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Featured Application 

The proposed Integrated Maintenance Maturity Model (IMMM), enhanced with fuzzy logic, can be 
applied in industrial practice to assess and improve maintenance strategies under uncertainty. By 
integrating resilience, sustainability, and predictive analytics, the model supports organizations in 
identifying maturity gaps, prioritizing improvements, and ensuring operational continuity. Its 
applicability has been demonstrated in the automotive sector but can be extended to other industries 
such as mining, energy, and logistics, where high system reliability and adaptability are essential. 

Abstract 

Ensuring operational continuity in modern industrial systems requires maintenance strategies that 
are both mature and adaptive to uncertainty. This study introduces and validates the Integrated 
Maintenance Maturity Model (IMMM), a multidimensional framework that combines reliability, 
safety, resilience, flexibility, and sustainability into a structured maturity assessment approach. 
Building on the conceptual foundations of maintenance maturity modeling, the IMMM is enhanced 
with fuzzy logic to address uncertainty, incorporate expert knowledge, and enable nuanced 
evaluations. A fuzzy inference system based on Mamdani logic was developed to integrate linguistic 
variables, apply rule-based reasoning, and defuzzify results into maturity scores. The model also 
includes additional parameters, such as technology adaptability and resource efficiency, to reflect 
real-world operational complexity. The applicability of the proposed framework was demonstrated 
through a case study in the automotive sector, where the fuzzy IMMM identified maturity gaps, 
supported decision-making, and provided strategic recommendations for advancing maintenance 
practices. Results confirm the model’s effectiveness in enhancing system dependability, adaptability, 
and sustainability under uncertainty. This work contributes to the development of predictive, 
uncertainty-aware maintenance maturity models and offers a practical tool for organizations seeking 
to strengthen operational resilience while aligning with long-term sustainability goals. 

Keywords: maintenance maturity; fuzzy inference system; operational continuity; maintenance 
modeling; uncertainty; industrial resilience; technology adaptability; resource efficiency 
 

1. Introduction 

In modern industrial systems, maintenance maturity is crucial for operational efficiency, asset 
longevity, and cost-effectiveness [1]. Over the years, maintenance strategies have evolved from 
reactive to predictive and condition-based approaches, yet increasing complexity demands 
adaptability to uncertainties and sustainability requirements [2]. A mature maintenance system 
enhances reliability, minimizes downtime, optimizes resources, and ensures regulatory compliance 
while aligning with sustainability goals such as energy efficiency and waste reduction [3]. 
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Recently, technological advancements, including IoT and AI-driven analytics, require rethinking 
traditional maintenance models [4]. Additionally, interdependencies between production, logistics, 
and maintenance introduce cascading risks, while aging infrastructure and workforce shortages 
necessitate smarter strategies balancing efficiency, cost, and sustainability. Regulatory pressures 
further demand continuous adaptation [5]. However, traditional maintenance maturity models rely 
on rigid, deterministic assessments that fail to capture real-world uncertainties, such as unexpected 
failures and supply chain disruptions [6,7]. 

Resilience in maintenance ensures sustained performance under uncertainties by anticipating, 
monitoring, responding to, and learning from disruptions [6,8]. Modern industrial systems operate 
in highly dynamic environments where unexpected failures, fluctuating demand, supply chain 
disturbances, and regulatory shifts pose constant challenges. A resilient maintenance approach 
enables organizations to withstand such disruptions, adapt, and recover quickly, minimizing 
downtime and preserving operational continuity [8]. As a result, this approach extends beyond 
reliability-centered maintenance, incorporating predictive strategies, real-time monitoring, and rapid 
response mechanisms. Learning from past failures further strengthens system resilience [9–12]. 

While resilience addresses the ability to cope with disruptions, sustainable maintenance 
emphasizes integrating maintenance strategies with environmental, economic, and social 
responsibility to ensure long-term viability [13,14]. Sustainable maintenance practices aim to reduce 
energy consumption, optimize resource utilization, minimize waste generation, and lower 
greenhouse gas emissions while maintaining high system reliability. By prioritizing sustainability, 
organizations can enhance the efficiency and longevity of industrial assets and contribute to 
corporate social responsibility (CSR) objectives and compliance with environmental regulations 
[13,15–17]. 

The synergy between resilience and sustainability in maintenance is becoming increasingly 
important in industrial systems [18]. A resilient system that lacks sustainability may recover from 
disruptions but at a high economic or environmental cost. Conversely, a purely sustainable system 
without resilience may struggle to maintain operational continuity under uncertain conditions. 
Integrating these two concepts allows organizations to develop adaptive, long-term maintenance 
strategies that balance economic efficiency, environmental responsibility, and operational stability 
[15,19]. 

Recent studies highlight the growing importance of resilience and sustainability in maintenance 
management. Research indicates that maintenance strategies incorporating both aspects can 
significantly reduce downtime, improve asset longevity, and enhance overall system efficiency while 
minimizing environmental impact. Moreover, advances in digital twin technology, AI-driven 
predictive analytics, and cyber-physical systems have enabled organizations to develop more 
adaptive and resource-efficient maintenance strategies [18,19]. Despite these advancements, the 
conceptual integration of resilience and sustainability into maintenance maturity modeling remains 
limited. Established models often focus on traditional metrics (cost, reliability) and fail to provide a 
strategic roadmap for modern challenges, neglecting the critical role of maintenance in achieving 
organizational resilience and environmental responsibility. There is a clear gap in frameworks that 
holistically address the strategic development of maintenance capabilities in dynamic environments 
[20]. 

Maintenance maturity refers to the progressive development of maintenance strategies, 
transitioning from reactive to optimized practices [3]. Established models such as PAS 55, ISO 55000, 
and RCM focus on reliability and cost-efficiency but often neglect broader industrial dynamics [21]. 
Most models are deterministic, relying on rigid scoring schemes (e.g., checklist or binary assessments) 
that fail to capture modern challenges such as adaptability and proactive capabilities [22–24]. This 
inherent rigidity is a major practical shortcoming, as it cannot accurately assess the nuanced, 
subjective, and data-scarce conditions prevalent in many real-world industrial settings. Due to the 
above limitations, there is a growing need for a more comprehensive, multidimensional approach 
that incorporates both resilience and sustainability as key elements of maintenance maturity. This 
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approach would better assess systems’ ability to adapt to uncertainty and align with long-term 
environmental, social, and economic goals. 

In addition, most existing maintenance maturity models do not directly address the inherent 
uncertainty in modern industrial systems. These models also lack sufficient flexibility to effectively 
deal with unexpected failures, supply chain disruptions, or changing regulations. Moreover, current 
models rarely articulate how maturity assessment can support strategic foresight, long-term 
planning, and cross-sectoral adaptability. Therefore, there is a need to develop new frameworks that 
assess an organization’s ability to maintain operational continuity under uncertainty while 
integrating resilience and sustainability into the process. In this context, maintenance maturity 
assessment is a diagnostic tool and a foundation for developing intelligent, future-ready maintenance 
strategies. 

Following this, the article presents the Integrated Maintenance Maturity Model (IMMM) - a 
multidimensional framework that incorporates five key maturity potentials: reliability, safety, 
resilience, flexibility, and environmental impact. The IMMM’s fundamental advantage is that it shifts 
the paradigm from deterministic diagnosis to flexible, prescriptive assessment. Using a fuzzy logic-
based inference system, IMMM enables nuanced assessment under uncertain conditions by 
effectively transforming qualitative expert knowledge into a precise, quantitative score. This 
overcomes the practical barrier faced by data-hungry models and provides a more accurate reflection 
of maintenance performance. 

Following this, in this study, maintenance maturity is defined as the extent to which an 
organization’s maintenance system is systematically structured, managed, and continuously 
improved to ensure the reliability, safety, resilience, and sustainability of assets under uncertain 
conditions. It reflects not only the technical performance of maintenance (e.g., availability, cost 
efficiency, failure rates) but also its organizational and strategic capability to anticipate disruptions, 
adapt to change, and recover effectively. 

Therefore, maintenance maturity represents a long-term capability perspective, distinguishing 
it from short-term performance metrics. Within the proposed Integrated Maintenance Maturity 
Model (IMMM), this maturity is operationalized through five interrelated potentials, i.e., Reliability 
and Availability (P1), Safety and Security (P2), Resilience and Recovery (P3), Flexibility and Agility 
(P4), and Sustainability (P5), and evaluated along three overarching system dimensions: 
Dependability, Adaptability, and Sustainability. 

This work is a continuation of the authors’ previous study [25], in which the conceptual 
foundations and applicability possibilities of the IMMM approach were introduced. Building on that 
foundation, the present article focuses on the practical methodology for maturity assessment using a 
fuzzy logic-based tool, enabling its implementation in real industrial contexts. Crucially, the IMMM 
is designed not only as a diagnostic tool but also as a prescriptive decision-support system, providing 
management with a clear path to prioritize and predict the impact of specific maturity-enhancing 
actions. In addition, the proposed approach introduces two additional parameters for system 
maturity dimensions assessment, namely: Technological adaptability and Resource efficiency.  

Although the fuzzy inference method applied in this study follows the classical Mamdani 
framework, its novelty lies in the integration of fuzzy logic within the multidimensional maintenance 
maturity model. The proposed IMMM extends beyond traditional fuzzy maintenance applications 
by: 
(i) embedding fuzzy reasoning into a hierarchical, multi-potential maturity structure that jointly 

evaluates dependability, adaptability, and sustainability, integrating strategic dimensions (P3: 
Resilience and P5: Sustainability) often neglected by established frameworks (e.g., M-SCOR, 
M3); 

(ii) introducing two new fuzzy input parameters -Technology Adoption Capability and Energy-
Aware Maintenance Level, to reflect the digitalization and sustainability dimensions of 
modern maintenance; and 
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(iii) linking fuzzy outputs directly to strategic decision-support insights that identify maturity gaps 
and prioritize resilience-enhancing actions, a capability absent in purely diagnostic, 
deterministic models. 

This methodological integration makes the fuzzy approach not only diagnostic but also 
prescriptive, providing practical guidance for continuous improvement under uncertainty. 

Unlike traditional maturity assessment approaches, the proposed Integrated Maintenance 
Maturity Model (IMMM) introduces a multidimensional structure supported by fuzzy inference 
logic. The model not only integrates dependability, adaptability, and sustainability dimensions but 
also incorporates two additional assessment factors, technology adoption capability and energy-
aware maintenance level, allowing the evaluation of maintenance maturity under uncertainty. This 
combination of multidimensional modeling and fuzzy-based inference provides a new, practical way 
to identify maturity gaps and prioritize strategic improvements that is demonstrably superior in its 
robustness under uncertainty and its holistic scope. Indeed, the objectives of this study are to: (1) 
define a hierarchical maturity framework integrating resilience and sustainability; (2) identify input 
parameters based on key knowledge areas; (3) develop a fuzzy inference system for evaluation under 
uncertainty; and (4) validate the model through an industrial case study. 

Therefore, the paper is organized as follows. Section 2 reviews the theoretical foundations of 
maintenance maturity modeling and highlights the research gap. Section 3 introduces the conceptual 
framework of the Integrated Maintenance Maturity Model (IMMM) and defines the main maturity 
potentials. Section 4 presents the fuzzy logic–based methodology used for qualitative and 
quantitative assessment. Section 5 describes a case study that validates the model in an industrial 
context. Section 6 discusses the results and implications for maintenance management, while Section 
7 concludes with future research directions. 

2. Theoretical Background  

In this section, the authors comprehensively review existing studies on maintenance maturity 
models, resilience in maintenance, sustainable maintenance, and fuzzy logic applications in 
maintenance management. The review highlights research gaps and justifies the need for an 
Integrated Maintenance Maturity Model (IMMM) incorporating resilience and sustainability 
principles. 

2.1. One-Dimensional Maintenance Maturity Models 

Maintenance Maturity Models (MMMs) are frameworks used to assess and measure the 
progression of maintenance strategies within organizations, helping them evolve from basic reactive 
practices to more advanced, optimized methods [3]. These models typically define various maturity 
levels and provide a structured approach for organizations to improve their maintenance capabilities 
over time. Several prominent MMMs exist, each with a specific focus and set of criteria. Standards 
like PAS 55 (now integrated into ISO 55000) provide a comprehensive framework for asset 
management, with maintenance maturity being a crucial component. These standards emphasize the 
strategic alignment of maintenance activities with broader organizational objectives, ensuring the 
long-term health and sustainability of assets [21]. Reliability-Centered Maintenance (RCM) Maturity 
Models offer another perspective, evaluating maintenance effectiveness through the lens of system 
reliability and risk management. These models guide organizations in developing proactive 
maintenance strategies based on understanding asset functions and the consequences of their failure, 
prioritizing maintenance efforts according to asset criticality [26]. Total Productive Maintenance 
(TPM) Maturity Models take a different approach, focusing on maximizing equipment effectiveness 
by engaging all employees in proactive maintenance practices. TPM emphasizes principles like 
autonomous maintenance, planned maintenance, and the elimination of major losses to foster a 
culture of continuous improvement across the entire organization [27]. 

The known traditional maintenance maturity models focus on operational excellence, 
emphasizing reliability, cost efficiency, and process optimization. However, they fail to address 
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resilience and sustainability, limiting their ability to support maintenance in dynamic environments. 
Their rigid, deterministic assessments overlook uncertainty, adaptability, and long-term 
environmental impact. Such a conclusion can be supported by literature, e.g., [28], where recent 
developments in this area are summarized. As a result, to bridge this gap, a new multidimensional 
approach is needed, integrating resilience, sustainability, and fuzzy logic to ensure adaptive, 
proactive maintenance strategies that align with operational continuity and modern industrial 
challenges. 

2.2. Two-Dimensional Maintenance Perspective 

Ensuring operational continuity in industrial systems requires a maintenance approach that 
integrates resilience, sustainability, and strategies for managing uncertainty. Traditional maintenance 
maturity models primarily emphasize reliability and cost efficiency but fail to address these 
dimensions comprehensively. This section explores the role of resilience, sustainability, and 
uncertainty in maintenance and highlights gaps in relation to maturity modeling. Within this 
perspective, we can distinguish several key approaches that incorporate resilience and sustainability, 
addressing both adaptability to disruptions and long-term environmental, economic, and social 
impacts. These approaches have been summarized in Figures 1 and 2. 

Resilience in maintenance extends beyond traditional reliability-focused approaches by 
incorporating adaptability, failure recovery, and system robustness. Existing frameworks primarily 
emphasize reliability, efficiency, and cost reduction, yet they often neglect the dynamic nature of 
industrial environments and the increasing uncertainty affecting maintenance decision-making. 
Theoretical foundations, such as Hollnagel’s resilience potentials - Respond, Monitor, Anticipate, and 
Learn - offer a structured way to integrate resilience into maintenance strategies, ensuring operational 
continuity and adapting to unforeseen disruptions [29,30]. 

Despite efforts to develop resilience-oriented maintenance strategies, the field still struggles to 
balance cost efficiency and system adaptability [6]. While resilience-based maintenance expands 
beyond reliability-centered approaches by emphasizing system recovery and flexibility, challenges 
remain in implementing adaptive maintenance strategies that adjust dynamically based on evolving 
system conditions [31,32]. Maturity models for maintenance assessment have also been slow to 
integrate resilience factors, as most frameworks focus on linear, deterministic progressions that fail 
to capture the complexity of modern industrial systems. Recent research explores fuzzy-based 
models to address this gap, allowing for more nuanced evaluations of resilience maturity. However, 
existing models still lack comprehensive methodologies for quantifying resilience in a structured 
manner [33–35]. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 October 2025 doi:10.20944/preprints202510.0688.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0688.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 50 

 

Figure 1. Two-dimensional maintenance perspective – resilience approach. Source: Own contribution 

Uncertainty in resilient maintenance poses another major challenge. Aleatory uncertainty, 
driven by random failures and variable operating conditions, and epistemic uncertainty, stemming 
from incomplete predictive models and diagnostic data, complicate decision-making. Current risk-
based maintenance models do not fully account for resilience-enhancing mechanisms such as 
redundancy, adaptability, and proactive recovery measures [9]. Additionally, while digital 
technologies, including digital twins and AI-driven predictive analytics, have the potential to 
strengthen maintenance resilience, their integration into existing maintenance frameworks remains 
limited [19]. 

