfitting. The "L2"
regularization technique is used, which involves inserting a term into
the objective function that reduces squared weights. L2 improves
generalization, smoothes model output when input changes, and as-
sists the network in ignoring weights that are unnecessary.

• The Optimizer: RMSProp (for Root Mean Square Propagation) is
used as a gradient-ascent approach (as in [78]), and it is a procedure
that changes the learning rate for each parameter in the network. We
also compare performance using Adam (a more recently discovered
updating strategy) as in Park et al.[79], which generates learning
rates from estimations of the gradient’s first and second moments.

• Max step by epoch: It specifies the maximum number of steps al-
lowed for each episode in the learning algorithm.

• Max step: It is the maximum number of total iterations allowed in
the learning algorithm. The training process will terminate when the
number of steps reaches this limit.

• Max size of experience replay: This hyperparameter defines the max-
imum size of the experience replay buffer used in the learning algo-
rithm. The experience replay buffer stores a collection of transitions
encountered by the agent during the learning process.

• Size of batches: It refers to the number of transitions used to update
the neural network weights during each iteration of the learning al-
gorithm.

• Target update: It determines the frequency at which the target net-
work is updated with the weights from the online network. The
target network is used to stabilize the learning process.

• Num step noop warmup: This hyperparameter specifies the number
of initial steps where the agent takes random actions to warm up the
learning process.
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• Reward scaling: It is a scaling factor applied to the rewards received
by the agent. The reward scaling factor can significantly impact the
efficiency of the learning process.

• Gamma: This hyperparameter determines the discount factor ap-
plied to future rewards. A higher value of gamma places more im-
portance on long-term rewards. The value is set to 0.99. This is
useful for demonstrating the convergence of a specific algorithm.

• Td-error clipping: It limits the range of the TD-error (temporal dif-
ference error) used in backpropagation during the learning process.

• Min epsilon: It is the minimum value of epsilon used in the epsilon-
greedy policy during the learning process.

• Num step for eps greedy anneal: This hyperparameter specifies the
number of steps after which the epsilon value is annealed (decreased)
to its minimum value. The choice of how many steps used for the
epsilon (ϵ) greedy annealing has a significant influence on the con-
vergence behaviour and has been chosen so a convergence behaviour
occurs within the last 10% of the training.

The algorithm in the provided code implements a Q-learning approach
to train an agent in a Markov Decision Process (MDP) environment [80].
Here’s a schematic explanation of how the training algorithm 1 works:

The algorithm used in this code is an off-policy reinforcement learning
method. It aims to learn the optimal action-value function (Q-function)
that maps states and actions to expected rewards. The agent explores
the MDP environment by taking actions based on an epsilon-greedy pol-
icy, balancing exploration and exploitation. During training, the agent
updates its Q-values using the observed rewards and estimates of the max-
imum Q-value achievable in the next state. The training process continues
iteratively until a stopping criterion is met or a maximum number of steps
is reached.

So, the first two experiment configurations will provide a way to identify
the suitable hyperparameters, starting with a review of the state of the art
and adjustments concerning the acquired outcomes to make the learning
more efficient. The hyperparameters that were subject to change were
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Algorithm 1 Training algorithm

1. Create an MDP object with the desired observation space and action space
sizes.

2. Initialize the engine and the variables.

3. Define methods to retrieve the observation space, action space, current
observation, reset the environment, perform an action, check if the episode
is done, and create a new MDP instance.

4. Inside the reset() method:

• Stop the engine if it already exists.

• Create a new engine and set its properties (seed, simultaneous event
selection mode, stop time).

• Create a new object with the engine and set default parameters.

• Start the engine and let it run for a short period to stabilize.

• Return the current observation.

5. Try:

• Create a DataManager object to record training data.

• Define Q-learning configuration, including parameters like random
seed, maximum steps per epoch and in total, size of experience re-
play, batch size, target update frequency, epsilon-greedy exploration
parameters, and more.

• Define the configuration for the Dense Neural Network used as the
function approximator for Q-values.

6. Create a QLearningDiscreteDense object with the MDP, DQN configura-
tion, Q-learning configuration, and DataManager.

7. Train the Q-learning agent using the train() method.

8. Get the final policy from the trained agent.

9. Save the policy to a file.

10. Close the MDP by stopping the engine.
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Table 2.2. Hyperparameter configuration 1 and configuration 2

Hyperparameters Value Configuration 1 Value Configuration 2

Max step by epoch 14400 57600

Max step 1440000 5760000

Max size of experience replay 1440000 5760000

Num step for eps greedy anneal 432000 1728000

L2 0-0.001 0-0.001-0.005

Optimizer RmsProp-Adam Adam

Hidden Layer Size 1-2 2

predominantly Max step by epoch, Max step, Max size of experience replay
and Num step for eps greedy anneal. The initial setting involves a decision
about the Max step hyperparameter, which has been set at 144000. This
quantity is chosen considering a year of working plant: 480min

day ∗ 25 days
month ∗

12months
year = 144000.

• The first configuration (1) sets the Max step per epoch at 14,400
steps, thereby setting the Max step at 1,440,000 steps. Similarly, the
Max size of the experience replay is also set to 1,440,000. The Num
step for epsilon-greedy annealing is set at 432,000 steps. The L2
parameter, indicating the strength of regularization applied, ranges
from 0 to 0.001. As for the optimizer, we considered both the Rm-
sProp and Adam optimizers. Configuration 1 can have either 1 or 2
hidden layers.

• The second configuration (2) was determined based on the results of
the first experimentation. The parameters that yielded better results
were taken into consideration. The Max step per epoch is quadrupled
to 57,600 steps from the value in the first configuration, resulting in a
Max step of 5,760,000 steps and a Max size of experience replay also
set to 5,760,000. The Num step for epsilon-greedy annealing is set
at 1,728,000 steps, and the L2 parameter ranges from 0 to 0.005. In
this configuration, the Adam optimizer is used, and it has 2 hidden
layers.

The two settings are as in table 2.2:
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The following experimental configuration, on the other hand, analyzes
the implementation of the model, with attention turned towards identifying
the conditions that can enhance the agent’s learning and understanding of
the problem domain. This analysis is based on the hyperparameters set
in configuration 2, as described previously. In this setting, an event was
provided to the network, and we differentiate between three configurations:

• The first configuration (3) deals with 200.000-time steps of training
with a triggering action of 50 minutes and a 25.000 minutes occur-
rence changing target that leads to good results in terms of hitting
the target, low standard deviation, and mean WIP that validates
Practical Worst Case hypothesis.

• The second configuration (4) deals with 1.000.000 time steps training
with a triggering action of 50 minutes and 250.000 minutes occur-
rence changing target that leads to an even better result, especially
in terms of standard deviation.

• The third configuration (5) deals with 1.000.000 time steps training
with a triggering action of 50 minutes and 25.000 minutes occurrence
where the targets varied cyclically. This configuration leads to results
that are very similar to the second experiment configuration.

2.4.1 Control Approach Results-Configuration 1

Preliminary studies for this contribution demonstrated that the set-
tings in the second column of table 2.2 yielded favourable results. To
gauge the performance more precisely, an experimental campaign was ini-
tiated. Without loss of generality, in this paper we will focus on a produc-
tion line consisting a 5 machine-Flow Shop assuming the jobs’ processing
time distributed as a Gamma distribution as in [63]. The Gamma dis-
tribution is characterized by the shape parameter α and scale parameter
β, it enables the manipulation of variability levels. This distribution is
a continuous probability distribution, encompassing the exponential dis-
tribution as a special case (when α=1). By adjusting the value of α, it
becomes possible to model variability exceeding that of the exponential
distribution when α<1, and variability below that of the exponential dis-
tribution when α>1. The gamma distribution’s versatility empowers the
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modeling of both high-variability scenarios (e.g., customized production)
and low-variability scenarios (e.g., standardized production).The hypoth-
esis proposed here are based on the work of Hopp and Spearman [1]. From
the assessment of the system’s variability identified via the Gamma dis-
tribution with α=1, thereby in essence an exponential distribution with
a mean equal to 10, and considering the parameters of the Flow Shop
line comprising 5 machines, the decision was made to train the network
utilising a throughput target of 4. Specifically, this choice is associated
with the evaluation of the minimum throughput value linked to the Worst
Case scenario and the maximum throughput value linked to the Best Case
scenario. Scenario configurations and formulas are summarised in the pre-
ceding Section 2.2.1; thus, a throughput of 4 suggests that we position
ourselves in the intermediate case.

The formula to calculate the WIP relative to the Practical Worst Case
throughput is the following (derived:derived by the equation in the table
2.1)

w =
TH(W0 − 1)

rb − TH
(2.5)

During each training step, the state parameters of the system are ob-
served. The experiments were conducted by varying some parameters of
both the Flow Shop system and the learning ones. In particular the ex-
periments highlighted in light blue were carried out considering an initial
WIP equal to 5 while those in purple were carried out considering an ini-
tial WIP equal to 20. In addition, the size of the network was varied: in
particular in Figure 2.5.a is considered a network with a hidden layer of
150 neurons while in figure 2.5.b is considered a network with two hidden
layers of 300 neurons each.

It is necessary to consider not only how the reward function varies but
also how WIP value behaves during the training. The output parameters
considered are: the mean error intended as the difference between target
throughput and current throughput, its standard deviation and lastly the
mean WIP kept constant in the production system. The value 8 for mean
WIP outcome corresponds to the WIP value of the practical worst case
with a throughput equal to 4 as we can deduce from Equation 2.5.

We have considered as initial WIP one that is very high (20) and one
that is equal to the critical WIP (5) which is the WIP level through which a



2.4. Results and Discussion 39

Figure 2.5. The graphical results (the mean error of the throughput, its
standard deviation, and the mean WIP in the system) of the experiment of
setting 1 for the two configurations with one hidden layer and two ones.

production line, with a defined Raw Processing Time and Bottleneck Rate,
achieve the maximum throughput and the minimum cycle time without
any variability. Results show that, excluding small variations, the WIP is
on average 8 with throughput target equal to 4 in accordance to Practical
Worst case formula. In terms of responsiveness of the system to changes
in throughput target different than the one used to perform the training
and determine the respective policies, there were not great results. The
loss function represented in Figure 2.6 has on the x-axis the number of
iterations and on the y-axis the value of the loss. The decreasing trend is
shown and it remains constantly low until the end of the training.

2.4.2 Control Approach Results-Configuration 2

Based on the results obtained from the configuration above, it is pos-
sible to affirm that the configuration of the action space, state and reward
in this manner, disregarding the varying configurations of the network in
terms of size, regularisation and optimiser, enables the network to estab-
lish a certain amount of WIP without making alterations. Specifically,
when a different throughput target is applied, the network does not react.
Nevertheless, Adam seems to be the superior optimiser. In addition, an
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Figure 2.6. The results of the training in terms of loss function for the
configuration 1

attempt has been made to extend the duration of training. The considered
increment entails quadrupling the iterations and the corresponding epochs.

As a result, a new configuration of hyperparameters for the agent’s
learning has been established, as depicted in the third column of Table 2.2.
Furthermore, from previous experiments, it could be deduced that having
a network with two layers of neurons leads to globally better results in
relation to hit the target. The results of this new set of experiments are
summarized in Figure 2.7.

The output parameters considered are, as before, the average error in-
tended as the difference between target throughput and current through-
put, its standard deviation and average WIP. The experiments in green-
blue were carried out considering an initial WIP equal to 5 while those in
purple were carried out considering an initial WIP equal to 20. The results
of the experiments performed with this hyperparameter setting showed
that when the L2 regularization was changed to 0.005, the target was
more centered and the loss function was generally better for several tests.

As the Table 2.3 shows, the system effectively do reach the target of
4 learns to keep constant in the system 8 jobs (in accordance to Practical
Worst Case laws). The loss function represented in Figure 2.8 has on the
x-axis the number of iterations and on the y-axis the value of the loss.
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Figure 2.7. The graphical results (the mean error of the throughput, its
standard deviation, and the mean WIP in the system) of the experiment of
setting 2 for the two configurations with two hidden layers

Table 2.3. Experiment results - configuration 1 and configuration 2

WIPvalue Optimizer L2 Mean Error Standard Dev Mean WIP

5 Adam 0.001 0.009 0.71 8

5 Adam 0.005 0.001 0.71 8
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Figure 2.8. The results of the training in terms of loss function for the
configuration 2

The strongly decreasing trend is shown and it remains constantly to zero
value until the end of the training. We consistently observe the same
phenomenon in the results: the network learns to stay at that Work-in-
process (WIP) value, even when we change the target. The training of the
agent has resulted in a stable policy, and for this reason, its parameters
have not been further tuned. From this point onwards, we have redirected
our attention towards factors that can improve the agent’s acquisition of
knowledge and comprehension within the problem domain.

2.4.3 Control Approach Results-Configuration 3

Considering the fact that the initial configurations yielded good results
but fell short in effectively tracking the target throughput, three new con-
figurations were developed. These new configurations were designed to
provide the learning agent with a broader range of experiences encompass-
ing various WIP and throughput values that a production system, adhering
to the assumptions of the problem under consideration, could encounter.
During the simulation the amount of TH to be reached has been changed
to make the system experience different production line setting. The time
of simulation has been set to 200.000, therefore every 25.000 iterations the
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Table 2.4. Results for configuration 3

TH Target mean Error Standard Deviation mean WIP WIP PWC
2 -0.04 0.46 2.1 2
3 -0.02 0.72 5.01 4
4 0.32 0.93 12.1 8
5 0.78 1.03 19.5 20

throughput target from 2, increases of one unit; when it arrives at 6 (best
case throughput) the simulation and the training stop. For every training
configuration after 250 epochs, the training will be stopped early and cre-
ate a policy if the mean reward does not change by more than 1% over 75
epochs. The acquired results with an initial WIP value of 10 are displayed
in the table 2.4.

