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Abstract

Prescriptive maintenance (PsM) is a proactive approach enabled by the Internet of Things (IoT), asset health
prognostics, and prescriptive analytics that aims to optimize maintenance by prescribing a course of action.
For complex systems operating in dynamic operations, traditional maintenance practices based on reactive or
preventive approaches often result in inefficiencies, high costs, and unexpected equipment failures. In this
context, a new PsM-based optimization framework is required to process all sources of information available
with the associated uncertainties, manage a large number of system states, and recommend possible
maintenance actions. Therefore, the purpose of this paper is to demonstrate that maintenance efficiency and
effectiveness can be improved by implementing a prescriptive maintenance framework that provides an
optimal course of action and is extensible across industries and assets of different technological maturities. To
achieve these objectives and demonstrate the novelty of this work, a thorough review of the existing literature
on prescriptive maintenance is presented. The work involves the design of a smart optimization framework for
prescriptive maintenance and its verification on Brazilian regional airline operations and S&o Paulo state health
system real-life scenarios. The framework will offer practical guidance and insights for practitioners, enabling
them to make informed decisions related to maintenance management, reducing costs, and improving
equipment performance with implications for various industries, paving the way for more proactive and efficient
maintenance practices in digitalization and prescriptive analytics.
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1. Introduction

Prescriptive Maintenance (PsM) is an emerging strategy that aims to optimize maintenance by
utilizing data-driven, model-driven techniques and prescriptive analytics [22][23][24][27][78]. Legacy
maintenance practices are based on reactive or preventive approaches, where maintenance actions
are triggered by failures or predefined time-based intervals, respectively [104][108][109][110]. These
approaches can be inefficient and costly, as they may lead to unnecessary maintenance activities
or unexpected equipment failures [24][58][64][104][108][109][110]. In recent years, the advent of the
Internet of Things (1oT) and the proliferation of sensor technologies have enabled the collection of
large volumes of data from equipment, systems, and resources. This data, when properly analyzed,
can provide valuable insights, allowing for a more proactive and targeted maintenance approach.
PsM leverages this data and employs techniques such as machine learning, statistical modeling,
and optimization algorithms to optimize maintenance decisions, reduce downtime, and improve
overall asset performance, which is particularly useful in the dynamic operations of complex systems
[6][54][56].

Despite the potential benefits of PsM and examples of PsM-based solutions with development
recently announced [113], its implementation in industrial 4.0 settings, which operate complex
systems in highly dynamic environments, poses several challenges. Firstly, Industry 4.0
organizations often struggle with the integration and management of heterogeneous data sources
from different equipment and systems. This includes data from sensors, maintenance logs, historical
records, and other relevant sources [5][6][8][9][30][32][52][55][58][60][65][84].

Secondly, there is a need for developing accurate and reliable models that can effectively predict
equipment failures or degradation [5][23][32][52][54][55]. Additionally, decision-making algorithms
and optimization techniques must be developed to identify the most suitable maintenance actions
based on the predicted outcomes and costs [5][6][17][19][22][23][29][32][33][34][50][51][52][54]
[55][59][58][63][64][68]1[73][751[771[79][80], operating parameters, maintenance activities, and
maintenance resources [5][9][17][54][56][58][79] . And, finally, developers are struggling to propose
extensible or scalable frameworks, undermining large industrial adoption in several fields
[51[71[22][24][30][32][33][35][48][49][51][52][54][58][60][62][64][65][81].

The primary objective of this research is to develop a comprehensive framework for prescriptive
maintenance that addresses some of the challenges mentioned above, namely the holistic decision-
making optimization algorithm and the scalability problems. The specific research objectives are the
obtention of maintenance cost decrease and increase or maintenance of asset availability as a result
of PsM implementation in aeronautical operations and framework scalability to the health industry.

The successful implementation of PsM has the potential to revolutionize the field of maintenance
management. By adopting a data-driven and proactive approach, organizations can optimize
maintenance activities, reduce costs, increase equipment availability, and improve overall
operational efficiency. This research contributes to the existing body of knowledge by developing a
comprehensive framework for prescriptive maintenance that addresses the challenges faced by
industrial organizations. The proposed work will provide practical guidance and insights for
practitioners, enabling them to make informed decisions regarding maintenance strategies and
resource allocation.

1.1 Context and Research Problem

The aviation industry is one of the most important transportation sectors, having a significant impact
on the socio-economic development of society [1]. However, as presented by [6], the aviation market
is also characterized by very strong competition and rapid changes brought by deregulation, fast
technology improvements, and industry consolidation. On top of that, the main aeronautical players,
such as original equipment manufacturers (OEMs) and maintenance repair and overhaul (MRO)
organizations, are facing a lack of workforce [8][9][132] and pressure to lower emissions to boost
sustainability [1][2][3].

Despite the competition, operational costs, the workforce crisis, and the new sustainability
requirements, affordable airfares continue to be expected by passengers [6] putting more pressure
on the industry and resulting in a challenging context capable of putting 34 airliners out of business
in 2021 [7], 19 in 2022 [133] and 11 in 2023 [134]. In this context, a new maintenance strategy is
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needed to overcome these challenges by augmenting current workforce capability and skills,
lowering asset life cycle costs, optimizing maintenance resources while increasing asset availability.
Prescriptive Maintenance is this strategy.

Although what PsM entails might not be clear, as several definitions have been presented over the
years as researchers have not agreed on a unified concept, for the sake of setting the groundwork,
these authors defines PsM as a proactive maintenance strategy that, enabled by the internet of
things (loT), asset health prognostics, and prescriptive analytics, provides a course of action
prescription to optimize maintenance and maximize asset availability. The aforementioned
challenging context is these authors’ initial motivation of implementing the PsM philosophy; however,
it is the following research problem that justifies this research: Industry 4.0 is changing the
perception of maintenance from monitoring the degradation state of components and anticipating
their failures to prescribing the most suitable action to optimally manage the whole system
considering the dynamic operation environment in which it is embedded [104][56][106][107]. This
requires the development of an optimization framework suitable to process all sources of information
available with the associated uncertainties, manage many system states, and recommend possible
maintenance actions [104][107].

As it will be shown in Section 2 Literature Review, an optimization framework capable of processing
all information related to maintenance, such as labor, special equipment, tooling, infrastructure,
material repair, material stock, logistics, operational requirements as well as maintenance
uncertainties, imperfections, and tasks related to different product states has not been proposed so
far. This is a problem worth solving since, as described at the beginning of this section, the increasing
scarcity of labor accompanied by dynamic operations and high performances expected by customers
constitute challenges that pose a threat to the existence of entire organizations and their business
models. Thus, since maintenance ranges from 40% to 70% of the industry’s operations costs [105],
finding a way to reduce maintenance expenditures is paramount.

1.2 General and Specific Objectives

The general objective of this paper is to demonstrate that maintenance efficiency and effectiveness
can be improved by implementing a smart optimization framework for Prescriptive Maintenance,
which:

1. Provides an optimal course of action.

2. s extensible across industries.

3. Is adaptable to assets of different technological maturities.
4. Considers all maintenance resources and imperfections.

As stated in Section 1, in the competitive landscape of the aviation industry, organizations are
compelled to reduce operating costs, with maintenance—a significant cost driver—emerging as a
focal point for efficiency improvements [56][24]. Traditional maintenance approaches, however, are
misaligned with the demands of contemporary, complex Industry 4.0 systems.

Corrective maintenance restores the functionality of the asset after failure and while apt for non-
critical assets [104] can lead to expensive operational disruptions [108][109] and poorly optimized
maintenance resources [109].

Preventive maintenance, based on fixed schedules determined by cycles or calendar intervals
[10][110], often results in either neglect [110] or excessive servicing due to unknown actual wear
[24][58][64], leaving the risk of failure due to an increase in the rate of degradation unavoidable
[110][58][64].

Predictive maintenance, which forecasts the need for service by estimating the Remaining Useful
Life (RUL) of components, falls short in prescribing actions to avert downtime [137][138] and is
limited by data availability and quality [72][110], failing to consider system-wide implications and
varying levels of technology adoption [23][26][64][137][138].

Despite these challenges, traditional maintenance methods may still be the most viable for certain
assets, depending on their complexity and operational context. However, these gaps underscore the
need for a more advanced approach, paving the way for PsM which is poised to overcome these
shortcomings by providing holistically optimized maintenance schedules recommendations and
enhance asset availability.
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The specific objectives must be non-trivial, verifiable, and constitute the general objective
subproducts [111]. Thus, these authors have selected specific objectives that will support the
demonstration of maintenance efficiency improvement as a result of the adoption of the PsM
framework described in Section 1.2:
1. Specific objective 1: verify the maximization of the difference between revenue and total
maintenance cost a result of PsM implementation in aeronautical operation.
2. Specific objective 2: verify, for aeronautical operations, if fleet availability is greater or equal
to the availability obtained using legacy maintenance strategies.
3. Specific objective 3: verify if results obtained in specific objectives 1 and 2 are scalable to
other dynamic operations, namely, the health industry.

1.3 Paper Organization

This draft manuscript has the objective of presenting the prescriptive maintenance research
developed by the authors, related results obtained so far, the research questions addressed,
the next steps, and a comprehensive literature review; Section 2 presents the literature
review; Section 3 discusses the research developed so far and related methods; Section 4
describes next steps plan; Section 5 depicts the partial conclusion, and Section 6 lists the
references.

2. Theoretical Background

The origin of the term PsM is attributed to Donald A. Orr who, in a report commissioned by the U.S.
Army Logistic Management Center published in December 1976, writes that PsM provides
information about “how things should occur” in maintenance [10]. In the following four decades PsM
has been associated with scheduled maintenance and often as a synonym of preventive
maintenance [11][12][13], with very few or no publications at all until the last decade, during which
an increasing of interest has been observed, with 85 papers published between 2013 and 2023.
Within the last decade, and more recently in past five years, the interest in the PsM has increased
even more across both the academia and the industry, accompanied by a growth in the number of
related publications, as shown in table 2.1.