Despite advancements in resilience-oriented maintenance, significant gaps remain. There is a 
notable lack of quantitative methodologies for assessing resilience, as most existing models provide 
only qualitative insights without structured measurement frameworks. Additionally, the interplay 
between sustainability and resilience in maintenance is underexplored, with limited research 
addressing how organizations can simultaneously enhance both dimensions. Moreover, maintenance 
decision-making often relies on simplistic cost and reliability trade-offs, failing to incorporate 
resilience as a key factor. 

On the other hand, sustainable maintenance integrates environmental, economic, and social 
aspects to enhance long-term operational efficiency while minimizing negative impacts [14,36] 
(Figure 2). Recent surveys on sustainable maintenance problems are presented, e.g., in [13,17,37,38]. 
Key issues include six main research areas investigated: green maintenance circular economy 
approach, energy efficiency, human-centered approach, Life Cycle Assessment (LCA) principles 
implementation, and Industry 4.0 technologies, including IoT, AI, and digital twins development. 
Additionally, regulatory and policy compliance ensures maintenance aligns with environmental 
regulations and corporate sustainability goals [14].  

 

Figure 2. Two-dimensional maintenance perspective – sustainability approach. Source: Own contribution 

The theoretical framework for assessing and improving sustainable maintenance practices has 
recently focused on robust, multi-criteria methodologies. Jasiulewicz-Kaczmarek and Antosz [39] 
defined key criteria for sustainable maintenance, emphasizing that its assessment requires a 
structured, multi-dimensional approach rather than reliance on single indicators. Further advancing 
this methodological rigor, Jasiulewicz-Kaczmarek and Żywica [40] proposed integrating the 
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Balanced Scorecard with the non-additive fuzzy integral, demonstrating the need for sophisticated, 
non-linear aggregation techniques to accurately capture the interdependencies among sustainability 
performance metrics. This line of research continued with the development of comprehensive 
assessment models utilizing fuzzy set theory to handle the inherent imprecision and subjectivity of 
sustainability criteria [41]. These studies highlight that Fuzzy Logic is a theoretically proven and 
necessary tool for building robust sustainability performance models. 

Despite these advancements, traditional maintenance maturity models rarely integrate 
sustainability systematically, highlighting the need for frameworks that assess sustainability 
performance using measurable indicators such as carbon footprint reduction, resource efficiency, and 
workforce well-being (see, e.g., [20]). Moreover, the integration of Maintenance 4.0 technologies (like 
IoT and AI) must be viewed through the lens of sustainability. As demonstrated in [42], these 
technologies offer new opportunities to drive sustainability-oriented maintenance, linking 
technological adoption directly to measurable environmental and social outcomes. As highlighted by 
Madreiter et al. [43], ensuring sustainable maintenance requires identifying and leveraging key 
technology drivers - such as digitalization, data-driven decision-making, and human-centric 
approaches - that contribute to manufacturing industries’ positive environmental and social impact. 
Furthermore, Franciosi et al. [20] propose a comprehensive Maintenance Maturity and Sustainability 
Assessment Model, which integrates sustainability aspects into maintenance practices through a 
multi-criteria approach, enabling organizations to align their maintenance strategies with broader 
sustainability goals. 

As a result, future maturity models should integrate sustainability indicators, such as carbon 
footprint reduction, resource efficiency, and workforce well-being, to ensure alignment with long-
term operational and environmental goals. 

2.3. Unified Multidimensional Maintenance Perspective 

The concept of maintenance maturity has evolved from a purely technical assessment of 
maintenance capabilities to a more comprehensive, multidimensional construct. Contemporary 
research emphasizes that effective maintenance should ensure asset availability and reliability and 
align with broader organizational goals such as sustainability and resilience. However, existing 
maturity models focus on isolated aspects - operational excellence, sustainability, or resilience - 
without offering an integrated perspective. 

 Several studies have highlighted this fragmentation. For example, Franciosi et al. [20] propose 
a Maintenance Maturity and Sustainability Assessment Model that considers environmental, social, 
and economic dimensions yet does not explicitly address system resilience. Conversely, Madreiter et 
al. [43] identify key technology drivers to promote sustainable maintenance but emphasize the need 
for integrating these drivers with resilience strategies to maintain operational continuity under 
uncertainty. 

This view aligns with Fiksel [44], who argued that resilience and sustainability, while often 
treated separately, should be approached as interconnected system properties essential for long-term 
industrial viability. Similarly, Thomas et al. [45] emphasized the need to profile and quantify 
manufacturing systems’ resilience and sustainability performance, identifying that a lack of 
integration between these concepts limits strategic planning and response capabilities. 

Moreover, Briatore and Braggio [19] highlight the potential of Maintenance 4.0 technologies - 
such as IoT, Digital Twins, and Cyber-Physical Systems - as key enablers of resilience and 
sustainability. However, their proposed implementation roadmap still lacks an embedded maturity 
model to measure the progression and effectiveness of these technologies in supporting both 
dimensions simultaneously. 

Recent research also demonstrates that the transition toward predictive maintenance is 
increasingly supported by artificial intelligence (AI) and data-driven decision-making frameworks. 
Machine learning and deep learning algorithms can process heterogeneous sensor data to predict 
failures, optimize maintenance scheduling, and enhance operational resilience [46]. Similarly, a 
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comprehensive review by Ucar et al. [47] in Applied Sciences highlights that trustworthy AI and 
explainable predictive models are becoming critical for ensuring sustainable and resilient 
maintenance ecosystems. 

Despite these advancements, no existing maturity model holistically integrates the dual 
dimensions of resilience, focusing on adaptability, anticipation, recovery, and sustainability, 
encompassing resource efficiency, environmental impact, and human well-being. This lack of hybrid 
models becomes especially critical in increasingly volatile operating environments, where 
organizations must cope with unpredictable disruptions while meeting sustainability targets. 

Sagharidooz et al. [18] underscore the value of sustainability-informed maintenance 
optimization in their work on power transmission networks. Yet, their reliability-based models do 
not address system adaptability or continuity under disturbance. Similarly, Vimal et al. [48] advocate 
for frameworks that balance resilience and sustainability in circular and sharing systems, 
highlighting the urgent need for models capable of managing trade-offs and uncertainty across 
dynamic industrial networks. 

Furthermore, resilience in maintenance is often treated as a reactive capability rather than a 
structured, measurable element of maturity. This limits its practical implementation and the ability 
to benchmark progress over time. The summary of the recent maturity models is presented in Table 
1. 

A comparative analysis of the current state-of-the-art in maintenance maturity modeling (Table 
1) reveals significant limitations that the IMMM is specifically designed to overcome. First, the vast 
majority of existing models (13 out of 16 listed) are fundamentally One-dimensional. These models 
assess maturity in isolated silos, failing to capture the complex interdependencies required for 
modern strategic planning. While some recent models, such as [3,6], and [20], adopt a Multi-
dimensional approach, they still exhibit key shortcomings. Second, regarding scope, even the multi-
dimensional models fail to holistically integrate the dimensions critical for today’s dynamic 
environment. For instance, Sustainability is only a core focus in [20], and models explicitly integrating 
Resilience are rare [6]. The IMMM uniquely combines the five strategic potentials, Reliability, Safety, 
Resilience, Flexibility, and Sustainability, to provide a truly comprehensive assessment of an 
organization’s future-readiness. Finally, in terms of methodology, most models rely on deterministic 
approaches. Only the FMMR [6] uses Fuzzy Logic. The IMMM leverages this methodology not only 
for assessment but also to achieve a crucial practical advantage: it transforms subjective, linguistic 
expert knowledge (necessary in data-scarce environments like SMEs) into a precise, quantitative 
score. This Fuzzy Logic-based assessment provides a superior, non-rigid alternative to the 
deterministic methods prevalent across the field. 

Recent theoretical advances in asset management have shifted from deterministic prognosis to 
robust, uncertainty-aware modeling of system health, particularly addressing issues where 
measurement data is imprecise or noisy. This trend is exemplified by sophisticated research focusing 
on overcoming data limitations, such as robust degradation analysis with non-Gaussian 
measurement errors [49] and methods for handling measurement errors in degradation-based burn-
in procedures [50]. This work acknowledges that advanced data-driven maintenance models 
(characteristic of Maturity Levels 4 and 5) often fail when faced with real-world complexities such as 
sensor faults, environmental noise, or human subjectivity, which lead to non-linear, non-Gaussian 
uncertainties. While these advanced statistical methods offer powerful diagnostic capabilities, their 
complexity often limits their practical adoption in conventional industrial settings (Maturity Levels 
2–3) and they require massive, clean data sets.  

This creates a distinct theoretical gap: few maturity models successfully bridge the highly 
complex analytical methods needed to manage non-Gaussian uncertainty with the practical need for 
interpretability and resilience in data-scarce industrial environments. Therefore, the primary 
theoretical contribution of the (IMMM is the deployment of Fuzzy Logic as a robust, non-statistical 
framework to explicitly operationalize the management of non-Gaussian uncertainty and linguistic 
ambiguity. The IMMM provides a transparent mechanism to systematically integrate expert 
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judgment, which itself acts as a non-linear filter for noisy, incomplete, or non-Gaussian data, into the 
strategic maintenance decision-making process, a capability currently lacking in both purely 
deterministic and overly specialized prognostic models. 

Following the literature review, there is a clear research gap in developing tools that support 
proactive, uncertainty-aware decision-making while ensuring operational continuity and long-term 
sustainability performance. In this context, the integration of AI-enhanced analytics and fuzzy logic 
reasoning becomes a promising direction for advancing maintenance maturity assessment. Building 
upon the literature review, one promising direction to address the identified research gap is the 
application of fuzzy logic in maintenance decision-making. Fuzzy logic provides a robust framework 
for dealing with uncertainty, imprecision, and subjectivity - characteristics that are inherent to real-
world industrial environments [51]. Maintenance systems often operate under incomplete or 
ambiguous data conditions, such as expert estimations, imprecise measurements, or unpredictable 
disturbances. Traditional binary or crisp decision models are limited in their ability to accommodate 
these complexities [52]. 

Fuzzy logic enables the modeling of expert knowledge through rule-based systems (e.g., IF-
THEN rules), allowing qualitative insights and experience to be systematically integrated into the 
decision-making process. It also supports the aggregation of multiple evaluation criteria - such as 
reliability, flexibility, resilience, and sustainability - without oversimplifying them into deterministic 
scores. Unlike previous multi-dimensional maturity models, the proposed Integrated Maintenance 
Maturity Model integrates fuzzy logic with multidimensional assessment under uncertainty, 
providing a unified, adaptive, and explainable approach to supporting strategic maintenance 
decisions. This is particularly important when assessing multidimensional maturity and planning 
maintenance strategies that must simultaneously ensure operational continuity and long-term 
environmental and social responsibility [51]. 

In addition, a significant limitation of many contemporary maintenance maturity models is their 
reliance on extensive historical data or advanced monitoring systems (characteristic of Maturity 
Levels 4 and 5). This reliance on Big Data renders them practically irrelevant for Small and Medium-
sized Enterprises (SMEs) or organizations in initial maturity stages (L1/L2), which typically operate 
in less data-rich environments. Our proposed Fuzzy Logic-based approach directly addresses this 
challenge. Fuzzy inference systems are designed to process linguistic variables and expert knowledge 
rather than precise numerical data, making the model inherently more robust when data is 
incomplete, imprecise, or unavailable. This flexibility ensures that the IMMM remains a powerful 
diagnostic and predictive tool, even when relying on the subjective judgment (tacit knowledge) of 
maintenance experts and managers within SMEs.
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Table 1. Summary of the recent maintenance maturity models available in the literature. 

Ref. Model name 
Publ. 
Year  

Dimension 
type 

Key dimensions 
covered  

Number of 
maturity 

levels 
Methodological basis  Assessment approach  

Application 
context 

[26] 
Reliability Centred 

Maintenance Maturity 
2003 

One-
dimensional 

Maintenance  5 RCM-based approach Conceptual  Various industries 

[53] 
Software Maintenance 

Capability Maturity Model 
(SMCMM ) 

2004 
One-

dimensional 
Maintenance 4 

Capability maturity 
modeling  

Model architecture  Software  

[54] 
The House of Maintenance-
based Capability maturity 

model 
2009 

One-
dimensional 

Maintenance  5 
Capability maturity 

modeling 
Workshop, 

questionnaire 
Various industries 

[55] 
Maintenance Management 

Information Maturity model 
2012 

One-
dimensional 

Maintenance  2 IT-maturity based Not specified Various industries 

[1] 
Organization maturity level 

for maintenance 
management 

2012 
One-

dimensional 
Maintenance  3 Maintenance strategy Interview Various industries 

[56] 
Maintenance Maturity 
Assessment method 

2013 
One-

dimensional 
Maintenance  5 

Capability maturity 
modeling 

Maturity assessment 
based on scorecards 

Manufacturing 
industry 

[57] PriMa-X Reference Model 2018 
One-

dimensional 
Maintenance  3 layers 

Prescriptive maintenance 
strategy 

Reference model based 
on ML 

Various industries 

[58] 
Knowledge-based 

Maintenance Maturity 
model 

2019 
One-

dimensional 
Maintenance  4 

Knowledge-based 
maintenance strategy 

Performance indicators-
based assessment 

Cyber-physical 
production 

systems 

[27] 
Maintenance Maturity Level 

based on TPM Pillars 
2020 

One-
dimensional 

Maintenance 8 TPM-based approach 
Multi-attributive Border 
Approximation method 

Public service 
sector 
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[59] 
Organization performance 

maturity level for 
maintenance management 

2020 
One-

dimensional 
Maintenance  5 

World-class concept 
based 

Self-assessment based 
on reading the tables’ 

content 
Various industries 

[60] 
Asset Management Maturity 

model 
2022 

One-
dimensional 

Maintenance  6 ISO 55001:2014-based 
Interviews, direct 

observation, correlation 
index, scoring method 

Heavy equipment 

[61] M³AIN4SME 2022 
One-

dimensional 
Maintenance  5 

Literature review, expert 
validation 

Survey-based 
assessment 

SMEs 

[3] 
Asset maintenance maturity 

model (AMMM) 
2013 

Multi-
dimensional 

People and 
environment, functional 

and technical aspects, 
maintenance budget 

3 
Capability maturity 

modeling 

Performance 
measurement, ANP 

method  

Asset maintenance 
domain 

[6] 
FMMR (Fuzzy Maintenance 

Maturity Rating) 
2021 

Multi-
dimensional 

Resilience, risk, 
maintenance 
performance 

5 Fuzzy logic, expert input 
Fuzzy assessment 

model 
Industrial systems 

[20] 
Maintenance Maturity and 
Sustainability Assessment 

Model 
2023 

Multi-
dimensional 

Environmental, social 
and economic 
dimensions of 
maintenance; 
sustainability   

5 
Literature, expert opinion, 

analytical assessment 

Survey research, 
mathematical 

formulations for 
maturity evaluation 

Manufacturing 
companies 

Our 
model 

IMMM (Integrated 
Maintenance Maturity 

Model) 
2025 

Multi-
dimensional 

Reliability, Safety, 
Resilience, Flexibility, 

Sustainability 
5 

Fuzzy Logic, Multi-
Potential Framework 

Quantitative Score 
from Linguistic Input, 

Predictive Scenario 
Analysis 

Industrial Systems 
(Cross-sectoral 
applicability) 
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By embedding fuzzy inference mechanisms into maturity assessment models, organizations can 
better quantify their current capabilities and evaluate improvement paths even in the presence of 
uncertainty. Thus, fuzzy logic emerges as a valuable tool to support proactive, informed, and 
uncertainty-aware maintenance decisions, effectively bridging the gap between resilience and 
sustainability in dynamic industrial contexts [62,63]. 

In the following sections of this paper, a descriptive model for the Maintenance Maturity 
approach is presented. This model outlines the conceptual foundation for assessing maturity across 
key dimensions such as reliability, safety, resilience, agility, and sustainability. 

3. Proposed Maintenance Maturity Model 

This section outlines the Integrated Maintenance Maturity Model (IMMM), which integrates 
reliability, safety, flexibility, resilience, and sustainability principles into a comprehensive maturity 
assessment framework. The model is designed to provide a flexible, quantitative, and adaptive 
approach to evaluate the maturity of maintenance systems under uncertainty. It uses fuzzy logic to 
capture the subjectivity and imprecision inherent in maintenance decision-making. 

