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Industry 4.0, many industrial organisations continue to rely on preventive
maintenance programmes that are insufficiently structured, poorly prioritised and
weakly integrated with operational decision-making. This study proposes and
validates an integrated engineering framework for preventive maintenance redesign
that combines Lean maintenance principles, asset criticality analysis, Failure Mode
and Effects Analysis (FMEA), digital information management and Maintenance
4.0 concepts within an Action Research methodology. The research was conducted
in a food manufacturing company, where the existing preventive maintenance
system was systematically analysed, redesigned and implemented under real
industrial conditions. The proposed framework incorporated equipment criticality
assessment, maintenance standardisation, digital checklists, Computerised
Maintenance Management System (CMMS) optimisation and structured
maintenance planning to improve maintenance effectiveness while strengthening
information traceability and organisational learning. The industrial implementation
demonstrated that the integrated maintenance redesign significantly enhanced
maintenance planning, improved maintenance information management, increased
process standardisation and supported more efficient maintenance decision-
making. The findings further indicate that meaningful maintenance transformation
is achieved not through the isolated adoption of digital technologies, but through
their systematic integration with structured engineering methodologies and
continuous-improvement principles. The principal scientific contribution of this
work lies in demonstrating how established maintenance engineering
methodologies can be integrated into a unified Maintenance 4.0 framework
validated through Action Research in a real industrial environment. Beyond the
specific case study, the proposed framework provides a transferable engineering
methodology capable of supporting maintenance transformation across
manufacturing sectors seeking more intelligent, resilient and data-driven
maintenance systems.
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1. Introduction

Maintenance management has evolved from supporting operational activity into a strategic function that
directly influences industrial competitiveness, equipment availability, production efficiency and organisational
sustainability [1]. In modern manufacturing systems, where production increasingly depends on highly automated
and interconnected equipment, maintenance performance has become intrinsically linked to operational
excellence. Equipment failures no longer result solely in production interruptions; they also compromise product
quality, increase operational costs, reduce resource utilisation and affect the overall resilience of manufacturing
systems [1,2]. Consequently, maintenance is increasingly recognised as a value-generating activity whose
effectiveness directly influences both operational and business performance.

The evolution of industrial maintenance reflects the growing complexity of manufacturing systems. Early
maintenance practices were predominantly corrective, where interventions were performed only after equipment
failure had occurred. Although this approach minimised immediate maintenance effort, it resulted in unpredictable
downtime, unstable production schedules and elevated maintenance costs. The subsequent adoption of preventive
maintenance (PM) introduced scheduled interventions at predefined intervals to reduce failure probability and
improve equipment reliability [2,3]. More recently, condition-based and predictive maintenance strategies have
further extended this evolution by incorporating equipment condition, operational history and real-time monitoring
into maintenance planning, thereby overcoming many of the limitations associated with purely time-based
maintenance policies [2—10].

Despite these advances, preventive maintenance remains the dominant strategy in a considerable number of
industrial organisations. However, many preventive maintenance programmes continue to rely on historical
schedules that have evolved incrementally over time rather than through systematic engineering analysis.
Consequently, maintenance plans frequently become excessively conservative, operationally inefficient or poorly
aligned with the actual criticality and condition of industrial assets [3,4]. Such limitations often result in
unnecessary maintenance interventions, inefficient allocation of maintenance resources, reduced equipment
availability and increased operational costs. Improving preventive maintenance planning therefore remains one of
the most significant challenges in contemporary maintenance management.

The emergence of Industry 4.0 has profoundly transformed the maintenance landscape by enabling the
continuous acquisition, processing and interpretation of operational information. Technologies such as Industrial
Internet of Things (I1oT), intelligent sensors, cloud computing, machine learning and advanced data analytics have
significantly expanded the capability to monitor equipment health, detect degradation patterns and support
predictive maintenance strategies [2,11—14]. These technologies have progressively shifted maintenance from
reactive decision-making towards data-driven asset management, giving rise to the broader concept of
Maintenance 4.0, where maintenance activities are increasingly supported by digital information, intelligent
analytics and integrated decision-support systems.

Nevertheless, digital technologies alone do not guarantee improvements in maintenance performance. Their
successful implementation depends fundamentally on the existence of structured maintenance processes capable
of transforming large volumes of operational data into effective engineering decisions. Without appropriate
maintenance planning, equipment criticality assessment and systematic failure analysis, digital infrastructures
frequently become sophisticated data repositories with limited practical impact on maintenance effectiveness [7,8,12].
Consequently, Maintenance 4.0 should not be interpreted simply as the adoption of digital technologies, but rather
as the integration of digital information with structured maintenance engineering methodologies that support
continuous operational improvement.

From this perspective, maintenance management has progressively evolved towards an integrated analytical
framework combining operational performance evaluation, maintenance information management and systematic
failure analysis. Among the most widely adopted performance indicators, Mean Time Between Failures (MTBF),
Mean Time To Repair (MTTR) and Overall Equipment Effectiveness (OEE) provide complementary information
regarding equipment reliability, maintainability and production performance [5,6]. When integrated with Business
Intelligence (BI) platforms and digital monitoring systems, these indicators become powerful decision-support
tools capable of transforming maintenance data into actionable engineering knowledge [5,7].
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Similarly, Computerised Maintenance Management Systems (CMMS) have become fundamental
components of modern maintenance organisations by supporting work-order management, preventive
maintenance scheduling, spare-parts control and maintenance documentation [8]. Nevertheless, several studies
indicate that many CMMS implementations remain underutilised, functioning primarily as operational databases
rather than as strategic decision-support platforms capable of supporting maintenance optimisation [7,8].
Consequently, the availability of digital information alone does not necessarily translate into improved
maintenance performance unless accompanied by appropriate analytical methodologies.

Failure analysis constitutes another essential component of modern maintenance management. Failure Mode
and Effects Analysis (FMEA) remains one of the most widely applied techniques for identifying potential failure
mechanisms, evaluating associated risks and prioritising maintenance actions [9,10]. Although the traditional Risk
Priority Number (RPN) methodology presents recognised limitations regarding ranking consistency and
sensitivity, FMEA continues to represent an effective engineering tool, particularly when integrated with
complementary approaches such as fuzzy logic, multi-criteria decision-making techniques and structured asset
criticality analysis [9—11].

Among the various approaches proposed to strengthen maintenance effectiveness, three complementary
dimensions consistently emerge throughout the literature: performance measurement, maintenance information
management and systematic failure analysis. Rather than functioning as isolated activities, these dimensions form
the analytical backbone of contemporary maintenance management by enabling organisations to monitor
equipment behaviour, prioritise interventions and continuously improve maintenance strategies.

Performance measurement constitutes the first pillar of this framework. Key Performance Indicators (KPIs),
including Mean Time Between Failures (MTBF), Mean Time To Repair (MTTR) and Overall Equipment Effectiveness
(OEE), provide quantitative measures of equipment reliability, maintainability and production efficiency [5,6]. These
indicators allow maintenance managers not only to evaluate historical performance but also to identify trends, detect
emerging operational problems and support evidence-based decision-making. When integrated with Business
Intelligence (BI) platforms and digital monitoring environments, maintenance data evolve from simple operational
records into strategic assets capable of supporting continuous performance improvement [5,7].

The second pillar concerns maintenance information management. Computerised Maintenance Management
Systems (CMMS) have become indispensable tools for coordinating preventive maintenance schedules, managing
work orders, controlling spare-parts inventories and documenting maintenance interventions [8]. Nevertheless,
several studies emphasise that the potential of CMMS platforms remains only partially exploited in many industrial
organisations. Instead of serving as comprehensive decision-support systems, they frequently operate as
repositories of historical maintenance information, with limited analytical capabilities and insufficient integration
with operational decision-making processes [7,8]. Consequently, improving maintenance effectiveness requires
not only the availability of digital information but also methodologies capable of transforming that information
into actionable engineering knowledge.

The third analytical dimension involves systematic failure analysis. Failure Mode and Effects Analysis
(FMEA) remains one of the most widely adopted engineering methodologies for identifying potential failure
mechanisms, assessing associated risks and prioritising corrective actions [9,10]. Although the conventional Risk
Priority Number (RPN) methodology has been criticised for its limited sensitivity and ranking inconsistencies,
FMEA continues to represent an effective decision-support framework when complemented by advanced
approaches, including fuzzy logic, multi-criteria decision-making techniques and structured asset criticality
analysis [9-11]. These developments reinforce the role of FMEA not merely as a risk assessment tool, but as a
strategic instrument for redesigning maintenance policies based on engineering evidence.

The increasing digitalisation of manufacturing systems has further expanded the capabilities of maintenance
management by enabling continuous equipment monitoring and data-driven decision-making. Technologies
associated with Industry 4.0—including Industrial Internet of Things (IloT), intelligent sensors, cyber-physical
systems, machine learning algorithms and advanced data analytics—provide unprecedented opportunities for real-
time condition monitoring, anomaly detection and predictive maintenance [2,12—14]. Sensor-based monitoring
systems allow maintenance decisions to be progressively based on the actual condition of industrial assets rather
than exclusively on predefined maintenance intervals, thereby improving intervention timing and reducing
unnecessary maintenance activities [2,11].

However, the successful implementation of Maintenance 4.0 extends well beyond technological adoption.
Digital technologies deliver sustainable benefits only when embedded within structured maintenance systems
capable of integrating equipment criticality assessment, preventive planning, failure analysis and operational
decision-making [12,13]. In the absence of such engineering foundations, even sophisticated digital infrastructures
frequently fail to generate measurable improvements in equipment reliability or maintenance performance.
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Consequently, the transition towards Maintenance 4.0 should be understood as an organisational transformation
in which digital technologies support, rather than replace, structured maintenance engineering.

To better contextualise the evolution of maintenance strategies and position the present research within the
current scientific landscape, Figure 1 summarises the transition from traditional maintenance approaches towards
digitally enabled Maintenance 4.0. The figure highlights the progressive integration of Lean principles, Industry
4.0 technologies and data-driven decision-making, while simultaneously identifying the existing research gap

addressed by the proposed framework.
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Figure 1. Evolution of maintenance paradigms, identification of the research gap and positioning of the proposed

maintenance framework.

As illustrated in Figure 1, the evolution of maintenance has extended beyond the simple adoption of new
technologies towards the development of integrated maintenance ecosystems that combine engineering
methodologies, digital infrastructures and continuous-improvement philosophies. While considerable progress has
been achieved in predictive maintenance and digital monitoring, the systematic integration of Lean maintenance,
asset criticality analysis, FMEA and Maintenance 4.0 principles remains comparatively underexplored in real
industrial environments. This observation provides the scientific motivation for the present study, which proposes
and validates an integrated maintenance redesign framework through an Action Research implementation in the
food manufacturing industry.