Table 2.1 — PsM publications in the last 5 years.
Year Number of publications

2019 13
2020 14
2021 15
2022 18
2023 12

It is only in 2014, that Olaf Sauer mentioned in his paper the work of Alexandre Linden who in 2013
described PsM as maintenance anticipation and further action proposition through decision support
systems and decision automation systems enabled by sensing capabilities, machine condition
monitoring and diagnostic analysis, thus drastically differentiating PsM from scheduled maintenance
[14][15]. One year later, Setrag Khoshafian and Carolyn Rostetter reaffirmed and expanded the
concepts presented by Sauer and Linden [16]. In their work, the authors described PsM as “the sum
of Total Productive Maintenance”, “descriptive, preventive, and predictive analytics of equipment data
for maintenance”, and “automated end-to-end process with the Internet of Things (IoT) sensors and
Dynamic Case Management (DCM)”. Also calling this flow the “Process of Everything” the authors
mentioned that PsM provides the “orchestration of end-to-end dynamic cases involving people,
applications, trading partners and things (including robots) as participants”. Khoshafian and Rostetter
saw a world where machines predict potential failures and autonomously trigger maintenance — all
with minimal human intervention. The main enabler is the so-called Dynamic Case Management
(DCM) which is used to “automatically create a maintenance case with tasks that can be assigned to
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things or people”. The machines (or things) that are covered by the DCM system become self-learning
and over time can “take care of themselves,” reducing the need for rework and manual efforts that
are typical of traditional maintenance. Additionally, case tracking and resolution data will point
managers and operators to additional opportunities able to eliminate bottlenecks, streamline and
simplify. Thus, PsM is adaptive: it continuously learns from the events or the behavior of the device
or its components, leveraging the business by continuous real-time analysis to provide actionable
maintenance decisions. These concepts were reinforced two years later by Ansari, Glawar and Sihn
who introduced the notion of knowledge-based maintenance (KBM) to describe PsM [17]. In this work,
the authors mentioned that the digital transformation brought by the Cyber-Physical Production
Systems (CPPS) leveraged the importance of data for production and maintenance processes alike
through the deployment of decision support systems to boost machine availability and production
process stability. The authors suggested a framework model that supports the implementation of a
prescriptive maintenance strategy, facilitates the integration of data and the deployment of a
technique based on a Dynamic Bayesian Network (DBN) for predicting future events [17]. Table 2.1
summarizes the PsM core concepts discussed in this section.

Table 2.2 — PsM core concepts.

Concept Description Reference
It is the sum of diagnostics, preventive and predictive maintenance

Holistic orchestrating end-to-end dynamic maintenance cases involving [16][17]
people, applications, trading partners and things as participants

Actions PsM automatically creates a maintenance case or prescribes tasks

S ; : [15][16][17]

prescription that can be assigned to things or people
With Psm machines become self-learning and over time can predict

Self-learning failures and “take care of themselves”. By self-learning, PsM adapts [15][16][17]

& Adaptive  to the events or the behavior of assets achieving continuous real-time
analysis to provide actionable decisions
End-to-end processes enabled by |oT and DCM with machines
Automated  predicting potential failures and autonomously triggering [15][16][17]
maintenance

Optimized Optimized maintenance is provided [15][16][17]
Knowledge-based maintenance: structured and unstructured
knowledge as well as data collected through sensors from machines,
people and processes are used as a base for failure prediction and
maintenance recommendation

KBM [15][17]

A thematic analysis was performed to identify the definitions, enablers and expected outputs that
characterize PsM. Sections 2.1, 2.2 and 2.3 list and describe these identified characteristics.

2.1 PsM Definition

As discussed in Section 1, pinning down a precise definition of Prescriptive Maintenance (PsM) is
challenging due to the variety of interpretations over the years. Despite the absence of consensus
among scholars, a careful review of the literature allows us to distill several core characteristics that
define PsM. At its essence, PsM emerges as a proactive strategy, adept at assimilating the
information—and the inherent uncertainties—within the Industry 4.0 ecosystem to inform optimal
maintenance decisions [65][104][107]. It is both a knowledge-based [1][5][9][18] and data-centric
approach [39][43][64][65][21][22], leveraging predictive analytics to anticipate failures, which is
pivotal in crafting effective maintenance recommendations and scheduling
[11[6][7]1[16][17][22][23][29][39][48][49][50][51][135].
Moreover, PsM's holistic nature is evident as it extends beyond mere maintenance tasks to integrate
with production [9][135] and inventory systems [22], as well as the overall operation of the asset
[A][71[9][17][19][22][35][38][41][48][56][61][66][138][139] and its interconnected ecosystem [136]. It
is a self-evolving, cognitive methodology [9][24][29][39][53][73][135][139], a testament to its
intelligent approach to maintenance [61][20]. While some studies emphasize its context-aware
capabilities [51], others underscore its ability to autonomously recommend maintenance actions
[60][65]. Crucially, PsM is characterized by its adaptability across various industrial domains
5



[7][51][55], with a capacity for adaptations tailored to individual assets, whether they are aircraft,
machinery, or equipment [1][5][16][17][39][62][63][65][68][138].

In conclusion, these perspectives coalesce to define PsM as a maintenance strategy that, propelled
by the Internet of Things (loT), asset health prognostics, and prescriptive analytics, delivers action
plans designed to refine maintenance operations and enhance asset uptime.

Progressing to the subsequent section, the enablers of PsM will be presented to analyze the
technological and methodological foundations of this maintenance paradigm.

2.2 PsM Enablers

The heart of an Ecosystem 4.0, pivotal for enabling PsM, lies in the devices and digital infrastructure
that facilitate real-time data collection and sharing, as described by [1][17][39]. In this ecosystem,
sensors play a crucial role in detecting early signs of potential asset failure, like temperature spikes
or unusual vibrations
[1][5][6][9][14][16][17][21][23][27][30][31][36][37][38][49][50][54][57][60][63][65][137].  This data
collection is amplified by digitization and the Cyber-Physical-Production-System (CPPS)
environment [1][5][9][17][18][20][22][26][59][60][67][83], which together with augmented reality (AR)
[60] and GPU computing [63], enhances maintenance technicians' efficiency and learning curve by
overlaying actionable insights onto the real-world view of assets.

Crucial for PsM, the capability for failure prognosis—predicting asset failure and estimating
remaining useful life (RUL)—is underscored as a fundamental requirement
[51[6][71[9][20][22][23][24][29][31][32][34][39][41][43][52][54][55][56][57][58][59][60][61][62][67][68][ 7
1][76][78][83][136][137]. Enabled by Prognostic and Health Management (PHM) systems
[20][31][32][43][56][57][61], RUL predictions are derived using advanced analytical models like the
Wiener process, Weibull distributions, Markov chains, machine learning, and Bayesian networks
[27][43][50][571[62][70]. This predictive prowess is applied across sectors, from shop floors to
aerospace, demonstrating PsM's versatility
[71[14][20][29][30][31][32][34][36][37][38][39][40][41][48][49][51][52][54][55][58][70][83].

The integration and analysis of real-time and historical data are facilitated by 10T, which provides the
backbone for effective data analysis
[1][5][6][20][27][28][29][31][32][37][38][43][45][48][49][50][51][54][60][63][67][70][76][78][83].  This
data, after pre-processing, supports various analytical methodologies, including descriptive,
diagnostic, predictive, and anomaly detection analytics
[51[8][18][22][24][26][30][33][39][43][48][49][59][65][67][69][138].

Finally, the extracted insights empower Decision Support Systems (DSS), which translate
prescriptive analytics into actionable maintenance recommendations [52][57][83][84][85][86]. These
systems are adaptable across industries, from civil construction to aerospace and railways,
showcasing the extensibility of PsM [7][22][23][24][27][38][60][65][66][67][78][80][81][82][87].
Knowledge classification and semantic reasoning, often through ontologies, further enhance the
DSS, providing a structured approach to asset management [1][3][5][8][9][18][19][30][60].

The table 2.3 presented here summarizes the consideration of this section outlining the enablers of
PsM. Each enabler listed is a critical component, ranging from the analytical foresight of prescriptive
analytics to the connectivity of the 10T. They form an integrated platform that not only anticipates
maintenance needs but also crafts a strategic response.

Table 2.3 — PsM enablers.
Enabler Description

Prescriptive Analytics These analytics typologies guide actions, paving the way for proactive
business decisions that enhance overall performance

Failure prognosis systems These systems provide the data that enable the estimation of the
potential failures timing - a predictive window into an asset's future
failures




Enabler Description

Data analysis A process that involves refining and remodeling data to unearth
insights, which are crucial for informed decision-making

Internet of things A network where physical devices are endowed with the ability to
collect and exchange data, creating a more responsive and
interconnected ecosystem

Decision support system An integrated toolset that leverages data analytics to facilitate
informed decisions, acting as a navigator in the sea of business
choices

Ontology A framework that structures domain knowledge in a format computers
can understand, defining entities and the relationships between them

The next section's focus is shifted from the enablers to the outputs, as it is presented how these
enablers lead to real-world outcomes—how the ideas of analytics, prognosis, and connectivity
become concrete maintenance actions that are potentially prone to lower costs and improve asset
performance.

2.3 PsM Outputs

PsM delivers an advanced course of action prescription, advising on schedules, tasks, resources
use, and execution strategies to optimize maintenance operations
[5][6][9][10][16][17][22][26][41][44][46][47][58][60][67][70][71][73][75][76][78][135][138][139]. It
extends beyond predictive measures by utilizing recommendations to actively enhance and mitigate
future risks [24][73], considering a broad temporal scope [65], and dynamically customizing
maintenance  plans in  real-time  through  Decision  Support Systems (DSS)
[18][20][45][50][51][59][68].