3.1. Conceptual Framework for IMMM 

The Integrated Maintenance Maturity Model (IMMM) development is grounded in a systemic 
and risk-informed asset management approach, integrating operational continuity concepts, 
proactive risk mitigation, and sustainability. As a foundation, the proposed model draws on a multi-
layered perspective that conceptualizes maintenance as a technical function and a strategic enabler 
of organizational resilience, operational agility, and sustainability. 

The proposed approach adopts a layered barrier model along the vertical risk perspective, 
representing escalating levels of defense against operational, environmental, and systemic 
disturbances (Figure 3).  

From the operational perspective, a well-functioning production or service system efficiently 
transforms inputs (X) into outputs (Y), relying on stability, reliability, and performance optimization. 
Within this steady-state scenario, maintenance management typically focuses on reliability-related 
activities, such as preventive inspections, scheduled servicing, and condition-based monitoring, 
ensuring that assets perform their intended functions without failure. However, despite rigorous 
operational planning and asset management, real-world systems are inevitably exposed to 
disturbances, uncertainties, and abnormal events, ranging from internal component failures to 
external shocks or unpredictable environmental conditions. 

This reality necessitates the consideration of a second, risk-informed perspective, 
complementing the operational viewpoint. This perspective is grounded in risk analysis and 
introduces an integrated framework of barrier-based defense layers designed to ensure operational 
reliability, resilience, and long-term sustainability. These layers support the system’s ability to 
maintain continuity, adapt to disturbances, and evolve in the face of emerging risks.  

To address the multidimensional nature of uncertainty, the model introduces three 
interconnected protective layers: 
• preventive barriers – safety and security potentials: representing the system’s first line of defense, 

this layer encompasses proactive maintenance strategies to anticipate and avoid failures before 
they occur. Examples include condition-based maintenance, safety inspections, digital 
diagnostics, and security protocols. These activities form the foundation of a resilient operation 
by enhancing predictability and reducing the likelihood of incidents, tightly coupling 
maintenance with reliability engineering and preventive risk management, 

• disruption mitigation barriers – resilience and recovery potentials: when disturbances do occur, 
this second layer enables the system to absorb shocks and quickly recover. Key mechanisms 
include contingency planning, emergency maintenance procedures, flexible resource allocation, 
workforce cross-training, and redundancy in critical components. Maintenance plays a central 
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role here as an enabler of adaptive capacity, facilitating real-time decision-making, repair 
prioritization, and recovery orchestration without significant performance degradation, 

• environmental disturbance mitigation barriers – sustainability potentials: the third layer embeds 
sustainability into maintenance practices, supporting the system’s long-term economic and 
ecological performance. This includes minimizing energy and material usage, extending 
equipment lifecycles, reducing waste, and integrating circular economy principles. Maintenance 
here is an operational function and a strategic lever contributing to eco-efficiency, compliance 
with environmental standards, and alignment with ESG goals. 

These layered defense mechanisms operate across the same operational flow of inputs and 
outputs, yet they add depth and robustness to the system’s capability. The maturity of the 
maintenance system, especially its ability to integrate reliability, resilience, and sustainability 
dimensions, determines how effectively an organization can maintain continuity in the face of 
uncertainty while also achieving long-term performance objectives. 

 
Figure 3. A multi-layered approach to risk, resilience, and sustainability in asset lifecycle management. Source: 
Own contribution 

From this conceptual baseline, the IMMM structures maintenance maturity around five 
interdependent potentials, each rooted in a specific engineering knowledge domain and tied to 
measurable system attributes. These maintenance maturity potentials (P1–P5) reflect both short-term 
adaptability and long-term sustainability objectives (see [25]).  

This five-potential structure enables a holistic assessment of maintenance systems, bridging the 
traditionally fragmented domains of reliability, safety, resilience, flexibility, and sustainability. It 
reflects the layered conceptual foundations described earlier, where: 
• Reliability and safety align with preventive barriers, 
• Resilience and flexibility support disruption recovery and short-term adaptation, 
• Sustainability addresses long-term environmental and resource concerns. 

A five-level Maintenance Maturity Matrix is proposed to assess each potential’s development in 
practical settings. This matrix captures the progression of an organization’s maintenance capabilities 
across the defined five maturity levels (Table 2). 

Table 2. Maintenance maturity matrix in the developed approach. 
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Li\Pi P1: 
Reliability, 
availability 

P2: Safety, 
security 

P3: Resilience, 
recovery 

P4: Flexibility, 
agility 

P5: 
Sustainability 

L1: Initial Failures are 
logged, but no 
predictive or 
preventive 
measures 

exist. 
Downtime 
tracking is 

inconsistent. 

Safety incidents 
are logged ad 
hoc, with no 
systematic 
analysis or 
response 

strategies. 

Recovery times 
are 

inconsistent, 
with no clear 

RTOs or 
contingency 

plans. Systems 
often 

experience 
prolonged 

downtime after 
incidents.   

Changes are 
addressed 
reactively, 
leading to 

inefficiencies 
and delays;  

processes are 
slow and often 

reactive. 

Environmental 
impact is not 

systematically 
tracked, and no 

formal 
sustainability 

initiatives exist. 

L2: Managed Regular 
maintenance 

stabilizes 
uptime, 
MTBF is 

tracked at a 
basic level, 
and failure 

rates are 
analyzed 

post-mortem. 

Some safety 
protocols are 

established, but 
there are 

inconsistencies 
in 

implementation 
across units; 

response times 
to threats vary 
significantly. 

Recovery 
protocols are 

established for 
local units, but 
recovery times 

are still 
unpredictable; 

RTOs are 
loosely 
defined. 

Basic 
adaptability 

measures exist, 
but response 

times are 
inconsistent 

across different 
units. 

Some 
environmental 
initiatives exist, 

but 
sustainability 
efforts are not 

fully integrated 
into 

maintenance 
workflows. 

L3: 
Standardized 

Standard 
processes for 
preventive 

maintenance 
are 

established 
and utilized 

across all 
units, 

improving 
consistency in 

MTBF and 
reducing 

failure rates. 

Safety 
procedures are 
standardized, 
with routine 

training, safety 
incident 

reporting, and 
structured risk 

mitigation. 

Recovery 
procedures are 
standardized, 
with defined 

RTOs and 
downtime 
reduction 

strategies in 
place. 

Standardized 
processes 
improve 

response times 
to operational 
changes, but 
adaptation is 
still slow in 

unpredictable 
conditions. 

Sustainability 
goals (e.g., 

carbon 
footprint 

reduction, 
waste 

management) 
are integrated 

into 
maintenance 

practices, with 
measurable 

goals.   

L4: 
Predictable 

Downtime 
events are 

statistically 
analyzed, 
predictive 

maintenance 
models are 
developed, 

and real-time 
failure trends 

are 
monitored. 

Data analysis 
proactively 

manages safety 
risks, leading to 
faster response 

times and 
reduced 
incident 

frequency. 

Recovery 
strategies are 

optimized 
based on 
statistical 
analysis, 
ensuring 

predictable 
RTOs and 
minimal 

disruptions. 

Processes are 
dynamically 

adjusted based 
on statistical 

models, 
improving 

response times 
and flexibility. 

Sustainability 
metrics (e.g., 

resource 
efficiency, CO2 
reduction) are 

actively 
tracked, with 

consistent 
improvements 

in resource 
efficiency and 
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waste 
reduction. 

L5: 
Innovating 

Proactive 
reliability 

improvement 
programs 
using real-
time data 

analytics, AI-
driven 

predictive 
maintenance, 
and reliability 
optimization 

to reduce 
failures and 
maximize 

system 
availability. 

Advanced 
safety 

technologies 
(e.g., AI-based 

threat detection) 
continuously 

improve 
security and risk 

mitigation. 

Continuous 
improvement 

of recovery 
strategies, 
integrating 
real-time 

monitoring 
and analysis to 

reduce RTO 
and downtime 
and enhance 

system 
resilience. 

 

Highly flexible 
systems 

capable of 
rapid 

adaptation, 
with 

continuous 
feedback loops 

to optimize 
response to 

changes. 
Self-optimizing 

processes 
dynamically 

adjust based on 
AI-driven 
analytics, 

ensuring rapid 
adaptation. 

Innovative 
sustainability 
practices are 
continuously 
implemented, 
focusing on 

achieving long-
term 

environmental 
goals and 

reducing the 
organization’s 

carbon 
footprint. 

 

Following this, the proposed diagram illustrates the IMMM framework for assessing and 
improving maintenance function maturity (Figure 4). It links five core Potentials (P1–P5) – 
Reliability/Availability, Safety/Security, Resilience/Recovery, Flexibility/Agility, and Environmental 
Impact – to three higher-level System Maturity Dimensions: System Dependability, System 
Adaptability, and System Sustainability. These dimensions collectively determine the organization’s 
overall System Maintenance Maturity Level, progressing through five stages (L1–L5): Initial, 
Managed, Standardized, Predictable, and Innovating. 

 

Figure 4. Integrated Maintenance Maturity Model (IMMM) framework. Source: Own contribution 

To provide a more realistic and system-oriented evaluation, the model integrates two additional 
input variables to enrich the assessment of specific dimensions: 
• Technology Adoption Capability (TAC), introduced as an additional input to the System 

Adaptability dimension, reflects the organization’s capability to adopt, integrate, and scale new 
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technologies (e.g., digital tools, automation, AI). While Flexibility/Agility (P4) measures 
operational adaptability in maintenance, Technology Adaptability captures the infrastructure 
and cultural readiness for change, thus ensuring a more comprehensive view of adaptive 
potential, 

• Energy-Aware Maintenance level (EAML), added as a complementary input to the System 
Sustainability dimension, evaluates how effectively the organization incorporates energy 
efficiency considerations in its maintenance processes. This includes adopting energy-efficient 
technologies, scheduling maintenance in energy-optimized windows, and reducing energy 
consumption during maintenance activities. While Environmental Impact (P5) focuses on the 
outcome side (e.g., emissions, waste), EAML addresses the organization’s internal practices 
aimed at minimizing energy consumption, further strengthening the sustainability pillar from 
both operational and strategic perspectives. 
By incorporating these additional input parameters, the IMMM provides a more holistic and 

fine-grained perspective on maintenance maturity, enabling organizations to understand their 
current state and identify strategic levers for progress toward greater efficiency, resilience, and 
sustainability in maintenance systems. 

To sum up, the IMMM’s strength lies in its ability to integrate technical and strategic 
maintenance dimensions within a coherent, flexible assessment structure. By combining the proposed 
framework with fuzzy logic inference mechanisms (elaborated in Section 3.2), the model enables 
nuanced evaluations under uncertainty, reflecting real-world complexities in industrial 
environments. 

3.2. Fuzzy Logic-Based Assessment Methodology 

The proposed approach is based on fuzzy logic and the Integrated Maintenance Maturity Model 
(IMMM) structure for the developed maintenance maturity assessment methodology. The model 
assumes that maintenance maturity can be evaluated through five defined maintenance maturity 
potentials Pi (according to Table 1). Each potential is assessed individually, considering its 
performance level and relative importance in the organization. The methodology follows a structured 
three-phase process, which is presented in Figure 5.  

 

Figure 5. Fuzzy Integrated Maintenance Maturity assessment methodology proposed in this study. Source: 
Own contribution 
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3.2.1. Qualitative Analysis - Identification and Structuring of Maintenance Maturity Potentials 

In the first phase of the fuzzy logic-based methodology for assessing maintenance maturity, a 
qualitative analysis is carried out to define the key Maintenance Maturity Potentials (P1–P5) and their 
associated evaluation parameters. This foundational phase aims to structure the overall model by 
identifying what is important to measure and how those measurements should reflect the current 
and desired state of the maintenance function. It includes three main steps.  

Step 1: Problem and objectives definition 
The process begins by analyzing the organization’s current maintenance system. This includes 

identifying present challenges, performance gaps, and strategic objectives related to reliability, safety, 
resilience, responsiveness, and sustainability. The system’s context - such as industry type, 
technology level, and regulatory environment - also significantly shapes this understanding. 

Step 2: Mapping Maintenance Maturity potentials (P1–P5) 
This step defines the five core potentials of the Integrated Maintenance Maturity Model 

(IMMM), which serve as pillars for evaluating the comprehensiveness and advancement of a 
maintenance function. These potentials include (according to Table 2): 
• P1: Reliability and Availability – potential that captures the system’s ability to perform its 

required functions under stated conditions over a defined period, 
• P2: Safety and Security – the dimension that protects personnel, assets, and data. It includes 

occupational health and safety performance, incident rates, risk mitigation strategies, and 
cybersecurity readiness in maintenance activities, 

• P3: Resilience and Recovery – potential assesses the system’s ability to absorb disturbances, adapt 
to changing conditions, and recover quickly from failures or disruptions. It involves redundancy 
strategies, emergency procedures, and continuity plans, 

• P4: Flexibility and Agility – a potential related to how quickly and efficiently the maintenance 
system can respond to internal and external changes, such as shifts in production priorities or 
unexpected breakdowns. It includes responsiveness, reconfigurability, and decision-making 
agility, 

• P5: Environmental impact – potential that reflects the environmental and social responsibility of 
the maintenance system. It includes energy consumption, resource efficiency, waste reduction, 
and alignment with ESG (Environmental, Social, Governance) goals. 
Each potential is supported by three key components: knowledge areas, measurement 

indicators, and performance objectives. Knowledge areas define the competencies and practices 
necessary for maturity development (e.g., condition monitoring, RCM, predictive maintenance for 
P1). Measurement indicators translate qualitative insights into quantifiable metrics, enabling 
systematic assessment and later fuzzy logic-based evaluation. Performance objectives set the 
direction for improvement and should align with the organization’s strategic priorities. 

The selection of relevant parameters can follow two complementary approaches. The expert-
driven approach gathers insights through expert panels, interviews, or Delphi studies [64], capturing 
tacit and context-specific knowledge. Alternatively, structured decision-making methods such as 
AHP, DEMATEL, BWM, TOPSIS, or PROMETHEE [65] support the objective prioritization of 
parameters. In data-rich environments, machine learning or clustering methods (e.g., PCA) may be 
applied for evidence-based selection. Hybrid approaches combining expert judgment with analytical 
techniques often yield the most balanced and context-sensitive outcomes. 

Ultimately, the selection approach depends on the organization’s decision-making culture, 
availability of expertise, and the level of granularity desired in the assessment. Combining methods 
may offer comprehensive results, balancing expert intuition with analytical rigor. In addition to 
supporting identifying and selecting appropriate indicators, practitioners may refer to structured 
indicator frameworks, such as ISO 55000 series [66], standard EN15341 [67], or other relevant 
industry-specific standards or benchmarking databases.  

Step 3: Prioritization and weighting 
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The final step in the qualitative phase involves assigning priority weights to the five maintenance 
maturity potentials and their associated indicators. This step ensures that the model reflects the 
relative importance of different aspects of maintenance maturity within a given organizational 
context. Weighting is a foundational input for the fuzzy inference system used in the next phase of 
the methodology, influencing how the maturity level is ultimately scored and interpreted. 

The weighting process can follow one of two general approaches: expert-based or structured 
weighting methods. Expert-based weighting relies on the insights of domain experts, maintenance 
managers, and other key stakeholders familiar with the organization’s operational goals and strategic 
priorities. Weights can be assigned through direct estimation (e.g., allocating percentages across the 
five potentials), pairwise comparisons, or structured interviews. Consensus-building techniques, 
such as the Delphi method, may also be applied to reduce bias and improve the reliability of expert-
derived weights. 

For greater rigor and reproducibility, the second approach is recommended. Here, formal multi-
criteria decision-making techniques can be applied to generate the weights. The Analytic Hierarchy 
Process (AHP) is particularly effective for this task, as it allows decision-makers to perform pairwise 
comparisons and derive a consistent weight distribution [68]. Other methods include the Best-Worst 
Method (BWM) for lower cognitive load or entropy-based weighting, which leverages available data 
to quantify the information contribution of each indicator. DEMATEL can also be used to understand 
causal relationships among indicators, helping prioritize those with the most influence. 

In both approaches, the weights should be normalized (e.g., sum to 1 or 100%) to ensure 
consistency in aggregation during the fuzzy logic evaluation. It is also recommended that the final 
weights be validated with stakeholders to ensure alignment with the organization’s risk tolerance, 
regulatory obligations, and long-term maintenance objectives. 