Beyond technological development, maintenance performance is inherently connected with other operational
functions across manufacturing systems. Effective maintenance planning directly influences production
scheduling, resource allocation and manufacturing flexibility [15,16], while efficient spare-parts management
contributes to reducing maintenance delays, inventory costs and equipment downtime [17]. Increasing attention
has therefore been devoted to integrated maintenance frameworks that combine operational planning, reliability
engineering and continuous improvement methodologies.

Within this context, Lean Maintenance and Total Productive Maintenance (TPM) have become fundamental
components of modern maintenance management. Both approaches emphasise waste elimination, equipment
ownership, workforce involvement and systematic continuous improvement, promoting maintenance as an integral
element of operational excellence rather than as an isolated technical function [18]. When supported by digital
information, structured analytical methods and performance measurement systems, Lean and TPM principles
provide the organisational mechanisms required to convert maintenance data into sustainable operational
improvements, thereby establishing the foundation of contemporary Maintenance 4.0 strategies [19,20].

Figure 2 synthesises the conceptual relationships between the principal dimensions of modern maintenance
management discussed throughout the literature. Rather than representing independent maintenance practices, the
framework illustrates how performance measurement, maintenance information systems, failure analysis
methodologies, Lean principles and digital technologies interact synergistically to support data-driven decision-
making and continuous maintenance improvement within a Maintenance 4.0 perspective.

The conceptual framework highlights that maintenance excellence is not achieved through the isolated adoption
of individual tools or technologies. Instead, it emerges from the systematic integration of analytical methodologies,
digital infrastructures and continuous-improvement principles into a coherent maintenance management strategy
capable of supporting informed engineering decisions and long-term operational performance.
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Figure 2. Conceptual framework of maintenance management dimensions and supporting analytical tools.

2. Literature Review
2.1. The Evolution of Industrial Maintenance Paradigms: From 1.0 to 4.0

The evolution of industrial maintenance is characterised by a profound transformation in its
conceptualisation, shifting from a mere technical necessity to a strategic business function. Historically, this
progression has been analysed through temporal phases, evolving from traditional reactive models to highly
integrated digital systems [21]. This development is categorised into four distinct generations, starting with the
corrective “run-to-failure” approach of Maintenance 1.0 and culminating in the current Maintenance 4.0 paradigm,
underpinned by the standardised terminology of the NP EN 13306:2021 [22]. The official classification of these
maintenance strategies, defined in NP EN 13306:2021, is illustrated in Figure 3. This terminology provides the
standard conceptual basis adopted throughout the remainder of the manuscript, including the redesign of the
preventive maintenance framework presented in the industrial case study.
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Figure 3. Classification of maintenance types according to NP EN 13306:2021 (adapted from [22]).

While concepts such as e-maintenance, intelligent maintenance (IM), and smart maintenance (SM) are often
used interchangeably, they represent distinct milestones in the technology-based transformation of the field [23].
For instance, IM focuses on decision-making support since the late 1980s, while SM is a more recent development
emphasising data-driven decision-making and human capital. To validate the impact of these evolutionary steps,
it is essential to implement sophisticated Key Performance Indicators (KPIs) capable of measuring actual gains in
operational reliability [5].

A pivotal organisational shift occurred with the introduction of Total Productive Maintenance (TPM), which
aims to maximise equipment effectiveness through a proactive system involving the entire workforce [24]. As
shown in Figure 4, the TPM methodology is traditionally structured around eight pillars that support the goal of
achieving zero breakdowns and zero defects, establishing a foundation for operational excellence [25].
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Figure 4. The eight pillars of Total Productive Maintenance (adapted from [25]).

Complementing this shift is the mathematical rigour of Reliability Engineering, utilising indicators such as
Mean Time Between Failures (MTBF) and Mean Time to Repair (MTTR) to manage variation [26]. The design
and application of these metrics provide the empirical evidence necessary to justify the transition towards digital
transformation initiatives [5]. This path leads to a future of “digital continuity” and predictive adaptability [23].

2.2. Performance Measurement and Key Indicators in Maintenance

The effectiveness of any maintenance strategy is contingent upon a robust performance measurement system.
Defining and selecting appropriate Key Performance Indicators (KPIs) is vital for measuring and monitoring
performance, adhering to the management principle that operations can only be managed and improved if they are
measured. These indicators provide a quantitative framework that translates operational data into actionable
insights for strategic decision-making [5].

2.2.1. Reliability and Maintainability Metrics: MTBF and MTTR

Reliability and maintainability are fundamental parameters in technical asset management, utilised to ensure
the high availability of production equipment. The Mean Time Between Failures (MTBF) represents the average
time an equipment unit functions before failure, reflecting system reliability, while the Mean Time to Repair
(MTTR) measures the average time required to restore functionality after a fault has occurred [26].

In the dairy industry, minimising MTTR is critical, as the continuous 3 X § labour mode and the fragility of
the technological process do not support sudden stops without affecting the organoleptic and bacteriological
quality of food materials [27]. While these metrics are essential for diagnosing technical health, they also provide
important information for evaluating equipment performance and maintenance effectiveness.

2.2.2. Overall Equipment Effectiveness (OEE)

Overall Equipment Effectiveness (OEE) is a quantitative measure widely accepted for observing and
controlling the productivity of equipment. The Availability (A) component of OEE is directly influenced by
maintenance performance and is commonly determined as the ratio between operating time and planned production
time. Consequently, improvements in indicators such as MTBF and MTTR contribute directly to increasing the
Availability component and, therefore, the overall OEE. Originally introduced within the Total Productive
Maintenance (TPM) philosophy by Nakajima [24], OEE is calculated as the product of three independent factors:
Availability, Performance, and Quality. As shown in Figure 5, this metric identifies the “six big losses”, such as
breakdowns and reduced speed, that impact the bottom line [28].
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Figure 5. Components of OEE and their associated production losses (adapted from [28]).

While a “world-class” OEE is typically targeted at 85%, research indicates that many production lines operate
at lower levels, highlighting significant opportunities for improvement. In the dairy sector, achieving high OEE is
particularly vital due to the perishability of raw materials and stringent hygiene requirements [27]. Furthermore,
modern TPM reviews emphasise that these goals are achieved through a proactive system involving the entire
workforce to ensure zero defects [25,28].

2.2.3. Asset Criticality and Prioritisation in the Food Industry

Given the competitive environment of the food industry, unexpected failures leading to emergency stoppages
must be avoided to ensure compliance with production plans. A structured method of equipment criticality
classification is required to focus resources on vital equipment, typically categorised into Category A (high
criticality), Category B (moderate), and Category C (low). The classification is based on a multi-criteria assessment
in which each asset is evaluated according to five dimensions: Quality, Availability, Safety and Environment,
Costs, and Technological Complexity. Each criterion is assigned a predefined weighting according to its
operational significance, and the combined score determines the overall criticality level of the equipment. This
structured approach supports objective decision-making by ensuring that maintenance resources are prioritised
according to the potential operational impact of equipment failures.

This prioritisation, based on the criteria shown in Figure 6, evaluates assets across five key dimensions:
Quality, Availability, Safety and Environment, Costs, and Technological Complexity. By applying these specific
weights, the framework allows for the implementation of targeted strategies, such as Reliability Centred
Maintenance (RCM), to the most critical units, thereby maximising the global reliability of the plant [29].

—
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criticality
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of results
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Figure 6. Asset priority model for maintenance management in the food industry (adapted from [29]).

2.3. Operational Excellence and Lean Maintenance Frameworks

To transform maintenance from a cost centre into a strategic function, organisations must adopt philosophies
that focus on value creation and the systematic elimination of waste. In the food industry, this is typically achieved
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through the integration of Lean Thinking and Total Productive Maintenance (TPM), providing a structured
approach to continuous improvement [24,28]. Modern frameworks now increasingly incorporate Al-driven
optimisation and real-time sensor data to enhance these traditional methodologies, aligning them with Industry 4.0
and 5.0 standards [30,31].

2.3.1. Lean Thinking and the Elimination of Waste (Muda)

The Lean philosophy, rooted in the Toyota Production System (TPS), defines value solely from the
perspective of the final customer. Any activity or expenditure that does not add value is classified as waste, or
Muda. According to the established Lean framework, there are seven primary wastes in production:
overproduction, waiting, unnecessary transport, over-processing, excess inventory, motion, and defects [28].

In maintenance management, these wastes often manifest as “waiting” for spare parts or “defects” that lead
to rework. Recent research suggests that multi-objective optimisation approaches can significantly reduce these
wastes by balancing high Overall Equipment Effectiveness (OEE) with energy sustainability and reduced resource
consumption [30]. Furthermore, modern Lean thinking identifies an eighth waste: the under-utilisation of human
talent and skills, which is critical for fostering innovation in maintenance teams [25].

2.3.2. Total Productive Maintenance (TPM) and “Smart” Foundation

Total Productive Maintenance (TPM) is a holistic approach that aims to maximise equipment effectiveness
by involving the entire workforce, from top management to shop-floor operators [24]. The goal of TPM is to
achieve “three zeros”: zero breakdowns, zero defects, and zero accidents [24,25]. This philosophy is traditionally
supported by eight technical pillars, including Autonomous Maintenance, Planned Maintenance, and Quality
Maintenance [24].

The implementation of TPM begins with the 5S methodology (Sort, Set in order, Shine, Standardise, and
Sustain), which serves as the foundation for a disciplined and organised work environment. However, in the
modern dairy industry, this foundation is being augmented by “Smart Food Safety” technologies. As illustrated in
Figure 7, the conceptual architecture of an integrated Electronic Nose (E-Nose) system with Al-based recognition
and cloud analytics allows for real-time, non-destructive quality assessment [32]. This directly supports the Quality
Maintenance pillar of TPM by automating the detection of product spoilage or contamination through IoT sensors.

Cloud-Based Analytics

(Data Processing,

Storage)
4 N
Al-Based Smart Dairy
Pattern Recognition production
E-Nose (ML, Classification)
(Odour Detection, Q v Improved product quality
Sensor Array) — v Real-time decision making
v Process optimisation
v Traceability & transparency
pe ~ v Operational efficiency

T J
loT-enabled Traceability

(Supply Chain Monitoring,
Digital Records)

Figure 7. Conceptual architecture of an integrated E-Nose system with Al-based recognition and cloud analytics
for smart dairy production (adapted from [32]).
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2.3.3. Proactive Decision-Making: From A3 to Al-Driven Prediction

While traditional organisations use systematic problem-solving tools like the A3 methodology for identifying
root causes through “5 Whys” [28], the “State of the Art” is moving towards proactive optimisation. Current
studies demonstrate that integrating data simulation with Machine Learning (ML) algorithms, such as Random
Forest, can predict critical operational parameters and OEE values before failures occur [31].