The value (Table 2.4) represent different target levels for Throughput
(TH). The mean Error shows the average deviation from the TH Target.
TH Targets 2 and 3, the errors are slightly negative, indicating that the
actual throughput was marginally below the targets. For TH Targets 4 and
5, the errors are positive, indicating that the actual throughput exceeded
the targets. The increasing trend in error values, especially the jump
from 0.32 at TH Target 4 to 0.78 at TH Target 5, suggests a tendency
for greater deviation from the target as the target increases. The values of
Standard Deviation measure the consistency or variability in achieving the
TH Target. Higher values, particularly for TH Targets 4 and 5, suggest
more variability or fluctuation in meeting the targets. "WIP" stands for
Work In Process, and these numbers represent the average number of jobs
being processed. Given that "PWC" stands for "Practical Worst Case,"
these represent the values resulting with the laws of [1] for WIP at each TH
Target. Notably, for TH Target 4, the WIP PWC is 8, which is significantly
lower than the Mean WIP of 12.1. For TH Target 5, the WIP PWC
closely matches the Mean WIP, suggesting that the average condition is
closely aligned with the PWC scenario. The results in terms of error and
mean WIP are very satisfactory in particular with the first two throughput
targets.

Figure 2.9 shows the network learning process and, as epochs increase,
the reward function increases significantly. This means that the network
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Figure 2.9. The results of the training in terms of the average reward for the
three different configurations 3-4-5

managed to learn the policy with results shown in the table 2.4 mentioned
before.

2.4.4 Control Approach Results-Configuration 4

To investigate if the system became more responsive, for this config-
uration it was chosen to increase the simulation time to 1 million steps
and to modify the event with the target change every 250,000 iterations.
The outcomes are shown in the Table 2.5. System variability has improved
significantly, throughput are on target and mean WIP values validates the
Practical Worst case hypothesis. Figure 2.9 in 4 shows the network learning
process and, as epochs increase, the reward function increases significantly.
The policy learnt in this configuration is smoother than the previous one
and this means that the network managed to learn even better the policy
with results shown in the Table 2.5 mentioned before.

The values (Table 2.5) of mean Error indicate how much the actual
throughput deviated from the target. Negative values for TH Targets 2
and 3 suggest underperformance, while positive values for 4 and 5 suggest
overperformance. The values of standard deviation show the consistency
of performance in achieving the TH Target. Higher values indicate greater
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Table 2.5. Results for configuration 4

TH Target mean Error Standard Deviation mean WIP WIP PWC
2 -0.04 0.41 2.08 2
3 -0.13 0.61 4.55 4
4 0.11 0.73 7.91 8
5 0.69 0.87 14.4 20

Table 2.6. Results for configuration 5

TH Target mean Error Standard Deviation mean WIP WIP PWC
2 -0.04 0.43 2.1 2
3 -0.12 0.67 4.8 4
4 0.16 0.77 8.91 8
5 0.72 0.91 16.9 20

variability. The PWC of the WIP values provide a benchmark for the
maximum expected WIP under each target scenario. Notably, for higher
TH Targets, the PWC values are notably higher than the Mean WIP
(especially for TH Target 5), indicating a significant disparity between
these values and PWC scenario ones. The PWC model’s analysis reveals
that with higher target values (4, 5), it is possible to maintain a lower
average WIP, even with greater yet positive error values. This leads to
increased Throughput (TH), enhancing overall productivity.

2.4.5 Control Approach Results-Configuration 5

Working with the system’s temporal parameters, it was possible to
conclude that the training resulted in a good learning of the net. With this
configuration, a new technique was tested that directly affects a cyclical
change of the target without stopping the simulation, as seen in the figure.
The results are shown in the Table 2.6. The results are very similar to
configuration 4.

In this case (Table 2.6), for TH targets 2 and 3, the mean errors
are negative (-0.04 and -0.12), indicating that the actual TH was slightly
below the target. For TH targets 4 and 5, the mean errors are positive
(0.16 and 0.72), suggesting that the actual TH exceeded the target. The



46
Chapter 2. Enhancing Production Line Efficiency through Work In Process Control

and Scheduling using Deep Reinforcement Learning

increasing trend in error values, from negative to positive, suggests that as
the target TH increases, the system tends to overshoot the target more.
Lower values of the standard deviation (0.43 and 0.67 for targets 2 and
3) indicate more consistent performance around the target. Higher values
of the standard deviation (0.77 and 0.91 for targets 4 and 5) indicate less
consistency, with more fluctuation around the target. The column related
to the WIP PWC represents a benchmark Work In process value for each
TH Target, possibly derived from a model like the PWC (Practical Worst
Case) model. The values generally align with the Mean WIP but are not
identical. For example, at TH Target 5, the WIP PWC is 20, which is
higher than the Mean WIP of 16.9, possibly indicating an overestimation
or a more aggressive prediction by the model. Overall, these values suggest
a relationship between the target throughput, the average error in achiev-
ing this target, the variability of this performance, and the amount of work
being processed. Higher throughput targets seem to correlate with more
variability in performance and a higher volume of work in process. Figure
2.9 in 5 shows the network learning process and, as epochs increase, the re-
ward function increases significantly this means that the network managed
to learn a good policy and its results are shown in the table 2.6 mentioned
before. When the simulation is executed, the system reacts whenever the
throughput target is changed. In other words, the neural network under-
stood whether it needs to increase or decrease the amount of WIP in the
system, deciding on a mean WIP value that is close to that of the Practical
Worst Case.

2.4.6 Control Approach Discussion

The data analysis of throughput (TH) targets in an operational con-
text reveals insightful trends about performance consistency and work in
process (WIP). For TH Targets 2 and 3, the mean errors are slightly neg-
ative, indicating a modest underperformance, whereas for Targets 4 and
5, the errors turn positive, showing that actual throughput surpasses the
targets. This shift from negative to positive errors as targets increase high-
lights a tendency for the system to overshoot more ambitious goals. The
standard deviation values, reflecting performance variability, are lower for
Targets 2 and 3, suggesting more consistent achievement of these targets.
In contrast, higher values for Targets 4 and 5 indicate greater fluctuations
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around these targets. In terms of WIP, the Practical Worst Case (PWC)
scenario analysis provides a benchmark for maximum expected workload.
Notably, at higher targets, the PWC values substantially exceed the Mean
WIP, pointing to a significant disparity between the average and prac-
tical worst-case scenarios. This comprehensive analysis underscores the
complex interplay between target setting, error margins, and operational
consistency, offering valuable insights for optimizing throughput and man-
aging WIP effectively. Although configuration 4 seems to be the most
promising option and the overall best for the production line considered,
the results obtained still show a high value for the standard deviation. De-
spite the significant improvement in terms of the assessment of the state,
action, and reward function over previous settings, several factors could
cause a difference in performance between the actual and virtual systems.
For example, machine failure and maintenance are not included in the
model, and failures are common in real-world systems, with maintenance
processes always present. Additionally, the utilization rates of the resource
pools are significantly higher than in the others when the system deals with
high levels of throughput. This is mainly due to the significant variation in
processing time compared to the other processes. This issue has a damag-
ing effect on the high outputs of the process that operate at sub-capacity
levels. Despite all the complexities and concerns discovered, the results
validate the Practical Worst Case hypothesis and serve as a solid starting
point for future, deeper investigations.

2.4.7 Scheduling Approach Results

This study involves developing a dynamic system to select process-
ing rules for each machine and evaluating the characteristics of the DQN
network. Although we explored different configurations and achieved our
target, the challenge lies in applying the settings to various throughput
targets. Regarding training and hyperparameter tuning, we observed that
the state-action-reward setup was successful when using a the hyperpa-
rameters set in the “Configuration 2". Therefore, we divided the proposed
approach into two sub-problems: first, to begin training for TH control by
manipulating the WIP, and second, to configure a system with a different
reward function to regulate the job dispatching rule choice for each ma-
chine by evaluating the production system’s status. For the second part,
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Figure 2.10. The results of the scheduling approach combined to the control
approach for the Configuration 4

we used the simulation parameters from “Configuration 4" which produced
the most promising results. We excluded the normalized mean error (S20)
and feasibility (S21) since they were relevant only for the control approach
and not for the scheduling part. Thus, the input layer size is smaller, with
20 nodes, the action space consists of 243 possible actions resulting from
combining the three rules for the five machines, and the reward function
aims to maximize throughput.

The results of using the policy generated by training for dispatching
rule selection are shown in Figure 2.10. The policy takes the average
WIP outcomes obtained with the policy developed for the control method,
considering the throughput value of 2, 3, 4, and 5 as input. The results
indicate that when the system’s work in process increases, the network
favours the SPT rule, which is known to perform best when maximizing
TH. Overall, since our goal was to maximize TH, the suggested tool learned
to arrange an appropriate mix of DR. For lower WIP numbers, the system
favours the FIFO rule, consistent with the simulation model assumptions.
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2.5 Conclusions

The combination of reinforcement learning and deep neural networks
proposes an effective strategy for controlling and scheduling production
in Flow Shops, thereby mitigating inefficiencies in manufacturing systems.
This innovative technique describes the state and action space, enabling
regulation of a production system’s performance in terms of work-in-process
(WIP) and throughput (TH), as well as determining the dispatching rules
to be employed in a 5-machine Flow Shop. To train the model, a sim-
ulation tool has been employed to acquire the dataset necessary, while
the reinforcement learning procedure involved a learning agent that com-
prehensively examines every aspect of the simulated environment. The
proposed approaches has been bifurcated into two sub-problems: control-
ling TH by dynamically varies WIP levels, and devising a new dispatching
rule contingent on the system’s status.

The neural network effectively determined the appropriate amount of
WIP in the system, settling on a mean value similar to the Practical Worst
Case scenarios. Subsequently, the reinforcement learning agent selects the
most suitable dispatching rule based on the output of the initial training.
Notably, the configuration of state, action, and reward proves effective
when utilizing the hyperparameters from “Configuration 2." Specifically,
“Configuration 4" has emerged as the most effective in achieving the de-
sired Throughput target and aligning with the Practical Worst Case sce-
nario, thereby significantly optimizing the parameters of the DQN model.
The same configuration (“Configuration 4") has been then used for the
Scheduling Approach. The findings indicate that as the WIP increases, the
reinforcement learning approach demonstrates a preference for the Shortest
Processing Time (SPT) rule, known for its superior performance in maxi-
mizing TH. Consistent with our objective of maximizing TH, the suggested
tool effectively incorporates an optimal blend of Dispatching Rules (DR).
Conversely, for lower WIP values, the system tends to prioritize the First-
In-First-Out (FIFO) rule, aligning with the assumptions of the production
model.

In the authors opinion, such a tool has the potential to serve as a con-
trol room, where simulations and digital twins can be utilized to validate
decisions. This characteristic renders the method especially pertinent in
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the context of Industry 4.0, wherein data from the production line can be
conveyed to a central controller for analysis and informed decision-making,
even amidst potential disruptions. This research constitutes an initial step
towards a broader research path intended to address more intricate sys-
tems with diverse state configurations. The proposed technique, exhibiting
robustness and adaptability, has the potential to offer invaluable assistance
in decision-making processes in Industry 4.0. It thereby establishes itself
as a dependable tool for future research and practical applications.



Chapter 3
Optimizing Flow Shop
Maintenance Planning and
Scheduling through Deep
Reinforcement Learning: An
Integrated Framework

3.1 Introduction

In the fast-paced realm of modern manufacturing, strategic mainte-
nance planning stands as a crucial task in achieving operational optima,
underscoring the need for sophisticated strategies that ensure efficient re-
source allocation and system reliability [81]. Maintenance scheduling, es-
pecially in complex Flow Shop systems characterized by a fixed sequence
of processing tasks, is imperative to uphold system performance [82]. The
dynamic nature of these systems necessitates quick responses to minimize
downtime and preempt equipment failures, ensuring a seamless production
continuum [83].

Maintenance scheduling has balanced a fine line between equipment
reliability, associated downtime costs, and resource management, as high-
lighted by Paz and Leigh [27]. The convergence of these factors delineates
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the plan for superior maintenance strategies, guiding the intricate decision-
making processes inherent in scheduling protocols.

In this contest, Artificial Intelligence (AI), and more specifically, Deep
Reinforcement Learning (DRL) a Machine Learning sub-field, has emerged
as a powerful tool at navigating the complexities of such decision-making
landscapes. DRL, a subset of AI, has been employed in the optimiza-
tion of manufacturing systems, demonstrating remarkable advancement in
scheduling, system optimization, and control approaches[26] . In the sci-
entific literature, many studies have been conducted that employ these
kinds of tools to optimize the scheduling of maintenance activities. Valet
et al.[84] proposed a deep RL-based opportunistic maintenance scheduling
approach. By considering the operational status of the production sys-
tem, their approach schedules maintenance tasks during periods of low de-
mand, thereby minimizing the impact on production and improving main-
tenance effectiveness. Yan et al.[85] developed a double-layer Q-learning
algorithm for dynamic scheduling with preventive maintenance in digital
twin-enabled manufacturing systems. Their approach considered the un-
certainties and dynamics of the production system to maximize production
efficiency while minimizing maintenance costs. By incorporating RL, man-
ufacturers can achieve more effective real-time scheduling and maintenance
decision-making, leading to improve overall system performance. Mao et
al.[86] developed a hash map-based memetic algorithm to minimize the
total flowtime of jobs while considering multiple maintenance activities.
Although their approach did not explicitly integrate RL, the integration of
such techniques could further enhance the scheduling optimization process,
enabling adaptive decision-making based on real-time data and system dy-
namics. Predictive maintenance is another critical aspect in manufacturing
systems, and AI techniques can play a significant role in this area. Huang et
al.[82] proposed a DRL-based preventive maintenance policy for serial pro-
duction lines. By considering the trade-off between maintenance costs and
machine availability, their approach demonstrated the potential of DRL
in making optimal maintenance decisions. Furthermore, the integration of
different planning activities can lead to more efficient resource utilization
and improved system performance. Akl et al.[81] developed a simulation-
optimization approach for joint optimization of strategic workforce plan-
ning and preventive maintenance scheduling. By integrating these two
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planning activities, manufacturers can achieve better coordination and op-
timization, resulting in improved overall performance.