The result of this step is a complete, weighted framework that reflects qualitative expert insights 
and, optionally, quantitative decision-structuring. These weights will be used in the fuzzy 
aggregation logic to ensure that more critical aspects of maintenance maturity exert greater influence 
on the final maturity assessment outcome. 

To ensure methodological transparency, expert workshops are to be organized to support the 
weighting and rule-base construction. A panel of eight experts was formed, including maintenance 
managers, reliability engineers, and academic researchers with a minimum of 10 years of experience 
in maintenance management or asset reliability. Experts were selected based on three main criteria: 
(1) professional experience in industrial maintenance systems, (2) familiarity with predictive and 
sustainable maintenance practices, and (3) involvement in reliability or resilience-focused projects. 
The workshops followed a Delphi-like structure comprising three iterative rounds. In the first round, 
individual experts provided preliminary weight estimations and rule proposals. In the second round, 
anonymized feedback was shared to highlight divergences and promote convergence. In the third 
round, final weights and rule adjustments were consolidated once a consensus threshold (standard 
deviation <10%) was reached. This structured approach minimized cognitive bias and ensured 
consistent expert input across the IMMM potentials and indicators. 

3.2.2. Qualitative Analysis - Expert Evaluation and Fuzzy Aggregation 

The main goal of this phase is to determine the overall maintenance maturity level of the 
organization and provide actionable recommendations for improvement based on the results of the 
fuzzy evaluation. 

At the initial stage of this phase, expert opinions are collected regarding the assessment of each 
maintenance maturity potential within the IMMM framework (Figure 4). Experts evaluate the values 
of key parameters, such as reliability, safety, resilience, agility, and environmental impact, based on 
observed practices and system characteristics. These evaluations use linguistic scales to reflect the 
inherent uncertainty and subjectivity in maintenance performance assessment. The workshops 
described earlier also should serve to validate the consistency of linguistic term interpretation among 
experts. Before aggregation, an inter-rater consistency check should be performed, and individual 
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fuzzy evaluations should be compared using the Mean Absolute Deviation (MAD) method. Cases 
where deviation exceeded 15% are to be revisited collectively to ensure semantic alignment of expert 
judgments. Furthermore, a simple sensitivity analysis should be conducted by varying assigned 
weights ±10% across the five maturity potentials to evaluate the robustness of the final maturity score. 
It is expected that such variation led to less than ±0.03 change in the global maturity level, confirming 
the model’s stability and low sensitivity to individual expert bias. This procedure provides an 
additional layer of transparency in handling uncertainty and validating the fuzzy-based aggregation. 

The appropriate definition of linguistic variables is grounded in expert knowledge and is 
tailored to the characteristics of the maintenance domain and the type of industrial system under 
consideration. In the subsequent step, the linguistic terms are modeled using fuzzy set theory to 
enable systematic and transparent reasoning under uncertainty.  

Fuzzy set theory enhances comparative analysis’s consistency and improves expert reasoning’s 
transparency under uncertainty [69]. Accordingly, in the context of maintenance maturity 
assessment, the modeled parameters are represented using trapezoidal fuzzy numbers, facilitating 
the aggregation and interpretation of fuzzy outputs. 

A trapezoidal fuzzy number is defined as Az = (a, b, c, d), where a and d represent the lower and 
upper bounds of the FN, and b and c define the core (i.e., the interval of full membership). The 
corresponding membership function is given by [70]: 

𝜇௭(𝑥) =
⎩⎪⎨
⎪⎧ 0         𝑓𝑜𝑟 𝑥 < 𝑎௫ି௔௕ି௔     𝑓𝑜𝑟 𝑎 ≤ 𝑥 ≤ 𝑏1      𝑓𝑜𝑟 𝑏 ≤ 𝑥 ≤ 𝑐ௗି௫ௗି௖     𝑓𝑜𝑟 𝑐 ≤ 𝑥 ≤ 𝑑0          𝑓𝑜𝑟 𝑥 > 𝑑

             (1) 

Consequently, the linguistic variables associated with input indicators (maturity-related 
attributes) and output evaluations (maturity levels) are defined using triangular and trapezoidal 
membership functions, respectively. These fuzzy representations allow for a nuanced and robust 
assessment of maintenance maturity within the IMMM framework.  

Although the present approach utilizes Triangular Fuzzy Numbers (TFNs), it is worth noting 
that multiple methods exist for constructing membership functions for fuzzy variables, each 
depending on the application context and availability of data (see [71] for further discussion). 

In practice, defining membership functions in environments with limited or estimated data 
poses a challenge, as the parameters (a, b, c, d) may reflect subjective expert judgment rather than 
empirical distributions. To ensure the correctness and robustness of the membership functions, 
several measures may be applied. First, the linguistic boundaries and core intervals will be 
established through iterative expert calibration during workshops, ensuring that different experts 
share a consistent interpretation of linguistic terms (e.g., “medium” or “high”). Second, sensitivity 
testing are to be conducted by slightly varying the membership parameters and observing the 
resulting impact on maturity scores, confirming that the model remained stable within acceptable 
ranges. 

In future applications, hybrid calibration methods can be used to further improve precision—
for example, combining expert-based fuzzy sets with data-driven tuning techniques such as adaptive 
neuro-fuzzy inference systems (ANFIS) or genetic optimization algorithms. These methods allow 
empirical data (e.g., from CMMS or condition monitoring systems) to refine membership function 
parameters, thereby reducing subjectivity and increasing replicability in different industrial contexts. 

Once expert assessments of individual maturity indicators are gathered using linguistic terms, 
these must be aggregated to evaluate each maturity potential. In line with [72], a common and 
effective method for aggregating expert input is the arithmetic mean operator applied to TFNs. These 
aggregated fuzzy evaluations serve as the basis for determining the maturity level within each 
potential. 
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The weights defined in Phase 1 (qualitative analysis), both for indicators within a potential and 
for the potentials themselves, are applied to the fuzzy values. These weights reflect the relative 
importance of each aspect of maturity and ensure the aggregation process aligns with the 
organization’s strategic priorities. 

Subsequent analysis follows the structure of a Mamdani-type fuzzy inference system (FIS), 
which has proven to be a widely accepted model for fuzzy reasoning under uncertainty [73]. The 
Mamdani framework, grounded in Zadeh’s compositional rule of inference [74], quantifies maturity 
performance levels based on expert-driven fuzzy inputs. The Mamdani fuzzy inference model was 
selected due to its interpretability, transparency, and suitability for expert-based decision 
environments. It allows experts to express linguistic judgments in a natural way (e.g., low, medium, 
high) and ensures that the reasoning process remains explainable. This approach bridges quantitative 
computation and qualitative understanding - crucial for maintenance decision-making under 
uncertainty. 

The selection of the FIS architecture and Membership Functions (MFs) was justified through an 
evaluation against alternative methods to ensure optimal performance for a linguistic, expert-driven 
maturity assessment application. 

Alternative FIS architectures, such as the Sugeno (Takagi-Sugeno) model, were considered but 
rejected. While Sugeno systems offer computational efficiency because their output is a crisp function 
rather than a fuzzy set, they sacrifice the interpretability necessary for a management diagnostic tool. 
The Mamdani model’s fuzzy output is inherently easier for maintenance experts to validate and 
understand, making it superior for achieving organizational acceptance and transparency in 
decision-support systems [75]. 

Similarly, the use of Triangular and Trapezoidal Membership Functions was prioritized over 
smooth functions like Gaussian or Bell curves. For a maturity model based on expert consensus, the 
simple, piecewise linear boundaries of the Triangular/Trapezoidal MFs are easier for maintenance 
professionals to define and agree upon linguistically. Smooth MFs, while better for approximating 
noisy empirical data, introduce unnecessary mathematical complexity and ambiguity when 
converting qualitative expert knowledge into fuzzy sets, which is the primary data source in this 
application. This choice ensures high fidelity between the tacit knowledge gathered in workshops 
and the final model definition [76]. 

The implementation of the Mamdani fuzzy model in this assessment consists of four primary 
components: 
• fuzzification – converts linguistic variables provided by experts into fuzzy numbers (in this case, 

TFNs), enabling a representation of values on a normalized scale from 0 to 1, 
• knowledge base – comprises a set of IF-THEN rules and corresponding membership functions 

for each input indicator across the five maturity potentials (e.g., reliability, safety, resilience), 
• Fuzzy Inference Mechanism (FIS) – employs fuzzy logic operations to process the rules. 

Specifically, the MIN operator is used to model logical conjunctions and implications. In contrast, 
the MAX operator aggregates fuzzy results from multiple rules, 

• defuzzification – converts the final aggregated fuzzy output into a crisp value using the Centroid 
of Area method [77,78]. This crisp value reflects the estimated maturity level for a given potential. 
The defuzzified output z∗ is computed using the following formula [77,78]: 𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑜𝑓 𝑎𝑟𝑒𝑎, 𝑧∗ = ఓಲ(௭)ௗ௭׬ఓಲ(௭)∙௭ௗ௭׬        (2) 

where: z* – the crisp value for the z output (defuzzified output); 𝜇஺(𝑧) – the aggregated output 
membership function; z – universe of discourse. 

This process ultimately delivers a quantified maturity score for each of the IMMM’s five key 
potentials, supporting the interpretation of strengths and improvement areas in a maintenance 
strategy under uncertainty. 

The second step in the IMMM framework regards assessing the three system maturity 
dimensions. The fuzzy logic approach is similar to the developed one for P1-P5 maintenance potential 
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evaluation. Each dimension is assigned a composite fuzzy score based on the weighted aggregation 
of its underlying potentials. The fuzzy results may be defuzzified or maintained in linguistic form, 
depending on the intended granularity of analysis.  

The last step in this area is the maturity level assignment. The dimension scores are then 
positioned within the five levels’ predefined IMMM maturity matrix (Table 2). Based on the position 
of each dimension, an overall Maintenance Maturity Level is determined based on the fuzzy logic 
approach described above in this subsection.  

At the end of the quantitative phase, the defuzzification process provides the crisp output value 
of the Maintenance Maturity level, an input to the last phase – the Output phase.  

3.2.3. Integrated Maintenance Maturity Level Assessment with Strategic Recommendations 
Definition 

Once the overall maintenance maturity level has been assessed, the next step involves designing 
tailored improvement actions to support advancement toward more advanced levels (Levels 4–5). 
These actions should prioritize areas with the lowest maturity scores, strategically significant 
potentials (e.g., critical to safety, reliability, or sustainability goals), and the readiness and capacity of 
the organization to implement change.  

Organizations should first conduct a gap analysis between their current and desired maturity 
levels to ensure the recommendations are actionable and effective. Based on this, priorities should be 
established, focusing on critical business risks and strategic goals. Actions offering significant impact 
with limited resource requirements - so-called ‘quick wins’ - should be considered early in the 
process. Each recommendation should be accompanied by measurable indicators (KPIs) for tracking 
and evaluation. For organizations implementing advanced solutions such as AI or digital twins, it is 
advisable to begin with pilot implementations in selected areas to evaluate value before full-scale 
deployment. These steps will help align the maintenance improvement strategy with operational 
realities and long-term ambitions. 

4. Case Study  

To illustrate the applicability of the proposed Integrated Maintenance Maturity Model (IMMM), 
a case study was conducted in a manufacturing company operating in the automotive sector. The 
selected enterprise is a key production facility in Lower Silesia, Poland, and plays a strategic role in 
the company’s global operations. With over 100 years of innovation in mobility technologies, the 
company specializes in developing and producing safety- and efficiency-critical systems for 
commercial vehicles. It operates across four continents with 28 production plants and three advanced 
test centers, including one in Poland. The Polish branch employs approximately 3,000 people, making 
it the largest employment hub of the company in Europe. 

The site contributes nearly 35% of the company’s global output, supplying a wide range of 
braking systems, suspensions, stabilization modules, and aerodynamic control systems to major 
OEM clients, including brands like Daimler, Scania, and Mercedes. Its operations are supported by a 
broad supplier base of over 500 entities worldwide. Internally, the facility is divided into seven 
departments, each focused on a distinct set of final products, with production involving 
technologically advanced processes like high-precision assembly, calibration, and functional testing 
under safety-critical conditions. 

Given the manufacturing operations’ scale, complexity, and safety relevance, the maintenance 
function is pivotal in ensuring production continuity, minimizing operational risks, and aligning 
with sustainability expectations. Therefore, this company was selected as an ideal candidate for 
testing the IMMM methodology in a real-world industrial environment. Indeed, the main steps of 
the adopted approach for the case company are presented below.  
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4.1. Qualitative Analysis  

Step 1: Problem and Objectives Definition 
The case study began with a qualitative analysis aimed at identifying and structuring the key 

potentials that determine the maturity of the maintenance system in the examined company. The 
primary problem addressed was the need to ensure operational continuity and production reliability 
under conditions of increasing complexity and uncertainty. Despite the company’s high 
technological advancement and well-established preventive maintenance practices, several internal 
and external disruptions have exposed vulnerabilities in system resilience and sustainability 
performance. 

A deeper investigation revealed specific challenges, such as variability in machine availability, 
occasional delays in critical component deliveries, and the environmental impact of intensive 
maintenance operations. Moreover, the company’s ambition to align its practices with global 
sustainability standards and to prepare for the next wave of digital transformation highlighted the 
need for a more integrated and strategic approach to maintenance maturity assessment. 

Accordingly, the main objective of the analysis was to evaluate the company’s current state 
across five defined maintenance maturity potentials - (P1) Reliability and Availability, (P2) Safety and 
Security, (P3) Resilience and Recovery, (P4) Flexibility and Agility, and (P5) Sustainability - and to 
identify specific improvement directions. The goal was to assess maturity levels and understand how 
the maintenance system could evolve to support better strategic objectives such as risk resilience, 
production continuity, and environmental responsibility. 

Implementing the IMMM model aimed to structure the decision-making process in a way that 
would support evidence-based prioritization of maintenance improvements, taking into account both 
expert knowledge and the fuzzy nature of industrial uncertainties. This approach was expected to 
provide actionable recommendations tailored to the organization’s operational context, maturity 
ambitions, and available resources. 

Step 2: Mapping Maintenance Maturity potentials (P1–P5) 
In this step, the five Maintenance Maturity Potentials of the Integrated Maintenance Maturity 

Model (IMMM) were mapped to the context of the analyzed company operating in the automotive 
sector. The purpose was to identify the key strategic areas of maintenance performance relevant to 
the organization and to structure the foundation for subsequent assessment and prioritization. These 
maturity potentials are grounded in theoretical insights and the specific operational characteristics of 
the selected company. 

The mapping was carried out based on the theoretical framework presented in Table 1, adapted 
to the studied plant’s technological, organizational, and strategic profile. The company under 
analysis, located in Lower Silesia, Poland, plays a critical role in the global production network by 
delivering over one-third of the organization’s worldwide output. It operates several technologically 
advanced production departments, each responsible for different high-value systems for commercial 
vehicles. Maintenance in such a context is essential to ensure technical availability and support safety, 
rapid recovery, and sustainability in a highly automated and quality-driven environment. 

The five identified Maintenance Maturity Potentials include: 
• P1: Reliability and Availability: this potential reflects the company’s ability to ensure 

uninterrupted operation of production equipment through predictive maintenance, real-time 
condition monitoring, and optimization of preventive activities. The company’s reliance on 
high-precision machining and safety-critical assemblies makes uptime and reliability a top 
priority. Knowledge areas include reliability-centered maintenance (RCM), sensor-based 
diagnostics, and predictive analytics, 

• P2: Safety and Security: given the organization’s focus on safety-related components such as 
braking and stabilization systems, maintenance must ensure strict compliance with safety 
protocols for operators and end-products. This includes occupational safety, risk mitigation 
procedures, and cybersecurity readiness. Key knowledge areas include risk assessment 
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methodologies, human-machine interface (HMI) safety, and maintenance cybersecurity 
protocols, 

• P3: Resilience and Recovery: the company’s exposure to supply chain fluctuations and the 
complexity of its production setup demand high resilience. Quick recovery from breakdowns, 
availability of critical spares, and structured emergency procedures are essential. This potential 
includes knowledge areas such as failure mode analysis, recovery time optimization, and 
emergency scenario planning, 

• P4: Flexibility and Agility: due to high product diversity and changing client requirements, 
maintenance systems must be agile enough to adapt to evolving production schedules and 
machine configurations. The ability to shift resources quickly and adjust maintenance plans is 
critical. Related knowledge areas include modular maintenance planning, digital work order 
systems, agile resource scheduling, 

• P5: Environmental impact: as the company aligns with global ESG objectives, it seeks to improve 
energy efficiency, minimize waste, and reduce emissions from maintenance activities. Efforts are 
made to integrate circular economy principles into equipment lifecycle management. Knowledge 
areas include energy monitoring systems, green maintenance practices, and environmental 
impact assessment. 
A hybrid approach was used to identify and refine the elements of each maturity potential. A 

series of structured interviews with maintenance engineers and continuous improvement managers 
provided expert input into current practices and perceived priorities. Following this, thematic 
knowledge areas were identified for each potential to guide specific capabilities and practices. These 
areas were refined based on a combination of expert consultations with site engineers and a literature-
based reference to relevant standards such as EN 15341 and ISO 55000. For example, in the case of 
P1, the focus included real-time vibration monitoring and predictive diagnostics using AI-enabled 
tools already piloted at the site. 