The effectiveness of this Al-driven approach is demonstrated in Figure 8, where Random Forest models show
anear-perfect alignment between true and predicted values for availability, performance, and quality [31]. In dairy
production, where perishability is a critical factor, these predictive solutions enable real-time monitoring of
machine settings and help prevent downtime. This shifts traditional reactive maintenance practices towards a data-
driven approach, in which predictive analytics inform maintenance plans and support equipment availability and
energy efficiency throughout the production cycle [30,31].
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Figure 8. Example of Al-driven OEE prediction reported in the literature, illustrating the alignment between true
and predicted operational values (adapted from [31]).

Although the Al-based validation presented in Figure 7 was reported by previous research [31] and does not
correspond to data generated in the present case study, it is included to illustrate the technological evolution of
Maintenance 4.0 and the growing role of predictive analytics in maintenance decision support. In the present research,
these concepts were not directly implemented; instead, they provide the conceptual background for the proposed
framework, which establishes the structured maintenance processes, digital information management, and
standardised operational procedures required for the future adoption of Al-driven predictive maintenance techniques.

In the present research, Lean was not considered as an isolated philosophy but rather as an operational enabler
of the Maintenance 4.0 transition. The redesign combined several complementary Lean tools, each addressing a
specific source of maintenance waste. The 5S methodology supported workplace organisation and standardised
inspection conditions; Total Productive Maintenance (TPM) promoted operator involvement through Autonomous
Maintenance activities; Pareto analysis enabled the identification of the critical assets responsible for the majority
of failures; Failure Mode and Effects Analysis (FMEA) prioritized maintenance actions according to technical
risk; A3 thinking supported structured problem solving during the redesign cycles; and continuous improvement
principles guided the iterative refinement of maintenance plans throughout the Action Research process. Together,
these tools established a stable operational foundation upon which digital technologies such as QR-code
documentation and SharePoint integration could generate sustainable value.

The maintenance management and Lean tools integrated into the proposed framework, together with their
respective roles in the research, are summarized in Figure 9.
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Purpose Application in this research
@ TPM Improve equipment effectiveness Autonomous Maintenance
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KPI analysis Performance evaluation MTBF, MTTR, PTU, OEE
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A3 Structured problem solving Action Research cycles
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MRP Spare parts optimization LO5/L06 classification

Figure 9. Maintenance management and Lean tools employed in the proposed framework.

3. Methodology

This study adopts an Action Research (AR) approach combined with an industrial case study, allowing for
the implementation and evaluation of maintenance improvements in a real manufacturing environment. AR is
widely recognised for integrating scientific investigation with practical problem-solving in organisational contexts,
promoting collaboration between researchers and practitioners. To provide a comprehensive overview of the
research design, Figure 10 summarises the methodological architecture adopted in this study. The framework
illustrates the sequential integration of Action Research, data collection, maintenance analysis, redesign,
implementation and performance evaluation, highlighting how these complementary stages collectively support
the development and validation of the proposed Maintenance 4.0 framework.

The research was conducted in an industrial manufacturing environment where maintenance management
practices were analysed with the objective of improving preventive maintenance planning and supporting data-
driven decision-making. Maintenance data were collected from the maintenance management system, including
equipment failure history, maintenance records and operational performance indicators. The use of operational
data to support maintenance decision-making has been widely highlighted in recent studies on predictive
maintenance and Industry 4.0 environments [33-35].

The data analysis phase included the evaluation of key performance indicators commonly used in
maintenance management, such as Mean Time Between Failures (MTBF), Mean Time to Repair (MTTR) and
Overall Equipment Effectiveness (OEE). These indicators allow the assessment of equipment reliability and
operational performance and are commonly used in data-driven maintenance frameworks and Total Productive
Maintenance strategies [18].

Additionally, Failure Mode and Effects Analysis (FMEA) was applied to identify potential failure modes and
prioritise improvement actions based on risk and operational impact. The integration of analytical methods and
operational data supports the development of more effective maintenance strategies aligned with Industry 4.0
principles and predictive maintenance approaches [12,34]. Specifically, real-time sensor data and Bayesian
updating enable predictive models to be updated as new operational evidence becomes available [33].

Based on the results obtained during the diagnostic phase, preventive maintenance plans were reviewed and
redesigned in order to improve maintenance scheduling, optimize resource allocation and reduce equipment
downtime. The proposed improvements were implemented in the organisation’s maintenance processes, allowing
the evaluation of their impact on operational performance. The results obtained were subsequently analysed in
terms of maintenance reliability indicators, maintenance costs and operational efficiency.

The overall research process followed an iterative improvement cycle typical of Action Research
methodologies, where the analysis of operational data supports the identification of improvement opportunities
and the implementation of corrective actions in the maintenance management system [19,36].
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Figure 10. Overall methodological architecture of the maintenance redesign framework (adapted from [37]).

4. Industrial Case Study: Maintenance Framework Redesign

Following the Action Research (AR) methodology previously established, this chapter details the empirical
application of the redesigned framework within the Lactogal production unit in Modivas, Portugal. As one of the
largest dairy processing facilities in the Iberian Peninsula, the plant provides a complex operational environment
ideal for bridging the gap between theoretical maintenance models and practical industrial problem-solving. By
utilising the iterative cycles of diagnosis, intervention, and reflection [37], the study aims to deliver immediate
process improvements while contributing to the scientific understanding of maintenance management in the
process industry.

4.1. System Characterisation and Criticality Analysis

The Lactogal Modivas plant handles an annual volume of approximately 1200 million litres of milk. The
production flow is characterised by high-speed automation, transitioning from raw material reception and UHT
treatment to aseptic filling and secondary packaging. The packaging and distribution (DE) sector was identified as
the primary operational bottleneck, consisting of 16 high-performance filling lines integrated with complex
grouping and palletising systems.
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As shown in Figure 11, the layout involves a high density of interconnected assets where a failure in a single
secondary packaging machine can halt the entire upstream filling process. Maintenance policies must be explicitly
aligned with manufacturing competitive priorities, particularly in the dairy industry, where product shelf-life and
high-volume throughput are critical, making availability and reliability the dominant priorities [38].
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Figure 11. General Layout of the Filling and Distribution Sector.

https://doi.org/10.53941/jmem.2026.100038 12



Mendes et al. J. Mech. Eng. Manuf. 2026

The diagnostic phase identified a systemic failure in the legacy maintenance model, which relied on rigid,
time-based preventive cycles of 1000 h. A logistical and mathematical evaluation conducted during this study
revealed that performing these comprehensive overhauls across 16 lines would require 64 weeks of downtime per
year. Given the 52-week calendar limit, this approach proved to be unsustainable, leading to a mounting
maintenance backlog and a 42% increase in reactive interventions. This ‘maintenance debt’ significantly impacted
the Mean Time to Repair (MTTR) and inflated operational costs due to emergency spare parts procurement.

To prioritise the redesign, a multi-criteria criticality analysis was performed using the Production Utilisation
Time (PTU) indicator. Within this framework, KPIs must not only measure output but also reflect the health and
obsolescence of the assets [6]. To assess the operational status during the diagnostic phase, performance indicators
were calculated for the three primary production formats (Edge, Base, and Slim), as summarized in Figure 12.

Format Machine Filling (%) Distribution (%) PTU (%)
F607 8.76 2432 66.92
F621 6.86 22.66 70.48
@ F619 6.67 21.85 71.48
EDGE F620 5.65 22.17 72.18
F604 5.73 20.35 73.93
F611 4.19 17.04 78.77
F609 3.53 16.11 80.35
m F610 3.1 16.47 80.41
SLIM F603 3.21 15.66 81.13
F613 3.19 12.95 83.86
F612 4.03 14.76 81.21
@ F602 3.55 14.72 81.73
BASE F601 3.03 12.93 84.04

Figure 12. Performance indicators for Edge, Slim, and Base formats.

A comparative analysis of these indicators reveals that while the ‘Slim’ and ‘Base’ formats achieved PTU
values of 76.62% and 73.74% respectively, the ‘Edge’ format exhibited the facility’s lowest performance, with a
critical PTU of 66.92%. This significant performance gap validates the selection of the Edge lines as the primary
focus for the maintenance framework redesign, as they represent the most substantial opportunity for improving
overall equipment effectiveness (OEE).

To further deconstruct these inefficiencies, a Pareto analysis of the maintenance records was performed, the
results of which are illustrated in Figure 13. This analytical step identifies the ‘vital few’ assets responsible for the
majority of system instability. The findings indicate that the Condifilm shrink wrapper and the Cefma handle
applicator are the primary drivers of disruption, collectively accounting for 86% of all maintenance work orders
in this sector. By pinpointing these specific technical roots, the research successfully transitions from a broad
diagnosis to a targeted action planning phase, ensuring that subsequent interventions are prioritised according to
their operational impact [39].

No. of WOs: Conveyors vs Condifilm + Cefma

. Conveyors | Condifilm + Cefma

Figure 13. Distribution of Maintenance Work Orders by Equipment Type.

https://doi.org/10.53941/jmem.2026.100038 13



Mendes et al. J. Mech. Eng. Manuf. 2026

4.2. Failure Mode and Effects Analysis (FMEA) and Risk Management

Once the critical assets were identified, a Failure Mode and Effects Analysis (FMEA) was implemented to
deconstruct the technical root causes of recurring stoppages. This phase is consistent with smart manufacturing
frameworks that leverage data-driven diagnostics to transition from subjective, opinion-based assessments to
objective, fact-based maintenance [40].

The FMEA was conducted by a cross-functional team comprising maintenance engineers, production
supervisors, maintenance technicians, and process specialists with direct knowledge of the equipment under
analysis. Severity (S), Occurrence (O), and Detection (D) ratings were assigned through expert consensus based
on historical maintenance records, operational experience, and equipment failure data obtained from the
maintenance management system. The assessment followed the conventional FMEA methodology, in which
Severity reflects the impact of a failure, Occurrence estimates its likelihood, and Detection evaluates the
probability of identifying the failure before it affects production. The resulting Risk Priority Number (RPN) was
then used to prioritise maintenance actions according to the associated operational risk. Through the calculation
of the Risk Priority Number (RPN), intervention thresholds were established to guide the strategy: an RPN
exceeding 140 for the Condifilm shrink wrapper and 100 for the Cefma handle applicator. The decision-making
process for selecting maintenance tasks followed the logic presented in the methodology flowchart in Figure 14.

The analysis revealed that mechanical issues, such as shaft fractures and belt misalignments, were the primary
drivers of risk for the Cefma unit. Overall, 52% of Condifilm failure causes and 33% of Cefma causes exceeded
the risk thresholds. By quantifying these risks, the study mitigated the subjectivity of legacy planning, ensuring
that resources are strategically directed towards high-risk components rather than redundant inspections [39].

FMEA Analysis

O (Failure Mode and Effects Analysis)

RPN < No
Threshold Value RPN > Threshold Value?

Yes

v
Yes
Is condition monitoring Predictive
feasible and cost-effective? Maintenance
l No

Can the degradation rate

Yes

e Preventive
3 or service life be » v_f\y Maintenance

estimated?