PsM's proactive nature not only lists tasks but also manages and schedules the necessary
resources, from personnel to ground support equipment [6][7][8][16][17][22][58], taking into account
the operational mode of the asset [62]. Enabled by loT and CBM, PsM actively monitors operational
systems to predict and prevent potential failures, optimizing asset management and implementing
timely maintenance, potentially remotely [73][68][49][65][37].

Methodologically, PsM automates maintenance workflows, with self-diagnostic assets initiating
maintenance actions with minimal human oversight, leading to the automated creation of work orders
and enhancing the efficiency of maintenance management [14][24][47][70][74][5][53][59][73][69][65].
This optimization is reflected in the references to optimized maintenance and plans [5][43][64][136],
promoting life  cycle cost minimizaton and asset availability = maximization
[1][5][6][7][16][17][20][22][23][35][43][56][63][64][65][73][78][137].

The cost-effectiveness of PsM is noted, with savings achieved through less frequent use of spare
parts [32][41][43][57], reduced overall system exploitation costs [43][62][82], and optimal costs as
part of frameworks that include cost minimization as an objective function [7][33][56][61]. PsM's
contribution to ESG goals includes decreased energy waste and ecological impact assessments
[32][53][56][137]. Moreover, it results in significantly higher asset availability
[6][71[14][17][24][30][32][39][41][43][45][46][54][55][59][61][64][65][66][67][72][78], which enhances
customer service and corporate reputation [6][32].

As a self-learning system, PsM evolves through feedback loops that incorporate lessons learned for
future recommendations [1][5][7][14][16][63], sharing insights with OEMSs for product or service
design improvements and facilitating knowledge management [7][43][78][84]. Finally, PsM
frameworks also aim to optimize operations and productivity [66][37][46][135][138][139], offering
real-time data for production control and supply chain integration [46][47][58][35][7][58].

The following table 2.4 summarizes these outputs and the considerations made in this section. These
outputs not only guide maintenance decisions but also integrate closely with operational practices to
enhance the overall efficacy and cost-efficiency of asset management. Each row in the table briefly
describes one of the key parts of PsM, from actionable prescriptions to the seamless integration of
operations and maintenance. This shows a methodical effort to lower life cycle costs and increase
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asset availability. This table serves as a concise reference for understanding the multifaceted
benefits and functionalities that PsM provides to modern maintenance practices.

Table 2.4 — PsM outputs descriptions

Outputs Description
The course of action Provides a strategic set of tasks designed to answer "What should
prescription be done?" in order to proactively enhance business performance

through targeted maintenance actions
Life cycle cost minimization Focuses on minimizing total life cycle cost, including operational

and asset availability and ESG-related expenses while maximizing asset availability to

maximization ensure readiness

Optimized maintenance A maintenance approach that leverages resources efficiently,
reduces lifec-cycle cycle expenses and bolsters both asset
availability

Automated maintenance A self-regulating maintenance system that continuously monitors

workflow the health and performance of assets, autonomously initiating
maintenance actions, minimizing the need for human input

Maintenance A self-improving feedback mechanism that assesses the

recommendation effectiveness of maintenance predictions and refines the

continuous improvement recommendations for enhanced precision and reliability

Integration between Synchronizes operational and maintenance activities to enhance

operation and maintenance the cost-effectiveness and reliability of assets

With the PsM outputs clearly delineated, the benefits they impart to maintenance management are
grasped.

Pivoting to the next section, the attention turns to the research gaps that this work bridges.
Challenges within the current PsM paradigms will be explored, setting the stage for how this research
contributes to the evolution of maintenance strategy and execution in the Industry 4.0 ecosystem.

2.4 Research Gaps Addressed by this Work

This section highlights the research gaps and questions to tackle, as if the research on PsM has the
potential to revolutionize complex system management, it's crucial to focus on the untapped frontiers.
Meissner et al. [54][56] developed an agent-based simulation optimizing maintenance based on an
asset’s real-time condition, yet it currently only factors in human maintenance resources, with plans
to expand the algorithm to address prognostics' inaccuracies and scheduling robustness [56].
Subsequent expansions have considered maintenance and prognostics uncertainties, but still,
overlook resources beyond labor [56]. Koops [43], van de Loo [67], and Nejad [66] offer
methodologies for addressing maintenance imperfections in scheduling but do not integrate resource
constraints or varying asset maturities.

As prescriptive analytics methodology to optimally schedule maintenance, authors have used mixed
integer programming (linear and nonlinear) [7][91][57][49][92][62][94][95][82][97][98][64][81][142],
Markov Decision Process [20][63][67][135], machine learning
[8][23][92][22][67][64][65][137][139][145], Monte-Carlo simulation [43][92][62][50], Heuristics
[60][79][91][92][95][50][96][30][135][145], discrete-event simulation [54][56][79], agent-based
simulation [54][56][79][66][67] and ontology [5][8][9][17][30][60][79] to provide maintenance
optimization through action prescription however, no work has considered resource constraints other
than human labor, or maintenance and prognostics imperfection altogether [19][43][54][56]
[135][142].

The potential for human-cobot collaboration in PsM is acknowledged as a future direction
[5][17][22][100][101][102], with limited research like that of Deng et al. [77] and Ansari [89][99]
exploring the dynamics of knowledge sharing between humans and cobots. However, there's no
comprehensive model that integrates this collaboration with all maintenance resources and accounts
for maintenance imperfections.

Cross-industry extensibility is frequently mentioned as a prospective feature or future work
[51[71[22][24][30][35][48][49][51][52][54][58][60][62][64][65][81][137][139], yet it remains untested in

8



optimization algorithms. While methodologies by Strack et al. [30] and Koukaras et al. [65] suggest
simulation [30] and machine learning [65] approaches, there's a lack of experimental validation for
these methods.

These gaps originated the research question addressed by this work and presented in table 2.6.

Table 2.6 - Research questions addressed by this work.
How maintenance efficiency can be improved through a prescriptive maintenance
framework which:
Considers 1. All maintenance resources involved namely labor, material, tools, equipment
and infrastructure [5][9][17][54][56][58][79]?
2. Maintenance uncertainties and imperfections [19][43][54][56] [135][142]?

Is 3. Adaptable to different assets with different technological maturities
[51[71[22][24][30][32][33][35][48][49][51][52][54][58][60][62][64][65][81]
[137][138]?

4. Scalable to different industries, namely Aerospace and Health
[51][22][52][138][139]
Provides 5. Optimized maintenance course of action? [5][7][54][56][135][138][139]

Table 2.7 summarizes the authors approaches with regard the research question showing what has
been done to improve maintenance efficiency. It can be noted that although the focused has been
maintenance optimization, no work considers maintenance imperfection, resources beyond line
maintenance labor all together. Similarly, no work effectively assesses and demonstrates how the
prescription algorithm could cover different industries, demonstrating its scalability and adaptability
to different scenarios. This is where this work is positioned, as seen in the last line of the table table
2.7.

Table 2.7 — PsM works related to the research gaps address.



Approached by

Scalability to different industries

Meissner et al. [54]
Meissner et al. [56]
Ansari et al. [5]
Choubey et al. [7]
Mattioli et al. [8]
Glawar et al. [9]
Ansari et al. [17]
Silvestri et al. [100]
Cisterna [101]
Ameri et al. [102]
Gao et al. [20]
Kovacs et al. [23]
Strack et al. [30]
Strack et al. [39]
Koops [43]
Padovano et al. [60]
Deng et al. [77]
Garcia et al. [79]
Ansari et al. [89]
Ansari et al. [99]
Aramon et al. [91]
Cho et al. [57]
Consilvio et al. [49]
Consilvio et al. [92]
Dias et al. [62]

Filo et al. [22]
Gavranis et al. [94]
Kozanidis et al. [95]
Liu et al. [50]
Nakousi et al. [82]
Nejad [66]

Robert et al. [96]
Schrotenboer et al. [97]
Safei et al. [98]
Tham et al. [63]
van de Loo [67]
Vanderschueren et al. [64]
Venkatachalam et al. [81]
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As the journey through the landscape of prescriptive maintenance literature until January 2024 is
concluded, it is evident that this field has witnessed remarkable growth and innovation in the last 5
years. The tapestry of research presented in this section underscores the multifaceted nature of
PsM, where prescriptive analytics, the IoT and predictive modeling converge to shape the future of
maintenance practices in complex operations. In drawing from the collective teachings and future
directions of these works, the research question and corresponding gaps that guide the development
of this research have been identified. Building upon the foundation laid by these studies, Section 3
will delve into the methods and results of this research, ultimately contributing to the ongoing
evolution of PsM practices and future works.

3. Development, Methods & Results

This section delves into the heart of this research, exploring the development, methods, and results
that underpin the Holistic and Scalable Smart Prescriptive (HSSP) Optimization Framework. The
work is intricately linked with the Smart Prescriptive Maintenance Framework (SPMF), an innovative
Information Technology and Communication approach for prescriptive maintenance [51] first
introduced by Marques et al. in 2019 and later reproposed [55] by Giacotto et. al in 2021. This
framework places a strong emphasis on holistic optimization, seamlessly integrating operation,
maintenance, and maintenance resources into a unified strategy. Similarly, as the venture goes
forward, it will be possible to witness how this work extends its reach beyond the aerospace industry,
associating diverse assets such as aircraft and human health, laying the foundation for a cross-
industry prescriptive maintenance paradigm shift. See table 3.1 for a glimpse of this association.