Simultaneously, selected indicators were verified using an AHP-based multi-criteria decision-
making framework, ensuring traceable weighting of factors and alignment with strategic directions. 
Measurement indicators were proposed to provide an objective, data-driven evaluation. These 
included both lagging indicators and leading indicators. Indicator selection considered technical 
feasibility (availability of internal data) and strategic relevance (alignment with corporate goals). An 
example of AHP-based prioritization of measurement indicators for P1 is given in Appendix 1. Due 
to the performance of AHP-based prioritization of measurement indicators, for each maturity 
potential, two indicators with the highest rank were selected as input data for quantitative analysis. 

In the end, performance objectives were set to guide improvement targets. For example, in P4, 
the plant aims to reduce maintenance response time by 20% within two years by expanding mobile 
access to work order systems. In P5, a specific goal was to reduce waste oil consumption by 15% 
through improved filtration and fluid analysis programs. 

A reference table (Table 3) presents indicators for each of the five maintenance maturity 
potentials, associated knowledge areas, and performance objectives. This table can guide 
organizations aiming to develop or adapt their measurement sets in line with the IMMM framework. 

Table 3. Proposed main knowledge areas, measurement indicators, and performance objectives for maintenance 
maturity potentials. 

Maintenance 
potential 

Knowledge areas Measurement 
indicators (inputs) 

Performance objectives 

P1: Reliability, 
Availability 

Real-time condition 
monitoring  

Reliability-Centered 
Maintenance (RCM)  

Predictive analytics and 
diagnostics 

MTBF (Mean Time 
Between Failures)  

Failure rate per asset 
class 

Equipment Uptime [%] 

Improve technical 
availability 

Reduce unplanned 
downtime 

Enhance system reliability 
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P2: Safety, Security Occupational risk and 
hazard analysis  

Maintenance safety 
management systems  

Data protection & 
cybersecurity protocols 

Number of safety events 
linked to maintenance 

TRIR (Total Recordable 
Incident Rate)  

Safety Compliance Rate 

Eliminate maintenance-
related incidents 

Comply with safety and 
regulatory standards 

Protect technical systems 
from threats 

P3: Resilience, 
Recovery 

Emergency and corrective 
maintenance planning  

Business continuity 
protocols  

Spare parts redundancy and 
backup planning 

RTO (Recovery Time 
Objective)  

Downtime After Failure  
MTTR (Mean Time To 

Recovery) 

Recover from disruptions 
rapidly 

Maintain service continuity  
Limit operational losses 

P4: Flexibility, 
Agility 

Agile maintenance planning 
and scheduling 

Modular equipment 
configuration  

Workforce multi-skilling 
and redeployment 

Response Time to 
Changes in Production 

Needs  
Maintenance Agility 

Index  
% of personnel trained 

for multiple stations 

Rapidly adapt to 
production changes 
Minimize the time 

required for system 
reconfiguration 

Increase organizational 
responsiveness 

P5: Environmental 
impact 

Energy consumption and 
waste management  

Circular maintenance and 
asset lifecycle strategies 

Compliance with ESG and 
environmental policies 

Carbon emissions from 
maintenance activities 

Resource Efficiency 
index 

% reduction in 
hazardous waste 

Minimize environmental 
impact  

Increase eco-efficiency of 
maintenance actions 

Align maintenance with 
sustainability goals 

Step 3: Prioritization and weighting 
In this step, the five Maintenance Maturity Potentials (P1–P5) and their associated measurement 

indicators were prioritized and assigned weights to reflect their relative importance within the 
organizational context. This process ensures that the final maturity assessment accurately emphasizes 
the most strategically relevant areas. 

For this study, we adopted an expert-based approach, relying on the insights of maintenance 
professionals, engineers, and strategic managers familiar with the organization’s operational goals, 
risks, and priorities. Participants were asked to evaluate each potential’s strategic relevance and 
operational impact through a structured expert workshop. 

Based on the consensus from expert inputs, the following normalized weights were assigned to 
the five maintenance maturity potentials (Table 4).  

Table 4. Evaluated weights for the Maintenance Maturity Potentials. 

Maintenance potential Weight 
P1: Reliability, Availability 0.30 

P2: Safety, Security 0.20 
P3: Resilience, Recovery 0.20 

P4: Flexibility, Agility 0.15 
P5: Environmental impact 0.15 

Following this, it was possible to proceed to the next phase – quantitative analysis. 

4.2. Quantitative Analysis 

The quantitative analysis represents a crucial phase of implementing the Integrated 
Maintenance Maturity Model (IMMM). Building upon the qualitative insights, this step transforms 
the mapped maintenance maturity potentials (P1–P5) into measurable indicators. These indicators 
are then analyzed through a fuzzy logic-based framework to quantify the maturity levels, providing 
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a more objective and data-driven evaluation. This process ensures that the strategic relevance of each 
maintenance potential is reflected in the final assessment. Additionally, a sensitivity analysis is 
performed to evaluate the robustness and flexibility of the model under varying conditions. 

Following this, the first step of the quantitative analysis, according to Figure 2, is the evaluation 
of maintenance maturity potentials (P1–P5). In this first stage of the quantitative analysis, the primary 
goal is to assess the maturity of the maintenance system using a fuzzy aggregation approach.  

The fuzzy logic approach is adopted to quantify the maturity of each potential by incorporating 
expert knowledge and subjective evaluations. This allows for a more nuanced and flexible 
interpretation of the variables involved instead of a strict binary assessment. The fuzzy membership 
functions and linguistic terms used in this analysis enable the translation of expert assessments into 
quantitative scores, providing a comprehensive view of the system’s maturity level. 

For each potential, linguistic terms are defined for the overall potential (e.g., Reliability, 
Availability) and the individual input indicators (e.g., MTBF, Failure Rate for P1). These terms 
represent different maturity levels, ranging from Very Low (VL) to Very High (VH), and are mapped 
to fuzzy membership functions. The choice of fuzzy sets reflects expert judgment on the importance 
and behavior of the respective indicators within the maintenance system. Tables 5-6 present the 
linguistic terms and fuzzy membership functions for the first potential P1: Reliability, Availability, 
and its associated input variables. The assessments of potentials P2-P5 and their input variables are 
given in Appendix 2. The defined values are based on expert evaluations and theoretical foundations, 
aiming to reflect real-world scenarios in the maintenance of complex systems. The fuzzy membership 
functions for the input variables provide a way to quantify the system’s maturity for each potential. 

Table 5. Linguistic variables for inputs for the first potential P1: Reliability, Availability. 

MTBF (Mean Time Between Failures) 
Linguistic 

Term 
Description Range of fuzzy 

membership function 
Very Low 

(VL) 
MTBF is extremely short, and the system fails very often. This means 

the system is highly unreliable and has frequent breakdowns, 
leading to operational interruptions. 

[0, 0, 50, 100] 

Low (L) MTBF is below average, and the system experiences failures more 
frequently. This may result in decreased performance and increased 

downtime. 

[0, 50, 100, 200] 

Medium 
(M) 

MTBF is average, and failures occur at a manageable rate. The 
system operates with an acceptable level of reliability, with periodic 

but manageable interruptions. 

[50, 100, 200, 300] 

High (H) MTBF is above average, and failures are rare. The system is 
considered reliable, with few breakdowns or interruptions, 

contributing to stable operations. 

[100, 200, 300, 400] 

Very High 
(VH) 

MTBF is very long, and the system experiences very few failures. 
The system is extremely reliable, with prolonged uptime and 

minimal disruptions to operations. 

[200, 300, 500, 500] 

Failure rate 
Linguistic 

Term 
Description Range of fuzzy 

membership function 
Very High 

(VH) 
The failure rate is extremely high, meaning the system is unreliable 

and often fails. A high failure rate leads to continuous disruptions in 
operations, poor system performance, and frequent maintenance. 

[0.8, 1.0, 1.0, 1.0] 

High (H) The failure rate is above average, and the system fails frequently. 
The system experiences noticeable performance issues due to the 

relatively high number of breakdowns and disruptions. 

[0.6, 0.7, 0.8, 1.0] 

Medium 
(M) 

The failure rate is moderate, and the system performance is average. 
While there are occasional failures, they do not significantly disrupt 

[0.4, 0.5, 0.6, 0.7] 
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the system. The overall reliability is acceptable, but there may still be 
room for improvement. 

Low (L) The failure rate is below average, and the system is relatively 
reliable. The system experiences few failures, and its performance 

remains stable, with only rare interruptions. 

[0.2, 0.3, 0.4, 0.5] 

Very Low 
(VL) 

The failure rate is minimal, and the system is extremely reliable. The 
system operates with few failures, ensuring consistent performance 

and limited downtime. 

[0, 0, 0.2, 0.3] 

Table 6. Linguistic variables for the first potential P1: Reliability, Availability. 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Very Low 
(VL) 

The system exhibits poor reliability and availability. The system 
frequently experiences failures and downtime, making it unreliable 

and unavailable most of the time. 

[0, 0, 0.2, 0.4] 

Low (L) The system shows below-average reliability and availability. The 
system experiences frequent failures and extended downtime, 

affecting its overall performance. 

[0, 0.2, 0.4, 0.6] 

Medium 
(M) 

The system has moderate reliability and availability. Failures and 
downtime are manageable and may occur occasionally, but the 

system performs adequately overall. 

[0.2, 0.4, 0.6, 0.8] 

High (H) The system is mostly reliable and available with occasional issues. 
The system experiences rare failures and minimal downtime and 

generally meets performance expectations. 

[0.4, 0.6, 0.8, 1.0] 

Very High 
(VH) 

The system is highly reliable and available with minimal issues. The 
system rarely experiences failures, and downtime is extremely low, 

ensuring optimal performance. 

[0.6, 0.8, 1.0, 1.0] 

The selection of linguistic variables and corresponding fuzzy membership functions for P1: 
Reliability, Availability is based on the need to reflect varying levels of system performance clearly 
and intuitively. The linguistic terms (from Very Low to Very High) cover the full spectrum of system 
reliability and availability, from poor performance with frequent failures to exceptional performance 
with minimal disruptions. These terms were selected to represent the common states of system 
operation, from extremely unreliable systems to highly dependable ones. The fuzzy membership 
functions were defined to model gradual transitions between these levels, acknowledging the 
inherent uncertainty and imprecision in real-world system performance. This allows the model to 
capture the complexity of system behavior more flexibly and accurately, enabling a more detailed 
quantitative analysis of reliability and availability. In addition, by utilizing trapezoidal fuzzy sets, 
the system’s performance can be assessed with a smooth progression between the different levels, 
accommodating continuous and discrete variations in reliability and availability. This approach 
provides a comprehensive basis for evaluating P1: Reliability, Availability in the broader context of 
maintenance maturity analysis. 

Once we have defined the linguistic variables for the Maintenance Maturity potentials, we must 
evaluate the system’s maturity across three key dimensions: System Dependability, System 
Adaptability, and System Sustainability. These dimensions are integral to understanding the overall 
performance and resilience of a system, especially in complex, dynamic environments (according to 
Figure 1 and Figure 2). Each of these dimensions, as MMPs, is assessed using fuzzy logic-based 
linguistic variables, which help in quantifying the system’s behavior and maturity level. The 
linguistic variables for each dimension are defined by three categories: Low, Medium, and High, 
allowing for a nuanced assessment of the system’s capabilities. This approach provides a holistic 
evaluation, considering the system’s reliability, adaptability to change, and environmental 
sustainability. The descriptions for linguistic variables are given in Tables 7-9. In addition, to evaluate 
the defined three dimensions, we need to include two additional input variables: Technology 
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adaptability and Resource efficiency. Indeed, these linguistic variables are also defined in Appendix 
2.  

Table 7. Linguistic variables for the first dimension: System Dependability. 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Low (L) The system is highly unreliable, with frequent failures and 
significant downtime. Low performance in reliability (P1), safety 

(P2), and resilience (P3) leads to a high risk of operational 
disruptions, poor recovery from failures, and frequent safety 

incidents. 

[0, 0, 0.2, 0.4] 

Medium 
(M) 

The system is moderately dependable. There are occasional failures 
and some downtime, but recovery is generally fast. The system has 

reasonable reliability, safety measures, and resilience, with a 
moderate risk of disruptions. 

[0.3, 0.45, 0.6, 0.75] 

High (H) The system is highly dependable, with minimal downtime and 
failures. Reliability (P1), safety (P2), and resilience (P3) are well-

optimized, resulting in smooth operations with rare interruptions or 
safety incidents. 

[0.6, 0.8, 1, 1] 

Table 8. Linguistic variables for the second dimension: System Adaptability. 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Low (L) The system is not very adaptable, showing resistance to change. It 
struggles to respond to shifting conditions and is slow to adjust to 

new requirements, as reflected by low agility (P4). Changes in 
operational or market demands lead to delays and inefficiencies. 

[0, 0, 0.3, 0.5] 

Medium 
(M) 

The system can moderately adapt to changes. Agility (P4) is 
acceptable, allowing adjustments that take time and resources. 

While change is manageable but not always seamless, improvements 
are still possible. 

[0.4, 0.5, 0.6, 0.8] 

High (H) The system is highly adaptable and can quickly and efficiently 
respond to changes. It demonstrates strong agility (P4), allowing it 
to adjust swiftly to new requirements or external changes, ensuring 

minimal disruption and continuous improvement. 

[0.7, 0.85, 1, 1] 

Table 9. Linguistic variables for the last dimension: System Sustainability. 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Low (L) The system has a significant environmental impact. Resource 
efficiency (P5) is low, resulting in high energy consumption, waste 

production, and carbon emissions. This leads to sustainability 
concerns and long-term operational inefficiencies. 

[0, 0, 0.25, 0.5] 

Medium 
(M) 

The system demonstrates moderate sustainability. Resource 
efficiency (P5) is acceptable, with some efforts made to minimize 

environmental impact. However, there is room for improvement in 
reducing the carbon footprint and optimizing resource usage. 

[0.4, 0.5, 0.7, 0.85] 

High (H) The system is highly sustainable, with excellent resource efficiency 
(P5), low environmental impact, and minimal waste and emissions. 

It contributes to long-term environmental and operational 
sustainability with reduced operational costs and ecological 

footprint. 

[0.75, 0.9, 1, 1] 
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To comprehensively assess the maintenance system’s development, it is crucial to determine the 
System Maintenance Maturity Level (MML). The MML integrates the evaluations of System 
Dependability (derived from P1, P2, and P3), System Adaptability (derived from P4), and System 
Sustainability (derived from P5). The maturity levels are expressed through five linguistic variables: 
Initial (L1), Managed (L2), Standardized (L3), Predictable (L4), and Innovating (L5). System 
Dependability predominantly determines lower maturity levels. Achieving higher maturity levels 
(L3 and above) requires additionally demonstrating adequate System Adaptability and System 
Sustainability. The final maturity level is determined through fuzzy inference based on the 
aggregated evaluation of the potentials, with defuzzification allowing the assignment of a specific 
crisp maturity level. The linguistic scale for MML is given in Table 10.  