T

Is it a hidden failure? Yes Inenastion
(Undetectable by operations P

or maintenance)

No
v

Yes
@ Can the system be modified Maintenance

or redesigned? Engineering

1 No
0 Corrective Maintenance

Figure 14. FMEA Methodology Flowchart.
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Technical Analysis of Critical Failure Modes

To bridge the gap between risk identification and strategic action, Figure 15 synthesises the high-priority
failure modes that dictated the redesign of the preventive plans. These specific technical roots were responsible
for the majority of the unplanned downtime recorded during the diagnostic phase.

The data analysis reveals that the maximum Severity score of 10 was assigned to the Cefma infeed conveyor
shaft fracture. This classification is justified because such a failure results in a total cessation of the production
flow without the possibility of an operational bypass. Conversely, the high RPN for the Condifilm Cutting Group
of 224 is driven by a high occurrence rate of 7 combined with moderate detection of 4. This indicates that the
legacy 1000-h overhaul intervals were insufficient to monitor the accelerated wear of the cutting blades.

Furthermore, the low detection scores in components like the Cefma position sensors highlighted a critical
gap in the legacy model. By identifying these specific risks, the research justifies the transition to the OP10
quarterly verification plans, which focus on early detection through visual and tactile standards. The
implementation of the digital information layer via QR codes further addresses these risks by providing technicians
with instantaneous access to structural rebuilding procedures, effectively lowering the Detection factor and
reducing the overall risk profile of the Modivas plant packaging sector.

. Component . A ;
Equipment Sy':;tem g Failure Mode Potential Effect S ‘ O | D | RPN Recommended Action
g = N Systematic
u = Infeed Conveyor Shaft fracture Total line stoppage 10 } 5 200 /\' replacement
(OP30
Cefma )
Tactile inspection
Cutting Group Blade failure Improper pack wrapping 8 4 224 S)\ and adjustment
Condifilm 13R0)
‘v Divider Systematic
= (Repartidor) Broken support  Package crushing/stoppage 9 5 225 W,  lubrication plan
Condifilm (OP10)
L ; Handle application Quality rejection at EléEl Tension,veytication
! Applicator Unit - - 7 3 168 Ergg  via QR Code
failure palletizer =
(OP10)
Cefma
! ; . Sensor out of 3 L q Cleaning via
Ei Position Sensors i Intermittent line stops 6 2 108 # Autonomous

Maintenance

(2]
I
3

]

Figure 15. Detailed FMEA results for high-priority failure modes in Condifilm and Cefma units (Legend: S =
Severity; O = Occurrence; D = Detection; RPN =S x O x D.).

4.3. Implementation of Solutions and Maintenance 4.0

The proposed solution involved a paradigm shift from a singular, exhaustive 1000-h cycle to a multi-level
maintenance strategy. This hierarchical approach enables the application of varied inspection frequencies aligned
with the specific degradation patterns of individual components [41]. Consequently, the new framework was
structured into four distinct operational levels: OP10 (Quarterly), OP20 (Biannual), OP30 (Annual), and OP40
(Biennial).

The adoption of this hierarchical structure facilitates the frequent inspection of high-wear components, such
as suction cups and chains, whilst reserving complex structural interventions for annual overhauls. This
redistribution successfully reduced the required annual downtime per line from 4 weeks to 2.2 weeks, effectively
resolving the previously identified logistical backlog and ensuring higher asset availability.

To further illustrate the transformation achieved through the proposed framework, Figure 16 compares the main
characteristics of the legacy preventive maintenance approach with those of the proposed Maintenance 4.0 framework.
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Aspect Legacy maintenance Proposed Maintenance 4.0
@ Maintenance philosophy Time-based @ Risk-based
[zz) Planning Fixed 1000 h @ Multi-level OP10-OP40

Information QR + SharePoint

Paper manuals

Decision support Experience FMEA + KPls

Scheduling Uniform Asset criticality

Spare parts Conventional MRP

@ Workforce

Optimized MRP

000006

Maintenance technicians TPM + operators
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@ Traceability Limited Digital
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9 Continuous improvement Sporadic Bt Reoaarah

Figure 16. Comparison between legacy preventive maintenance and the proposed Maintenance 4.0 framework.

Compared with the previous maintenance model, the proposed Maintenance 4.0 framework shifts
maintenance planning from rigid calendar-based interventions towards a risk-driven and digitally supported
decision-making process. Rather than increasing maintenance workload, the framework redistributes interventions
according to asset degradation patterns, thereby reducing unnecessary activities while improving reliability and
maintainability.

Furthermore, within the framework of Industry 4.0, a digital information layer was implemented by affixing
QR codes to all critical assets, as illustrated in Figure 17, allowing technicians to supersede traditional paper-based
manuals. Both information transparency and decentralised technical support are established as core pillars of the
fourth industrial revolution [42,43].

Condi-film

Figure 17. QR Code Implementation on the Shop Floor.

Through these codes, maintenance personnel gain instantaneous access to a centralised SharePoint repository
containing digital manuals, structural rebuilding procedures, and SAP-integrated maintenance history. This
integration between the shop floor and the Computerised Maintenance Management System (CMMYS) fulfils the
requirements of the “Smart Monitoring” scenario within digital manufacturing [44].

Furthermore, the study involved restructuring the Material Requirements Planning (MRP) by analysing
consumption patterns from 2023 to 2025. Spare parts were subsequently reclassified into LO5 (automatic
replenishment) and L06 (on-demand), an optimisation that ensures the availability of critical components. This
approach reduces the Mean Time to Repair (MTTR) while simultaneously minimising the total inventory cost of
non-critical items [6].

https://doi.org/10.53941/jmem.2026.100038 16



Mendes et al. J. Mech. Eng. Manuf. 2026

Finally, the introduction of Autonomous Maintenance (AM) plans empowered production operators to
undertake basic cleaning and lubrication tasks. The implementation of Autonomous Maintenance (AM) plans
directly operationalises the TPM strategic objectives defined in Section 2.3.2, allowing the technical team to focus
on high-level predictive and condition-based tasks rather than basic preservation [45]. This structured data
environment establishes the necessary foundation for the future integration of advanced predictive algorithms and
machine learning models for asset health monitoring [46,47].

The implementation of the proposed framework combined several Lean tools throughout the Action Research
cycles. Pareto analysis was used to identify the equipment responsible for the majority of maintenance work orders,
FMEA supported the prioritisation of maintenance tasks according to technical risk, TPM principles were
implemented through Autonomous Maintenance activities assigned to production operators, the 5S methodology
supported the standardisation of maintenance documentation and workplace organisation, while A3 thinking
guided the structured problem-solving process during successive redesign iterations. These Lean practices were
integrated with digital technologies, including QR-code documentation and SharePoint-based information
management, establishing the operational foundation of the proposed Maintenance 4.0 framework.

4.3.1. Standardization and Digital Checklist Architecture

The transition to a multi-level strategy required a complete standardization of technical documentation to
eliminate subjectivity and ensure ‘digital continuity’. By leveraging the expertise of maintenance specialists, the
framework evolved from vague instructions into rigorous technical procedures. The technical architecture of these
checklists was designed to guide technicians through a logic-driven sequence, ensuring full traceability for every
action performed on the shop floor.

As illustrated in Figure 18, the digital checklist follows a modular data structure that links asset identification
with specific technical methodologies and validation controls.

—

/@ " Inspection
(Q Method

Comments

Figure 18. Logical architecture and data fields of the standardised digital maintenance checklists.

To facilitate correct execution and avoid omissions, each digital checklist was structured with specific
operational fields:

e Inspection Method: Specifies the sensory or technical approach required, such as visual, auditory, tactile,
or measurement-based inspections (e.g., using infrared thermometers for temperature checks or vibration
Sensors).
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e  Detail/Instruction: Provides a precise, step-by-step technical guide for each task. This field acts as a
standardised ‘on-the-spot’ manual for complex structural rebuilding or fine-tuning, ensuring that the
intervention quality is independent of the technician’s experience level.

e  Validation (OK/NOK): A binary status field that mandates a formal record of the component’s condition.
In the event of a “‘NOK’ (Not OK) status, the technician is required to record the findings in the observations
field and trigger a corrective work order follow-up. This ensures that technical anomalies are addressed before
they escalate into functional failures.

4.3.2. Technical Hierarchy: Differentiating OP10 and OP30

A fundamental pillar of this framework is the strategic differentiation between verification and restoration.
This prevents the accumulation of ‘maintenance debt’ by focusing high-intensity resources only when necessary,
while maintaining constant surveillance through non-intrusive routes.

e  OP10 (Quarterly—Verification Focus): These tasks prioritize condition monitoring with minimal
equipment intrusion. The goal is the early detection of wear patterns (e.g., chain elongation or seal leaks)
without significant disassembly.

e  OP30 (Annual—Restoration Focus): These are intrusive, high-depth interventions. Based on the FMEA
risk profile, these cycles involve the systematic replacement of critical components (e.g., cutting blades or
main drive belts) to reset the asset’s reliability life cycle.

Figure 19 illustrates this differentiation with real-world tasks extracted from the redesigned maintenance plan
for the Cefma handle applicator at the Modivas plant.

Detail/ Instruction

Use an infrared thermometer;

. = Surface . : ) it :
@ 0P10 |§' Drive Motor & Secagtiature-chéck @ Tactile/Technical ;;etr]g ;::2% V:gusmgtemperature

5 &~ Disassemble the cutting head
. ; I | tematic blad . 7o J
@ 0P30 e Cutting Unit R_/ Systematic blade ’ Technical/Manual v=| replace blades, and recalibrate
replacement =
the zero-position sensor.

Inspect hoses and fittings;
@ 0oP10 E} Pneumatic Unit @ Air leak detection @ Auditory/Visual Q listen for air bypass during the

cylinder compression cycle.

- S Remove safety guards, replace
@ 0P30 Gy Conveyor Maminegiett ’ Technical/Manual @ the timing belt, and verify tension

replacement ; : .
using a sonic tension meter.

Figure 19. Comparison of task specifications between OP10 and OP30 cycles for the Cefma unit.

This standardised architecture ensures that every technical anomaly detected during an OP10 route is either
immediately resolved or digitally scheduled for follow-up, maintaining a continuous feedback loop between the
shop floor and the centralized SharePoint repository.

4.4. Economic Impact and Material Requirements Planning (MRP) Optimization

The transition to a multi-level maintenance strategy requires not only a shift in technical procedures but also
a structural reorganisation of the logistical chain. As the new maintenance cycles (OP10 to OP40) demand high
availability of specific spare parts, the study addressed the optimization of Material Requirements Planning (MRP)
to ensure asset reliability without inflating inventory costs.