3.1 Development & Methods

Building on the previous works [51][55], current research proposes a new framework, tests it using
mixed-integer linear programming (MILP) on the operation of a Brazilian regional airline and S&o
Paulo's public health system COVID-19 response. The airline's fleet and patients’ community are
treated as assets in their respective scenarios, with airliner data covering operations, aircraft models,
estimated fleet sizes, hangars capabilities, maintenance costs and operational revenue, and the
public health system data covering the 2020 Covid crisis patients’ admissions, hospitals’ network
and their estimated resources at the time of the epidemic in terms of medical teams, intensive care
units (ICUs) and ventilators.
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3.1.1 Holistic and Scalable Smart Optimization Framework for PsM

The Holistic and Scalable Smart Optimization Framework for PsM, shown in figure 1 is designed to
address the challenges of maintaining complex systems in dynamic operational environments. As
illustrated in the flowchart, the framework integrates various elements that influence maintenance
and operation decisions, including the asset’s characteristics, external factors and operation
disruptions (both scheduled and unscheduled). The framework considers maintenance resources
such as stations, equipment, personnel, and materials, alongside other constraints like maintenance
uncertainties and time. By leveraging a prescriptive algorithm aimed at maximizing performance and
minimizing costs, this framework processes these inputs and constraints to recommend optimal
maintenance actions and operation recommendation. This holistic approach ensures that all relevant
factors are accounted for, leading to more efficient and effective operation and maintenance that can
be scaled across different industries.

Figure 1 — Holistic and scalable smart optimization framework for PsM.
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The asset can encompass an aircraft fleet, a set of production machines in the manufacturing
industry, a fleet of ships, an oil extraction platform, a fleet of urban air mobility vehicles, a wind farm,
or humans. The asset directly influences how the operation occurs, that is, how the activities and
actions performed by these assets, such as transporting goods or people, extracting and processing
raw materials, producing consumer packaged goods, or conducting human activities happen.
Operation, however, can be disrupted for various reasons, including the wear and tear of machines
and equipment or degradation of systems that cause interruptions or reduced efficiency. When these
disruptions happen unexpectedly, they result in unscheduled events, leading to increased
operational and maintenance costs due to the unplanned nature of the necessary resources to
continue operation or mitigate the effects of the disruption. This scenario pertains to unscheduled
maintenance. Examples of unscheduled events include sudden failures in aircraft or machines and
health emergencies like pandemics, heart attacks, cerebral vascular accidents and many others.
To mitigate costly operational stoppages, complex assets are often maintained proactively to prevent
sudden failures. In this context, assets are removed from operation in a planned manner, potentially
during periods of lower demand or less intensive operation, for inspection or preventive activites.
This strategy is more efficient than reactive maintenance but can lead to over-maintenance as it
does not consider the asset's actual health state. In humans, this can be compared to elective
surgeries and preventive health check-ups.

A more refined subset of scheduled maintenance is predictive maintenance. For continuously
monitored assets, it is possible not only to assess the current health state but also to predict future
states and potential failures using artificial intelligence, data analytics, and mathematical models.
This allows maintenance to be planned based on the predicted state, ensuring it is performed when
necessary. Although predictive maintenance does not provide course of action, it is the optimal
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strategy in comparison to the unscheduled and the more general scheduled strategy. Predictive
strategies are still evolving as not all complex systems have this capability or if they have it, the
prediction assertiveness is still a work in progress. Human health systems currently lack this
capability, but the rapid evolution of wearables and other sensing devices could lead to significant
health benefits by enabling state prognostics for humans, thereby optimizing healthcare system
support, although not all ethic issues about data privacy have not been addressed yet.
Maintenance resources include physical spaces (hangars, hospitals, repair shops, plants, etc.),
equipment and tools, spare parts, and personnel such as technicians, engineers, nurses, doctors
and all human capital involved in maintenance. These resources are finite, making their optimization
critical for sustainable operations, especially in highly dynamic and demanding environments.
Additional constraints include maintenance uncertainties, as maintenance may not always restore
the asset to a "good as new" state but rather to a condition somewhere between "new" and "old"
[43]. Time is also a critical constraint, as it dictates the pace of operations and maintenance.
External events, which are often beyond the system's control, can be human-made (e.g., wars,
strikes, labor shortages) or natural (e.g., floods, heavy rains, seismic activities, volcanic ash clouds).
They directly affect the operation and can cause unscheduled events creating great impacts to the
system performance and maintenance activities.

The prescriptive algorithm considers constraints defined by the asset, such as its reliability,
robustness, performance indices, and design characteristics. For human assets, this includes
genetic information, innate resistance to infections, and responsiveness to specific treatments. The
operation provides demands, indicating what is expected from the asset in terms of quality of the
product, service or activity and related costs. Operation disruptors are events that need to be
managed to resume operations as quickly as possible at the required quality and costs. They provide
information on when the event should occur, its estimated duration, and scope while maintenance
resources provide the state and quantity of available personnel, physical space, material and
equipment. Through this data, constraints and demand, the algorithm provides the best
recommendations for deploying the assets and support resources to holistically enhance operational
performance and maintenance implementation.

To provide a clear understanding of the interconnected components within the Holistic and Scalable
Smart Optimization Framework for PsM, table 2.8 outlines the key elements and their correlations.
This table illustrates how each element influences and constrains the others, highlighting the
dynamic interactions between assets, their operations, external factors, disruptions, maintenance
resources, and the prescriptive algorithm.

Table 2.8 — Holistic and scalable smart optimization framework elements and their correlations.

Element Action Element Description

Asset’s characteristics determines the

Influences Operation o -
operations’ characteristics

Asset's reliability and health directly
Influences Operation disruptions  determines possible operations’ disruptions

Asset .
such as stoppage for maintenance

Assets characteristics such as reliability and
Constraints Prescriptive algorithm  performance capability define optimization
restrictions

Variability, level and intensity of operation

Influences Operation disruptions influences when disruptions happen

The specific of operation determines what is
expected from the optimization such as
availability maximization, cost minimization
or better performance and quality

Operation
Demands Prescriptive algorithm

Uncontrollable environmental or human

Influences Operation .
caused events may affect operation

External

Uncontrollable environmental or human
factors

Influences Operation disruptions  caused events may cause disruptions such
as maintenance event
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Element Action Element Description

Disruptions in operation are the events to be
managed by the prescriptive algorithm to
fulfil operation demands. They can be
unscheduled or scheduled. Predicted
events are considered a sub-category of
scheduled events

Operation Determine

disruptions  events to Prescriptive algorithm

They are finite operation’s support assets,
such as physical space, machinery,
Maintenance Constraints Prescriptive algorithm equipment, personnel and material that are
resources constraints to the prescriptive algorithm.
They usually need to be optimized to ensure
efficiency and effectiveness

Time and other maintenance uncertainties
Other . o . that also generate restrictions to the
. Constraints Prescriptive algorithm ; .
constraints maintenance resources, and in turn, to the
prescriptive algorithm

The prescriptive algorithm generates

- recommendations to the operation to
Prescriptive

aloorithm Recommends Operation increase holistic operation-maintenance
9 performance while pursuing cost
minimization
The algorithm recommends how to deploy
Prescriptive Maintenance maintenance resources optimally to
: Recommends -
algorithm resources leverage holistic performance of the system

operation-maintenance resources

By considering the intricate relationships between the elements, this framework enables informed
decision-making that enhances maintenance and operation seamlessly. As we delve deeper into the
holistic aspect of the algorithm, the following sections will illustrate its application to diverse assets,
such humans and aircraft. By this comparison, it will be uncovered how the framework's can be
implemented across various industries.

3.1.2 Holistic Aspect and Mathematical Framework

Within the 2019 paper, the PsM definition and scope emphasizing the holistic optimization integrating
operation, maintenance, and maintenance resources beyond labor as the main characteristic were
introduced. In the same publication, it was proposed the concept of extensibility across different
industries associating different assets, namely aircraft and humans in need of health assistance. The
chart in figure 2 refines that idea presenting the main characteristics of these two diverse assets
based on the framework presented in section 3.1.1 and on the case-studies further explained in next
sections. For humans, operations include life activities, while operations for aircraft encompass
transportation. Unscheduled events like COVID-19 pandemic admissions parallel unscheduled
maintenance events for aircraft, such as equipment failure. Scheduled events for humans, such as
elective procedures, align with planned aircraft maintenance checks like Check A and Check C.
Predicted maintenance, a future work area for humans, involves anticipating human health issues
or aircraft failures through predictive analytics.

Maintenance resources for humans involve hospital ICUs (stations), ventilators (equipment), doctors
and nurses (personnel), and hospital consumables (material). Similarly, aircraft maintenance
resources include hangar slots (stations), tool sets (equipment), maintenance technicians
(personnel), and spare parts units (material). Both domains face constraints from maintenance
uncertainties and time. For humans, this includes uncertainties in medical treatments and time
constraints, while for aircraft, it involves maintenance imperfections and time limitations.

Figure 2 — Humans and aircraft characteristics association.
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To further elucidate the Smart Optimization Framework for PsM, the next illustration, figure 3,
introduces the mathematical structure underpinning main elements of the framework. This includes
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Figure 3 — Mathematical structure of the model.
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Number of patients Number of aircraft in
admitted cannot exceed maintenance cannot exceed
available ventilators available tools set

Number of patients Number of aircraft in
admitted cannot exceed Constraint 3: Personnel maintenance cannot exceed
available doctors and available technicians

Constraint 4: Material

Maximization(Revenue-Cost) Objective Function Maximization(Revenue-Cost)

Figure 3 delineates the mathematical structure of the Smart Optimization Framework by mapping
the elements of human and aircraft assets into parameters, constraints, and objective functions. For
both humans and aircraft, the assets (individuals and aircraft) engage in operations (human activities
and transportation). Unscheduled events include COVID-19 pandemic admissions for humans and
equipment failures for aircraft, while scheduled events cover elective medical procedures and
planned maintenance checks. Both events are time constrained as they must happen up to a certain
date in the case of check-A, check-C and predicted events, while unscheduled maintenance happen,
as per definition, in specific dates according to unforeseen failures or COVID-19 pandemic spread.
Key constraints are then highlighted, such as the availability of hospital ICUs, ventilators, doctors,
and nurses for human patients, and the availability of maintenance slots, tools, and technicians for
aircraft. Additionally, constraints related to materials, such as consumables for humans and spare
parts for aircraft, are considered. The framework also accounts for maintenance uncertainties, where
stochastic methods are applied post-optimization for humans to account for medical errors or
treatments failures while MTBUR are updated to account for degradation accumulation due to
imperfect maintenance for aircraft.