The assignment of a maintenance maturity level is based on the following considerations: 
• At a basic level, L1 and L2 levels emphasize the presence or absence of System Dependability 

features (reliability, safety, resilience). 
• L3 is reached when Dependability is standardized, and Adaptability begins to emerge 

systematically. 
• L4 requires high Dependability complemented by proactive Adaptability and evolving 

Sustainability. 
• L5 demands excellent performance across all three dimensions, where innovation and 

continuous improvement are embedded into maintenance practices. 
The maturity level can be determined reliably by applying fuzzy set theory and defuzzification 

techniques, reflecting gradual transitions and uncertainty in expert assessments. 

Table 10. Linguistic variables for the System Maintenance Maturity. 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

L1 - Initial The system operates reactively. Failures and safety incidents are 
logged inconsistently. Recovery and change responses are slow 

and uncoordinated. Sustainability is virtually absent. Maintenance 
processes are largely corrective with minimal structure. 

[0.0, 0.0, 0.1, 0.2] 

L2 - 
Managed 

Maintenance activities and reliability measures are partially 
formalized. Some safety and recovery procedures exist, but 

inconsistencies remain. Minor adaptability measures and limited 
sustainability initiatives are observable. Maintenance still reacts 

primarily to problems but with an improving organization. 

[0.1, 0.2, 0.3, 0.4] 

L3 - 
Standardized 

Preventive maintenance, standardized safety procedures, and 
structured recovery plans are applied consistently. Early stages of 
system adaptability and sustainability are integrated. Maintenance 

processes are standardized across units and processes. 

[0.3, 0.4, 0.5, 0.6] 

L4 - 
Predictable 

Predictive maintenance practices, proactive safety management, 
optimized recovery strategies, and dynamic change adaptation are 

evident. Sustainability metrics are systematically monitored and 
improved. Maintenance is becoming predictive and data-driven. 

[0.5, 0.6, 0.7, 0.8] 

L5 - 
Innovating 

Maintenance is fully strategic and innovation-driven. Advanced 
technologies (AI, real-time analytics) continuously optimize 

reliability, safety, adaptability, and sustainability. The 
organization demonstrates self-optimizing, highly resilient, and 
sustainable maintenance practices aligned with long-term goals. 

[0.7, 0.8, 1.0, 1.0] 

Following the adopted methodology, the authors analyze whether the evaluated company, 
focusing on reliability, safety, resilience, adaptability, and sustainability issues, achieves the defined 
maintenance maturity potentials. This approach enables a comprehensive evaluation of the system’s 
current state and offers guidance for further development within a resilience- and sustainability-
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oriented maintenance strategy. A fuzzy rule-based maintenance maturity estimation method was 
also implemented using the Fuzzy Logic Toolbox of MATLAB version R2020a. 

First, a quantitative expert-based assessment was performed. For each maintenance maturity 
potential (P1–P5), experts provided real operational data related to system performance and 
estimated the input data for the proposed model based on it. Table 11 summarizes the input 
parameters collected for the five analyzed potentials. 

Although the fuzzy rule base in this study was constructed primarily using expert knowledge, 
several steps were taken to minimize subjective bias. The rules and weights were developed 
collaboratively by a multidisciplinary expert panel (maintenance, production, and safety engineers). 
Individual inputs were aggregated through the arithmetic mean operator, followed by iterative 
validation sessions to ensure consistency and convergence. This approach reflects the real-world 
industrial context, where historical data are often incomplete or heterogeneous. Nevertheless, future 
extensions of the IMMM may combine expert judgment with data-driven learning techniques, 
allowing adaptive calibration of fuzzy membership functions and rule weights based on empirical 
maintenance records or IoT sensor data. 

Table 11. Input parameters for maintenance maturity potentials based on expert data . 

Potential  Input 1 Input 2 
Definition Value Definition Value 

P1: Reliability, 
Availability 

Mean Time Between Failures High  Failure Rate Low  

P2: Safety, Security Number of safety events Low  Safety Compliance 
Rate 

High 

P3: Resilience, Recovery MTTR (Mean Time To 
Recovery) 

Medium Downtime After 
Failure  

Medium  

P4: Flexibility, Agility Response Time to Changes Medium Maintenance Agility 
Index  

Medium 

P5: Environmental 
impact 

Carbon emissions from 
maintenance activities 

Low Resource Efficiency 
Index 

High 

Each potential was assessed based on specific technical indicators, ensuring objectivity and 
reflecting the real operational conditions of the company’s maintenance system. Based on the 
consensus from expert inputs, the following normalized weights were assigned to the maintenance 
maturity potentials (Table 4).  

In the next step, the proposed fuzzy model was implemented. The collected quantitative data 
were fuzzified by mapping numerical values onto predefined fuzzy linguistic terms. This 
transformation used trapezoidal membership functions (Tables 5, 6, and Appendix 2), as Figure 6 
illustrates for the first maintenance potential. 

The fuzzified values were processed using a fuzzy inference system (FIS). A set of IF-THEN rules 
was formulated based on expert knowledge, linking the input conditions to the corresponding 
evaluation of each maintenance maturity potential (for each potential 25 rules). For example: 

Rule 1: 
IF MTBF is Very High AND Failure Rate is Very Low, THEN Reliability and Availability potential is 

High. 
Similar fuzzy rules were developed for P2–P5 potentials. As a result, Table 12 summarizes the 

evaluated Maintenance maturity potentials.  
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Table 12. Evaluated maintenance potentials for the case company. 

Potential Fuzzified 
Evaluation 

Score 

P1: Reliability, Availability High 0.847 
P2: Safety, Security Medium 0.645 

P3: Resilience, Recovery Medium 0.723 
P4: Flexibility, Agility Medium 0.743 

P5: Environmental impact Medium 0.689 

 

 

 

Figure 6. Membership functions for input parameters and output of the P1: Reliability, Availability potential. 

The next step is to estimate the system’s maturity dimensions. The approach is similar and also 
based on fuzzy logic (Figure 1 and 2).  

The fuzzified values were processed using a fuzzy inference system (FIS) as in the first step. A 
set of IF–THEN rules was formulated based on expert knowledge, linking the input conditions to the 
corresponding evaluation of the maintenance dimension (125 rules for the System dependability 
dimension). For example: 

Rule 1: 
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IF P1: Reliability, Availability is Very low AND P2: Safety, Security is Very low AND P3: Resilience, 
Recovery is Very Low, THEN System dependability is Very low.  

The results for the given case company (based on the estimations given in Table 12) determine 
the level of System dependability at 0.6875 value Medium level).  

The final stage in our model is the determination of System Maintenance Maturity. Similar to 
the previous stages, this is based on the Mamdani-type Fuzzy Inference System (FIS). By 
incorporating three key input variables - System Dependability (SD), System Adaptability (SA), and 
System Sustainability (SS) - we assess the overall maintenance maturity for the case company 
(following Figure 6). The inputs are categorized into three fuzzy levels: Low (L), Medium (M), and 
High (H), and the output, System Maintenance Maturity, is derived using fuzzy logic rules to capture 
the complex relationships between the inputs and their impact on maintenance maturity. Indeed, 
there will be 27 rules in total for the fuzzy inference system based on the given inputs and output. 
For example: 

Rule 1: 
IF System Dependability is Low AND System Adaptability is Low AND System Sustainability is Low, 

THEN System Maintenance Maturity is L1 - Initial.  
The linguistic variables of inputs and output parameters are defined in Tables 7-10. Following 

this, the integrated Maintenance Maturity level for the case company is 0.544. Figure 7 presents the 
adopted rules in the used Matlab software for the chosen maintenance maturity level assessment 

 

Figure 7. Sample rule base for Integrated Maintenance Maturity level assessment. 

4.3. Integrated Maintenance Maturity Level Assessment with Strategic Recommendations Definition 

The integrated Maintenance Maturity Level of 0.544 places the organization at the transition 
between Level 3 (Standardized) and Level 4 (Predictable). This result indicates that while the 
company has already implemented consistent and formalized maintenance processes, it is now 
entering a more advanced stage characterized by data-driven, proactive strategies aimed at 
minimizing unplanned downtime and optimizing performance. 

Once the Integrated Maintenance Maturity level has been assessed using the weighted fuzzy 
evaluation model, the next step is to define targeted improvement strategies to support progression 
toward higher maturity levels – especially Levels 4 and 5, which reflect advanced, resilient, and 
sustainable maintenance practices. 

Improvement actions should be prioritized according to three key criteria: 
• areas with the lowest maturity scores, 
• potentials of strategic relevance (e.g., safety, dependability, sustainability), and 
• organizational availability in terms of resources, infrastructure, and change management 

capacity. 
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To support this process, a set of exemplary recommendations is proposed for each maturity 
potential (e.g., dependability, adaptability, sustainability, digitalization), considering organizational 
context, desired maturity level, and resource capabilities. These recommendations serve as a 
structured guide to help organizations select and implement the most impactful improvement 
pathways. The table below presents strategic recommendations categorized by maturity potential 
and refined by contextual factors.  

Table 13. Proposed exemplary recommendations for overall maintenance maturity level improvement. 

Maturity 
Dimension 

Possible recommendations Organizational 
Context 

Maturity 
Ambition 

Resource 
Capabilities 

Dependability 

Implement condition-based 
and predictive maintenance 

(CBM/PM) 

Industrial systems 
with high failure 

impact 

Level 3 → 4 or 4 
→ 5 

Medium to 
High (IoT, 

sensors 
required) 

Apply FMEA, bow-tie, or 
fault tree analyses for 

critical assets 

Regulated/high-risk 
industries (e.g., 
mining, energy) 

Level 2 → 3 Medium 

Enhance root cause analysis 
(RCA) and incident 

reporting culture 

Organizations with 
repeated failures or 

poor diagnostics 

Level 2 → 4 Low to 
Medium 

Introduce maintenance 
standardization across 

departments 

Multi-site 
organizations or siloed 

structures 

Level 3 → 4 Medium 

Adaptability 

Develop and test business 
continuity and emergency 

maintenance plans 

Dynamic 
environments or 
service-critical 

operations 

Level 2 → 3 or 3 
→ 4 

Medium 

Implement flexible 
scheduling and resource 

sharing (e.g., modular 
shifts) 

Environments with 
fluctuating workloads 

Level 3 → 5 Low to 
Medium 

Introduce cross-functional 
training programs for 

maintenance staff 

Organizations seeking 
workforce agility 

Level 2 → 4 Low 

Integrate real-time decision 
support systems (e.g., 

digital twins) 

Digitally advanced or 
innovation-driven 

firms 

Level 4 → 5 High 

Sustainability 

Track and reduce energy 
and material use in 
maintenance tasks 

Organizations with 
high ESG exposure or 

energy-intensive assets 

Level 3 → 4 Medium 

Implement 
remanufacturing, reuse, and 

recycling programs 

Circular economy-
aligned organizations 

Level 2 → 4 Medium 

Align with ISO 14001, GRI, 
or ESG frameworks in 
maintenance reporting 

Companies under ESG 
(Environmental, 

Social, and 
Governance) scrutiny 
or with sustainability 

KPIs 

Level 3 → 5 Medium to 
High 

Introduce green 
maintenance practices (e.g., 
biodegradable lubricants, 

eco-spares) 

Organizations in 
environmentally 
sensitive sectors 

Level 2 → 3 Low to 
Medium 
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Promote employee well-
being and safety through 

ergonomic and psychosocial 
risk programs 

Labor-intensive or 
high-risk maintenance 

environments 

Level 2 → 4 Medium 

Optimize cost-effectiveness 
of maintenance through life-
cycle cost analysis and lean 

practices 

Organizations with 
cost pressures or 
seeking efficiency 

Level 3 → 5 Medium 

Digitalization 
Pathways 

Implement CMMS or EAM 
(Enterprise Asset 

Management) systems to 
support data-driven 

decision-making 

Any context aiming for 
structured 

maintenance 

Level 2 → 3 Medium 

Use IoT for real-time 
condition monitoring 

Asset-intensive 
industries with high 

downtime costs 

Level 3 → 5 Medium to 
High 

Adopt AI/ML tools for 
failure prediction and 

diagnostics 

Innovation-driven or 
research-intensive 

organizations 

Level 4 → 5 High 

5. Results and Discussion  

The presented case study enables the analysis of how the developed fuzzy-based evaluation 
method can be applied to assess the maintenance maturity level within an organization. This 
approach incorporates linguistic expert knowledge and engineering judgment, providing a more 
realistic and granular assessment of the System’s Maintenance maturity compared to rigid, 
deterministic models (e.g., those based on checklists or binary scores). The complete results of the 
fuzzy inference system (FIS) for maintenance maturity assessment are shown in Figures 8 and 9.  

These 3D plots present the resultant values of maintenance maturity parameters, particularly 
focusing on the relationships between System Dependability, System Adaptability, and Maintenance 
Maturity. In contrast to models based on rigid, deterministic assessments that provide only discrete 
results (e.g., 3.0 or 4.0), these 3D plots visually demonstrate the fundamental methodological 
advantage of the IMMM. The surfaces show how complex, nuanced changes in input variables 
(Dependability, Adaptability, Sustainability) translate into a highly precise, continuous maturity 
score. This fine-grained accuracy, unattainable in traditional maturity frameworks, is critical for 
managers to accurately track incremental improvements and justify investments.  

In the first plot (Figure 8), System Dependability and System Sustainability are compared with 
the overall maintenance maturity level. The plot illustrates that higher levels of dependability and 
sustainability correlate with higher maturity scores. The dark blue regions of the plot represent low 
maintenance maturity levels, typically resulting from insufficient system reliability or sustainability 
practices. The yellow regions, indicating high maturity levels, show the ideal scenario where both 
dependability and sustainability are well-integrated into the maintenance processes. 
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Figure 8. Surface view of the proposed fuzzy inference system: System Dependability/System Sustainability vs. 
Maintenance Maturity. 

 

Figure 9. Surface view of the proposed fuzzy inference system: System Adaptability/System Dependability vs. 
Maintenance Maturity. 

In the second plot (Figure 9), the relationship between System Adaptability and System 
Dependability with Maintenance Maturity is depicted. This plot reveals that higher adaptability 
combined with strong dependability leads to an increase in overall maturity. The low maturity zones 
in this plot are associated with limited system flexibility and slow response times, leading to lower 
adaptability in maintenance operations. Conversely, the high maturity regions reflect a mature 
organization with adaptable systems that are also dependable, demonstrating proactive approaches 
to operational challenges. 

These plots provide a quantified basis for decision-making regarding the progression of 
maintenance maturity. They enable managers to observe how various dimensions (dependability, 
adaptability, sustainability) interact with maintenance practices, thus facilitating the identification of 
areas that require improvement. The plots also help prioritize actions for enhancing the maturity 
levels in the most critical areas, such as improving system adaptability or enhancing dependability 
and sustainability through targeted strategies. 

In addition, the inclusion of Technology Adoption Capability and Energy-Aware Maintenance 
Level proved particularly relevant in the analyzed case study. The fuzzy evaluation indicated that 
limited technological adaptability constrained the organization’s ability to achieve higher maturity 
levels in the adaptability dimension. Conversely, the relatively strong energy-awareness 
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performance enhanced the sustainability dimension, highlighting how digital readiness and energy-
conscious practices jointly shape the overall maturity profile. These findings confirm that the two 
new parameters enrich the diagnostic capability of the IMMM, linking maintenance maturity more 
explicitly with the principles of Industry 5.0 and sustainable operational management. 

For the case organization, the overall calculated maintenance maturity level is approximately 
0.544 (L3/L4). This precise, non-integer score (a key output advantage of the fuzzy methodology) 
places the organization between Level 3 (Standardized) and Level 4 (Predictable). This result 
indicates that while the organization has formalized and standardized many of its maintenance 
processes, there is still significant room for improvement, particularly in areas related to adaptability, 
dependability, and sustainability. 

5.1. IMMM Integration Roadmap and Enterprise System Alignment 

Based on the obtained maturity profile, the IMMM results can also serve as an implementation 
roadmap for gradual digital integration. The proposed roadmap includes three progressive stages 
that guide the practical embedding of IMMM into enterprise systems: 
• Phase 1 – Assessment and Configuration: fuzzy inputs and rule bases are defined using available 

CMMS or ERP maintenance data together with expert evaluations. This step enables the 
identification of maturity gaps and the establishment of baseline indicators. 

• Phase 2 – Integration: IMMM outputs are connected to existing enterprise dashboards or digital 
twins, enabling real-time visualization of maturity indicators alongside performance metrics 
such as downtime, MTBF, and energy use. Integration can be achieved using standard data 
protocols (e.g., OPC UA, ISO 13374). 