4.4.1. MRP Restructuring and Item Classification (L05 vs. L06)

A critical bottleneck identified in the legacy system was the lack of a standardised filter for spare parts
procurement, leading to a “logistical backlog” and tied-up capital. To resolve this, a new governance model was
implemented through the New Maintenance Item Form (FNAM), a technical document designed to validate the
entry of any new component into the SAP system.
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Based on an analysis of consumption patterns between 2023 and 2025, spare parts were reclassified into two
distinct logistical flows:

e  L05 (Automatic Replenishment): Reserved for high-rotation consumables and critical low-cost components
(e.g., suction cups, seals, and sensors). These items are automatically restocked by the ERP system once a
minimum threshold is reached, ensuring that the frequent OP10 and OP20 inspections are never delayed due
to lack of material.

e L06 (On-demand): Applied to high-value or low-rotation components. These parts are only ordered
specifically for scheduled major interventions (OP30 and OP40). This prevents expensive parts from sitting
idle in the warehouse for years, effectively increasing the company’s liquidity.

4.4.2. Financial Results and the “Inventory Paradox”

The implementation of this dual-logic MRP system resulted in what can be characterized as an “Inventory
Paradox.” Despite an increase in the total number of registered references to support the decentralized maintenance
model, the total financial value of the inventory was reduced by 32%. This was achieved by eliminating obsolete
high-value items and focusing on high-reliability, low-cost consumables.

Furthermore, the reallocation of technical resources led to significant savings in operational expenditures
(OPEX). By empowering production operators through Autonomous Maintenance (AM), the technical team was able
to shift its focus from basic cleaning and lubrication to high-level predictive tasks. This transition resulted in a 23%
reduction in subcontracted labor costs and a 20% increase in internal labor efficiency, as detailed in Figure 20. The
quantitative results presented in Figure 20 were obtained from maintenance work orders, production planning records,
SAP inventory data, and operational KPIs collected throughout the Action Research implementation between 2023 and
2025. Percentage improvements were calculated by comparing the baseline maintenance system with the redesigned
Maintenance 4.0 framework implemented in the case study. The underlying industrial records are confidential under the
company’s data-sharing agreement and therefore cannot be included as supplementary material.

Baseli
ﬁi Performance Metric @ i @ Post-Implementation ﬁ1 Improvement

(Legacy)
E Total Inventory Value 100% 68% o -32%
B o ooy Y Y
) e 100% 120% O +20%
@ gz:vu:tli;i:e 4 weeks 2.2 weeks o -45%

Figure 20. Summary of Financial and Operational Impact (2023 vs. 2025).

This financial optimization proves that the Maintenance 4.0 framework at the Modivas plant is not only a
technical success but also a highly sustainable economic model, providing a clear Return on Investment (ROI)
within the first year of implementation.

5. Results

This chapter details the evaluation phase of the Action Research cycle, focusing on the validation of the
redesigned maintenance framework implemented at Lactogal’s Modivas plant. While the presentation of
quantitative gains is a significant contribution, the discussion is enriched by a structured, practical framework
designed to guide practitioners in transitioning from reactive legacy models to Maintenance 4.0 environments [48].
The results demonstrate that the synergy between organisational redesign and digital tools is essential for
sustainable operational excellence.
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5.1. Framework for Maintenance Strategy Alignment

For a maintenance strategy to be effective in the dairy industry, the manufacturing context must be clearly
defined to address challenges such as perishability and stringent hygiene [3]. The proposed framework identifies
three pillars for aligning technical interventions with real-world production needs:

e  Asset Typology: Distinguishing between bottleneck assets and auxiliary equipment. In this study, the Edge
format’s critical PTU of 66.92% validated its selection as the priority for digital monitoring. This approach
ensures that technical resources are allocated where they generate the highest impact on global plant
efficiency [49].

e  Performance Requirements: Prioritising availability and reliability. By identifying the “vital few” assets
through Pareto analysis, specifically the Condifilm and Cefma units, it was found that 86% of system
instability originated from these specific points. This focus allowed for a surgical intervention rather than a
generalized, less effective maintenance plan.

e  Operational Constraints: Addressing the ‘maintenance debt’ accumulated by an outdated preventive plan.
The legacy model’s requirement of 4 weeks of annual downtime was theoretically sound but logistically
unsustainable. The transition to a multi-level structure (OP10 to OP40) redistributed tasks, reducing annual
downtime to 2.2 weeks per line, effectively resolving the conflict between maintenance windows and
production targets.

5.2. Key Observations on Framework Implementation

Building on the review of Lean and Industry 4.0 synergies, the implementation addressed information
precision and resource efficiency.
Key observations include:

e  Operational Performance:

o  The tiered OP10-OP40 cycles led to a 71% reduction in Reactive Work Orders for critical assets,
significantly reducing over-maintenance [50].

o  The DEO3 sector achieved a 15.19% reduction in global PTU losses, demonstrating the impact of
targeted technical interventions.

e Digital and Maintainability Gains:

o  The use of QR codes operationalises smart information systems, ensuring that technical knowledge is
decentralised and accessible [51].

o  This digital continuity provided a documentary digital twin, reducing MTTR by 13% through
instantaneous access to structural rebuilding procedures [49].

e  Economic Impact:

o  Regaining internal control of the maintenance plan enabled a 50% reduction in external hourly rates.
o  The MRP restructuring resulted in a 32% increase in stock units but a 32% reduction in total inventory
value, confirming that Industry 4.0 tools act as amplifiers for Lean practices [52].

Although the implementation required an initial investment in process mapping, workforce training, FMEA
and digital infrastructure, these efforts were rapidly compensated by lower maintenance workload, improved
planning efficiency and significant reductions in reactive interventions. Therefore, the proposed Maintenance 4.0
framework should be viewed as a transformation of maintenance philosophy rather than merely the adoption of
digital technologies.

The principal quantitative improvements achieved following the implementation of the proposed framework
are consolidated in Figure 21.

Figure 21 consolidates the principal quantitative outcomes obtained during the implementation of the
proposed Maintenance 4.0 framework. The results demonstrate consistent improvements in operational
performance, maintenance efficiency, and inventory management, providing objective evidence that the
integration of Lean maintenance principles with digital technologies generated measurable technical and economic
benefits. These consolidated findings provide the basis for the subsequent strategic assessment presented through
the SWOT analysis.
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Figure 21. Summary of the quantitative improvements obtained after implementing the proposed Maintenance 4.0
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5.3. SWOT Analysis

To provide a comprehensive strategic overview of the framework’s implementation, a SWOT analysis was
conducted. This qualitative assessment, presented in Figure 22, synthesises the internal and external factors
observed throughout the Action Research cycles at the Modivas plant. By categorising the strengths, weaknesses,
opportunities, and threats, this analysis evaluates the sustainability of the Maintenance 4.0 transition and identifies
the critical success factors required for its long-term viability within the dairy industry.

21

Internal
factors

External
factors

Optimised Strategy: The tiered OP10-OP40
structure reduced Work Orders by over 70%,
eliminating redundant tasks.

@™ Digital Traceability: QR codes and SharePoint
Ek integration provide a documentary digital twin,

reducing diagnostic time and MTTR

Cost Leadership: Regaining plan control enabled
a 50% reduction in external hourly rates and a

% 23% reduction in total labour hours.

Operator Empowerment: Autonomous Maintenance
(AM) freed technical teams for high-level reliability
and predictive tasks.
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My Industrial Scalability: The standardised framework
H presents a clear opportunity for replication across all
production units within the Lactogal group.

establishes the basis for future Al-driven health
monitoring and predictive integration.

Sustainability: Improved OEE and reduced product
waste align the organisation with green manufacturing
initiatives.

. Predictive Readiness: The current data environment
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Weaknesses

Upskilling Requirements: The shift to digital
standards and autonomous tasks necessitates
a significant initial investment in workforce training.

Infrastructure Dependency: The effectiveness of
the digital layer is highly dependent on robust
shop-floor Wi-Fi and SAP-SharePoint stability.

High Initial Analytical Effort: The diagnostic phase,
including FMEA and criticality assessments, required
a substantial initial investment of technical man-hours.

Threats

Operational and Seasonal Pressure: High demand
periods may pressure management to postpone
scheduled maintenance cycles to meet targets.

Cybersecurity: Increased connectivity and cloud-based
repositories introduce potential risks related to
data security.

Figure 22. SWOT analysis of the redesigned Maintenance 4.0 framework at Lactogal.
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5.4. Managerial Implications

The results of this study provide several practical implications for maintenance managers and manufacturing
organisations undergoing digital transformation. First, digital technologies should not be implemented as isolated
solutions but should complement robust maintenance processes supported by Lean principles and standardised
procedures. Second, maintenance planning should be adapted according to asset criticality rather than relying on
uniform preventive intervals recommended by equipment manufacturers. Third, integrating FMEA with KPIs such
as MTBF, MTTR and OEE provides an objective basis for prioritising maintenance resources and investments.
Finally, the implementation of QR-code documentation demonstrates that relatively low-cost digital solutions can
significantly improve knowledge management, technician autonomy and maintenance traceability, representing
an accessible first step towards Maintenance 4.0 for organisations with limited investment capacity.

From a strategic perspective, the proposed framework contributes to reducing maintenance debt, increasing
organisational resilience and improving alignment between maintenance activities and production objectives.
Consequently, practitioners may use the framework presented in this paper as a practical roadmap for progressively
implementing Maintenance 4.0 in process industries.

5.5. Strategic Synthesis and Future Outlook

The findings evidence that higher adoption levels of Industry 4.0 are easier to achieve when Lean practices
are extensively implemented [52]. By establishing digital continuity, the organisation has moved beyond a reactive
mindset toward a strategic business function.

This transition represents a significant increase in the plant’s technological maturity. The current structured data
environment, supported by a documentary digital twin, establishes the necessary foundation for future advanced
predictive integration, such as real-time condition monitoring and Al-driven failure forecasting [49]. This evolution
positions the Modivas plant at the forefront of the Maintenance 4.0 paradigm within the food industry.

6. Discussion
6.1. Interpretation of the Maintenance Redesign Strategy

The improvements observed following the implementation of the redesigned maintenance framework
demonstrate that maintenance performance should be interpreted as the outcome of a systematic engineering
process rather than the isolated application of individual maintenance tools. Instead of relying on incremental
modifications to existing preventive plans, the proposed framework restructured maintenance management
through the combined application of asset criticality assessment, Failure Mode and Effects Analysis (FMEA),
Lean maintenance principles and digitally supported maintenance processes. This integrated approach enabled
maintenance activities to be prioritised according to operational importance, potential failure consequences and
actual organisational needs, thereby improving the overall coherence and effectiveness of the maintenance system.