While these works highlight the benefits of DRL in manufacturing sys-
tems, there are several challenges to address. Nunes et al. [87] reviewed
the challenges in predictive maintenance, emphasizing the need for accu-
rate data, effective ML models, and appropriate maintenance strategies.
The authors highlight the importance of advancements in AI techniques
to overcome these challenges and improve predictive maintenance prac-
tices in manufacturing systems. Furthermore, the combination of DRL
and other optimization methods has shown promise in maintenance plan-
ning. Kosanoglu et al.[88] proposed a DRL-assisted simulated annealing
algorithm for maintenance planning. This approach harnesses the benefits
of both DRL and simulated annealing, allowing for efficient exploration of
the solution space and finding optimal maintenance schedules.

In this work we introduce an integrated simulation tool and Deep Rein-
forcement Learning (DRL) algorithm to efficiently schedule and plan main-
tenance events in a production line flow shop. This approach combines the
strengths of simulation and DRL to optimize maintenance processes and
maximize productivity. The simulation tool creates a virtual environment
that replicates the production line flow shop, allowing for modeling and
simulation of machine operations, job flows, and maintenance events. This
enables the evaluation of different maintenance strategies and their impact
on overall performance by accurately capturing the system’s dynamics and
complexities. The DRL algorithm is the core intelligence of the proposed
approach. It learns optimal decision-making policies by interacting with
the simulated environment and maximizing cumulative rewards. The al-
gorithm considers machine failure probabilities and scheduling constraints
to make informed decisions about maintenance scheduling.

The organization of this paper is outlined as follows: Section 2 de-
lineates the formulation of the problem under investigation. In Section
3, we elaborate on the proposed methodology with comprehensive detail.
Section 4 delves into the simulation framework and experimental design
implemented to validate our approach, including an analysis of various
configurations and their outcomes. The paper culminates with Section 5,
where we draw conclusive remarks from the study.
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3.2 Proposed approach

This study introduces a tool that merges Deep Reinforcement Learning
techniques with simulation for scheduling maintenance events in a Flow-
Shop production line. A Flow-Shop line has "m" machines and "n" tasks,
with each task needing "m" processes. Only one process can be executed
on a machine at any moment, each requiring a distinct duration. Without
interruptions, these processes are done sequentially on machines.

In the Flow-Shop model, the batch flow is one-way and linear, main-
taining consistency across machines. Explicitly, the job’s i-th process takes
place on the i-th machine. Thus, in this setup, each task follows a des-
ignated order on every machine, though tasks can be arranged in varying
sequences.

The assumptions include:

• Machines can fail unpredictably, following a Weibull distribution.
Each machine’s failure rate can vary.

• The transport time to move a job between two consecutive machines
is ignored.

• Both corrective and preventive maintenance adhere to the perfect
repair model.

• Maintenance is performed during machine downtimes. Specifically,
immediate action follows a machine’s failure for corrective mainte-
nance, while preventive maintenance is planned between production
tasks.

3.2.1 Deep Reinforcement Learning and Proximal Policy
Optimization

Reinforcement Learning (RL) is a subset of Machine Learning where an
agent learns to decide optimally in an environment by maximizing cumu-
lative rewards over time. The agent employs a trial and error approach,
getting feedback as rewards or penalties based on its actions. At each
stage, represented by t, the agent acknowledges the current state st and
its associated reward rt. The agent then picks an action at, transitions
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the environment to the next state st+1, and receives a subsequent reward
rt+1. The agent’s main aim is to formulate a policy π that defines the best
action for each state to maximize the expected reward.

A standout DRL method is the Proximal Policy Optimization (PPO)
by Schulman et al. [89]. As part of Policy Gradient techniques, PPO
cyclically collects environment data and maximizes a surrogate objective
function using stochastic gradient ascent. PPO designs the policy without
needing an environment model. By adopting Trust Region Optimization,
the method ensures moderate policy updates for consistent learning. The
Clipping Objective Function in PPO curtails policy update sizes to avert
instability.

PPO, being an Actor-Critic method, uses neural networks for both the
policy (actor) and value estimation (critic), as shown in algorithm 2. It
comprises the policy network that selects actions based on the environment
state and the value network predicting cumulative rewards from that point.

PPO’s strengths include handling continuous action spaces often found
in real-world scenarios. PPO also supports parallelism, facilitating multi-
ple agent-environment interactions concurrently, resulting in quicker train-
ing and enhanced results. Overall, PPO offers advantages like straightfor-
ward implementation, increased adaptability, and superior empirical sam-
ple efficiency.

The integrated simulation tool and DRL algorithm offer several advan-
tages. Firstly, they allow the assessment of maintenance strategies without
disrupting real production operations, reducing risks and costs associated
with experimentation. Secondly, they provide a platform to evaluate dif-
ferent maintenance scheduling policies under diverse scenarios, identifying
optimal strategies for maximizing production efficiency and minimizing
downtime. Lastly, the integration of simulation and DRL facilitates the
development of adaptive maintenance planning systems that can adjust
to changes in machine failure patterns, job priorities, and production de-
mands. From a computational standpoint, conducting training sessions
for the entire system could be demanding due to the complexity of the
production system. Therefore, in this work, we propose conducting the
training on a single machine and then assessing the effectiveness of the
developed policy within a 5-machine flow shop scenario.
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Algorithm 2 PPO Training algorithm

1. Initialize actor (policy) and critic (value function) neural networks.

2. Initialize hyperparameters (learning rate, number of iterations,
gamma, etc.).

3. Initialize experience buffer.

4. Training Loop: Execute the training loop for a specific number of
iterations:

(a) Collect experience by interacting with the environment using
the current policy.

• Sample actions from the policy.
• Execute actions in the environment and observe rewards

and new states.
• Store experience in the experience buffer.

(b) Calculate estimated advantages for each time step:

• Compute estimated values V (s) from the critic.
• Calculate advantage A(s, a) = (R(t) + γ × V (s′)− V (s)).

(c) Calculate policy loss:

• Calculate the ratio of new and old action probabilities (with
clipping).

• Compute surrogate loss LCLIP based on the ratio.
• Update the policy to maximize LCLIP.

(d) Calculate critic loss:

• Compute the value loss V (s).
• Update the critic to minimize the loss.

(e) Update the policy and critic using stochastic gradients.

5. Repeat the training loop for the desired number of iterations.
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3.3 System Components and Operational Frame-
work

To ensure a comprehensive understanding of our proposal, we first delve
into the system components and operational framework. The process in-
volves utilizing Anylogic simulation software to model the production line.
This software allows for the simulation of various line operations, as well as
corrective and preventive maintenance events. Additionally, it provides the
capability to configure essential parameters for the Reinforcement Learn-
ing Experiment, which will then be exported and integrated into Python
using the ALPyne library. Subsequently, a Reinforcement Learning (RL)
algorithm will be developed in Python, and agent training will be carried
out using a single-machine system to formulate a policy. This policy will
undergo testing both within the Python environment and through simu-
lation using Onnx. The utilization of Onnx for implementation facilitates
policy testing across different systems, notably including testing on a Flow-
Shop system consisting of 5 machines. The process of integrating various
applications starts with the simulation software, where the model is tai-
lored to suit the RL experiment (Figure 3.1). This model is then converted
into a zip file, and its location is supplied as input to the ALPyne client.
Among other configurable options that will be elaborated on later, the
DRL algorithm is set up for training. Upon completing the training and
formulating the policy, this policy is transitioned into an onnx file format.
Subsequently, the Onnx Helper library aids in modifying and executing
the simulation. Users have the facility to call upon a function within the
model to access the onnx file, utilizing its output to gauge the system’s
efficacy across the entire Flow Shop.

3.3.1 The Multi-Method Simulation Model Configuration

The AnyLogic environment has streamlined the development of a Flow
Shop model, enabling experiments with various problem configurations,
such as the number of jobs and machines, and the probability of machine
failures. This model utilizes a multi-method approach combining Discrete
Event Simulation and Agent-Based modeling. This sets the foundation
upon which we detail the configuration of the multi-method simulation
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Figure 3.1. How the integration of the different platforms is achieved.

model (Figure 3.1). The Anylogic model follows a hierarchical structure,
where each agent at a higher level encompasses lower-level agents. This
structure allows for various levels of abstraction, with higher-level agents
having a higher level of abstraction than lower-level agents. The proposed
model comprises of a top-level agent, Main, and two lower-level agents, Job
and Machine. At the top of the hierarchy is the agent called "Main", which
acts as a container for the lower-level agents, "Job" and "Machine". Its
primary role is to create the populations of jobs and machines, making it
responsible for providing the environment for the other agents to function
properly.

Next, at a lower level, there is the Job Agent which contains a stat-
echart that describes the possible states in which each job may be found
during the production phases. And finally, at the same level of Job Agent,
there is the "Machine" Agent, the heart of the system. It represents the
production stations where the jobs are processed and consists in two paths,
one for production jobs and one for maintenance jobs.

The simulation model parameters were set as shown in the table 3.1:



3.3. System Components and Operational Framework 59

N.jobs 50
Processing Times triangular(20,100,50)
Corrective Mant. Time 51 min
Preventive Mant. Time 17 min
Weibull scale parameter (α) 450
Weibull scale parameter (β) 1.5

Table 3.1. Simulation Model parameters

Subsequently establishing the simulation groundwork, we transition to
Configuring the Deep Reinforcement Learning (DRL) Training Library,
equipping us with the necessary tools for advanced analysis.

3.3.2 Deep Reinforcement Learning (DRL) Training Li-
brary Configuration

To perform the training phase ALPyne library, an AnyLogic-Python
connector is used. In particular, it is a Python library for interactively
running models exported from the RL experiment, which can be used with
any edition of AnyLogic (Personal Learning Edition, University, or Profes-
sional). The need to use this tool stems from the fact that, unlike other
experiments, the RL experiment cannot be directly executed by end-users
within AnyLogic. This is because AnyLogic does not have any embed-
ded RL algorithms. Thus, it can only be directly executed by compatible
platforms (e.g., ALPyne). To start using ALPyne, the initial step is to
configure the AnyLogic model by filling in the fields related to Configura-
tion, Observation, Action, and stopping conditions in the section dedicated
to Reinforcement Learning experiments and also the takeAction method
should be called when the agent needs to make a decision. Once the model
is configured, it must be exported for the training phase, which occurs on
a separate platform from Anylogic.

After the model is exported, the next step is to set up the training
phase using ALPyne. This involves importing the necessary libraries and
defining the observation and action spaces. The libraries to import include
ALPyneClient, ModelRun, Observation, Action, and BaseALPyneEnv. The
ALPyneClient initializes the ALPyne application, while ModelRun repre-
sents a single simulation run from the ALPyneClient object. Observation
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is a read-only object representing an observation taken from the simulator,
and Action is an object representing an action to send to the simulator.
The BaseALPyneEnv class is also imported to simplify using ALPyne with
Gym environments.

When leveraging ALPyne in conjunction with Gym environments, it’s
crucial to establish the observation and action spaces, including their spe-
cific data types. These elements vary based on the particular settings
employed in the AnyLogic model. Subsequently, the code is required to
transform the entities known as Observation into the format stipulated by
the observation space and morph the action received from the RL frame-
work into an Action entity. Furthermore, it needs to compute the numer-
ical incentive predicated on the observation recorded post-action.

In the instance at hand, the space dedicated to Observation is cate-
gorized as a Box type. It is multi-dimensional, continuous, and bound
by maximum and minimum thresholds, as indicated by its high and low
parameters. It is explicitly a quintet-dimensional space, encompassing
variables such as:

• FP: failure probability;

• CJ: The percentage of completed jobs at time t;

• CR:
(

MPT
pT+cT

)
, the ratio of the mean processing time to the sum of

the processing time at time t and the time in corrective maintenance;

• PR:
(
pT+mT
MPT

)
, the ratio of the sum of the processing time at time t

and the time in preventive maintenance to the mean processing time;

• TR:
(

PT
PT+CT+MT

)
, the ratio of the total processing time at time t to

the sum of the total processing time, corrective time and preventive
time at time t.

The first element discussed is the probability of failure for a single
machine. Notably, this probability is updated as production jobs are pro-
cessed, with each new observation refreshing the data. The agent uses
this updated failure probability to make decisions about scheduling main-
tenance jobs. Following this, data on the completion of production jobs,
expressed in percentage, is provided. This information is vital for the agent
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CT The total time spent for Corrective maintenance at time t

(Corrective Time)
cT The time of a single corrective maintenance task
(corrective Time)
MT The total time spent for preventive maintenance at time t

(Preventive Time)
mT The time of a single preventive maintenance task
(preventive Time)
MPT The jobs mean processing time
(Mean Processing Time)
PT The total processing time at time t

(Processing Time)
pT The processing time of a single job at time t

(processing Time)

Table 3.2. Problem notation

to understand the proportion of jobs remaining (the experiment concludes
when this reaches 100 %). Additionally, there’s a variable valued with
the average job processing time, determined after the processing times are
generated. Three ratios follow this. The first ratio (CR) considers the
time spent on corrective maintenance, the second (PR) accounts for the
time spent on preventive maintenance, and the third encompasses all time
aspects, including processing, corrective, and preventive maintenance.