• Phase 3 – Continuous Monitoring and Learning: the IMMM is linked to IoT-enabled monitoring 
systems that update fuzzy inputs dynamically as new operational data become available. This 
phase supports adaptive maintenance management and continuous improvement under 
uncertainty. 
This roadmap ensures that the IMMM is not limited to a one-time diagnostic tool but can evolve 

into a continuously learning system integrated with the organization’s digital maintenance 
infrastructure. Such integration facilitates proactive decision-making and supports the transition 
toward data-driven, resilient, and sustainable maintenance systems aligned with Industry 5.0 
principles. 

The next important issue is the possibility of integration with IoT platforms. The IMMM can be 
integrated with existing Computerized Maintenance Management Systems (CMMS) and IoT-based 
monitoring platforms to enable continuous maturity tracking and data-driven decision-making. 
From a technical perspective, integration requires ensuring interoperability between the IMMM’s 
fuzzy inference engine and enterprise systems through standardized data protocols such as OPC UA, 
ISO 13374, or RESTful APIs. These standards enable secure and consistent data exchange between 
sensors, condition-monitoring systems, and the IMMM framework. 

Real-time maturity monitoring could be achieved by automatically updating fuzzy inputs (e.g., 
system dependability, adaptability, or sustainability indicators) as new sensor or event data are 
collected. This allows maintenance managers to visualize maturity evolution in real time and link it 
to operational performance indicators (e.g., MTBF, downtime, or energy use). 

However, several technical and organizational barriers must be addressed before full integration 
can be achieved. Technically, heterogeneous data formats, legacy systems, and limited automation 
readiness often hinder smooth interoperability. On the organizational side, challenges include 
limited digital literacy among maintenance staff, low data quality assurance, and cultural resistance 
to adopting automated decision-support tools. 

Overcoming these barriers requires phased digital transformation, supported by employee 
training, data governance frameworks, and clear change management policies.  

To further enhance practical applicability, the integration roadmap can be operationalized 
through a modular implementation approach. In the first stage, the IMMM fuzzy inference engine 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 October 2025 doi:10.20944/preprints202510.0688.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0688.v1
http://creativecommons.org/licenses/by/4.0/


 36 of 50 

 

can be deployed as an independent decision-support layer connected to CMMS databases through 
APIs, allowing the automatic extraction of maintenance indicators such as MTTR, MTBF, and energy 
usage. In the second stage, real-time data streams from IoT sensors or condition monitoring systems 
can feed directly into the fuzzy inference module, updating maturity indicators dynamically. Finally, 
coupling the IMMM with a digital twin of the maintenance system would enable scenario-based 
simulation and predictive analysis of maturity evolution under various operational or environmental 
conditions. 

Organizationally, such integration requires establishing data governance protocols, defining 
clear ownership of maturity indicators, and developing competence in data-driven maintenance 
decision-making. Pilot implementation within selected production lines can serve as a testbed for 
refining the interoperability architecture and assessing user acceptance. These steps would transform 
the IMMM from a diagnostic framework into an interactive, continuously learning system supporting 
adaptive maintenance management. 

In this context, the IMMM can serve not only as an analytical tool but also as a strategic enabler 
of digital maturity, supporting the alignment of maintenance practices with Industry 5.0 principles 
of human–machine collaboration, sustainability, and resilience. 

5.2. Generalizability and Cross-Sectoral Applicability 

The findings from the case study, while derived from a large organization in the automotive 
sector, are not inherently industry-specific. Generalizability is ensured by focusing on maintenance 
potentials (P1–P5) that represent universal organizational capabilities rather than specific technical 
processes. 

1. Universal Potentials: The five potentials (Reliability, Safety, Resilience, Flexibility, 
Sustainability) are strategic, top-level objectives essential to any asset-intensive industry (e.g., Energy, 
Logistics, Mining, and Manufacturing). For example, Resilience (P3) is equally critical for a power 
plant facing grid instability as it is for an automotive plant facing supply chain shocks. 

2. Flexible Implementation: The IMMM is agnostic to the underlying technical metrics (KPIs) 
used for data input. While a pharmaceutical plant might prioritize regulatory compliance data 
(feeding P2 and P5), a mining operation might prioritize machine utilization and hazard reporting 
(feeding P1 and P2). The fuzzy inference engine remains valid as long as the inputs accurately map 
to the linguistic variables (Low, Medium, High), regardless of the input data source (CMMS, MES, or 
expert opinion). 

Therefore, the IMMM serves as a cross-sectoral strategic diagnostic tool. Its results provide 
insights into how an organization manages uncertainty and sustainability, which are universally 
applicable concerns in modern industrial systems, making the model valuable beyond the direct 
context of the case study. 

5.3. Model Scalability and Scaling Challenges 

The scalability of the IMMM has been checked and is inherently supported by the Fuzzy Logic 
methodology, allowing it to be effectively applied across companies of vastly different sizes and data 
maturity levels. 

Scaling Down (Application in SMEs/Less Data-Rich Environments): 
• Mechanism: When scaling down, the model relies on its core strength: expert-driven linguistic 

input. This flexibility directly addresses the problem of data scarcity, making the model highly 
practical for SMEs. 

• Potential Problem: The main challenge when scaling down is the subjectivity bias of expert input. 
If the maintenance manager’s judgment is overly optimistic or lacks critical objectivity, the 
maturity score may be inflated. 

• Mitigation: This is mitigated by the structured multidimensionality of the IMMM and its clear 
rule base, which forces experts to assess distinct potentials based on defined criteria, increasing 
accountability and transparency compared to single-dimensional checklist models. 
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Scaling Up (Application in Large, Data-Rich Corporations): 
• Mechanism: When scaling up to large corporations (like the one in the case study), the model 

seamlessly integrates with Big Data streams from CMMS/EAM systems. Fuzzification simply 
becomes the process of converting complex, precise KPIs (e.g., MTBF = 450 hours) into the 
required linguistic variables (High). 

• Potential Problem: The primary challenge is computational complexity and system integration 
overhead. As the number of input variables and the size of the rule base grow (to account for 
increasing complexity at Maturity Levels 4 and 5), the computational load of the fuzzy inference 
system increases. 

• Mitigation: This is managed by implementing the IMMM fuzzy core as a dedicated, decoupled 
software layer (as detailed in Section 5.2) that operates independently from legacy ERP/CMMS 
systems, ensuring that performance bottlenecks are isolated and minimized. Furthermore, the 
hierarchical structure of the IMMM limits the exponential growth of the rule base by grouping 
lower-level indicators under five main potentials, ensuring computational efficiency. 

5.4. Prescriptive Findings and Strategic Guidance 

Based on the results of the fuzzy evaluation, several key insights were identified: 
• the organization has achieved a moderate level of dependability and sustainability, but its 

adaptability is somewhat lacking, suggesting that further work is needed in integrating adaptive 
systems and processes, 

• there is a need for more robust predictive maintenance strategies to ensure better forecasting of 
disruptions and to develop proactive measures to mitigate their impact, 

• the current maintenance practices could be enhanced by focusing more on sustainability and 
environmental impact, which could further increase the overall system resilience. 
As a result, we may define the recommendations for the investigated organization: 

• strengthen adaptability: implement systems that enhance the organization’s ability to adapt to 
changing conditions and disruptions. This could include improving response times to changes 
in operational conditions and investing in flexible maintenance processes, 

• focus on sustainability: integrate more sustainable practices into maintenance activities, such as 
reducing energy consumption, minimizing waste, and increasing resource efficiency, 

• develop predictive maintenance capabilities: enhance forecasting and predictive maintenance 
capabilities to improve readiness for potential failures and reduce unplanned downtime, 

• improve system dependability: further develop the organization’s maintenance practices to 
improve reliability and uptime. This can be achieved by enhancing preventive maintenance 
strategies and ensuring that spare parts and resources are available when needed. 
These recommendations should guide the organization toward higher maintenance maturity 

levels (L4 and L5), ensuring a more resilient, adaptable, and sustainable maintenance system in the 
future.  

Additionally, the following findings and recommendations are not generic advice, but are direct, 
prescriptive outputs of the fuzzy evaluation, which constitutes a key advantage of the IMMM over 
traditional, purely diagnostic models. 

6. Conclusions and Future Research Directions 

This study presents the fuzzy logic-based Integrated Maintenance Maturity Model, which 
combines resilience and sustainability principles to assess maintenance maturity. The model offers a 
structured, flexible framework that supports organizations in evaluating and enhancing their 
maintenance strategies across five key maturity potentials. The integration of fuzzy logic allows for 
the processing of expert judgment under uncertainty, providing a more nuanced and robust 
assessment than conventional binary or deterministic methods. The IMMM implementation 
roadmap proposed in this study supports gradual integration with enterprise maintenance systems 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 October 2025 doi:10.20944/preprints202510.0688.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0688.v1
http://creativecommons.org/licenses/by/4.0/


 38 of 50 

 

(CMMS, ERP, IoT) and enables real-time maturity monitoring as part of the digital transformation 
process toward Industry 5.0. 

The case study results demonstrate that the dual focus on resilience and sustainability 
significantly enhances maintenance decision-making, particularly under conditions of uncertainty or 
operational stress. Resilience-related indicators help identify vulnerabilities in response and recovery 
capacities, while sustainability criteria ensure that environmental, social, and economic dimensions 
are systematically addressed. This holistic approach enables more adaptive, responsible, and 
forward-looking maintenance practices. 

In contrast to traditional maturity models that emphasize linear growth in technical capabilities, 
the proposed model incorporates the strategic complexity of modern industrial environments. The 
inclusion of resilience and sustainability provides added value through long-term risk mitigation and 
resource optimization and aligns maintenance practices with broader organizational goals, such as 
ESG compliance and operational continuity. The fuzzy logic mechanism further enhances 
interpretability and flexibility, accommodating the imprecision inherent in expert-based assessments. 

From a strategic standpoint, the proposed IMM model guides organizations toward more 
proactive and balanced maintenance strategies. Recommendations are tailored to maturity level gaps 
across five key potentials and consider internal capacities and external challenges. The model 
encourages organizations to invest in predictive and condition-based maintenance, enhance 
employee competencies, and adopt circular economy practices, especially as they progress toward 
higher maturity levels. 

While the case study focused on a large, data-rich organization in the automotive sector, the 
scalability of the IMMM is one of its core strengths. For SMEs, the model can be tailored in two key 
ways: 
• indicator reduction: SMEs can initially prioritize the fundamental dimensions, such as P1: 

Reliability/Availability and P2: Safety/Compliance, while temporarily excluding advanced 
indicators related to complex Predictive Analytics (Level 4/5) until their underlying processes 
mature. The fuzzy structure remains functional even with a reduced set of critical inputs, 

• expert-driven data collection: in a data-scarce environment, all input variables can be sourced 
entirely from structured interviews with a limited number of subject matter experts (SMEs), 
rather than relying on automated data streams. This eliminates the heavy investment required 
for IoT sensors or full-scale CMMS implementation, providing a low-cost, high-value diagnostic 
tool for small businesses to start their maintenance improvement journey. 
Despite its strengths, the proposed model has limitations. One limitation of the present approach 

is its reliance on expert-based fuzzy rule construction, which may introduce subjectivity. However, 
the application of a multi-expert aggregation method and iterative consensus-building helped to 
mitigate potential bias. Future research should focus on hybridizing expert-based and data-driven 
inference, for example by integrating historical condition monitoring or CMMS data to validate and 
refine fuzzy rule structures. Indeed, future work will aim to validate and refine the IMMM using 
data-driven benchmarks. Combining expert-based fuzzy reasoning with machine learning–
supported parameter tuning (e.g., ANFIS, genetic algorithms, or Bayesian calibration) will reduce 
subjective bias and improve generalization. This hybrid approach would allow the IMMM to evolve 
into an adaptive decision-support system capable of continuous learning from historical maintenance 
and sensor data. 

Another issue is to automate these elements and validate the model across diverse industrial 
sectors. Empirical testing with broader datasets would further solidify its reliability and 
generalizability. Such hybridization would enhance the model’s reliability and replicability across 
different industrial contexts.  

Additionally, to validate the model’s inherent adaptability, future research will focus on a multi-
case study application of the IMMM within the SME sector. This will involve empirically testing the 
hypothesis that the Fuzzy Logic framework is a sufficiently robust and practical methodology for 
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assessing and improving maintenance maturity in data-scarce environments where reliance on expert 
knowledge outweighs the availability of Big Data analytics. 

From an implementation perspective, the integration of IMMM with CMMS, ERP, and IoT 
platforms is technically feasible but requires addressing several key challenges. Real-time maturity 
monitoring demands interoperability between heterogeneous data sources and the fuzzy inference 
engine, achievable through standardized data exchange formats such as OPC UA or ISO 13374. 
However, technical barriers, including legacy systems, inconsistent data quality, and limited 
automation readiness, may constrain seamless integration. Organizationally, adoption can be slowed 
by low digital literacy, inadequate data governance, and resistance to procedural changes. 
Overcoming these obstacles requires a phased digital transformation strategy supported by 
employee training, data standardization, and gradual automation. Addressing these barriers will 
enable IMMM to function as a core element of an intelligent maintenance ecosystem, providing 
continuous feedback and supporting human–machine collaboration consistent with Industry 5.0 
principles. 

In practical terms, the IMMM provides industries with a comprehensive tool to evaluate and 
evolve their maintenance functions in alignment with the demands of resilient and sustainable 
production systems. It fosters a shift from reactive maintenance practices toward strategic, 
knowledge-driven approaches that support operational excellence. 

 Future development of the model should therefore focus not only on hybridizing fuzzy and 
data-driven learning but also on deepening integration with digital enterprise systems. Such efforts 
will allow real-time data to dynamically inform maturity assessments, strengthen predictive 
capabilities, and improve responsiveness. As industries continue to digitalize, these developments 
will make maintenance systems smarter, more sustainable, and more resilient by design. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AHP  Analytic Hierarchy Process 
AI Artificial Intelligence 
AMMM Asset Maintenance Maturity Model 
ANFIS Adaptive Neuro-Fuzzy Inference Systems 
ANP Analytic Network Process 
API Application Programming Interface 
BWM the Best-Worst Method 
CBM Condition-based Maintenance 
CMMS Computerized Maintenance Management System 
CSR Corporate Social Responsibility 
DEMATEL DEcision-Making Trial and EVALuation Lab 
EAM Enterprise Asset Management 
EAML Energy-Aware Maintenance level 
ERP Enterprise Resource Planning 
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ESG Environmental, Social, and Governance 
FIS Fuzzy Interference System 
FMEA Failure Mode and Effect Analysis 
FMMR Fuzzy Maintenance Maturity Rating 
HMI Human-machine Interface 
IMMM Integrated Maintenance Maturity Model 
IoT Internet of Things 
IT Information Technology 
KPIs Key Performance Indicators 
LCA Life Cycle Assessment 
MAD Mean Absolute Deviation 
MES Manufacturing Execution System 
MFs Membership functions 
ML Machine Learning 
MMMs Maintenance Maturity Models 
M-SCOR Maintenance Supply Chain Operations Reference 
MTBF Mean Time Between Failures 
MTTR Mean Time To Recovery 
OPC UA Open Platform Communications Unified Architecture 
PCA Principal Component Analysis 
PM Preventive Maintenance 
PROMETHEE Preferences Ranking Organisation Method for Enrichment Evaluation 
RCA Root Cause Analysis 
RCM Reliability-Centered Maintenance 
RESTful REpresentational State Transfer 
RTO Recovery Time Objective 
SMEs Small and Medium Enterprises 
TAC Technology Adoption Capability 
TFNs Triangular Fuzzy Numbers 
TOPSIS Technique for Order Preference by Similarity to an Ideal Solution 
TPM Total Productive Maintenance 
TRIR Total Recordable Incident Rate 

Appendix A 

Appendix A.1 AHP-Based Prioritization of Measurement Indicators for P1: Reliability and Availability 

To enable a structured and objective selection of the most relevant measurement indicators for 
evaluating P1 – Reliability, Availability, the Analytic Hierarchy Process (AHP) was applied. This 
analysis aimed to prioritize the indicators based on their strategic relevance, feasibility of 
measurement, and impact on reliability-driven maintenance decisions. 