One of the most significant outcomes of the maintenance redesign was the transition from schedule-oriented
maintenance towards risk-informed maintenance planning. Traditional preventive maintenance programmes
frequently evolve over long periods through successive additions of maintenance tasks, often resulting in
redundant interventions, inconsistent maintenance frequencies and inefficient resource allocation. By introducing
structured criticality analysis and systematic FMEA, the redesigned framework established objective criteria for
defining maintenance priorities, optimising inspection intervals and allocating maintenance resources where they
generated the greatest operational value. Consequently, maintenance planning became progressively aligned with
equipment criticality and production requirements rather than historical maintenance practices.

The results also highlight the complementary relationship between Lean maintenance principles and
Maintenance 4.0 concepts. While Lean methodologies contributed to eliminating non-value-added maintenance
activities, simplifying maintenance procedures and improving process standardisation, digital technologies
enhanced information availability, traceability and decision support. Importantly, the present study demonstrates
that digitalisation should not be regarded as an independent maintenance strategy but rather as an enabling
mechanism that strengthens structured engineering methodologies. The effectiveness of digital maintenance
systems ultimately depends on the quality of the maintenance processes they support.

Another important observation concerns the role of maintenance information management. The
implementation of digital checklists, improved CMMS utilisation and the restructuring of maintenance
documentation significantly increased process standardisation and information consistency. Beyond reducing
administrative effort, these improvements enhanced organisational learning by ensuring that maintenance
knowledge became systematically captured, shared and reused throughout the organisation. Such improvements
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represent an essential prerequisite for the progressive evolution towards data-driven maintenance management and
continuous organisational learning.

From an engineering perspective, the proposed maintenance redesign illustrates that sustainable maintenance
improvements arise from the simultaneous optimisation of technical, organisational and informational dimensions.
Equipment reliability depends not only on maintenance frequency but also on the quality of maintenance decisions,
the prioritisation of critical assets, the availability of reliable maintenance information and the capability to
continuously improve maintenance practices through structured analytical methods. This systems-oriented
perspective differentiates the proposed framework from approaches that focus exclusively on isolated maintenance
technologies or individual analytical tools.

Overall, the findings suggest that maintenance transformation should be understood as an organisational
redesign process supported by engineering analysis, digital technologies and continuous-improvement
philosophies. Rather than introducing fundamentally new maintenance techniques, the proposed framework
demonstrates how the systematic integration of established methodologies can substantially improve maintenance
effectiveness, providing a practical pathway towards the implementation of Maintenance 4.0 in industrial
environments.

6.2. Comparison with Previous Studies

The maintenance redesign strategy proposed in this study is consistent with the growing body of research
advocating the transition from conventional preventive maintenance towards more structured, data-driven
maintenance systems. Previous studies have demonstrated that maintenance effectiveness can be significantly
improved through the application of performance indicators, condition monitoring technologies, failure analysis
methodologies and digital information systems [5—18]. Nevertheless, these approaches are frequently investigated
independently, with comparatively limited attention devoted to their systematic integration within comprehensive
maintenance redesign strategies implemented under real industrial conditions.

The present study extends existing knowledge by demonstrating that maintenance improvement is not solely
dependent on the introduction of advanced digital technologies, but rather on the coordinated integration of
engineering methodologies capable of supporting informed maintenance decision-making. While Industry 4.0
technologies provide unprecedented opportunities for real-time monitoring, predictive analytics and intelligent
maintenance scheduling [12—14], their practical value ultimately depends on the quality of the maintenance
strategies that govern maintenance planning and resource allocation. In this respect, the findings reinforce the
growing consensus that digitalisation should be considered an enabler of maintenance excellence rather than an
objective in itself.

The results also support previous research highlighting the importance of Lean maintenance and Total
Productive Maintenance (TPM) in promoting continuous improvement and operational efficiency [18]. However,
unlike many previous studies that primarily focus on waste reduction or workforce involvement, the present work
integrates Lean principles with asset criticality analysis, structured FMEA and digitally supported maintenance
management. This combination enables maintenance decisions to be prioritised according to operational risk,
equipment importance and production requirements, thereby establishing a more comprehensive decision-support
framework than those typically reported in the literature.

Similarly, previous investigations have consistently recognised the value of FMEA as a structured
methodology for identifying potential failure modes and prioritising maintenance actions [9—11]. The present study
confirms these findings while demonstrating that the practical benefits of FMEA become considerably greater
when failure analysis is embedded within a broader maintenance redesign process incorporating criticality
assessment, maintenance standardisation, digital documentation and continuous performance monitoring. Rather
than functioning as an isolated analytical technique, FMEA becomes one component of an integrated maintenance
management architecture.

Another distinguishing characteristic of the proposed framework concerns its industrial validation. A
substantial proportion of Maintenance 4.0 research remains centred on conceptual models, predictive algorithms
or simulation-based analyses [12—14]. Although these contributions have significantly advanced maintenance
science, relatively fewer studies report the complete implementation of integrated maintenance redesign strategies
within operational industrial environments, particularly in sectors characterised by continuous production, strict
hygiene constraints and limited maintenance windows. By validating the proposed framework through an Action
Research methodology conducted in a food manufacturing company, the present study provides practical evidence
of how established engineering methodologies can be systematically combined to generate measurable
organisational and operational improvements.
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Overall, the findings suggest that the principal contribution of this work lies not in proposing entirely new
maintenance tools, but in demonstrating how established methodologies can be integrated into a coherent
maintenance management framework capable of supporting Maintenance 4.0 implementation. This systems-
oriented perspective complements existing literature by bridging the gap between engineering analysis, digital
transformation and continuous improvement, thereby contributing to the development of more resilient, data-
driven and operationally sustainable maintenance systems.

6.3. Industrial Implications and Practical Applicability

The practical significance of the proposed maintenance redesign extends beyond improvements in individual
maintenance indicators, demonstrating how structured maintenance engineering can directly enhance operational
efficiency, organisational resilience and manufacturing competitiveness. Rather than focusing exclusively on
increasing maintenance frequency or introducing isolated digital technologies, the proposed framework adopts a
systems-oriented perspective in which maintenance planning, engineering analysis and digital information
management are integrated to support evidence-based decision-making [1,5,6]. This holistic approach is consistent
with the current evolution of maintenance management towards more intelligent, data-driven and value-oriented
maintenance systems.

One of the principal industrial implications concerns the optimisation of maintenance resources. In industrial
environments, maintenance departments typically operate under significant constraints regarding personnel
availability, production schedules, maintenance windows and financial resources. Consequently, maintenance
interventions should be prioritised according to equipment criticality and operational risk rather than uniformly
distributed across all production assets. The combined application of asset criticality analysis and FMEA enabled
maintenance activities to be systematically prioritised according to their expected impact on production continuity,
equipment reliability and operational safety, thereby improving maintenance planning while reducing unnecessary
interventions [3,9—11]. These findings are consistent with previous studies emphasising that risk-based
maintenance planning contributes to more efficient resource allocation and improved operational performance.

The implementation of Lean maintenance principles further reinforced these improvements by eliminating
non-value-added maintenance activities, simplifying maintenance procedures and promoting greater process
standardisation [18]. Instead of treating maintenance as a collection of independent technical interventions, the
redesigned framework establishes maintenance as an integrated operational process closely aligned with
production requirements and continuous improvement objectives. This integration reduces process variability,
improves workflow efficiency and supports a more proactive maintenance culture, in agreement with the
fundamental principles of Total Productive Maintenance and Lean Manufacturing [18].

Another important implication concerns maintenance information management. Although Computerised
Maintenance Management Systems (CMMS) have become standard tools within modern industrial organisations,
their potential is frequently limited by incomplete data collection, inconsistent documentation and insufficient
analytical utilisation [7,8]. The introduction of digital checklists, improved maintenance documentation and
enhanced CMMS utilisation significantly strengthened maintenance traceability and information consistency
throughout the organisation. Beyond reducing administrative effort, these improvements contributed to higher-
quality maintenance records, facilitating faster engineering decision-making, improved maintenance scheduling
and more effective continuous improvement initiatives [5,7,8]. This observation reinforces previous research
indicating that digital transformation generates sustainable benefits only when supported by structured
maintenance processes and reliable operational information [12,13].

The proposed framework also demonstrates that organisational learning represents a critical dimension of
maintenance transformation. Maintenance knowledge is frequently dispersed among experienced technicians,
making organisations vulnerable to knowledge loss and inconsistencies in maintenance execution. By
standardising maintenance procedures, documenting engineering decisions and integrating digital information into
routine maintenance activities, the redesigned framework contributes to the institutionalisation of maintenance
knowledge and reduces dependence on individual experience. Such knowledge standardisation enhances
organisational resilience while facilitating training, knowledge transfer and the long-term sustainability of
maintenance improvement programmes [7,8,18].

From a strategic perspective, the present study further illustrates that the transition towards Maintenance 4.0
should be understood as a gradual organisational transformation rather than a purely technological upgrade.
Although advanced technologies such as Industrial Internet of Things (IIoT), machine learning and predictive
analytics considerably expand maintenance capabilities [12—14], their practical effectiveness depends
fundamentally on robust engineering methodologies capable of translating operational data into structured
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maintenance decisions. The framework proposed in this work demonstrates that digitalisation delivers its greatest
industrial value when combined with criticality assessment, systematic failure analysis, Lean maintenance
principles and continuous performance evaluation, thereby establishing a coherent decision-support architecture
fully aligned with the Maintenance 4.0 paradigm [12—-14].

Although the proposed framework was validated within a food manufacturing environment, its underlying
methodological principles are sufficiently generic to support maintenance transformation across a broad spectrum
of manufacturing sectors. Industries characterised by continuous production, high equipment utilisation, stringent
quality requirements and limited maintenance opportunities may equally benefit from the systematic integration
of criticality analysis, FMEA, Lean maintenance and digital information management. Consequently, the industrial
contribution of this work extends beyond the specific case study by providing a transferable engineering
methodology that can be adapted to different production environments while preserving its fundamental decision-
support philosophy [15-18].

Overall, the industrial contribution of the proposed framework lies not in introducing entirely new
maintenance techniques, but in demonstrating how established engineering methodologies can be systematically
integrated into a coherent maintenance management architecture capable of improving reliability, maintenance
efficiency, organisational learning and operational decision-making. This integrated perspective contributes to
narrowing the gap between maintenance engineering, digital transformation and continuous improvement, offering
industrial organisations a practical pathway towards more resilient, data-driven and sustainable maintenance
systems [5,12,18].

6.4. Maintenance 4.0 Perspective and Digital Transformation

The findings of the present study reinforce the view that Maintenance 4.0 should not be interpreted solely as
the digitalisation of maintenance activities, but rather as the systematic integration of engineering methodologies,
operational knowledge and digital technologies into a coherent decision-support framework. Although Industry 4.0
technologies—including Industrial Internet of Things (IIoT), cyber-physical systems, cloud computing and advanced
data analytics—have substantially expanded maintenance capabilities, their successful implementation depends
fundamentally on the quality of the maintenance strategies that support engineering decision-making [2,12—-14].
Consequently, digital transformation should be regarded as an enabling mechanism that strengthens maintenance
engineering rather than as an isolated technological objective.