Time constraints are crucial, ensuring that patient admissions and aircraft maintenance occur
promptly to maintain operational viability. The objective function for both domains focuses on
maximizing the difference between revenue and cost, ensuring that the optimization process
enhances efficiency and effectiveness. In the case of humans, revenue is directly related to the
maximization of the probability of saving life by providing the required treatment to patients while
costs are correlated to the daily ICUs cost. For aircraft fleet, revenue is related to the maximization
of number of flights and cost to the maintenance cost. Detailed mathematical models are presented
in the next sections.

16



As this section concludes, the framework's adaptability has been exemplified transcending industry
boundaries and discussing the universality of its core principles by drawing parallels between the
maintenance of complex systems like aircraft and the care of human health. Moving forward, the
insights gleaned here serve as a platform to next sections that present the two case study in details.

3.2 Case Study 1: Smart Optimization Framework for PsM Applied to a Commercial Aviation
Regional Fleet

This simulation model is designed to optimize maintenance scheduling and tail assignment for an
airline fleet, considering both scheduled and unscheduled maintenance events. The primary goal is
to maximize the difference between Revenue and Cost ensuring regulatory compliance. The model
integrates multiple factors, including flight schedules, maintenance durations, hangar capacities, and
resource availability.
Simulation was run locally on MacOS Sonoma 14.0 operational system with 16GB of memory and
implemented on Python 3.12.4 environment using the Pandas and Numpy libraries, while optimization
utilized them MILP method through Gurobi 11.0.2.
Next sections present operation simulation assumption and optimization mathematical model.

3.2.1 Operation Simulation

The simulation model was based on a Brazilian regional airliner operation with the fleet summarized
in table 2.9 [148][152][153]. This airliner operates in more than 150 cities scattered in all Brazilian
territory and in 7 cities internationally.

Table 2.9 — Operational simulation assumptions.

OEM Aircraft Quantity PHM Average Seats Wingspan Slot
enabled age x length  occupati
(years) (m?) on
(m?)
Airbus A320neo 54 5 174 1345 942
Embraer E-195 41 9 118 1111 778
ATR 72-600 46 8 70 735 515
Caravan
Cessna 208B 23 16 9 91 64
Embraer E195-E2 27 v 2 136 1457 1020
Airbus A321neo 8 3 214 1593 1115
Airbus A330-900 3 v 3 298 4074 2852
Airbus A330-200 1 v 18 272 3547 2483
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OEM Aircraft Quantity PHM Average Seats Wingspan Slot

enabled age X length occupati
(years) (m?) on
(m?)
Airbus A350-900 2 v 6 334 4325 3028
Total 205 - 5 -

The fleet characteristics encompass several key parameters for each aircraft model, including the
original equipment manufacturer (OEM), the number of aircraft in the fleet, whether Prognostics and
Health Management (PHM) is enabled for that model, the average age of the aircraft, the seating
capacity, the physical dimensions (expressed as wingspan multiplied by length), and the slot
occupation area in square meters. The slot occupation was obtained considering that the parking of
aircraft in MRO is done in such a way that aircraft wings are interleaved, allowing a more optimized
usage of the available area. Thus, the assumption is that the effective occupied slot area by each
aircraft is equal to 70% of the area obtained multiplying the aircraft wing span and lengths.

For instance, the fleet includes 54 Airbus A320neo aircraft, each with an average age of 5 years, a
seating capacity of 174 passengers, and a slot occupation of 942 square meters. In contrast, the
fleet also includes smaller aircraft like the Cessna Caravan 208B, which has a seating capacity of 9
and occupies just 64 square meters of slot space. The tables highlight the presence of PHM
capabilities in certain aircraft models such as the Embraer E195-E2 and the Airbus A330-900, which
support advanced predictive maintenance strategies. The diversity in aircraft sizes, technological
maturity, ages, and capabilities necessitates an adaptable approach to maintenance as required by
the research question presented in table 2.6.

Regarding flight paths (origin-destination) and flight hours flown per day by each aircraft were
collected directly from the airliner website for all the 150 destinations [151]. Table 3.0 presents an
example of the data collected in terms of flight hours per trip, flight path and flight frequency over a
period of 365 days.

Table 3.0 — Example of operational assumptions in terms of flight hours and flight paths [151].

Aircraft  Serial Origin Destination Flight Departure  Frequency
duration
(hours)
MON
A320neo 1063 Campinas Confins 1.17 6:15 ;XE

After defining the assumptions related to the operation, the assumptions related to the product
maintenance requirements and reliability were mapped out. Firstly, the maintenance intervals for
check-A and check-C were identified as presented in table 3.1.

Table 3.1 — Aircraft maintenance check intervals [160][161].

Aircraft Maintenance check interval
Check-A Check-C
Flight hours Calendar Duration Flighthours Calendar Duration
(hours) (months) (days) (hours) (months) (days)
A320neo 750 4 7 7500 24 30
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Aircraft Maintenance check interval

Check-A Check-C
Flight hours Calendar Duration Flight hours Calendar Duration
(hours) (months) (days) (hours) (months) (days)

E-195 750 4 7 7500 24 30
ATR-72-

600 750 4 7 8000 24 30
2088 500 3 5 7000 18 30
Caravan

E195-E2 1000 6 7 10000 24 30
A320neo 750 4 7 7500 24 30
A321neo 750 4 7 7500 24 30
A330-900 1000 6 7 10000 24 30
A330-200 1000 6 7 10000 24 30
A350-900 1000 6 7 10000 24 30

Regarding the unscheduled maintenance, the MTBURs were used to calculate the probability of
failure per each ATA chapter in function of time t corresponding at the accumulated sum of flight
hours while the probability distribution utilized is the exponential distribution [155] as shown in
equations (1)-(2). Specialists were consulted to validate estimated MTBUR for each ATA chapter
for each model. Table 3.2 list the MTBUR values. The unscheduled maintenance duration was
estimated as 1 day if the maintenance is performed in hangar with corrective maintenance capability,
and 2 days if the aircraft was located in an hangar with organizational-level maintenance capability,
due to the necessity of deploying technicians and materials from other hangars to repair the aircraft,
as validated by the specialists consulted.

o F(1): probability of failure
e J: failure ratio
e t: accumulated flight hours
— 1 _ oAt
Ft)=1—¢e )

A= 1/MTBUR )
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Regarding the PHM failure prediction, no data was available or identified about the degradation ratio
in function of the accumulated flight hours per ATA chapter and because of this, degradation were
estimated using the MTBUR as baseline and reference values mapped in the literature [157][158].
The simulation provided for each aircraft the number and dates of maintenance occurrences
according to their intervals and accumulated flight hours for scheduled events, while the unscheduled
events were mapped out through the exponential probability and PHM forecasts estimation. Table
3.2 present an extract of the operational simulation results.

3.2 — Extract of operational simulation results in terms of maintenance occurrences.

Aircraft Serial Check-A Check-C Unscheduled maintenance
dates dates estimated dates
2
22
32
44
56
15 58
40 85
E195-E2 1158 80 215 95
122 130
160 200
220
243
280
300
345

In conclusion, the operational simulation effectively provided maintenance schedules and estimated
unscheduled events dates for each aircraft in the fleet, representing the events that must be
managed by the optimization algorithm.

As we transition to the next section, we will delve into the maintenance capability model that
addresses the maintenance resources used to perform maintenance—such as hangar slots, tooling,
personnel, and materials. It is by considering these constraints, that the algorithm must ensure
schedules are optimized.

3.2.2 Maintenance Capability Model

To comprehensively assess and model the maintenance capabilities within the framework, it is
essential to understand the different levels of maintenance performed across the various ariliner
locations. The maintenance capability model considers three primary levels of maintenance: depot,
intermediate, and organizational as flows:

o Depot maintenance: it refers to the highest level of maintenance, typically performed at
specialized facilities with extensive capabilities. This type of maintenance, also referred to
Check-C in the commercial aviation, involves major repairs, overhauls, and extensive
inspections that require specialized equipment and highly skilled personnel. Depot
maintenance is usually planned and scheduled well in advance and is conducted less
frequently compared to other maintenance levels. Examples include complete engine
overhauls, structural repairs, and significant upgrades or modifications. These facilities often
support multiple operational units and provide capabilities that are beyond the scope of
organizational and intermediate maintenance levels [172].

¢ Intermediate maintenance: itis the middle level of maintenance, performed at a maintenance
facility or unit that is typically closer to the operational environment than a depot but more
specialized than the organizational level. This level, called Check-A in the commercial
aviation, includes tasks such as troubleshooting, parts replacement, minor repairs,
calibrations, and scheduled inspections that cannot be accomplished at the organizational
level but do not require the extensive resources of depot maintenance. Intermediate
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maintenance aims to support operational units by providing timely repairs and ensuring that
equipment remains in good working condition, reducing the need for depot-level interventions
[172].

¢ Organizational maintenance: It is the lowest level of maintenance, performed by the
operational units using the equipment. This level includes routine, day-to-day maintenance
tasks such as inspections, lubrication, adjustments, troubleshooting and repairs limited to
remove and replace activities. Organizational maintenance is designed to be quick and
efficient, allowing for immediate corrections to minor issues [172].

Table 3.3 illustrates the main maintenance hangar locations and their capabilities across these three
levels. For instance, the Campinas facility (VCP) supports organizational, intermediate, and depot
maintenance, whereas locations like Manaus (MAO) and Cuiaba (CGB) are equipped for
organizational and intermediate maintenance only. Regarding the main hub Campinas, its slot area
was defined indirectly since it is reported that Campinas can accommodate up to 8 narrow bodies or
2 wide bodies at the same time during basic checks [163][166]. As presented in equations 3-5 the
largest narrowbody and widebody were used to estimate the slot area.