The table 3.2 elucidates the symbols utilized. Concurrently, the Action
space, classified as Discrete, admits two feasible values, namely 0 and 1,
signifying the absence of maintenance and its presence, in that order. The
reward algorithm is also articulated, with the method deriving the agent’s
incentive grounded in the data retrieved from the simulation, as follows:

reward = FP · CR · PR · TR (3.1)

The agent’s ultimate goal, often depicted as the pike of product per-
formance, relies on the meticulous calibration of several ratios within the
operational framework, each of which corresponds to different facets of the
maintenance schedule and overall system efficiency. These ratios, namely
Corrective Ratio (CR), Preventive Ratio (PR), and Time Ratio (TR), serve
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as the guiding metrics for the agent’s decision-making process, ensuring
that its actions contribute positively to the overarching goal of optimized
productivity.

• Augmenting Corrective Ratio (CR): The CR is significantly influ-
enced by ’cT,’ which represents the duration of individual corrective
maintenance tasks. Essentially, CR provides an inverse indication of
system failures; a higher CR suggests fewer corrective interventions
were required, indicative of a more reliable system. To enhance CR,
the system must undergo a reduction in ’cT,’ implying fewer and
shorter corrective maintenance interventions due to fewer failures.
This improvement is generally a consequence of enhanced system re-
liability, potentially resulting from superior components, improved
operating procedures, or more effective preventive maintenance. By
emphasizing activities that lead to fewer system failures, the agent
not only works towards reducing downtime but also minimizes the
resources expended on corrective actions, thereby contributing posi-
tively to operational efficiency.

• Amplifying Preventive Ratio (PR): In contrast, PR is associated with
’mT,’ the time dedicated to preventive maintenance tasks. Unlike
corrective maintenance, preventive tasks are scheduled and aim to
preclude failures before they occur. Therefore, increasing ’mT’ is
indicative of a proactive approach, investing more time in preven-
tive measures. While this initially appears to increase maintenance
time (seemingly reducing operational efficiency), it effectively dimin-
ishes the likelihood of unplanned downtimes and disruptions, which
are typically more detrimental to overall productivity. Consequently,
enhancing PR involves a strategic increase in ’mT,’ ensuring that the
system remains in optimal working condition for as long as possible,
thereby avoiding the steeper costs associated with corrective main-
tenance.

• Balancing with Time Ratio (TR): The TR plays a balancing role
in this equation. It demands a holistic view, seeking to decrease
both ’CT’ (total corrective maintenance time) and ’MT’ (total pre-
ventive maintenance time). At first glance, this seems contradictory
to the objectives of CR and PR. However, TR represents an optimal
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state of maintenance efficiency, where both preventive and corrective
maintenance are minimized without compromising system reliability
or lifespan. This equilibrium underscores the essence of resource
optimization, requiring the agent to discern the perfect juncture be-
tween doing too little and doing too much, essentially finding the
’sweet spot’ for maintenance activities.

Overlaying these aspects is the Failure Probability (FP), a crucial factor
that modulates the importance of the balanced improvement in CR, PR,
and TR. FP reflects the likelihood of system failures, inherently tying the
objectives of reducing this probability to all maintenance activities. It rep-
resents the environmental uncertainty within which the system operates,
suggesting that an absolute reduction in FP through improved system re-
silience would inherently enhance all other ratios. The agent’s navigation
through this intricate landscape of competing needs and operational con-
straints is a delicate act. It involves making informed, strategic decisions
that balance short-term operational disruptions with long-term system re-
liability and performance improvements. This process, while complex, is
essential in steering the system towards the maximization of product per-
formance by continually fine-tuning these critical ratios in response to the
dynamic operational environment. Concluding this sequence, we focus on
the configuration of Machine Learning Model Deployment in the Simula-
tion Model, ensuring a seamless integration of AI and simulation processes.

3.3.3 Machine Learning Model Deployment in the Simula-
tion Model Configuration

ONNX (Open Neural Network Exchange) is an open-source format
developed jointly by Microsoft and Meta to simplify the transfer of machine
learning models across different frameworks and tools. By providing a
standardized way of representing machine learning models, ONNX enables
data scientists and engineers to train models in one framework and then
deploy them in another one without the need to re-implement or integrate
the model from scratch. In our case, the policy generated through ALPyne
will be converted into an ONNX file and then uploaded to AnyLogic using
the ONNX Helper library.

In addition, to test the policy in Anylogic with Onnx, it is necessary
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to set up three functions in the software. The first function will take the
observation variables as input and pass them to the "predict" function.
The "predict" function will then output a value to the "action" variable,
where 0 represents no maintenance and 1 represents maintenance. Finally,
another function will use the output value ("action", 0 or 1) to determine
whether to generate a maintenance job or not.

3.4 Experiments and Results

This section presents the results acquired. The efficacy of a policy was
valued using metrics such as the number of preventive and corrective main-
tenance tasks, as well as the total makespan. The makespan denotes the
complete duration needed to finish a task series, often utilized in optimiza-
tion and planning to assess a system’s proficiency. This section presents
the experimental plan structured as follows:

1. Initially, we validate the formulation of state, action, and reward in
alignment with the hypotheses from Branda et al.’s work [34].

2. Next, we validate the formulation of state, action, and reward, this
time incorporating hypotheses of the simulation model exposed in
the previous section.

3. We then proceed to scale the policy across five machines- Flow Shop,
maintaining identical Weibull parameters for each.

4. Finally, we explore the Flow Shop configuration involving five dis-
tinct machines, differentiated by their respective Weibull parameters.

The hypothesis of the work [34] are the following:

• Job processing time is a Gaussian random variable with a mean of
100 and a standard deviation of 25.

• Weibull scale parameter (α) is 100.

• Weibull shape parameter (β) is 1.15.

• The average time required to carry out corrective maintenance is
evenly distributed between 15 and 25.
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N.jobs 50
N.machines 5
Processing Times triangular(20,100,50)
Corrective Mant. Time 51 min
Preventive Mant. Time 17 min
Weibull scale parameter (α) 300-350-400-450-500
Weibull scale parameter (β) 1.5

Table 3.3. Simulation Model parameters different machine

• The average time required to carry out the planned maintenance is
evenly distributed between 30 and 50.

Regarding the number of machines, although there are several machines
in these problems, we chose to focus on solving the problem with a single
machine. It follows that the Makespan value obtained in these settings
(related to more than one machine) must be corrected for the case of a
single machine. This correction is made considering the optimal sequence
found by the algorithms proposed by Branda et al. and evaluating its
effect only on the first machine of the Flow Shop. The solution considered
is the one generated by the Genetic Algorithm, intending to minimise
Makespan. Firstly, the sequence of jobs that constitutes the solution to
problem considered in the paper was recreated within the simulation model
in Anylogic. Subsequently, a series of simulations were conducted to verify
the behaviour of the first flow shop machine subjected to the sequence of
jobs decided by the genetic algorithm. After verifying the behaviour of the
machine in the simulated environment (with the possibility of recreating
fault conditions on the machine), a series of new experiments will be carried
out, this time using the previously obtained policy for the evaluation of
maintenance interventions. Finally, the results obtained with the use of
Reinforcement Learning will be compared with the initial results from [90].

In Table 3.4, the experimental results concerning the optimal sequence
of jobs obtained through the Genetic Algorithm proposed by Branda et al.
([34]) are presented.

The experiments reveal that deterministic solutions, like those in Branda
et al.’s work [34], may not be optimal in real-world scenarios, such as
those simulated in the stochastic Anylogic environment. This conclusion
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Approach Makespan Number of Failures Number of Maintenance Tasks

GA [34] 2461.9 17.5 1

DRL 2905.7 7.7 10.6

Table 3.4. The comparison of the mean values of the metrics considered

is drawn from observing the higher number of failures in the deterministic
approach compared to the Deep Reinforcement Learning (DRL) method.
Although the DRL approach results in a longer Makespan, it effectively
reduces failures, suggesting a trade-off between Makespan length and reli-
ability.

In terms of Makespan and machine failures (see table 3.4), the artifi-
cial intelligence-based approach significantly reduces failures compared to
scenarios without scheduled maintenance. By adopting the same hypoth-
esis as Branda et al., the AI agent effectively reduced machine failures,
showcasing its ability to autonomously decide on preventive maintenance
based on factors like failure probability at a given time and the duration
since the last maintenance.

Furthermore, the preventive maintenance actions of the AI agent were
benchmarked against the optimal maintenance strategies proposed by Branda
et al. [34], using an empirical formula. The training performance of the RL
algorithm, supported by the Stable Baselines3 library, is also discussed.

However, directly comparing the outcomes with Branda et al.’s paper
is challenging due to differing assumptions. While Branda et al. priori-
tize corrective over preventive maintenance, our approach and underlying
assumptions, including Weibull values and processing time distributions,
differ. To facilitate this comparison, three key metrics were considered:
Makespan, number of failures, and number of maintenance tasks.

3.4.1 Learning Curve and Hyperparameters

In the process of enhancing the model’s learning efficacy, considerable
attention was given to the configuration of the Proximal Policy Optimiza-
tion (PPO) algorithm during the training phase. Hyperparameters play a
critical role in determining the performance of the PPO algorithm, dictat-
ing how it will learn from the environment and adapt its strategies. While
the majority of these parameters were kept at their default settings as per
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the Stable Baselines3 framework, particular modifications were deemed
necessary to fine-tune the learning process to our specific context and ob-
jectives.

Among the altered parameters, we adjusted the gamma (also known
as the discount factor), which is instrumental in shaping the algorithm’s
strategy. It dictates the importance given to future rewards, a gamma
value of 0.99 suggests a strategy that considers future rewards with mini-
mal discounting, encouraging foresight in the algorithm’s decision-making
process.

Another critical parameter, gaelambda, associated with Generalized Ad-
vantage Estimation (GAE), balances the bias-variance compromise in the
estimation of the advantage function. By setting gaelambda at 0.95, we
aimed for a harmonious equilibrium, ensuring the model is sensitive enough
to learn effectively from various scenarios without becoming skewed by
anomalies in the data, thus maintaining a robust learning trajectory.

The learningrate, set at 0.0001, was another pivotal hyperparameter.
This parameter regulates the step size during the gradient descent pro-
cess, which is the method the algorithm uses to adjust its internal values
in response to the perceived errors in prediction. By carefully selecting
a learning rate, we could ensure that the model adapts its understand-
ing efficiently while preventing the oscillation or destabilization that can
occur with rates that are too high, or the slow learning that can happen
with rates that are too low. In the Figure 3.2 is displayed the goodness of
the training process. Over 100,000 timesteps, the agent’s training demon-
strated an early and consistent growth in cumulative reward, indicating its
evolving strategy. The x-axis is the Number of Timesteps and represents
the cumulative number of steps or iterations in the learning process. The
y-axis represents the reward value obtained by the agent. A higher value
indicates a more favorable outcome, suggesting that the agent is making
better decisions or predictions. Reagarding the learning trajectory, in the
initial Phase (0 to approx. 20,000 timesteps) there is a rapid increase in
rewards. This indicates that in the initial phases of training, the agent was
quickly learning from its environment and improving its decision-making
abilities. Such steep improvements are common at the beginning as the
agent starts from a point of little to no knowledge. In the middle phase
(20,000 to approx. 60,000 timesteps), the curve continues to rise but at a
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Figure 3.2. Learning curve

slower rate. This could be due to the agent refining its knowledge, dealing
with more intricate situations, or approaching an optimal policy. It’s typ-
ical for learning to decelerate after the initial surge as the agent starts to
encounter more nuanced scenarios or diminishing returns. In the last phase
(60,000 onwards), the curve begins to flatten, indicating that the agent’s
learning has plateaued. The rewards oscillate within a narrow range, sug-
gesting the agent has potentially reached a near-optimal policy or strategy
for the given environment or task.

3.4.2 Single Machine Results

When tested on a singular machine system, the resulting policy, over
20 replications, showed an average of 7 maintenance tasks and breakdowns
each, amounting to a total makespan of approximately 3425 minutes. Inter-
estingly, the maintenance task average was consistent with Branda et al.’s
optimal calculations. The graph (Figure 3.3 showcases the failure prob-
ability across various time steps and how it correlates with maintenance
activities. On the x-axis there is the time step and on the y-axis there is
the Failure Probability. The height of each bar indicates the probability
of failure at that specific time step. A higher bar suggests a higher risk
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Figure 3.3. Average number of maintenance tasks.

of failure. Blue Bars ("No Maintenance"), demonstrate the failure prob-
ability when no maintenance was performed. Red Bars ("Maintenance"),
showcase the failure probability when maintenance was carried out. A
high red bar suggest the value of the failure probability at which the sys-
tem performs maintenance. The system learns to perform maintenance at
a higher value of failure probability.

3.4.3 Flow Shop Results

At this stage, the effectiveness of the policy generated was evaluated in
simulation using the previously mentioned Onnx tool. First, the necessary
functions were set up in the Anylogic environment. Subsequently, the
policy file in the ".zip" format was converted into an ".onnx" file format
to be loaded into Anylogic.