The maintenance redesign implemented in this study illustrates this principle by demonstrating that digital
technologies generate the greatest operational value when integrated with structured maintenance methodologies.
Asset criticality assessment, Failure Mode and Effects Analysis (FMEA), preventive maintenance optimisation
and Lean maintenance principles collectively provide the engineering foundation upon which digital maintenance
systems can effectively operate. Within this context, digital checklists, improved Computerised Maintenance
Management System (CMMS) utilisation and enhanced maintenance documentation function not merely as
information repositories, but as mechanisms for improving maintenance traceability, decision consistency and
organisational learning [7,8,12].

These observations are consistent with recent Maintenance 4.0 literature, which emphasises that maintenance
intelligence emerges from the interaction between data acquisition, engineering analysis and informed decision-
making rather than from data collection alone [12—14]. While predictive maintenance algorithms and condition-
monitoring technologies are capable of identifying equipment degradation and supporting maintenance
scheduling, their practical effectiveness remains dependent on robust maintenance processes capable of
interpreting operational information within the broader context of production requirements, equipment criticality
and organisational priorities [2,11,13]. The present framework therefore complements existing Maintenance 4.0
research by demonstrating how digital technologies can be systematically embedded within an integrated
maintenance management architecture.

An additional contribution of the proposed framework concerns the progressive nature of digital
transformation. Many organisations perceive Maintenance 4.0 as requiring substantial technological investment
before meaningful improvements can be achieved. However, the present study demonstrates that significant
operational benefits can already be obtained through the systematic integration of existing maintenance
engineering methodologies with relatively accessible digital tools. The enhancement of CMMS functionality,
digital maintenance records, structured inspection procedures and standardised maintenance documentation
represents an evolutionary pathway towards Maintenance 4.0 that is both technically feasible and economically
realistic for many industrial organisations [7,8,12].

https://doi.org/10.53941/jmem.2026.100038 25



Mendes et al. J. Mech. Eng. Manuf. 2026

From an organisational perspective, the framework also supports the transition from reactive information
management towards knowledge-driven maintenance. Digital maintenance systems become substantially more
valuable when maintenance records are consistently structured, engineering decisions are formally documented
and operational experience is progressively incorporated into future maintenance planning. This transformation
enables maintenance organisations to evolve from executing predefined maintenance tasks towards continuously
learning systems capable of improving maintenance strategies through accumulated operational knowledge and
performance feedback [5,7,13].

Furthermore, the proposed framework aligns closely with the broader objectives of smart manufacturing by
strengthening the integration between maintenance, production and operational management. Rather than functioning
as an isolated support activity, maintenance becomes an active contributor to manufacturing performance through
improved equipment reliability, enhanced resource allocation and more informed operational decision-making. Such
integration is increasingly recognised as a defining characteristic of Maintenance 4.0 and represents an essential
prerequisite for achieving resilient, flexible and data-driven manufacturing systems [12,14—16].

Overall, the Maintenance 4.0 perspective presented in this study demonstrates that sustainable digital
transformation is achieved not through the isolated adoption of advanced technologies, but through the coordinated
integration of structured maintenance engineering, digital information management and continuous-improvement
principles. By combining Lean maintenance, asset criticality analysis, FMEA, enhanced CMMS utilisation and
digital maintenance processes within a unified decision-support framework, the proposed methodology contributes
to narrowing the gap between conventional preventive maintenance and the intelligent, connected and knowledge-
driven maintenance systems envisaged within the Maintenance 4.0 paradigm [12-18].

6.5. Scientific Contributions and Research Implications

Beyond the operational improvements achieved in the industrial case study, the present research contributes
to maintenance engineering by demonstrating that significant advances in maintenance performance can be
obtained through the systematic integration of established engineering methodologies rather than through the
isolated adoption of individual maintenance technologies. While the existing literature has extensively investigated
preventive maintenance, Lean Maintenance, Failure Mode and Effects Analysis (FMEA), Computerised
Maintenance Management Systems (CMMS) and Industry 4.0 technologies independently [5—18], comparatively
fewer studies have examined how these complementary approaches can be combined within a unified maintenance
redesign framework validated under real industrial conditions.

The first scientific contribution of this work lies in the development and validation of an integrated
maintenance management framework that combines asset criticality analysis, structured FMEA, Lean maintenance
principles and digitally supported maintenance processes within an Action Research methodology. Rather than
proposing a new analytical technique, the study demonstrates how the coordinated application of established
maintenance engineering methods can generate synergistic improvements in maintenance planning, information
management and operational performance. This systems-oriented perspective complements previous maintenance
studies by emphasising integration as a primary driver of maintenance effectiveness rather than technological
sophistication alone [9—18].

A second contribution concerns the methodological approach adopted throughout the research. Action
Research has increasingly been recognised as an appropriate methodology for addressing complex industrial
problems because it simultaneously generates practical solutions and scientific knowledge [19,20]. In the present
study, this methodology enabled the iterative development, implementation and evaluation of maintenance
improvements under real production conditions, ensuring that the proposed framework was continuously refined
through collaboration between researchers and industrial practitioners. Consequently, the research provides not
only empirical evidence of maintenance improvement but also a reproducible methodological pathway for
conducting maintenance redesign projects in industrial environments [19,20].

The proposed framework also contributes to the evolving body of knowledge surrounding Maintenance 4.0.
Current research frequently associates Maintenance 4.0 with predictive analytics, Industrial Internet of Things
(IIoT), artificial intelligence and advanced sensing technologies [12-14]. Although these technologies
undoubtedly represent essential components of digital maintenance, the present findings suggest that their
effectiveness depends fundamentally on the existence of structured maintenance engineering processes capable of
transforming operational information into informed maintenance decisions. The study therefore reinforces the
concept that Maintenance 4.0 should be interpreted as the convergence of engineering methodologies, digital
information management and continuous-improvement philosophies rather than as the implementation of isolated
digital technologies [12—18].
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Another relevant scientific implication concerns the role of maintenance information as an engineering asset.
The results demonstrate that improvements in maintenance performance are influenced not only by maintenance
interventions themselves but also by the quality, consistency and accessibility of maintenance information.
Enhanced CMMS utilisation, digital documentation and standardised maintenance procedures facilitate
organisational learning, improve maintenance traceability and strengthen decision-making capabilities, thereby
supporting the transition from experience-based maintenance towards knowledge-driven maintenance
management [5,7,8,12]. This observation complements previous studies highlighting the strategic importance of
information management within intelligent manufacturing systems.

Furthermore, the findings contribute to bridging the traditional separation between maintenance engineering
and operational management. Maintenance optimisation is frequently analysed from a purely technical perspective,
focusing on equipment reliability or maintenance scheduling. The present framework demonstrates that
maintenance redesign also generates broader organisational benefits through improved process standardisation,
enhanced cross-functional integration and more efficient resource utilisation. Consequently, maintenance should
be regarded not only as an engineering discipline but also as a strategic organisational capability that directly
supports manufacturing competitiveness and operational resilience [1,5,15-18].

Finally, the proposed framework provides a transferable conceptual model that extends beyond the specific
industrial case investigated. Although validated within a food manufacturing company, the methodological
principles underpinning the framework—including structured criticality assessment, systematic failure analysis, Lean
continuous improvement and digitally supported maintenance management—are sufficiently generic to be adapted
to other manufacturing sectors characterised by complex production systems, high equipment utilisation and
demanding reliability requirements. This transferability enhances the broader scientific relevance of the study and
supports future research into integrated maintenance transformation across diverse industrial contexts [15-20].

Overall, the principal scientific contribution of this work resides in demonstrating that maintenance
transformation should be understood as the coordinated integration of engineering analysis, organisational
improvement and digital technologies within a unified maintenance management framework. By experimentally
validating this integration through Action Research in a real industrial environment, the present study contributes
to advancing maintenance engineering from isolated maintenance optimisation techniques towards
comprehensive, data-driven and operationally sustainable Maintenance 4.0 systems [12-20].

6.6. Limitations and Future Research Directions

Although the proposed maintenance redesign framework demonstrated significant operational benefits within
the investigated industrial environment, several limitations should be acknowledged when interpreting the present
findings. First, the framework was validated through a single industrial case study conducted in the food
manufacturing sector. While this sector represents a highly demanding production environment characterised by
continuous operation, strict hygiene regulations and limited maintenance windows, the specific organisational
characteristics and production constraints may influence the direct transferability of the quantitative results to other
industrial contexts. Nevertheless, the engineering principles underpinning the proposed framework—including asset
criticality assessment, structured FMEA, Lean maintenance and digitally supported maintenance management—are
sufficiently generic to support adaptation across a broad range of manufacturing sectors [15-20].

A second limitation concerns the temporal scope of the industrial implementation. Maintenance transformation
represents a continuous organisational process whose full benefits often become evident only after extended periods
of operational maturity. Although the improvements reported in this study demonstrate the effectiveness of the
proposed redesign during the implementation period, longer-term monitoring would provide additional evidence
regarding the sustainability of the observed improvements, the evolution of maintenance performance indicators and
the long-term organisational impact of the implemented maintenance strategies [5,6,18].

Another important consideration relates to the level of digital maturity of the maintenance system. The
proposed framework incorporates digital maintenance records, enhanced CMMS utilisation and structured
maintenance documentation, thereby establishing a solid foundation for Maintenance 4.0 implementation.
However, the framework does not yet incorporate advanced predictive maintenance technologies such as Industrial
Internet of Things (IIoT) sensor networks, machine learning algorithms, digital twins or autonomous maintenance
optimisation systems, which are increasingly recognised as key components of next-generation intelligent
maintenance environments [12—-14]. Consequently, the present work should be regarded as an important
intermediate stage in the progressive transition from structured preventive maintenance towards fully intelligent
and predictive maintenance ecosystems.
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The Action Research methodology adopted in this investigation also introduces inherent methodological
characteristics that should be considered when interpreting the results. The close collaboration established between
researchers and industrial practitioners represents one of the principal strengths of Action Research because it
facilitates practical implementation while simultaneously generating scientific knowledge [19,20]. However, such
collaboration also implies that organisational culture, management commitment and employee engagement may
influence implementation effectiveness. Future studies involving multiple industrial organisations would therefore
contribute to evaluating the robustness and generalisability of the proposed framework under different
organisational conditions.

Building upon the findings of this study, several promising research directions emerge. Future investigations
may explore the integration of real-time condition monitoring, Industrial Internet of Things (IloT) infrastructures,
artificial intelligence, machine learning and predictive analytics into the proposed maintenance framework, thereby
extending its decision-support capabilities towards fully adaptive maintenance management systems [12-14].
Similarly, the incorporation of Digital Twin technologies may enable continuous simulation of equipment behaviour,
optimisation of maintenance schedules and dynamic assessment of maintenance strategies under varying production
conditions, further strengthening the alignment between maintenance engineering and smart manufacturing.