Step 1: Hierarchical Structure Definition 
The decision problem was decomposed into a hierarchical model with three levels (Figure 1A). 

 

Figure 1. A. Problem statement for AHP method. 
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Step 2: Pairwise Comparisons and Judgement Matrices 
Expert input was collected through a structured survey using Saaty’s fundamental scale (1–9). 

Below is the pairwise comparison matrix for the criteria: 

 C1 C2 C3 
C1 1 2 3 
C2 1/2 1 2 
C3 1/3 1/2 1 

Calculated criteria weights: 
• C1 (Strategic relevance): 0.54 
• C2 (Measurability): 0.29 
• C3 (Actionability): 0.17 

Pairwise comparison under C1 (Strategic relevance): 

 I1 I2 I3 
I1 1 2 3 
I2 1/2 1 2 
I3 1/3 1/2 1 

Local priorities under each criterion: 
• Under C1: I1: 0.54, I2: 0.29, I3: 0.17 
• Under C2: I1: 0.30, I2: 0.50, I3: 0.20 
• Under C3: I1: 0.40, I2: 0.30, I3: 0.30 
Step 3: Synthesis of Priorities 
Global priority scores: 
• I1 (MTBF): 0.4716 
• I2 (Failure rate): 0.3511 
• I3 (Uptime [%]): 0.1773 
Step 4: Consistency Check 
The consistency ratio (CR) was computed for each matrix and found below 0.10, indicating 

acceptable judgment consistency. 
Step 5: Result Interpretation 
The analysis reveals the following priority order: 
1. MTBF (Mean Time Between Failures) – most relevant indicator due to its strategic alignment 

and strong predictive capability in reliability assessment 
2. Failure rate – valuable for short-term monitoring and reactive decision-making 
3. Uptime [%] – useful as a general performance indicator but less actionable and specific for 

reliability engineering. 
The results guide the indicator selection for fuzzy modeling and future performance 

benchmarking in the P1 domain, ensuring that evaluation efforts are focused on the most impactful 
metrics. 

Appendix A.2. Linguistic Variables for Maintenance Maturity Potentials P2-P5 and Two Input Variables: 
Technology Adaptability and Resource Efficiency 

Appendix A.2.1. Linguistic Variables for P2: Safety, Security 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Very Low 
(VL) 

System exhibits poor safety and security performance. Frequent 
safety incidents and very low compliance with safety standards. 

[0, 0, 0.4, 0.6] 
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Low (L) System has below-average safety and security performance. 
Noticeable safety events occur, and compliance is insufficient. 

[0.4, 0.6, 0.7, 0.8] 

Medium 
(M) 

System shows moderate safety and security performance. Some 
incidents occur, but basic compliance is maintained. 

[0.6, 0.75, 0.85, 0.9] 

High (H) System is mostly safe and secure with rare events. Compliance is 
high, and safety culture is effective. 

[0.8, 0.9, 0.95, 0.98] 

Very High 
(VH) 

System achieves excellent safety and security. Virtually no 
incidents; compliance is near-perfect or perfect. 

[0.95, 0.98, 1.0, 1.0] 

Appendix A.2.2. Linguistic Variables for Inputs for the P2: Safety, Security 

Number of Safety Events 
Linguistic 

Term 
Description Range of fuzzy 

membership function 

Very High 
(VH) 

The number of safety events is extremely high. The system is 
unsafe, with frequent accidents, near misses, or violations, 

indicating severe safety management deficiencies. 
[20, 25, 30, 30] 

High (H) 
The number of safety events is above acceptable levels, 

suggesting elevated risk. There are recurring safety incidents, 
requiring urgent attention. 

[15, 18, 22, 26] 

Medium 
(M) 

A moderate number of events occur. Some incidents happen, but 
they are not severe or systemic. Safety practices are partially 

effective. 
[8, 12, 15, 18] 

Low (L) 
Few safety events occur. The system generally performs safely, 

with only minor, isolated cases. 
[3, 5, 8, 12] 

Very Low 
(VL) 

The number of safety events is negligible or zero. The system is 
highly safe, with proactive safety culture and strong incident 

prevention. 
[0, 0, 2, 4] 

Safety Compliance Rate (%) 
Linguistic 

Term 
Description Range of fuzzy 

membership function 

Very Low 
(VL) 

Compliance with safety standards is critically low (<40%). The 
system neglects essential safety protocols, and non-conformities 

are common. 
[0, 0, 30, 40] 

Low (L) 
The system meets some safety requirements but still shows 

significant gaps. Compliance is insufficient for safe operations. 
[30, 45, 55, 65] 

Medium 
(M) 

The system shows average compliance (~60–80%). Most safety 
regulations are followed, but occasional lapses or documentation 

issues persist. 
[60, 70, 80, 90] 

High (H) 
The system generally complies with safety rules (>80%), and 
audits confirm adherence, with only minor corrective actions 

needed. 
[80, 90, 95, 98] 

Very High 
(VH) 

Compliance is near perfect (≥95%). All safety protocols are well 
documented, implemented, and verified. Audits show full 

conformance. 
[95, 98, 100, 100] 

Appendix A.2.3. Linguistic Variables for P3: Resilience, Recovery 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Very Low 
(VL) 

System has extremely poor resilience and recovery capabilities. 
Failures cause prolonged downtime and critical disruptions. 

[0, 0, 0.2, 0.4] 

Low (L) System shows below-average resilience. Recovery after failure is 
slow and resource-intensive. 

[0.2, 0.4, 0.5, 0.6] 
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Medium (M) System demonstrates moderate resilience. Some failures cause 
moderate downtime, but recovery processes exist. 

[0.4, 0.5, 0.7, 0.8] 

High (H) System is resilient, with quick and effective recovery from 
failures. 

[0.6, 0.7, 0.85, 0.95] 

Very High 
(VH) 

System has excellent resilience. Failures have minimal impact, 
and recovery is almost immediate. 

[0.85, 0.95, 1.0, 1.0] 

Appendix A.2.4. Linguistic Variables for Inputs for the P3: Resilience, Recovery 

Mean Time to Recovery (MTTR) 
Linguistic 

Term 
Description Range of fuzzy 

membership 
function 

Very High 
(VH) 

Recovery is extremely slow. The system takes a very long 
time to resume operation after a failure, indicating poor 

recovery capacity and low resilience. 
[16, 20, 30, 30] 

High (H) 
Recovery is slow. Although the system eventually resumes 

operations, the delays are significant and impact 
availability. 

[10, 14, 18, 22] 

Medium (M) 
Recovery time is moderate. The system shows acceptable 

ability to bounce back, though there may be room for 
improvement. 

[5, 8, 12, 16] 

Low (L) 
Recovery is fast. The system resumes operation relatively 

quickly, minimizing downtime and maintaining 
workflow. 

[2, 4, 6, 10] 

Very Low 
(VL) 

Recovery is immediate or near-immediate. The system 
demonstrates excellent resilience and quick restoration of 

function. 
[0, 0, 2, 4] 

Downtime After Failure 
Linguistic 

Term 
Description Range of fuzzy 

membership 
function 

Very High 
(VH) 

The downtime after failure is very long, causing major 
disruptions. The system lacks robustness and flexibility to 

continue or quickly resume operations. 
[12, 16, 20, 24] 

High (H) 
Downtime is extended. Failures result in substantial 
operational delays and indicate inefficient recovery 

procedures. 
[8, 12, 16, 20] 

Medium (M) 
Downtime is moderate. Failures cause noticeable, but not 

critical, delays. System resilience is average. [4, 6, 10, 14] 

Low (L) 
Downtime is short. The system recovers efficiently, and 

the impact of failures is limited. [1, 2, 4, 6] 

Very Low 
(VL) 

Downtime is minimal or nonexistent. The system is highly 
resilient, with redundancy or quick recovery strategies that 

mitigate failure effects. 
[0, 0, 1, 2] 

Appendix A.2.5. Linguistic Variables for P4: Flexibility, Agility 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Very Low 
(VL) 

System is extremely rigid. It reacts very slowly or not at all to 
changes. Adaptation to new conditions is ineffective or absent, 

often leading to severe delays and inefficiencies. 
[0, 0, 0.2, 0.4] 
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Low (L) System shows low agility. Changes are possible but require 
significant effort and time. Reconfigurations are rarely seamless 

and often disrupt workflow. 
[0.2, 0.4, 0.5, 0.6] 

Medium 
(M) 

System has moderate flexibility. It can adapt to changes with a 
reasonable degree of effort. Adjustments are usually planned but 

not immediate. 
[0.4, 0.5, 0.7, 0.8] 

High (H) System is agile and responsive. It adjusts rapidly to new 
requirements, allowing reconfiguration with minimal delay and 

overhead. 
[0.6, 0.7, 0.85, 0.95] 

Very High 
(VH) 

System is extremely flexible and agile. It responds to changes 
immediately and effortlessly, maintaining continuity and 

performance even under dynamic conditions. 
[0.85, 0.95, 1.0, 1.0] 

Appendix A.2.6. Linguistic Variables for Inputs for the P4: Flexibility, Agility 

Response Time to Changes 
Linguistic 

Term 
Description Range of fuzzy 

membership function 

Very High 
(VH) 

The system reacts very slowly to changes. It may take weeks to 
adjust processes, technologies, or workforce. This indicates very 

low agility. 
[10, 15, 20, 25] 

High (H) 
Response to changes is slow. Adjustments require significant 

planning and time, which affects operational flexibility. 
[7, 10, 14, 18] 

Medium 
(M) 

The system adapts at a moderate speed. Response to change is 
adequate, but still leaves room for optimization. 

[3, 5, 8, 12] 

Low (L) 
The system reacts quickly to changes. Minor disruptions occur, 

but the organization adapts with relative ease. 
[1, 2, 4, 6] 

Very Low 
(VL) 

The system responds almost immediately. It is highly flexible and 
agile, with structures in place to absorb and implement changes 

quickly. 
[0, 0, 1, 2] 

Maintenance Agility Index 
Linguistic 

Term 
Description Range of fuzzy 

membership function 

Very High 
(VH) 

The system reacts very slowly to changes. It may take weeks to 
adjust processes, technologies, or workforce. This indicates very 

low agility. 
[10, 15, 20, 25] 

High (H) 
Response to changes is slow. Adjustments require significant 

planning and time, which affects operational flexibility. 
[7, 10, 14, 18] 

Medium 
(M) 

The system adapts at a moderate speed. Response to change is 
adequate, but still leaves room for optimization. 

[3, 5, 8, 12] 

Low (L) 
The system reacts quickly to changes. Minor disruptions occur, 

but the organization adapts with relative ease. 
[1, 2, 4, 6] 

Very Low 
(VL) 

The system responds almost immediately. It is highly flexible and 
agile, with structures in place to absorb and implement changes 

quickly. 
[0, 0, 1, 2] 

Appendix A.2.7. Linguistic Variables for P5: Environmental Impact 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Very Low 
(VL) 

The system operates with minimal environmental awareness. 
Emissions and waste are poorly managed, and no environmental 

goals are pursued. System lacks environmental control  

[0.0, 0.0, 0.2, 0.3] 
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Low (L) Some basic environmental controls exist, but performance 
remains below acceptable levels. Limited tracking of 

environmental indicators. 

[0.25, 0.35, 0.45, 0.55] 

Medium 
(M) 

Environmental performance is average. The system complies with 
basic standards, but lacks proactive strategies. 

[0.50, 0.60, 0.70, 0.78] 

High (H) The system demonstrates good environmental stewardship. 
Emissions and waste are actively monitored and reduced. 

[0.75, 0.82, 0.90, 0.95] 

Very High 
(VH) 

The system achieves excellent environmental performance. 
Operations are optimized for sustainability with near-zero 

environmental footprint. 

[0.90, 0.95, 1.00, 1.00] 

Appendix A.2.8. Linguistic Variables for Inputs for the P5: Environmental Impact 

Carbon Emissions from Maintenance Activities 
Linguistic 

Term 
Description Range of fuzzy 

membership function 
Very High 

(VH) 
Maintenance generates extremely high CO₂ emissions, indicating 

unsustainable practices and high environmental burden. 
[350, 400, 500, 600] 

High (H) 
Emissions are high, suggesting inefficient practices, frequent 

energy-intensive repairs, or lack of green planning. 
[250, 300, 400, 500] 

Medium (M) 
Emissions are at a moderate level. Some sustainable efforts are 

visible, but there’s room for optimization. 
[150, 200, 300, 400] 

Low (L) 
Maintenance activities are relatively efficient with low carbon 

impact due to optimized processes and energy-conscious actions. 
[50, 100, 150, 200] 

Very Low 
(VL) 

The system is extremely environmentally friendly. Emissions are 
minimal, indicating use of green technologies and preventive 

strategies. 
[0, 0, 50, 100] 

Resource Efficiency Index 
Linguistic 

Term 
Description Range of fuzzy 

membership function 
Very Low 

(VL) 
The system wastes significant resources. Processes are inefficient, 

leading to overuse of materials, energy, and time. 
[0.0, 0.0, 0.2, 0.3] 

Low (L) 
Some efficiency exists, but many processes still consume excess 

resources or produce waste. 
[0.2, 0.3, 0.4, 0.5] 

Medium (M) 
Resource use is moderate. The system makes some effort to 
optimize but lacks full integration of sustainable practices. 

[0.4, 0.5, 0.6, 0.7] 

High (H) 
The system uses resources effectively with minimal waste. It 

shows conscious management and lean operations. 
[0.6, 0.7, 0.8, 0.9] 

Very High 
(VH) 

Resource efficiency is excellent. Operations are highly optimized, 
eco-friendly, and sustainable. 

[0.8, 0.9, 1.0, 1.0] 

Appendix A.2.9. Linguistic Variables for Technology Adoption Capability 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Very Low 
(VL) 

System is extremely resistant to the adoption or integration of 
new technologies. Updates are rare, legacy systems dominate, 

and digital transformation is absent. 
[0, 0, 0.2, 0.4] 

Low (L) System has limited ability to adapt to technological change. New 
tools and solutions are adopted slowly and often with significant 

implementation issues. 
[0.2, 0.4, 0.5, 0.6] 

Medium (M) System shows moderate adaptability to new technologies. 
Adoption occurs gradually with some integration effort and 

moderate efficiency. 
[0.4, 0.5, 0.7, 0.8] 
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High (H) System effectively adopts and integrates new technologies. 
Transition processes are well-managed, and digital tools are used 

proficiently. 
[0.6, 0.7, 0.85, 0.95] 

Very High 
(VH) 

System is fully adaptive to new technologies. Innovations are 
rapidly absorbed, enabling cutting-edge performance and 

seamless digital evolution. 
[0.85, 0.95, 1.0, 1.0] 

Appendix A.2.10. Linguistic Variables for Energy-Aware Maintenance Level 

Linguistic 
Term 

Description Range of fuzzy 
membership function 

Very Low 
(VL) 

Energy awareness in maintenance is practically non-
existent. There is no energy-saving policy, no actions 

aimed at minimizing energy consumption. Old, energy-
intensive equipment is used, and maintenance schedules 

do not consider energy optimization. 

[0, 0, 0.1, 0.3] 

Low (L) The organization takes small steps toward energy savings 
in maintenance, but these efforts are sporadic and 
incomplete. Inefficient equipment may still be in 

operation, and maintenance schedules are only partially 
optimized. 

[0.1, 0.3, 0.4, 0.6] 

Medium (M) Maintenance activities demonstrate a moderate level of 
energy awareness. The organization plans maintenance in 

an energy-conscious manner, and some equipment and 
processes have been modernized to improve energy 

efficiency. Energy consumption is monitored, but 
significant improvements are still possible. 

[0.3, 0.5, 0.6, 0.8] 

High (H) The organization has a well-developed energy-saving 
policy within maintenance management. Modern, energy-
efficient technologies are applied. Maintenance schedules 
are well optimized, and energy consumption is regularly 

monitored and controlled. 

[0.6, 0.7, 0.8, 0.9] 

Very High 
(VH) 

The organization has a comprehensive energy-saving 
strategy, using state-of-the-art technologies and methods 

to minimize energy use. Energy-efficient equipment is 
employed, maintenance schedules are fully optimized, 

and regular energy consumption analyses are conducted, 
ensuring minimal environmental impact. 

[0.8, 0.9, 1.0, 1.0] 
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