For this evaluation, the policy was tested on a configuration with five
identical machines (i.e., having the same Weibull parameters). As in the
previous experiments, a total of 20 replications were conducted to show
how the metrics considered varied. Specifically, the optimal number of
maintenance actions for each machine and the optimal number in total,
considering the whole system, were compared with the actual number
of maintenance actions, as well as the number of breakdowns and the
makespan.
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Figure 3.4. Average number of maintenance tasks considering the Flow Shop.

The results of all 20 replications consistently showed that the total
number of actual maintenance actions was lower than the total optimal
number. Furthermore, the total makespan did not increase significantly
compared to the single-machine case (Table 3.5)

The figure 3.4 consists of a table illustrating the disparity between the
actual number of maintenance interventions performed and the optimal
number. The table provides information on the number of replications
conducted, and for each replication, it presents the difference between the
actual number of maintenance interventions and the optimal number cal-
culated using an empirical formula derived from Branda et al. [91], con-
sidering both the individual machines and the system as a whole.

The graph (Figure 3.4) visually represents the trend of this difference
across the 20 replications, with the most favorable outcomes evident when
considering the system as a whole. The comprehensive view of the system
allows for a better appreciation of the results.
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Experiment Makespan Breakdown Maintenance Tasks Opt. Maintenance Tasks

Single Machine 3425,4 7,4 7,2 8

Flow Shop

(5 machines) 3868,9 43,25 25,75 35,75

Flow Shop

(5 different machines) 3892,8 47,6 33,85 46,9

Table 3.5. Comparison of the mean values results.

3.4.4 Flow Shop Results with Different Weibull Parame-
ters

The policy was evaluated on five distinct machines, defined by their
Weibull parameters. A comparison between two Flow Shops—one with
identical machines and another with varying machines—displayed marginal
differences in their outcomes. A heightened maintenance intervention
count corresponded to increased failures. The summary table 3.5 reveals
that there is no significant difference in the results between the two exper-
imental settings. In a single machine setup, any maintenance or downtime
affects the entire process. In contrast, in a multi-machine flow shop, main-
tenance can be scheduled in a staggered manner, allowing other machines
to continue operating. This can lead to a more continuous workflow, de-
spite having more machines that might individually require maintenance
or experience downtime. Moreover, the table indicates that a higher num-
ber of failures corresponds to a higher number of maintenance interven-
tions. In conclusion, our study stands out for tackling the intricate task
of coordinating maintenance interventions across diverse machines within
a production chain. Leveraging DRL, we’ve showcased the shortcomings
of traditional tools in addressing this complex decision-making problem.
The findings spotlight the potency of an optimized maintenance scheduling
approach, surpassing conventional methods even with fewer maintenance
tasks.
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3.5 Conclusions

In this work the problem of maintenance scheduling using Deep Re-
inforcement Learning (DRL) was explored. Effective scheduling can help
optimize the use of maintenance resources by reducing the total amount
of time and manpower required for maintenance activities. In particular,
maintenance scheduling is an essential aspect of ensuring the reliability and
performance of production systems. Specifically, the problem of mainte-
nance scheduling in a Flow Shop, a system in which production processes
follow a fixed sequence and has certain constraints that make maintenance
scheduling particularly challenging due to the interdependence of machines
and the potential for bottlenecks, was analyzed. This was followed by an
extensive exposition of the tool used to address this problem: DRL. This
was chosen because it has emerged as a promising approach for optimizing
maintenance scheduling in complex systems. More specifically, an inte-
grated simulation tool and DRL algorithm was proposed, a comprehen-
sive approach that combines the power of simulation with the intelligence
of DRL to optimize the maintenance process and maximize productivity.
The integrated simulation tool, Anylogic, provides a virtual environment
to replicate the production line Flow Shop, enabling modeling and simu-
lation of various machine operations, workflows, and maintenance events,
while the DRL algorithm forms the central intelligence of the proposed
approach. The experimental work performed consisted of a series of ex-
periments that, through a trial-and-error process, served to develop the
proposed DRL algorithm. First, the training was performed on a single-
machine system.Then the policy that returned the best results was further
implemented on a 5-machine system, both identical and different. The
solutions derived from Branda et al. (2021) [90] were further enhanced
through the integration of DRL. This approach is particularly designed to
address the stochastic nature of real-world scenarios, which has been re-
alistically simulated using the Anylogic software. Given the fact that the
work mentioned supports different hypothesis we moved to futher experi-
ments. The metrics used to evaluate the results obtained were: makespan,
number of breakdowns, number of actual maintenance, and number of op-
timal maintenance. Comparison of the latter two showed how the usual
tools often used for maintenance planning are ineffective in addressing this
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decision problem, underscoring the need for new methodologies. In par-
ticular, they do not lend themselves well in systems that are closer to
reality. Consequently, DRL appears to be a potential option for optimiz-
ing maintenance planning and scheduling in multi-machine manufacturing
systems. Possible future developments could aim to study the adaptabil-
ity and effectiveness of the proposed approach in more complex production
contexts. This will require implementing a multi-product production sys-
tem and considering different levels of stochasticity in the model. In addi-
tion, the investigation will include the integration of machine set-up times,
implementation of stochastic maintenance times, maintenance costs, and
other variables that contribute to a more complex and realistic problem
scenario. In addition to the objectives already mentioned, possible fu-
ture development could also focus on resource allocation for maintenance
activities. This will involve determining the manpower, equipment, and
other resources needed to perform maintenance tasks. By incorporating
resource constraints, the study aims to establish a practical and realis-
tic maintenance planning strategy. The goal to be pursued should be to
test and refine the proposed integrated approach for maintenance planning
and scheduling in multi-machine production systems through comprehen-
sive experiments. The results of these trials will not only contribute to the
advancement of Deep Reinforcement Learning techniques, but also provide
insights into the practical application of these techniques in real produc-
tion scenarios. In this way, the research will lead to the improvement of
operational efficiency and productivity in practical settings, while also tak-
ing into account the complex and realistic factors mentioned above.





Chapter 4
Battery Swapping Station
Service in a Smart Microgrid:
A Multi-Method Simulation
Performance Analysis
4.1 Introduction

A new paradigm of electricity production and consumption is being
defined in the global landscape to fight the climate crisis and increase the
overall efficiency of the energy system. Within this broader context, vari-
ous strategies and methodologies have been proposed and developed by the
scientific community to mitigate the human impact on the environment,
particularly in transportation and energy [92].

In recent years, there has been a noticeable increase in the adoption
of electric vehicles (EVs). However, certain challenges still hinder their
widespread integration, and one of these challenges is the issue of extended
recharging times. A potential solution to address this concern is offered
by Battery Swapping Stations (BSSs) [93]. These stations allow users
to swiftly exchange their depleted or nearly depleted batteries for fully
charged ones [94]. They enable the reduction of recharging times to just
a few minutes and allow for efficient scheduling of recharging times for
depleted batteries [95]. As a result, the integration of BSSs can contribute
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to a significant reduction in greenhouse gas (GHG) emissions. However,
to maximize the benefits of BSSs, it is essential to integrate them into in-
telligent electrical systems, such as smart microgrids, that heavily rely on
renewable energy sources [96]. Such integration can further enhance the
sustainability of the transport system by utilizing renewable power gener-
ation and facilitating efficient energy management [97]. The management
of BSSs should focus on two aspects: individual-level management to en-
sure the efficient utilization of the battery fleet in terms of recharging and
decommissioning, and management of interactions with the electricity grid
and other associated elements [98].

In the literature, considerable attention has been given to researching
the optimal scheduling and coordination in microgrids with BSSs. In [38],
the authors introduce a bi-level optimal scheduling model to address the
coordination challenges between an isolated microgrid (IMG) and electric
vehicle BSSs in scenarios involving multiple stakeholders. To solve the
model, they devise a hybrid algorithm called JAYA-BBA, combining a
real/integer-coded JAYA algorithm and the branch and bound algorithm
(BBA). The research in [99] presents an optimal dispatch strategy for a
grid-connected microgrid featuring a battery swapping station and renew-
able energy sources. By utilizing particle swarm optimization (PSO) and
a penalty function method, the authors aim to minimize power interaction
with the distribution network, enhancing the efficiency and effectiveness
of the microgrid system. The authors in [41] introduce a binary integer
linear programming (BILP) model to jointly plan electric vehicle battery
swapping stations and distribution grids with centralized charging. Their
methods incorporate probabilistic estimation, integer programming, and
nonlinear optimization to address planning and optimization challenges.
The paper in [100] employs a decision matrix to assess economically viable
options for scheduling battery swapping stations within smart microgrids.
This comprehensive approach examines factors such as demand response,
renewable energy sources, and market interactions, shedding light on the
potential profitability and success of battery swapping stations.

A key point to discuss when considering BSS integration in a migrogrid
is the energy management flow through the system. In the literature, [101]
proposes a real-time energy management model for a smart-community
microgrid equipped with battery swapping and renewable energy sources.
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Their real-time energy management algorithm, rooted in Lyapunov and
queueing theory, ensures robust performance by adapting to uncertain fu-
ture information. In [37], the authors put forth a method to optimize
power source utilization within a network of flexible loads. Their approach
employs Lagrange and KKT multipliers to tackle the optimization prob-
lem, considering constraints and uncertainties. The paper in [102] delves
into the optimal power flow dynamics of microgrids featuring BSSs and
Var Compensators (VCs). The authors examine energy arbitrage oppor-
tunities through BSSs and enhance voltage stability using VCs. The pa-
per in [36] introduces a Cyber-Physical Energy Management System for
optimizing the sizing and operation of networked nanogrids with a BSS.
By utilizing various methodologies, the authors tackle challenges related
to energy management, cyber defense, and robust optimization to design
efficient and resilient nanogrids. The authors in [35] focus on optimal siz-
ing of photovoltaic generation and battery-based energy storage in off-grid
nanogrids. Through robust optimization approaches, they strive to ad-
dress uncertainties and optimize capacity planning. The authors propose
a mathematical model to optimize battery swapping station (BSS) loads
for capacity enhancement in distribution systems. By maximizing demand
response, they aim to improve utility operator performance.

Both the existing literature and the problem formulated here recognize
the importance of integrating various components such as BSSs, Renewable
Energy Sources, and storage units. This study highlights how these com-
ponents interact within the microgrid and contribute to its overall opera-
tion and profitability. The authors in [103] present an optimized placement
strategy for battery swap stations (BSSs) in microgrids with micro-pumped
hydro storage, photovoltaic, wind, and geothermal distributed generators.
Through mathematical formulations and optimization techniques, they ad-
dress challenges associated with EV charging times and cost-effectively size
BSSs for maximal efficiency. The study in [39] proposes a coordinated plan-
ning approach that integrates the charging and swapping stations with the
active distribution network based on electric vehicle spatial–temporal load
forecasting. Using algorithms and case studies, the authors explore the
efficient spatial–temporal distribution of EV charging, providing valuable
insights into planning and operational strategies.

In Table 4.1, there is a summary of the literature referenced in this
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work in which are highlighted the methods and the main focuses of the
different papers. The last row shows the method used in this work and the
main focus in order to compare the proposal and the existing literature.
While the existing literature employs various optimization techniques, al-
gorithms, and mathematical models, this study also adds a simulation-
based approach. This allows for a detailed analysis of the microgrid’s oper-
ation, considering multiple components and their interactions in a dynamic
manner. The use of Discrete Event Simulation and Agent-Based modeling
adds a layer of realism and complexity to the analysis. The management of
energy flows is a common theme across the literature and this study. The
optimization of energy transfers, balancing supply and demand, and uti-
lizing renewable energy sources are discussed in both contexts. Unlike the
referenced literature, the method proposed here for scheduling, coordinat-
ing, and managing energy flows between the BSS and the microgrid utilizes
two algorithms. The first algorithm rationalizes energy flows among differ-
ent grid components, while the second algorithm sizes the storage formed
by the second-life batteries. Downstream of these two algorithms, the dis-
crete event simulation (DES) and agent-based multi-method simulation
approach are used to implement the resulting decisions.

Integrating a BSS and a microgrid requires coordination and synchro-
nization between the two entities. In many cases, game theory tools and
models have been utilized to address the problem [98]. Various coordina-
tion models have been proposed, such as peer-to-peer and leader–follower
models, which facilitate energy exchange and revenue generation for pro-
sumers [104]. Ni et al. [105] introduce an alternative architecture called
a charging-swapping-storage integrated station (CSSIS). The management
system employs the Stackelberg Game, with the microgrid acting as the
leader to determine the optimal operating point and maximize profit by
considering the cost of internal energy exchange with the CSSIS.

Based on the scientific literature presented here, we explore the prof-
itability of integrating a Battery Swapping Station within a microgrid in
different settings. Compared to the previously mentioned approaches, the
distinguishing feature of this work is the utilization of batteries that have
reached the end of their useful life for electric cars. These batteries are
repurposed for a second-life battery storage system [106] to improve the
management of the battery fleet, considering their gradual degradation
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even when discharging energy to the grid. The difference between first-
and second-life batteries can be summed up as in [107], which presents a
comparative analysis between new batteries used in electric vehicles (EVs)
and second-life batteries repurposed for stationary applications, specifi-
cally energy storage systems (ESSs) [108, 109]. This integration involves
implementing a management system that utilizes decommissioned batter-
ies [40] from BSS users to create an Energy Storage System. The Energy
Storage System serves as storage for two renewable energy power plants,
namely photovoltaic and wind power plants, while also considering the
presence of consumer loads within the microgrid. To examine this, we
conduct a multi-method simulation [110] performance analysis of battery
swapping station services in a smart microgrid. A similar approach is taken
in [111], but the paper lacks a consideration of charging efficiency and bat-
tery degradation in its calculations and does not include renewable energy
sources in its proposal. Performance is assessed by developing a digital
model of a smart microgrid, which includes a battery swapping station,
storage, renewable energy sources [112], and utilities. This study shares
common research objectives with the existing literature, aiming to opti-
mize microgrid operations through BSS integration. However, it uniquely
focuses on evaluating the economic viability of this integration using a
simulation-based analysis, incorporating DES and Agent-Based modeling
for depth and realism. Notably, the study explores off-grid operation to
enhance self-sufficiency and employs second-life batteries, adding an addi-
tional layer of sustainability and economic complexity to the analysis. In
summary, this work aims to answer the following research questions:

• RQ1: How can battery swapping stations be optimally managed and
integrated with renewable energy sources and microgrids to efficiently
utilize the battery fleet?