Another promising avenue concerns the application of the proposed framework to different industrial sectors
characterised by distinct production systems, maintenance philosophies and operational constraints. Comparative
studies involving discrete manufacturing, process industries, energy production or highly automated production
environments would contribute to evaluating the scalability, adaptability and robustness of the integrated
maintenance framework proposed in this research [15-20]. Such comparative analyses would further clarify how
sector-specific characteristics influence the implementation and effectiveness of Maintenance 4.0 strategies.

Overall, the limitations identified do not diminish the scientific or industrial relevance of the present study.
Instead, they define the natural boundaries of the current investigation while identifying clear opportunities for
extending the proposed framework towards more intelligent, autonomous and data-driven maintenance systems.
In this sense, the present research should be regarded as a robust engineering foundation upon which future
developments in Maintenance 4.0 can be systematically constructed, combining structured maintenance
engineering, digital transformation and continuous organisational improvement into increasingly resilient
manufacturing systems [12-20].

6.7. Towards Intelligent and Sustainable Maintenance Engineering

The evolution of industrial maintenance increasingly reflects the broader transformation of manufacturing
systems towards intelligent, connected and data-driven production environments. Within this context, maintenance
can no longer be regarded as an isolated support function responsible solely for equipment repair or preventive
interventions. Instead, it is progressively becoming a strategic engineering discipline that contributes directly to
production continuity, operational resilience, resource efficiency and long-term industrial competitiveness [1,5,6].

The findings of the present study reinforce this emerging perspective by demonstrating that sustainable
maintenance improvement is fundamentally achieved through the systematic integration of engineering
methodologies, organisational learning and digital information management. Although advanced technologies
such as Industrial Internet of Things (IloT), artificial intelligence, machine learning and predictive analytics
continue to reshape Maintenance 4.0, their successful implementation ultimately depends on robust maintenance
engineering processes capable of transforming operational data into structured maintenance decisions [12—-14].
Consequently, technological innovation should complement, rather than replace, established engineering
methodologies such as asset criticality analysis, Failure Mode and Effects Analysis (FMEA), Lean maintenance
and structured preventive maintenance planning [9—18].

An important implication of this work is that maintenance transformation should be viewed as a continuous
organisational capability rather than as a discrete technological project. The transition towards Maintenance 4.0
requires organisations to progressively develop engineering knowledge, standardise maintenance processes,
strengthen maintenance information management and cultivate a culture of continuous improvement capable of
adapting to evolving production requirements [7,8,18]. In this sense, digital technologies represent powerful
enablers of organisational learning, but their value is realised only when embedded within coherent maintenance
management systems supported by reliable engineering practices.

The proposed framework also aligns closely with the growing emphasis on sustainable manufacturing. More
efficient maintenance planning contributes directly to reducing unnecessary maintenance interventions,
minimising equipment downtime, improving resource utilisation and extending asset service life, thereby
supporting more sustainable production systems [1,5,15]. Beyond economic benefits, improved maintenance
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effectiveness may also contribute to reducing material consumption, avoiding premature component replacement
and enhancing overall production efficiency, all of which are increasingly recognised as important dimensions of
sustainable industrial development [15—18].

From a broader research perspective, the present study illustrates the continuing convergence of maintenance
engineering, digital transformation and operational excellence. Rather than treating reliability engineering, Lean
Manufacturing, Maintenance 4.0 and data-driven decision-making as separate research domains, the proposed
framework demonstrates how these complementary disciplines can be integrated into a unified maintenance
management architecture capable of simultaneously improving technical performance, organisational efficiency
and managerial decision-making. This integrated perspective contributes to addressing one of the principal
challenges identified in recent maintenance literature, namely the need to bridge engineering methodologies with
intelligent manufacturing systems through practical and industrially validated implementation strategies [12-20].

Ultimately, the long-term evolution of maintenance engineering will depend less on the development of
isolated digital technologies than on the ability of organisations to integrate engineering knowledge, operational
information and continuous improvement within adaptive maintenance ecosystems. The framework proposed in
this research represents one step towards that objective by providing a structured methodology through which
conventional preventive maintenance can progressively evolve into intelligent, knowledge-driven and
operationally sustainable Maintenance 4.0 systems. In doing so, the study not only contributes to improving
maintenance performance within the investigated industrial environment but also provides a transferable
engineering framework capable of supporting future maintenance transformation across diverse manufacturing
sectors [12-20].

To synthesise the principal findings discussed throughout this chapter, Figure 23 presents the integrated
engineering framework emerging from the present investigation. The framework illustrates how structured
maintenance engineering, digital technologies and continuous-improvement principles interact to support the
transition from conventional preventive maintenance towards Maintenance 4.0.
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Figure 23. Integrated engineering framework for the transition from conventional preventive maintenance to

Maintenance 4.0 through Lean maintenance redesign and data-driven decision support.

The framework highlights that maintenance transformation should be understood as a progressive
organisational process in which engineering methodologies, digital information and operational knowledge are
systematically integrated. Rather than relying on isolated technological solutions, the proposed approach
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demonstrates that sustainable maintenance excellence emerges from the coordinated interaction between
structured maintenance planning, data-driven decision-making and continuous organisational improvement.

7. Conclusions

This study demonstrated that preventive maintenance performance can be substantially enhanced through the
systematic integration of engineering methodologies, Lean maintenance principles and digitally supported
decision-making within a structured Maintenance 4.0 perspective. Rather than focusing on isolated maintenance
optimisation techniques, the proposed framework combined asset criticality analysis, Failure Mode and Effects
Analysis (FMEA), maintenance standardisation, digital information management and Action Research into a
unified maintenance redesign strategy. The industrial implementation confirmed that the coordinated application
of these complementary approaches significantly improved maintenance planning, information traceability,
operational consistency and maintenance effectiveness within a food manufacturing environment.

From an engineering perspective, the results demonstrate that sustainable maintenance improvement depends
less on increasing maintenance effort than on improving the quality of maintenance decisions. The integration of
structured criticality assessment, systematic failure analysis and Lean maintenance principles enabled maintenance
activities to be prioritised according to operational risk and production requirements, thereby improving resource
allocation while reducing process variability and enhancing organisational responsiveness. These findings
reinforce the importance of maintenance engineering as a strategic discipline that directly contributes to equipment
reliability, operational resilience and manufacturing performance.

A principal scientific contribution of this research lies in demonstrating that Maintenance 4.0 should not be
interpreted merely as the implementation of advanced digital technologies, but rather as the systematic integration
of engineering analysis, organisational learning and digital information management within a coherent decision-
support framework. While previous studies have extensively investigated predictive maintenance, CMMS
platforms, Industry 4.0 technologies and Lean maintenance independently [5,18], the present study contributes by
experimentally validating how these complementary methodologies can be integrated into a unified maintenance
redesign framework under real industrial conditions through an Action Research methodology [19,20].
Consequently, the study helps bridge the gap between conceptual Maintenance 4.0 models and their practical
implementation within manufacturing organisations.

The industrial implications of the proposed framework extend beyond the specific case study investigated.
The methodological principles underpinning the framework—including asset criticality analysis, structured
FMEA, Lean maintenance, digital documentation and continuous performance evaluation—are sufficiently
generic to support maintenance transformation across diverse manufacturing sectors characterised by complex
production systems, high equipment utilisation and demanding reliability requirements. By improving
maintenance traceability, supporting risk-informed decision-making and promoting continuous organisational
learning, the proposed methodology provides industrial organisations with a practical pathway towards more
efficient, resilient and data-driven maintenance management systems.

The findings also highlight the increasingly strategic role of maintenance within modern manufacturing. As
production systems continue to evolve towards intelligent, connected and digitally integrated environments,
maintenance must progressively transition from a reactive support activity to an active contributor to operational
excellence and sustainable industrial development. In this context, Maintenance 4.0 should be understood as the
convergence of engineering methodologies, digital technologies and continuous-improvement philosophies, rather
than as a purely technological transformation. The framework proposed in this research contributes to this
transition by demonstrating how established maintenance engineering principles can be effectively combined with
digital information management to generate measurable operational improvements.

Several limitations should nevertheless be acknowledged. The framework was validated within a single food
manufacturing company, and although the underlying engineering principles are broadly transferable, additional
validation across different industrial sectors would further strengthen its generalisability. Furthermore, the
implementation focused primarily on preventive maintenance redesign supported by digital information
management and did not incorporate advanced predictive technologies such as Industrial Internet of Things (IIoT)
sensor networks, Digital Twins or artificial intelligence-based maintenance optimisation. These technologies
represent promising opportunities for extending the proposed framework towards increasingly adaptive and
autonomous maintenance systems.

Future research should therefore investigate the integration of real-time condition monitoring, Industrial
Internet of Things (IloT) infrastructures, machine learning, artificial intelligence, Digital Twin technologies and
advanced predictive analytics within the proposed maintenance architecture. Comparative multi-sector studies would
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also contribute to assessing the scalability and robustness of the framework under different organisational contexts,
production systems and maintenance maturity levels. Such developments would further strengthen the convergence
between maintenance engineering, intelligent manufacturing and sustainable industrial transformation.

In conclusion, the present study demonstrates that the successful evolution from conventional preventive
maintenance towards Maintenance 4.0 depends fundamentally on the systematic integration of engineering
knowledge, structured maintenance methodologies and digital decision-support systems. By combining Lean
maintenance, asset criticality analysis, FMEA, enhanced maintenance information management and continuous
organisational improvement within a unified engineering framework, this research provides both a scientifically
grounded contribution to maintenance engineering and a practical roadmap for organisations seeking to implement
intelligent, resilient and sustainable maintenance systems in the era of smart manufacturing.

8. Future Considerations
The framework developed in this study should be tested through replication in other production units within
the Lactogal group to validate its scalability. Additionally, the following research directions are proposed:

e  Advanced Predictive Integration: Transition from the current documentary digital twin to real-time condition
monitoring using [oT sensors and Machine Learning algorithms (e.g., Random Forest) for failure forecasting.

e Digital Maturity Benchmarking: Develop a standardised index to evaluate the Maintenance 4.0 readiness
of different manufacturing sectors before digital implementation.

e  Sustainability and Green Maintenance: Establish metrics to quantify the environmental benefits of the
redesigned plans, specifically focusing on energy consumption reduction and waste minimization.

e Augmented Reality (AR): Explore the use of AR interfaces to provide hands-on structural rebuilding
guidance to technicians in real-time.

e  Cybersecurity Frameworks: Develop specific protocols to protect decentralized technical repositories and
cloud-based data from external threats.

Establishing these advanced predictive standards is vital for ensuring the long-term sustainability of the food
industry. This work lays the groundwork for future advancements, contributing to the evolution of maintenance as
a transformative solution for smart dairy production.
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