Largest narrow body area = 1028m? 3)
Largest wide body area = 3028m? (4)
— 2
Estimated Campinas hub slot area > MAX {1028 x8= 8224m2 (5)
3028 x 2 = 6056m

Similarly, for Pampulha hub it is estimated that its capability is at least 5 narrow bodies [166][167].
Equations 6 and 7 presents the estimating calculations for Pampulha’s hub slot area.

Largest narrow body area = 778m? (6)

Estimated Pampulha hub slot area > 778 x 5 = 3885m? (7)

Table 3.3 — Main maintenance hangars locations and their maintenance capability [152][154]
[162][163][166][167][168].

Location IATA  Slots Maintenance level capability
code area
(m?) Organizational Intermediate Depot
Campinas VCP 8224 v v v
Pampulha PLU 3885 v v v
Manaus MAO 2800 v v
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Location IATA  Slots Maintenance level capability
code area
(m?) Organizational Intermediate Depot
Cuiaba CGB 2800 v v
Recife REC 2800 v v

This distribution of capabilities across various locations is crucial for planning and executing
maintenance activities efficiently, ensuring that each facility is utilized to its full potential according
to operation demands.

Table 3.4 provides a comprehensive overview of the maintenance locations available for each
aircraft in the fleet, detailing where basic and intermediate checks (Check-A and Check-C) as well
as unscheduled maintenance can be performed. The table highlights specific bases where the
Check-C maintenance activities are conducted, reflecting the operational flexibility and capacity of
the maintenance network.

For instance, the Airbus A320neo and the Embraer E195-E2 can undergo Check-C maintenance at
the Campinas facility, with additional 30 locations available for Check-A maintenance and over 120
locations for unscheduled maintenance. Similarly, the ATR 72-600 is serviced for Check-C at
Pampulha, with a similar spread of additional locations for Check-A and unscheduled maintenance.

Table 3.4 — Fleet Check-C and intermediate checks locations.

Aircraft Locations and Maintenance Levels
Depot Intermediate Organizational
Check-C Check-A Unscheduled
Check-A Unscheduled
Unscheduled
A320neo Campinas +30 locations +120 locations
E-195 Pampulha +30 locations +120 locations
72-600 Pampulha +30 locations +120 locations
Caravan Pampulha +30 locations +120 locations
208B
E195-E2 Campinas +30 locations +120 locations
A321neo Campinas +30 locations +120 locations
A330-900 Campinas +30 locations +120 locations
A330-200 Campinas +30 locations +120 locations

22



Aircraft Locations and Maintenance Levels

Depot Intermediate Organizational
Check-C Check-A Unscheduled
Check-A Unscheduled

Unscheduled

A350-900 Campinas +30 locations +120 locations

Building on the discussion of maintenance capabilities across various hangar locations, it is essential
to highlight the role of Ground Support Equipment (GSE). Table 4.4 details the consolidation of GSE
into specialized kits according to maintenance technicians' areas of expertise: airframe, powerplant,
and avionics. This consolidation ensures that each hangar is equipped with the necessary tools and
equipment tailored to the specific maintenance tasks performed at that location.

Table 3.5 — Consolidation on GSE in kits according to airframe, powerplant and avionics ATA chapters.

Airframe maintenance Powerplant maintenance Avionics maintenance
kit ATA chapters kit ATA chapters Kit ATA chapters

21: air conditioning 49: auxiliary power unit 22: auto flight

25: equipment 70: standard practices - engine 23: communications

28: fuel 71: power plant 24: electrical power

30: ice & rain

protection 72: engine 31: instruments

32: landing gear 73: engine fuel and control 34: navigation

33: lights 74: ignition 44: cabin systems

35: oxygen 75 air gg;ncpeur][terfll maintenance
36: pneumatic 76: engine controls 46: information system
38: water/waste 77: engine indicating

52: doors 78: exhaust

53: fuselage 79: ol
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Airframe maintenance Powerplant maintenance Avionics maintenance
kit ATA chapters kit ATA chapters Kit ATA chapters

54: nacelle/pylons 80: starting

55: stabilizers

56: windows

57: wings

To ensure that maintenance operations are conducted efficiently, it is crucial to consider the
availability and allocation of maintenance personnel. The effectiveness of the GSE and the
maintenance capabilities of each hangar are inherently dependent on the skilled technicians and
supervisors who perform the maintenance tasks. Table 3.6 provides a detailed overview of the
estimated team sizes and skill availability at depot hangars to perform Check-C maintenance for
each aircraft model. The table assumes three shifts of 8 hours each, operating 7 days a week. It
categorizes the team members into four key roles: supervisor, powerplant technicians, airframe
technicians, and avionics technicians in alignment with FAA certifications [164].

For instance, for the Airbus A320neo, each shift requires 0.67 supervisors, 5 powerplant technicians,
6 airframe technicians, and 5 avionics technicians. The Embraer E195-E2 has similar requirements,
reflecting the standardized approach to staffing across different aircraft models. Larger aircraft, such
as the Airbus A330-900 and A350-900, require more extensive teams, with each shift needing 1
supervisor, 14 powerplant technicians, 15 airframe technicians, and 14 avionics technicians.

Table 3.6 — Estimated technicians teams size and skills daily availability for each aircraft model to perform
check-C.

Aircraft Basic maintenance team members skills and quantities per day per
shift
Supervisor Powerplant Airframe Avionics
A320neo 0,67 5 6 5
E-195 0,67 5 6 5
ATR-72-600 0,67 5 6 5
Cessna 208B 0,5 2 2 2
E195-E2 0,67 5 6 5
A321neo 0,67 5 6 5
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Aircraft Basic maintenance team members skills and quantities per day per

shift
Supervisor Powerplant Airframe Avionics
A330-900 1 14 15 14
A330-200 1 14 15 14
A350-900 1 14 15 14

Table 3.7 outlines the required personnel for conducting intermediate checks, which are also
assumed to be performed in three shifts of 8 hours each, operating 7 days a week. For all aircraft
models, each shift requires 1 supervisor, 2 powerplant technicians, 2 airframe technicians, and 2
avionics technicians. This standardized staffing ensures that intermediate maintenance tasks are
consistently executed with the necessary expertise, allowing for timely and effective upkeep of the
fleet.

Table 3.7 — Team members numbers and skill needed daily to perform intermediate checks.

Aircraft Intermidiate checks team members skills and quantities per day per
shift
Supervisor Powerplant Airframe Avionics
All models 1 2 2 2

Table 3.8 specifies the team compositions needed for organizational and corrective maintenance
activities. Assuming to be carried out in two shifts of 8 hours each, operating 7 days a week. Similar
to intermediate checks, each shift requires 1 supervisor, 2 powerplant technicians, 2 airframe
technicians, and 2 avionics technicians for all aircraft models. This configuration ensures that the
routine and corrective maintenance tasks are adequately staffed, providing the flexibility and
capability to address both scheduled and unscheduled maintenance needs.

By clearly defining the required team compositions for different maintenance activities, these tables
facilitate effective resources modelling and optimization by the prescriptive algorithm.

Table 3.8 — Team members numbers and skill needed daily to perform organizational and corrective
maintenance.

Aircraft Organizational and corrective maintenance team members skills and
quantities per day per shift
Supervisor Powerplant Airframe Avionics
All models 1 2 2 2

In conclusion, table 3.9 presents the estimeted required maintenance FTE needed to ptovide check-
C and check-A maintenance for each aircraft model.
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Table 3.9 — Aircraft maintenance check duration and estimated FTE needed.

Aircraft Check
A C
Duration Labor Duration Labor
(days) (FTE/day) (days) (FTE/day)

A320neo 7 100 30 400
E-195 7 100 30 400
ATR-72-600 7 100 30 400
Cessna 208B 5 30 20 156
E195-E2 7 100 30 400
A321neo 7 100 30 400
A330-900 7 250 30 1056
A330-200 7 250 30 1056
A350-900 7 250 30 1056

The following section presents the mathematical model underpinning the optimization algorithm used
in the Smart Optimization Framework for PsM. This model is designed to optimize the allocation of
maintenance resources, scheduling of maintenance activities, and overall operational efficiency. By
incorporating the constraints identified in this section, parameters, and the objective functions, the
model aims to provide a robust and scalable solution for managing maintenance operations across
diverse asset types, including aircraft and human health systems.

The mathematical model integrates multiple elements, such as the availability of maintenance
personnel, ground support equipment GSE, and maintenance facilities. It accounts for different
maintenance levels—organizational, intermediate, and depot—and their respective resource
requirements. Additionally, the model considers predictive maintenance capabilities to enhance
decision-making and minimize downtime.

In the following section, the specifics of the optimization algorithm will be detailed in terms of the
parameters, constraints, and objective functions adopted and that form the core of the model.

3.2.3 Optimization Algorithm Mathematical Model

The evolution from the framework presented in section 3.1.2 to the one described in this section,
reflects a paradigm in PsM that recognizes the interdependence of maintenance and operations
within a complex system context. In the initial model, the focus was primarily on the maintenance
aspect, following a structured flow based on maintenance capability data, technical data and asset
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health, which then influenced the maintenance recommendation providing decision support for
maintenance actions.

The evolved framework integrates operations management as a critical component that interacts
directly with the maintenance decision-making process. By acknowledging the influence of
operations on maintenance and vice versa, the new model positions operations management as a
feedback loop that can affect all levels of the maintenance planning and execution process.

This halistic approach underscores that for PsM to be fully effective, it must not only optimize
maintenance activities but also shape operational decisions. The change indicates a more dynamic
and interconnected system where the optimization of maintenance activities is carried out in tandem
with operational adjustments, facilitating a more agile maintenance strategy. This strategy ensures
that both maintenance and operations are aligned, leading to enhanced efficiency, reduced
downtime, and improved overall performance of complex systems.