• RQ2: What is the profitability and performance analysis of integrat-
ing a Battery Swapping Station within a microgrid using decommis-
sioned batteries from electric vehicles to create a second-life battery
storage system, and how does this impact the management of the
battery fleet and gradual degradation?

The evaluation includes several key aspects:
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Table 4.1. The survey of the existing literature and the methodological focus
of the present work.

Reference Method Focus

Li, et al., 2018 [38]

Bi-level programming approach

combining JAYA and BBA

algorithms.

Optimizing scheduling

between isolated microgrid

(IMG) and BSS.

Yan, et al. 2019 [101]

Real-time energy management

model using Lyapunov and

queueing theory.

Integrating battery swapping,

renewables, and residential

load supply.

Infante, et al. 2022 [37]

Optimization using Lagrange

and KKT multipliers with

constraints.

Optimization of power

source utilization in

flexible load networks.

Jordehi, et al. 2020 [102]

Analyzing energy arbitrage

opportunities and voltage

stability enhancement.

BSS and Var Compensators

for optimal power flow

in microgrids.

Jordehi, et al. 2021 [103]

Mathematical optimization

for BSS placement with

mixed energy sources.

Efficient BSS placement

considering various

distributed generators.

He, et al. 2023 [39]

Algorithmic coordination

of charging and swapping

based on EV load forecasting.

Coordinated planning

and management of EV

charging and swapping.

Garcia-Guarin, et al. 2020 [100]

Decision matrix for assessing

BSS scheduling strategies

in smart microgrids.

Profitability and success

of BSS integration in

microgrids.

Ban, et al. 2019a [36]

Cyber-physical energy

management with robust

optimization for nanogrids.

Optimal sizing and

operation of nanogrids

with battery swapping.

Ban, et al. 2019b [35]

Formulation and optimization

of PV and storage sizing in

off-grid nanogrids.

Efficient sizing of

renewable energy

and storage components.

Song, et al. 2019 [99]

Optimization algorithm

for dispatch strategy in

grid-connected microgrids.

Minimizing power

interaction with distribution

network using BSS.
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Reference Method Focus

Alharbi, et al. 2023 [113]

Mathematical model for

optimizing BSS load

flexibility in distribution.

Enhancing capacity of

distribution systems

with BSS load optimization.

Shaker, et al., 2023 [41]

Probabilistic estimation,

integer programming, and

nonlinear optimization.

Joint planning of BSS

and distribution grid

with centralized charging.

This work

Optimization of energy

flows and size storage

in a system involving

a BSS and a microgrid.

The resulting decisions

implemented through DES

and an AB multi-method

simulation approach.

This work aligns with the

existing literature in terms

of optimizing microgrid

operation with BSS

integration, but it adds

a distinct focus on

evaluating profitability

through simulation-based

analysis.

• Market Share Served: This refers to the number of users served by
the swapping station.

• User Behavior: User behavior is reflected in the state of charge (SOC)
of the battery when brought for swapping.

• Electricity Consumption: This aspect encompasses the energy de-
mand from the conventional grid and the withdrawal of energy from
battery storage.

The paper is structured as follows. The first section focuses on the
operating principles of each agent involved separately, as well as their in-
teractions. The second section provides detailed definitions of the differ-
ent aspects of the system and describes the hypotheses on which the work
is based. The third section examines the relevant cost structures of the
model, presents simulation results, and concludes the study.
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4.2 Problem Formulation

The objective of this study is to evaluate the profitability of integrating
a Battery Swapping Station (BSS) into a smart microgrid system. A multi-
method simulation approach was employed for the analysis, in particular,
AnyLogic software version 8.8.1. was utilized to create a digital twin of the
microgrid. The approach employed combines Discrete Event Simulation
([114]) and Agent-Based modeling. The scheme of the digital twin model
is as shown in Figure 4.1.

Figure 4.1. The simulation model hierarchy

In the simulation model, the top-level agent (Main) represents the
smart microgrid, which consists of several components. These include
the BSS containing two low-level agents: Battery and Car. Addition-
ally, there is the Second-life Battery Storage unit, the two Renewable En-
ergy Sources (RESs)—PV panels and a wind turbine—and finally, the
Utilities component responsible for incorporating residential loads. The
microgrid can operate in two modes: grid-connected or off-grid. In the
grid-connected mode, it supplements internal generation with power from
the traditional grid during periods of high demand. However, this study fo-
cuses on achieving off-grid operation, aiming for greater independence from
the utility grid in terms of generation. Surplus renewable energy gener-
ated is utilized to charge the storage batteries, reducing the need to sell
energy surplus to the utility grid. Consequently, there is a unidirectional
energy flow from outside to inside the microgrid. The second-life battery
storage can be recharged in two ways: overnight and daytime recharging.
Overnight recharging occurs during off-peak hours when energy prices are
lower. The process minimizes the cost of external energy and takes ad-
vantage of low demand from utilities. Overnight recharging is conducted
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in standard mode, requiring approximately 5 h for a complete recharge
(0.2 C). Daytime recharging takes place during the remaining hours of the
day, utilizing renewable sources to recharge the batteries in the BSS. Each
hour, an assessment takes place to determine if surplus energy is available
after meeting the demand. If an energy surplus exists, a decision is made
whether to use it for a standard recharge on multiple batteries or a fast
recharge on a smaller number of batteries. If the surplus is insufficient to
charge all discharged batteries with a standard recharge, a fast recharge
is performed on as many batteries as possible. To perform a profitability
analysis of the integration of BSSs into a smart microgrid, we identified two
critical elements for optimization: minimizing the cost of energy exchange
across all system components and determining the storage composition
in terms of the number and mix of types. The overall operation of the
digital twin involves managing generation and demand, simulating the op-
timal transfer of energy between them, and aligning it with the activities
of the BSS. The management of energy flows in the microgrid is influenced
by consumer demand and cost-effectiveness. Energy usage from different
sources is determined by economic considerations while considering avail-
ability. In this study, microgrid management can be based on either a
system where the microgrid is owned by a distribution system operator
(DSO) or a consortium of users who act as both producers and passive
consumers. The difference lies in the profit distribution, where the DSO
profits in the first case, while individual users benefit from the cost dif-
ference between the current generation and external grid energy supply in
the second case.

4.3 System Components and Operational Frame-
work

To delve into the workings of a Battery Swap Station (BSS) integrated
into a smart micro-grid, it is important to understand the system com-
ponents involved. The system comprises a BSS, renewable energy sources
(specifically a wind turbine and a photovoltaic panel farm), a storage sys-
tem consisting of second-life batteries, and utilities, including residential
loads.

In the BSS, users (the Car agents) can swap their depleted batteries
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with fully charged ones, allowing them to continue using electric vehicles
without the need for extended charging periods. The station manages the
logistics of battery storage and retrieval.

The renewable energy sources play a vital role in the micro-grid.
The storage system, composed of second-life batteries, serves as an

essential component of the micro-grid. It enables the storage of surplus
energy generated by the renewable sources during periods of high produc-
tion. This stored energy can be utilized during times of increased demand
or when the renewable sources are less productive, ensuring a steady and
reliable power supply.

The utilities represent the various loads within the micro-grid, includ-
ing residential consumers. By integrating the BSS and renewable energy
sources into the micro-grid, these utilities benefit from sustainable and ef-
ficient energy resources.

The simulation operates as follows (Figure 4.2). Each hour, a certain
amount of energy is generated from the renewable sources and storage,
while a certain amount of energy is required by the residential utilities and
the BSS. These energy demands and supplies are compared and various
logical processes are executed. The distribution of energy from generation
to utilities is prioritized based on the unit cost of each energy source, with
renewables having the highest priority, followed by storage and then the
utility grid. When the renewable energy supply meets or exceeds demand,
the demand can be fully met and the surplus energy is used to charge the
second-life batteries in storage. If the renewable energy supply is less than
demand, energy from storage or the utility grid is used to meet the de-
mand. To determine which second-life battery to discharge to meet utility
needs, the batteries are prioritized based on their state of health (SOH).
The second-life batteries can be charged in two modes: nocturnal or diur-
nal. In the nocturnal mode, the batteries are charged using energy from
the utility grid when it is at its lowest price. In the diurnal mode, surplus
energy generated by the renewables is used to charge the batteries, either
in a standard or fast mode depending on the amount of surplus energy
available. As the batteries have a limited lifespan, the storage must be
replenished periodically. The simulation model monitors the SOH of bat-
teries in both the storage and the BSS and transfers batteries from the
BSS to storage once they reach the end of their first life, to maximize the



4.3. System Components and Operational Framework 85

use of batteries in line with the principles of the circular economy. The
batteries in the simulation are modeled as agents, with a state chart that
tracks their status, including fast charging, standard charging, discharg-
ing, storage, and end of life. The BSS model simulates various operations,
including swapping, warehouse management, and battery charging process
scheduling. The model takes into account technical and economic evalu-
ations to account for all associated costs and revenues. An optimization
model is employed every hour to select the generation source that meets
users’ requirements. The primary objective of this model is to achieve eco-
nomic efficiency by determining the most cost-effective energy source.

Figure 4.2. The simulation procedure

The optimization model incorporates costs associated with energy gen-
eration but does not consider revenues received from utilities for each gen-
eration.

To incorporate the optimization model into AnyLogic, the GLPK
(GNU Linear Programming Kit) library was utilized. By leveraging the
capabilities of the GLPK library, the digital twin’s optimization model
can effectively determine the optimal generation source, considering the
objective of minimizing total costs. This integration ensures that the twin
operates in an economically efficient manner, making informed decisions
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on energy sourcing and minimizing overall costs.

z1 = CWT ·kWhWT (t)+CPV ·kWhPW (t)+CSLBs ·kWhSLBs(t)+CUG(t) ·kWhUG(t)
(4.1)

kWhWT (t)+kWhPW (t)+kWhSLBs(t)+kWhUG(t) = DemRL(t)+BSSLimit(t) (4.2)

0 ≤ kWhWt(t) ≤ PWt(t) (4.3)

0 ≤ kWhPW (t) ≤ PPW (t) (4.4)

0 ≤ kWhSLBs(t) ≤ kWh2discharge(t) (4.5)

0 ≤ kWhUG(t) < kWhUGLimit
(4.6)

The generation cost of a plant can be represented by a quadratic func-
tion of the generated power [115]. For example, for the i-th plant, it would
be as follows:

C(Pi) = α · P 2(t) + β · Pi(t) + γ (4.7)

The coefficients α, β, and γ refer to maintenance, fuel, and labor costs,
respectively. The cost per kWh of renewable generation is approximately
zero, which is due to the absence of fuel usage and infrequent maintenance.

The objective function (Equation (4.1)) represents the total cost of gen-
eration offered to utilities. It includes costs associated with wind turbine
generation (CWT ), photovoltaic (PV) generation (CPV ), energy from the
storage composed of Second-Life Batteries (SLBs) (CSLBs), and energy
sourced from the utility grid (CUG(t)).

Equation (4.2) represents the energy balance constraint, where the sum
of energy generated from wind turbines (kWhWT (t)), photovoltaic systems
(kWhPW (t)), storage composed of Second-Life Batteries (kWhSLBs(t)),
and the utility grid (kWhUG(t)) equals the demand from utilities
(DemRL(t)) and the limit of the Battery Swapping Station (BSSLimit(t)).

Equations (4.3)–(4.6) represent constraints on the energy generation
from each source, ensuring that the generated energy does not exceed
the maximum power capacity of wind turbines (PWt(t)) and photovoltaic
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systems (PPW (t)), and the available energy for discharge from the stor-
age (kWh2discharge(t)). The constraint in Equation (4.6) ensures that
the energy sourced from the utility grid (kWhUG(t)) is within the limit
(kWhUGLimit

).

The generation cost of a plant can be represented by a quadratic func-
tion (Equation (4.7)), where α, β, and γ represent coefficients associated
with maintenance, fuel, and labor costs, respectively. The cost per kWh
of renewable generation is considered zero due to the absence of fuel usage
and infrequent maintenance.

The cost of energy obtained from the utility grid is based on the average
household user’s payment, adjusted for the time of day. A 10% reduction
is applied to exclude transmission costs from high or very high voltage to
medium voltage, benefiting residential users participating in the microgrid.

The cost of energy from the storage composed of Second-Life Batter-
ies (SLBs) is considered to be zero, since the costs are treated as initial
investment costs, not on a per kWh basis.

The objective function represents the total cost of generation offered to
utilities, while the decision variables represent the generation rates from
each source to meet the utilities’ demands. The cost coefficients in the
model prioritize renewables and storage over externally sourced energy.
The optimization of the objective function is subject to constraints, includ-
ing the availability of each source at a specific time and the requirement
to meet the entire demand.

4.3.1 Battery Swapping Station Operations

The battery swapping station model simulates different operations in-
cluding the swapping process, warehouse management, and the battery
charging process scheduling. The swapping demand is hourly [97], as in
Figure 4.3, and refers to a general swap that must be associated with a
specific battery category according to percentage defined in Table 4.2.
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Table 4.2. Car categories.