The enhanced framework paves the way for a robust and comprehensive mathematical model.
Initially derived from the wing production line algorithms, this model is being refined to accommodate
the needs of a Brazilian regional airline and the public health operations of Sdo Paulo state. This
section presents the updated mathematical model and pseudocode, currently in development,
focusing on the scheduling of fixed interval maintenance checks. The forthcoming stages of this
model's evolution will be detailed in Section 4.

Constants & parameters

F: fleet size;
o Acftpayload = NUMber of seats;
®  Revenuepe, seq:= average ticket price;

e Occupation,q:;,= average fleet aircraft occupation ratio;

e Flightsay = number of flights per day;

e  Totpossivle op_days = total possible operational days;

e  Totgowntime = total downtime due to maintenance;

e J: set of maintenance team;

e H: hangar slots;

e D: number of operational days;

e i aircraft of the fleet F;

e d: day of the period D;

e da: day in which check-A should be scheduled according to the interval I ;

e dg: day in which unscheduled maintenance should be executed according to operation
simulation results

e dc: day in which check-C should be scheduled according to the interval I;

e A: A-check duration;

e B:unscheduled maintenance duration;

e C: C-check duration;

e [4: A-check interval;

e [.:C-checkinterval;

*  Cpaseline 4+ daily maintenance cost when A-check maintenance occurs in the baseline
interval;

o CeaﬂyA: daily maintenance cost when A-check maintenance occurs before the baseline;

*  Cigee,: daily maintenance cost when A-check maintenance occurs after the baseline;

*  Cpaselinez- daily unscheduled maintenance cost when maintenance is executed on the day of
the event;

*  Ciatep: daily unscheduled maintenance cost when maintenance is executed later than 1 day
after the event;

*  Chasetine -+ daily maintenance cost when check-C maintenance occurs in the baseline
interval;

o Cearlyc: daily maintenance cost when check-C maintenance occurs before the baseline;
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*  Ciae: daily maintenance cost when check-C maintenance occurs after the baseline;

e K, number of check-A intervals in the period D considered;

e K.:number of check-C intervals in the period D considered;

® djge,: day after da in which check-A is scheduled,

*  digre,: day after dg in which unscheduled maintenance is scheduled;
* djge.: day after dc in which check-C is scheduled;

®  degriy,: day in which check-A is scheduled, before da;

® degriy.: day in which check-C is scheduled, before dc;

e E4: quantity of days before d, in which check-A is scheduled;

e Ec: quantity of days before d. in which check-C is scheduled;

e Fx: quantity of days after d, in which check-A is scheduled;

e Fg: quantity of days after dg in which unscheduled maintenance is scheduled;
e Fc quantity of days after d. in which check-C is scheduled;

e m:maintenance type

e GSE: equipment set availability per day, hangar slot and maintenance;

e FTE: full time equivalent personnel available per day, hangar slot and maintenance;

e MAT: spare parts available per day, hangar slot and maintenance

Decision variables

Table 3.3 — Decision variables.

Variable State Type
e Equalto 1 if check-A is scheduled for aircraft i on day d :

Xia . Binary
e 0 otherwise
e Equal to 1 if if unscheduled maintenance is executed for

Yia aircrafti on day d Binary
e 0 otherwise

Zig e Equalto 1 if check-C is scheduled for aircraft i on day d Binary

0 otherwise

Obijective Function

Cost = Y X;q * CearlyA * days_before, + ¥ Xjq * ClateA * days_aftery + X Xjq * Cbaselinec +

Z Zid * early - * days—beforec + Z Zid * Clatec * days—afterc + Zzid * CbaselineA +
Z Yid * CbaselineB + Z Yid * ClateB * days-afterB

Revenue = Z( Revenueper seqr * Flightgaay * Acftpayioaa * OCcupationmtio)id

ObjectiveFunction = Max(Revenue — Cost)

Calculations

(8

9)

(10)

Equations 11 and 12 define that d, and d. are multiples of the respective check-A and check-C
intervals. Equations 13 and 14 determine the number of intervals, which is given by the division
between D and the interval |5 for check-A and Ic for check-C. Equations 15, 17 and 18 define diae
while equations 16 and 19 present the calculation for deany Since, if no slots are available,
maintenance may be push back or pull forward. Equations 20 and 21 calculate the number of days
in which A-check is scheduled before or after da. Similarly, equations 22 and 23 calculate the number

of days in which check-C is scheduled before or after dc.

dg=nxI,|n:1 2K, n € lInteger
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dec=nxlI-|n: 1 2K; n € Integer (12)

K, > %, K, € Integer, K, >0 (13)

Kc = %, K. € Integer, K. >0 (14)

dy <digte, < dg+ I — A (15)

do— Ip+ A< degriy, < da (16)

dp <digte, <dgp+ Ig— B a7)

de <djgte, <dc+ Ic— C (18)

de— Ic + C < degryy, < dc (29)
Ex=ds—dearty,  fordy > degryy, (20)
Fp= digte, — da for digre, > da (21)

EC = dC - dearlyc for d(; > dearlyc (22)

Constraints

A key logistical consideration is the limitation imposed by the number of available maintenance slots
described in equation 24. For any given day d, the number of aircraft slated to receive maintenance
— be it an check-A, check-C or unscheduled — must not exceed the number of hangar slots
available, denoted by H. This stipulation enforces a cap on the maximum number of aircraft
undergoing maintenance at any one time, ensuring that the physical space available is not exceeded.
Equation 25 and 26 enforce that for each aircraft i on each day d, the cumulative number of checks-
A and C-checks conducted is bound by a non-negotiable OEM requirement. These requirements,
denoted as Ka, Kc, serve as the minimum thresholds for checks-A and checks-C that must be
performed to uphold the safety and performance standards. This constraint not only ensures the
airworthiness of the fleet but also reinforces the commitment to operational excellence and regulatory
compliance.

Similarly, equations 27 and 28 enforce the intervals between maintenance checks. For A-checks,
the left hand of the equation 33, X(j4yn, — X(ia)n-1, Captures the interval between two consecutive
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checks for an aircraft i and ensures that it does not exceed I,, as mandated by the OEM. Similarly,
for C-checks, the intervals are represented by Z 4y, — Z (i) n—1,adhering to the OEM-specified limits
Ic.

Constraints 29, 30 and 31 enforce that for each maintenance event the available FTE, GSE and
spare parts quantities are not exceeded.

Z Z Xig + Yig +Ziy) <H for each day d and aircraft i (24)
iEF deD
Z Z Xig = Ky for each day d and aircraft i (25)
icF deD
z Zig 2 K¢ for each day d and aircraft i (26)
icF deD
Xiayn — Xiayn-1 <1la foreachd,iandn (27)
Ziayn — Zaayn-1 <Ic  foreachd,iandn (28)

Z Z Xiqg + Yig+ Zig) * GSEjym < GSEy4 for each day d, aircraft i and (29)
iEF deD maintenance m

z Z(Xid + Yo + Zig) * FTE,y,, < FTE,, for each day d, aircraft i and (30)

i€EF deD maintenance m

2 : 2 : for each day d, aircraft i and
Xig + Yig +Z; MAT;qm < MAT, . '
£, dED( id id ia) * idm Hd maintenance m (31)
L

Maintenance imperfections are estimated pos-optimization by using the methodology that considers
the Brownian motion to calculate accumulated degradation after each maintenance event [43].
Koops (2020) describes the degradation before and after repair using a stochastic process model
known as the Wiener process, which can be modeled as drifted Brownian motion. This process is
characterized by two coefficients: the drift coefficient (n) which represents the expected rate of
degradation, and the diffusion coefficient (o) which accounts for the magnitude of Gaussian noise
perturbing the trend. The Wiener process can be expressed as shown in equation (32).

X(©) = nA® + oB(A®) (32)

Being X(t) the degradation at time t, A(t) =t assuming a linear degradation model, r > 0 is the drift
coefficient, o denotes the diffusion coefficient, and B(t) is the standard Brownian motion [43]. In the
context of imperfect repairs, Koops (2020) utilizes an improvement factor «; to describe the
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degradation level before and after the K-th repair. The degradation levels X, and X, before and after
the K-th repair are expressed as presented in equation (33):

X = (1= ap) Xy,

where 0 <q;, < 1. The two limiting cases correspond to minimal repair (a; = 0), "as bad as old" and
perfect repair (a; =1), "as good as new". The effect of repair is subject to randomness and the
improvement factor a;, is modeled by a truncated normal distribution in the range [0,1], specifically
a;~TN(u,v,0,1), where v and v are parameters of the normal distribution. The assumption is that for
a almost perfect maintenance procedure based on replace and removal, as the ones addressed by
this simulation, a, =091 =1,0=0,3, B=1 which is the maximum degradation allowed.
Considering as number of iterations the total number of maintenance events per model, and as t the
MTBUR values, the accumulated degradations were calculated. As a result was observed a
decrease of MTBUR values of around 10% by the end of one year.

3.3 Case Study 2: Smart Optimization Framework for PsM Applied to COVID-19 response
For this case was not necessary to simulate the asset operation to estimate maintenance event since
the historical data of 3000 patients admitted in public hospitals of Sdo Paulo state during the
pandemic of 2020 was considered. The data based contained, age, gender, day of admission,
hospital, duration of admission, if intensive care units (ICUs) and ventilators were used, and if the
patients deceased. In the following section the result of statistical study that identifies optimal
admissions durations and the mathematical model utilized to optimize patients admissions are
presented. Optimization was run locally on MacOS Sonoma 14.0 operational system with 16GB of
memory and implemented on Python 3.12.4 through MILP on Gurobi 11.0.2.

3.3.1 Survivability Statistical Study Result

Analyzing the historical data related to 1085 patients that had severe COVID and had to be admitted
at ICU, the admission duration that should ensure best chances of survival were identified for each
age group. Table 4.0 categorizes patients by age range and gender, listing the number of patients
in each category, the optimal admission duration in days, and the corresponding probability of
survival. For example, male patients aged 0-4 have an optimal admission duration of 14 days with a
probability of survival of approximately 0.9008. In contrast, female patients in the same age range
have an optimal duration of 12 days with a probability of survival of 1. This data is critical for
optimization algorithm to tailor the admissions schedules towards patient survival maximization.

Table 4.0 — Survival statistical analysis to identify optimal duration.

. _Optimal Probability of
Age range Gender Patients admission duration .
survival
(days)
0-4 M 47 14 0.90083875
0-4 F 36 12 1
5-9 M 18 26 1
5-9 F 12 15 1
10-14 M 10 51 0.893
10-14 F 6 3 0.893
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Optimal

Probability of

Age range Gender Patients admission duration survival
(days)

15-19 M 5 17 0.95966667
15-19 F 6 7 0.893
20-24 M 5 13 1
20-24 F 5 9 0.893
25-29 M 10 9 0.95966667
25-29 F 7 8 0.893
30-34 M 21 7 0.893
30-34 F 15 12 0.893
35-39 M 39 22 0.89460256
35-39 F 27 11 0.893
40-44 M 52 8 0.893
40-44 F 38 8 0.893
45-49 M 55 9 0.893
45-49 F 35 10 0.893
50-54 M 60 12 0.893
50-54 F 28 10 0.95816291
55-59 M 58 14 0.893
55-59 F 46 36 0.95944791
60-64 M 47 12 0.893
60-64 F 43 10 0.893
65-69 M 52 9 0.58
65-69 F 37 20 0.80850123
70-74 M 45 14 0.59851852
70-74 F 32 14 0.81106061
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Optimal Probability of

Age range Gender Patients admission duration survival
(days)

75-79 M 36 16 0.893
75-79 F 24 7 0.893
80-84 M 27 10 0.893
80-84 F 33 17 0.65744108
85-89 M 18 99 0.83448029
85-89 F 21 24 0.80887865
90-94 M 11 9 0.58
90-94 F 15 8 0.58
95-99 M 1 8 0.58
95-99 F 2 0 0.58

In conclusion, the statistical analysis provided in table 4.0 offers valuable insights into the optimal
admission durations required to enhance patient survival rates. By leveraging this data, healthcare
providers can make informed decisions to optimize patient care and resource allocation. The next
section will address the health care infrastructure capability while successively we will build upon
these findings by introducing the optimization algorithm to schedule patient admissions and allocate
healthcare resources effectively.

3.3.2 Health Care Infrastructure Capability

Table 4.1 presents the healthcare infrastructure capabilities of four hospitals, detailing the availability
of critical resources such as ICU beds, ventilators, doctors, and nurses. This information is essential
for understanding the capacity of each hospital to handle patient admissions and provide adequate
care, especially in scenarios involving high demand or emergencies such as a pandemic.

For instance, Hospital 1 has 15 ICU beds, 15 ventilators, 23 doctors, and 40 nurses, while Hospital
3 has the highest capacity with 41 ICU beds, 41 ventilators, 50 doctors, and 104 nurses.

This table serves as a foundational element for the subsequent optimization algorithm, which aims
to schedule patient admissions and allocate healthcare resources based on historical data and
optimal duration insights.

Table 4.1 — Health care infrastructure capability [173].

Hospital ICU Ventilators Doctors Nurses
Hospital 1 15 15 23 40
Hospital 2 30 30 35 68
Hospital 3 41 41 50 104
Hospital 4 24 24 30 51

33



Hospital ICU Ventilators Doctors Nurses
Hospital 5 59 59 50 87
Hospital 6 15 15 10 20
Hospital 7 15 15 10 20
Hospital 8 22 22 40 90
Hospital 9 15 15 12 40
Hospital 10 16 16 15 35
Hospital 11 12 12 14 19
Hospital 12 106 106 80 104
Hospital 13 15 15 11 15
Hospital 14 21 21 15 20
Hospital 15 23 23 20 27
Hospital 16 10 10 4 5
Hospital 17 49 49 20 26
Hospital 18 15 15 4 7
Hospital 19 46 46 35 46
Hospital 20 30 30 25 33
Hospital 21 113 113 60 78
Hospital 22 106 106 67 89
Hospital 23 82 82 73 100
Hospital 24 80 80 68 100
Hospital 25 411 411 356 467
Hospital 26 64 64 43 55
Hospital 27 108 108 91 120
Hospital 28 26 26 31 41
Hospital 29 15 15 9 12

34



Hospital ICU Ventilators Doctors Nurses
Hospital 30 15 15 3 4
Hospital 31 104 104 88 115
Hospital 32 15 15 12 17
Hospital 33 15 15 9 12
Hospital 34 16 16 21 28
Hospital 35 11 11 17 23
Hospital 36 15 15 8 15
Hospital 37 83 83 85 112
Hospital 38 15 15 4 10
Hospital 39 20 20 22 32
Hospital 40 19 19 21 29
Hospital 41 54 54 57 81
Hospital 42 49 49 51 76
Hospital 43 72 72 75 100
Hospital 44 20 20 27 37
Hospital 45 33 33 37 50
Hospital 46 200 200 187 276
Hospital 47 44 44 47 70
Hospital 48 26 26 31 60
Hospital 49 100 100 91 131
Hospital 50 52 52 43 75
Hospital 51 15 15 17 30
Hospital 52 26 26 16 30
Hospital 53 15 15 7 18
Hospital 54 22 22 18 30
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Hospital ICU Ventilators Doctors Nurses

Hospital 55 100 100 80 120

Hospital 56 1 1 4 12

3.3.3 Optimization Algorithm Mathematical Model - Health

This section introduces the mathematical model used for the optimization algorithm in the healthcare
context. The model is designed to optimize the scheduling of patient admissions and the allocation
of healthcare resources. To achieve this, the model incorporates a range of constants and
parameters that define the system's operational constraints and objective function that maximizes
the difference among Revenue and Cost. These parameters include sets of patients and hospitals,
admission periods, optimal treatment durations, and the availability of critical resources such as ICU
beds, doctors, and nurses. Additionally, cost factors and life expectancy metrics are included to
ensure that the model not only optimizes resource use but also aligns with broader healthcare
objectives. The

Constants & parameters

I: patients set;

e H = hospitals set;

e i patient;

e d: day of the of admission period;

e . final day of treatment;

¢ di: day of admission according to historical data;

e da: day of admission;

e doi: optimal duration per patient;

e [CUy,: available ICU beds in hospital h;

e Doc;y: required quantity of doctors per patient per day;
e Docp,: available quantity of doctors per patient per day;
e Nury,: required quantity of nurses per patient per day;

e Nur,,: available quantity of doctors per patient per day;
*  Cadmissiongqy: daily cost of ICU and ventilators use, including health personnel;

e Yearlysqary: yearly average salary,
o Life_expectancy;: average life expectancy per patient I;

Decision variables

Table 4.2 — Decision variables.

Variable State Type
e Equalto 1if patienti is admitted on day d

X; . i
i e 0 otherwise Binary
Objective Function
Cost = Z Xia * Cadmissionday * doi (34)
Revenue = ZXM * (Life_expectancyi * Yearlysaum,)imi (35)
ObjectiveFunction = Max(Revenue — Cost) (36)
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Calculations

Equations 37 equals parameter d,with the informed actual data of admission d;.
dq =d; (37)

Constraints

Equation 38 enforces that admission must happen while constraint 39 ensures that the duration of
admission is equal to optimal duration.

Constraints 40, 41, 42 and 43 enforce that for each admission event the available ICUs, ventilators
and hospital personnel are not exceeded.

Z Z (Xig) =21 for each day d and patient i (38)
i€EF deD
dr —dg =d, for each patient i (39)
Z Z (Xiq) < ICUyq for each day d and patient i (40)
i€F deD
z z Xiqg) < Venyg for each day d and patient i (41)
iEF deD
Z Z (X;q) * Docjg < Docpy for each day d and patient i (42)
i€EF deD
Z (Xia) * Nurig < Nurpg for each day d and patient i (43)
iEF deD

4. Results and Future Work

The Holistic Smart Optimization Framework for Prescriptive Maintenance proved to be highly
effective in both the commercial aviation and healthcare case studies. In aviation, the holistic
approach not only increased revenue by 0.79%, amounting to an additional USD 15,424,687.20MM
annually, but also significantly improved dispatch reliability from 72.61% to 99.79%. In the healthcare
context, the framework, evaluated through Monte Carlo simulation, demonstrated a substantial
increase in patient survivability, with an estimated 782 patients surviving compared to 429 in
historical data. These results underscore the framework'’s potential to enhance operational efficiency,
financial performance, and reliability across diverse domains.

Moreover, the method opens up exciting opportunities for healthcare as the field shifts towards more
proactive strategies. With the advent of wearables that continuously monitor vital signs, the
framework can leverage real-time data to further optimize patient care and resource allocation. This
integration of continuous monitoring technology aligns with the broader trend towards predictive and
preventive medicine, promising even greater improvements in patient outcomes and healthcare
efficiency. Future work will focus on further refining the model, expanding its applicability, and
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exploring additional optimization opportunities to continue driving improvements in both commercial
and healthcare settings.

5. Conclusion

This manuscript underscores the transformative potential of the smart optimization framework for
PsM in redefining maintenance operations. By bridging critical research gaps, such as the inclusion
of maintenance resources, the consideration of maintenance imperfections and asset of different
technological maturities and the model's adaptability to different context — health and commercial
aviation. This research extends the scope of PsM beyond traditional boundaries.

The framework's potential presents promising results in maintenance efficiency and availability.
The research's trajectory from theoretical foundations to practical applications in aviation and
healthcare showcases its scalability and adaptability across industries. Looking ahead, the research
signals continuous development, with a focus on refining the model to address a wider array of
operational complexities and real-life study cases, fully leveraging the capabilities of ecosystem 4.0.
This work lays the groundwork for future advancements, positioning the smart optimization
framework for PsM as a catalyst for innovation in maintenance strategies.
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