Car Category Percentage [%] Capacity [kWh]

A 16.9 20
B 35.0 30
C 46.0 40
D 2.1 100
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Figure 4.3. The hourly demand for the BSS

The swapping process involves cars and batteries. The model generates
an agent, which is a car, and then checks to see if there is a suitable battery
for that agent. If there is one, the discharged battery begins charging
and the warehouse battery reaches the mounting state. The model also
accounts for backlog. The purposes of the scheduling process are many;
overall, it provides for charging a specified amount of batteries based on
demand forecast for the next hour, and it allows for fast charging of the
fewest number of batteries possible as well as charging as many batteries
as possible whenever there is a surplus of energy generation. Without
loss of generality, the interarrival time of cars is generated in the model
following a Gamma distribution. The Gamma distribution is characterized
by shape parameter α and scale parameter β, allowing for the manipulation
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of variability levels. This continuous probability distribution includes the
exponential distribution as a special case, as in [38] and in the present
work (when α = 1). By adjusting the value of α, it becomes possible to
model variability that exceeds the exponential distribution when α < 1,
and variability that is lower than the exponential distribution when α >
1. The versatility of the Gamma distribution enables the modeling of both
high-variability and low-variability scenarios. The charging process can be
categorized as either fast or standard. Fast charging fully charges a battery
within one hour, utilizing an electric current equal to the battery’s capacity
(referred to as 1 C). On the other hand, standard charging (referred to as
0.2 C) takes approximately five hours to complete.

4.3.2 Renewable Energy Sources and Their Operation Pa-
rameters

The operations of Renewable Energy Sources (RESs), the wind turbine
and the photovoltaic panel farm, are based on assumptions derived from
the scientific literature. The wind turbine is considered to have a rated
power of 500 kW and its rated output is modelled as in [38].

PWT =


0 v < vin, v > vout

P∗
WT · v−vin

v∗−vin
vin ≤ v ≤ v∗

P∗
WT v∗ ≤ v < vout

(4.8)

Its functioning parameters are described in Table 4.3 as in [116].

Table 4.3. Wind turbine parameters

Wind Turbine Parameters
Speed [m/s]

cut-in speed 2.5
cut-out speed 25
rated speed 12

The model includes just one wind turbine but it could also include
more. In that case, the interaction between them must be taken into
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Table 4.4. Solar farm panel parameters

Solar Farm Panels Parameters

Efficiency (ηPV ) [%] 14
Area (APV ) [ m

2

kW ] 25.7
Mean Solar radiation (ζ) [kW

m2 ] 0.266257

Table 4.5. Weibull distributions

Parameter Wind Solar

λ (scale parameter) 2 284
α (shape parameter) 12 7.31

account [116]. The solar farm provides for about 500 kW peak power and
its rated output is modelled as in [38].

PPV = APV · ηPV · ζ (4.9)

where APV is the irradiation area of each individual panel, ηPV is the
panel’s conversion efficiency, and ζ is the solar irradiation.

Its functioning parameters are described in Table 4.4:
It is meant to be made of polycrystalline panels whose efficiency is set at

about 14% [117]. The photovoltaic plant is thought to operate only during
certain hours of the day, from 5 a.m. to 8 p.m., whereas the wind turbine
is supposed to work 24 hours per day. Wind and solar power systems
are weather-dependent, which is why they are modelled using a stochastic
model, which is, in both cases, the Weibull distribution (Equation (4.10)).

f(v, λ, k) =
k

λ
· (x
λ
)k−1 · e−( x

λ
)k−1

(4.10)

The distribution for modeling solar power [118] and wind power [116]
is constructed using different shape and scale parameter values, as shown
in Table 4.5.

The plants have been sized on the mean hourly demand coming from
both utilities and BSS; residential loads have been modelled referring to a
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summer day [115], as in Figure 4.4.
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Figure 4.4. The hourly demand for the utilitie

4.3.3 Modeling and Operation of Energy Storage System

The energy storage system is primarily designed to address the unpre-
dictability of wind and solar energy while facilitating peak shaving and
load leveling. It operates by storing surplus energy when available (charg-
ing the batteries) and discharging the stored energy when the supply does
not meet the demand from utilities.

The size of the storage, determined through an optimization model,
represents the number of available batteries. Considering the average
hourly demand and the need to address the unpredictability of wind and
solar energy, as well as demand variability, the objective function of the
model aims to minimize the gap between supply and demand. This allows
the smart microgrid to primarily operate in an off-grid mode.

The optimization model is inspired by the one described in [99], but in
this case, it runs only once using mean values instead of 24 times per day
(hourly). Constraints primarily pertain to the various types of batteries.
The optimization problem is solved using the GNU Programming Kit Lin-
ear (GPLK) library, connected with the AnyLogic simulator.

The provided equations and explanations enable a mathematical repre-
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sentation of the optimization problem and provide a framework for finding
the optimal solution in terms of battery categories and quantities. This
contributes to the analysis of the system’s profitability and efficiency. The
objective function denoted in Equation ( 4.11) aims to be minimized.

z2 = |PBSS + PRL +∆BSS +∆RL − PWT − PPV − (CA · SOHSLB) ·NA

−(CB · SOHSLB) ·NB − (CC · SOHSLB) ·NC − (CD · SOHSLB) ·ND|
(4.11)

(CA · SOHSLB) ·NA + (CB · SOHSLB) ·NB + (CC · SOHSLB) ·NC+

(CD · SOHSLB) ·ND ≥ ∆BSS +∆RL + PBSS + PRL − PWT − PPV

(4.12)

NC > NB (4.13)

NB > NA (4.14)

NA > ND (4.15)

1 ≤ NA (4.16)

1 ≤ NB (4.17)

1 ≤ NC (4.18)

1 ≤ ND (4.19)

i = A,B,C,D refers to battery categories, and Ci represents each cat-
egory’s battery capacity, as in Table 4.2. The objective function (Equa-
tion (4.11)) represents the total cost of generation offered to utilities (z2).
It includes terms related to the energy demand from the battery swapping
station (PBSS), energy demand from residential loads (PRL), variations in
the battery swapping station energy demand (∆BSS), variations in the res-
idential load energy demand (∆RL), energy supply from the wind turbine
(PWT ), energy supply from the photovoltaic panel farm (PPV ), and costs
associated with the second-life batteries in each category (CA, CB, CC , CD)
multiplied by the state of health of the second-life batteries (SOHSLB) and
the number of batteries in each category (NA, NB, NC , ND).

The goal is to find values for NA, NB, NC , ND that minimize the ob-
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jective function z2 while satisfying the constraints specified in Equations
(4.12)–(4.19). These constraints define relationships between the numbers
of batteries in different categories, ensuring certain conditions are met. For
example, the constraint NC > NB indicates that the number of batteries
in category C must be greater than the number in category B.

Second-life batteries have previously been used in electric vehicles dur-
ing their first lives. The state of health (SoH) is a parameter that can be
utilized to determine the beginning and end of a battery’s life. The SoH
is calculated by dividing the discarded capacity (Cdiscarded) by the total
capacity (Ctotal) and multiplying by 100. The state of health is calculated
as follows [119]:

SOH[%] =
Cdiscarded

Ctotal
· 100 (4.20)

For second-life batteries, the first life typically lasts from 100% SoH to
80% SoH, while the second life continues until 60% SoH. However, the end
of the first life can be defined differently based on various factors [120].

The energy storage system comprises a combination of second-life bat-
teries with different percentages. The number of batteries in the Battery
Swapping Station (BSS) and the storage batteries are proportional to the
current percentage of electric vehicles on the road. Each battery category
has a specific capacity, as shown in Table 4.2, which provides data from
the Association of Foreign Automotive Companies Operating in Italy in
the Distribution and Sales of Motor Vehicles in 2019.

The aging process of batteries and second-life batteries is taken into
account by considering the lost cycles, which are influenced by factors such
as operating temperature, depth of discharge, state of charge, and electric
current [121]. In this study, the aging process assumes a linear relationship
between lost cycles and decreasing capacity, as the total number of lost
cycles is relatively low compared to the threshold at which a non-linear
aging process would occur [122]. Batteries and second-life batteries are
assumed to operate within a state of charge (SOC) range of 20% to 80%,
which is modeled using a Beta distribution [122].

When discharging second-life batteries to meet utility needs, the order
of discharge is determined based on the SoH of the batteries. The batteries
can be ordered either ascendingly or descendingly, resulting in a uniform
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or uneven level of degradation.
Second-life batteries can be charged in two modes: nocturnal or di-

urnal. Nocturnal charging involves recharging the batteries using energy
from the utility grid at its lowest price, leading to a full recharge in stan-
dard mode for all discharged batteries. Diurnal charging, on the other
hand, utilizes surplus energy generated by renewable plants. If the surplus
energy is sufficient to increase the SOC of all discharged batteries by at
least 20%, a standard charge is performed. Otherwise, the available sur-
plus energy is used to charge as many batteries as possible in fast mode.

Both second-life batteries and batteries have a limited SoH and even-
tually need to be discarded. To optimize the use of batteries and adhere
to the principles of the circular economy, the digital twin employs a mech-
anism to transfer batteries from the BSS to the storage when a battery
from the BSS reaches the end of its first life and a battery from the storage
reaches the end of its second life.

To facilitate the processes described above, batteries are modeled as
agents with a state chart representing the different states they can tran-
sition through, including fast charging, standard charging, discharging,
warehouse, and end of life. The batteries can change states on an hourly
basis as the charging and discharging processes are managed on an hourly
schedule, with batteries spending no more than an hour in the charging or
discharging state, depending on the required SOC for a full charge.

4.4 Results

Anylogic was used to run simulations over a 20-year period. The de-
cision to run the simulation over a 20-year period is rooted in the fact
that this duration aligns with the expected lifetime of the key components
within our system, including the PV panels and the wind power plant.
The values assigned to parameters and variables vary across all simulation
settings. In particular, those varying are the size of the energy storage
(the number of batteries installed), range anxiety [38, 123] (represented as
the SOC with which customers bring batteries back), utility grid energy
usage limitations, the number of batteries the BSS uses to serve the cus-
tomers, and a parameter that manages the degradation mode of batteries
as uniform or uneven. Data collected through simulations are discussed in
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the following sections. Simulations of the global digital twin’s operation
were conducted across 162 scenarios. These scenarios were differentiated
by varying certain model parameters, including the following:

• Range anxiety of station customers: This parameter represents the
state of charge at which batteries are returned to the station. The
scenarios included 30%, 50%, and 70% of the nominal capacity of
the battery.

• Number of batteries for customer service at the swap station: Scenar-
ios were tested with 400, 500, and 600 batteries available for customer
use.

• Number of second-life batteries installed in storage: Different sce-
narios considered 14, 22, and 30 second-life batteries integrated into
the storage system.

• Limit of energy that can be drawn from the grid: Scenarios were
evaluated with limits of 1800 kWh, 2500 kWh, and unlimited energy
withdrawal from the grid.

• Uniform degradation of batteries/non-uniform degradation of bat-
teries: This parameter explored the impact of batteries degrading
uniformly or non-uniformly over time.

By exploring these various scenarios, the simulations aimed to analyze
the performance and outcomes of the integrated system under different
conditions and configurations.

4.4.1 Payback Period

The payback period is approximately 2 years; as shown in Figure 4.5,
it increases as the number of second-life batteries installed in the storage
increases. Each of them involves a purchasing and decommissioning cost,
as well as the cost of a charger. It is also demonstrated that as the SOC
increases, the payback period decreases. This is due to the lower amount
of energy supplied by the BSS to the customers.
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Figure 4.5. Overall Payback Period
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4.4.2 Cash Flows

According to a positive payback period, the cash flows (Figure 4.6) are
positive too ; they also turn out to be much higher than investments.

Figure 4.6. Final cash flow

4.4.3 Revenues

Revenues are sensitive to changes in range anxiety; as it rises, revenues
fall because the BSS sells less energy to customers. Range anxiety repre-
sents the SOC with which the batteries are brought back to the swapping
station.

Revenues can be also divided into amounts derived from the energy
sold in the BSS and the amounts derived from the microgrid operation
(actually from the energy sold to the residential utilities).
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Microgrid revenues are higher than BSS revenues for a few reasons
(Figure 4.7) . First, there is an higher demand, and second, a limit has
been imposed to the BSS. Unlike residential loads, BSS loads can go into
backlogs; those backlogs actually represent free swapping for customers.
Residential backlogs could have been predicted using a demand side man-
agement model (Figure 4.8) .

Figure 4.7. Revenues

Figure 4.8. Backlog’s lost revenues
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4.4.4 Degradation Costs

The degradation cost of the batteries installed in the BSS is directly
associated with the number of life cycles lost by each battery and, conse-
quently, with the state of charge (SOC) at which they have been recharged
(Figure 4.9) . A higher SOC indicates lower utilization of the batteries,
resulting in a reduced degradation cost. In other words, when the batteries
are charged to a higher SOC, they experience less degradation over their
lifespan, leading to cost savings in terms of battery degradation.

Figure 4.9. Degradation cost

4.4.5 Utility Grid Energy

Energy can be also traded from the utility grid. This happens whenever
renewable sources do not meet energy demand; this source of energy relates
to an higher unit cost (Figure 4.10) . Since the aim of the smart microgrid
was mainly to work in off-grid mode, this observation was expected to
occur as the number of storage batteries increased. However, this effect
could have been reached only if the sizes of renewables also increased along
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with the amount of storage batteries; otherwise, there would not be much
energy to be charged into storage.

Figure 4.10. Utility grid energy

4.4.6 Discarded Batteries

Using a uniform degradation model for second-life batteries makes the
most out of the batteries. This way, a lower number of batteries reach
their end of life (Figure 4.11).
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Figure 4.11. Discarded second-life batteries

The number of batteries which reach their end of life is different as the
number of batteries in the BSS increases (Figure 4.12) ; this is because
a higher number of them means they are less likely to be charged and
discharged often, and so they will also be less likely to be discarded quickly.

Figure 4.12. Discarded BSS Batteries
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4.4.7 Comparing Paybacks of BSS in Smart Micro-Grid
and as a Stand-Alone Entity

Simulations results show that inserting a BSS in a smart microgrid is a
profitable business (Figure 4.13). It seems especially profitable when com-
pared to the operations of a BSS connected to the utility grid (Figure 4.5).
Not only are the revenues higher, but the overall payback period is also
much shorter.

Figure 4.13. Paybackperiod—connected to utility grid

What we have learned from the analysis of the data collected through
digital twin simulations suggests that the business investigated in this
study is profitable. The cash flows generated by the system are signifi-
cant, and the investment in the Battery Swap Station (BSS) is expected
to be recovered in a short period. This indicates that integrating the BSS
within a microgrid and combining it with alternative energy sources can
yield better results compared to operating the BSS as a standalone entity.
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Additionally, the reuse of second-life batteries which were previously used
in electric vehicles proves to be a positive aspect of the business. These
batteries have a lower market price compared to new electric batteries, and
their longevity is considerable when they are managed. As a result, the
cost of installing a storage unit using second-life batteries is optimal and
fulfills its intended purpose. This approach allows for the full utilization of
battery packs that would otherwise be prematurely recycled. The analy-
ses conducted highlight the importance of a well-managed approach to the
use of batteries in terms of degradation. By carefully managing the degra-
dation process, optimal results can be achieved in terms of the timing of
battery depletion. This knowledge can inform decision-making processes
and contribute to the overall efficiency and success of the battery swapping
system. Overall, the findings suggest that the integrated operation of a
BSS within a microgrid, combined with the reuse of second-life batteries,
has the potential to create a profitable and sustainable business model.

4.5 Conclusions

The BSS integrated into a smart micro-grid consists of a battery swap-
ping station, renewable energy sources (wind turbine and photovoltaic
panel farm), a storage system comprising second-life batteries, and utilities
such as residential loads. Just like the existing literature, this study aims to
optimize the operation of microgrids with BSS integration. However, here
the emphasis is on evaluating the profitability of this integration, which in-
volves comprehensive simulation-based analysis using AnyLogic software.
This extends beyond optimization to consider economic viability. The pro-
posal allows for efficient battery swapping, harnessing renewable energy,
optimizing energy storage, and providing reliable and sustainable electric-
ity to meet the demands of various consumers within the micro-grid. The
results of the study demonstrate that contextualizing a battery swapping
station within a microgrid and managing the two entities in a coordinated
manner is more profitable compared to managing the station as a single
entity. The coordinated management approach includes activities such as
energy sales to residential consumers, the utilization of second-life batter-
ies, and maximizing the use of renewable energy through storage. These
strategies result in increased cash flows and significantly reduce the pay-
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back period. The payback period for the integrated management approach
is approximately 2 years considered as a mean value, compared to a mean
value of 5 years for single management. The profitability of the investment
is further confirmed through calculations of Net Present Value and Inter-
nal Rate of Return.

Reusing batteries from the battery swapping station in storage proves
to be a viable business strategy. It enables the avoidance of premature bat-
tery disposal and extends their overall lifespan. The impact of the storage
included in the model, in terms of energy delivered compared to the total,
is approximately 6%. This value could be increased by sizing renewable
plants differently. This can be achieved by following the evaluation pro-
vided through a sensitivity analysis regarding the impact of varying the
peak power of renewable plants. This analysis may influence the percent-
age of energy used by each source and, consequently, impact the revenues.

The study also highlights the importance of considering the timing of
battery depletion and how they are handled. Managing batteries with a
uniform degradation pattern minimizes the number of depleted batteries
at any given time, allowing for efficient replenishment of the storage sys-
tem. On the other hand, a non-uniform degradation pattern may lead to
suboptimal utilization of batteries, resulting in more spent batteries than
necessary.

The limitations of the proposed approach mainly stem from the fact
that the simulation model relies on certain functional assumptions that
may not always hold true. While the study focuses on evaluating the prof-
itability of microgrid BSS integration, it may not encompass all relevant
economic factors or external influences, such as policy changes and techno-
logical advancement. To assess these limitation, there are several potential
directions to further develop this work, and the following options are par-
ticularly interesting:

• Sensitivity analysis regarding the utilization of renewable sources.

• Load prediction for the Battery Swapping Station (BSS).

• Management of a cluster of microgrids.

The first point aims to investigate how the variation in the nominal
capacity of renewable plants impacts the cash flows of the model. This
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analysis would involve resetting the parameters defined in the current dig-
ital twin model. The second point involves adopting an alternative strategy
to the current approach. It would entail removing the power constraint
of the BSS and prioritizing its loads over residential ones. Consequently,
it may be necessary to develop a demand-side management model for res-
idential loads. The third point explores the management of a cluster of
microgrids, allowing for energy trading between them. The objective is to
optimize the coordination of loads in each microgrid and minimize reliance
on the traditional grid.

These directions offer promising avenues for further research and can
significantly enhance the current model. They provide opportunities to
explore sensitivity, optimize load management, and investigate the benefits
of interconnecting microgrids for energy trading.





Chapter 5
Conclusions

The integration of advanced technologies in Operations Management
highlights the transformative potential of Artificial Intelligence (AI) and
simulation tools, particularly within the context of Industry 4.0. In the ex-
ploration of Operations Management’s evolution through the lens of Deep
Reinforcement Learning (DRL) and simulation, it becomes evident that
the convergence of these technologies promises a new epoch of operational
efficiency and innovation. DRL, with its adaptive learning capabilities,
coupled with the power of simulation, offers a robust mechanism that
transcends traditional boundaries, making complex decision-making more
intuitive and data-driven. This fusion not only optimizes current processes
but also paves the way for designing novel strategies to meet unforeseen
challenges.

By designing suited state, action, and reward function configurations
for DRL, the research delivers methods specifically adapted for complex
manufacturing scenarios. Furthermore, the detailed analysis of microgrid
operations, facilitated by the combined application of Discrete Event Sim-
ulation and Agent-Based modeling, elucidates dynamic multi-component
interactions with unprecedented clarity.

These investigative efforts significantly underscore the far-reaching im-
pacts of AI and simulation in operations management, with specific rev-
elations concerning enhanced production control, strategic maintenance
planning, and energy grid management. The insights gleaned not only
confirm the instrumental role of these technologies in current industrial
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landscapes but also lay a robust groundwork for an adaptive Industry 4.0
ecosystem. By harnessing these technological advancements, industries are
assured to evolve towards a state characterized by greater agility, efficiency,
and environmental sustainability.

In this direction, we identify the contribution of the first paper pre-
sented (Chapter 2) in the integration of Reinforcement Learning with Deep
neural networks to overseeing and organizing production within Flow Shop
environments, effectively addressing various production system shortcom-
ings. This cutting-edge approach delineates both the state and action
spaces, facilitating the optimization of a production network’s metrics, in-
cluding work-in-progress (WIP) and throughput (TH). It also guides the
selection of appropriate dispatching rule in a 5-machine Flow Shop con-
text. Investigating in the methodology used that it is splited into two
distinct sub-issues: dynamically adjusting WIP levels to manage TH and
crafting novel dispatching criteria based on real-time system conditions.
The DRL mechanism adeptly calibrated the optimal WIP quantity within
the network, aligning the average with that observed in Practical Worst
Case instances. Following this, the Reinforcement Learning entity identi-
fied the optimal dispatching protocol, drawing on insights gained during
preliminary training. The trio of state, action, and reward configurations,
especially under certain configurations, proved advantageous. Most promi-
nently, one of the configuration stood out for its efficacy in reaching the
Throughput objectives and mirroring the Practical Worst Case conditions,
hence optimizing the DQN model’s variables significantly. This configura-
tion extended its utility to the Scheduling strategy as well.

Considering the Flow Shop configuration, the second work (Chapter 3)
contributes in optimizing maintenance scheduling via Deep Reinforcement
Learning. Central to the proposed solution is the integration of a simu-
lation instrument and a DRL componet. This strategy unites simulation
with DRL’s adaptive intelligence, optimizing maintenance coordination
to booster productivity. The chosen simulation platform, Anylogic, mir-
rors the flow shop’s production line, operational flows, and maintenance
occurrences. Concurrently, the DRL component operates as the brain be-
hind the optimization. Experimental analysis in this research involved
iterative tests refining the DRL part. Initial experiments explored various
reward functions within a single-machine framework, followed by compara-
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tive analysis of the outcomes. Subsequently, the most efficacious policy was
deployed in a 5-machine setting, encompassing homogeneous and hetero-
geneous systems. Evaluation metrics encompassed makespan, breakdown
frequency, actual versus optimal maintenance number of tasks performed,
highlighting conventional maintenance planning tools inadequacies in such
realistic, intricate systems. Thus, DRL emerges as a formidable contender
for enhancing maintenance planning and scheduling in expansive manufac-
turing setups.

Focusing specifically on the unique application of simulation as a ro-
bust tool capable of handling complex activities within a Battery Swapping
Station in a smart microgrid. In the last paper presented (Chapter 4), the
decision-making process is entrusted to two algorithms that oversee energy
flows and determine the sizing of storage composed of second-life batter-
ies. Incorporated within a smart micro-grid, the Battery Swapping Station
(BSS) configuration involves a ensemble of renewable energy source units
(including a wind turbine and solar panels), a storage utilizing second-
life batteries, and consumer utilities. While parallel studies have pursued
the optimization of microgrids incorporating BSS, this investigation dis-
tinguishes itself by probing the economic feasibility of such integration,
deploying an exhaustive simulation methodology via AnyLogic software,
thereby transcending mere operational optimization to assess financial sus-
tainability. Findings underscore that integrating a BSS within a microgrid,
ensuring their unified management, yields higher profitability than isolated
operations. This integrated control encompasses aspects like residential
energy sales, second-life battery exploitation, and renewable energy maxi-
mization through strategic storage, collectively fostering enhanced revenue
streams and diminishing investment recovery times. Notably, the inte-
grated model achieves an average payback period of approximately two
years, substantially shorter than the five-year period associated with stan-
dalone structures, with further financial viability evidenced through Net
Present Value and Internal Rate of Return indices. Employing second-
hand batteries from the BSS for storage purposes emerges as a profitable
commercial move, avoiding early battery disposal and prolonging their op-
erational life.

In essence, the studies provide a compelling narrative of transition and
potential within key sectors, driving them towards a new phase of opera-
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tional excellence. The profound implications revealed through this research
signal a paradigm shift, where AI and simulation emerge as pivotal forces
in optimizing industrial operations, fortifying sustainability measures, and
ultimately, sculpting the future contours of global industries. The three
papers significantly advance the scientific research on the fusion of sim-
ulation with intelligent systems, notably Artificial Intelligence and Deep
Reinforcement Learning. Although the promising findings from these stud-
ies highlight the effectiveness and potential these solutions hold for both
researchers and practitioners, they also indicate several areas that future
research needs to further explore.

Beyond the specific topics discussed in each chapter, these primary
areas are suggested for future research:

• Extended System Complexity: The next logical step is to test how
well this approach works in more complex manufacturing settings.
This means we need to look at production processes that have many
different configurations, face various unexpected changes, and deal
with real-world issues like specific machine setups, unpredictable
maintenance needs, costs, and other elements that make industry
operations challenging.

• Resource Optimization in Maintenance: The next phase of experi-
mentation will involve assessing the resources dedicated to mainte-
nance activities, encompassing an evaluation of the necessary man-
power, equipment, costs, and other essential resources for conducting
maintenance interventions. Further effort will be devoted to formu-
lating a more pragmatic and realistic maintenance planning strategy
that takes into account resource constraints.

• Strategic Enhancements for Energy System Optimization: The fu-
ture development plan focuses on optimizing energy systems through
three strategic adjustments: analyzing the financial implications of
varying renewable plants’ capacities, re-strategizing load prioritiza-
tion by removing BSS power constraints and potentially revising res-
idential demand-side management, and enhancing microgrid inter-
connectivity for efficient load coordination and reduced traditional
grid reliance.
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The methodology articulated in this research signifies a leap towards virtu-
alized decision-support environments, resonating with the digital nerve of
Industry 4.0. It emphasizes synthesizing real-time manufacturing insights
navigating the unpredictabilities of industrial dynamics. This foundational
work serves as a springboard for advancing systems in different operational
scenarios.

In conclusion, this research marks significant advancements in indus-
trial and energy management systems, employing cutting-edge methodolo-
gies like Deep Reinforcement Learning and simulation models. The innova-
tive approach of integrating DRL with control and maintenance scheduling
in flow shop systems addresses complexities and interdependencies, opti-
mizing resources and uptime. Similarly, the strategic incorporation of a
Battery Swapping Station (BSS) within a smart micro-grid, focusing on
coordinated management, has proven to be economically viable, ensuring
sustainable and efficient energy use. These methodologies, particularly
when applied in the context of Industry 4.0, pave the way for more re-
silient, adaptable, and efficient systems. The promising results underscore
the potential for further exploration and application in more complex sce-
narios, enhancing operational efficiency across various industries. Future
research, building on these foundations, could delve deeper into real-time
adaptability, multi-system coordination, and broader resource manage-
ment, contributing substantially to the fields of industrial maintenance
and sustainable energy management.
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