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Abstract: Asset-intensive sectors are also increasingly adopting the use of Asset Performance Management (APM) software
to move from a reactive and execution-oriented, labor-intensive maintenance process to a risk-informed and engineered
discipline. Reactive maintenance and scheduled preventive maintenance are inadequate for handling the complexity and
interdependency of industrial systems. One of the most relevant aspects of the digital transformation of industry, fueled by
the ubiquitous proliferation of sensors and data acquisition systems, is the evolution of maintenance concepts from
experience-driven to evidence-driven and predictive scheduling. APM software solutions converge operational data, analysis
models, and decision support to optimally manage capital assets' portfolios. APM incorporates principles of reliability
engineering, asset economics, and systems thinking to realize modern asset management strategies, including predictive
maintenance, failure mode and effects analysis, estimation of remaining useful life, and risk-based decision-making. Key
functions include estimating asset health using degradation modeling, forecasting failure, interfacing with computerized
maintenance management systems (CMMS), and providing analysis of system interdependencies. APM implementation
requires cultural changes like embracing data-driven decision-making and knowledge acquisition/management, along with
continuously monitoring performance. Results include reductions of unplanned downtime, reduced maintenance costs of 10-
40%, improved asset availability, and improved safety performance. Future directions include the use of artificial
intelligence, digital twins, and Industrial Internet of Things platforms for more advanced maintenance planning tools and
adaptive decision-making in increasingly complex industrial environments.

Keywords: Asset Performance Management (APM), Predictive Maintenance, Degradation Modeling, Risk-Based Decision-
Making, Prognostics.

1.Introduction

The maintenance function has great potential to
improve availability, safety, environment, and
economics over the asset life cycle in asset-
intensive industries. Customary approaches have
been too reactive or too time-based for the complex
industrial systems that we have today. Reactive
maintenance may cause unplanned downtime and
safety hazards, and time-based preventive
maintenance may cause over-maintenance and
inefficient resource use ([1]).

The transition of industrial processes to the digital
age expands the maintenance decision-making
process. A huge amount of industrial sensors and
digital data acquisition systems creates the basis to
change from experience-based maintenance
planning to evidence-based predictive maintenance
planning [2]. Asset Performance Management
(APM) software has emerged as a key technology
that combines data collection from operations with
analytic models and decision support to optimize
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the maintenance performance of large, complex
asset portfolios [3].

APM is thus defined as the application of modern
asset management principles, whereby maintenance
shifts from being a largely operational and
execution activity to a planned activity that clearly
links maintenance decisions to an organization-
wide risk appetite and business strategy, supported
by the principles of reliability engineering, asset
economics, and systems thinking in an integrated
asset lifecycle model [4].

This technical article gives an overview of trends
and future directions in APM software for plant
maintenance. It contains background on APM
system architecture, functionality, implementation,
and future opportunities. It integrates knowledge of
contemporary maintenance theory with industrial
development to clarify how APM allows
maintenance practitioners to link plant maintenance
performance to enterprise performance while
managing uncertainty in complex engineered
systems.
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2. Evolution of Maintenance Strategies and
Theoretical Foundations

Different classes of maintenance have been
proposed and evolved as the asset complexity, and
consequently the risk within industrial systems,
grew, making maintenance practice more complex
and diversified [1]. APM finds its place in this
scenario within the broader context of Industry 4.0-
based manufacturing systems and cyber-physical
systems architecture [5].

In the early industry, repair was reactive, and
maintenance efforts were only made after failure.
Despite reduced costs of up-front planning, reactive
maintenance was expensive in terms of downtime
and cascading component-level failures [1].
However, as industrial systems became more
complex and safety-critical, purely
strategies were found wanting.

The first fundamental shift in maintenance strategy
was time-based preventive maintenance, where
time or operating hours determined when
maintenance actions were carried out. Although
this new preventive maintenance strategy avoided

reactive

catastrophic  failures, it introduced
inefficiencies as it was based on the assumption

that the deterioration of the asset

new

occurred
uniformly over time with a well-defined period of
predictable performance deterioration.
studies show there is empirical evidence that many
industrial assets do not follow predictable wear-out
trends, unnecessary component
replacement and maintenance labor [1].

Condition-based maintenance (CBM) was the next

Several

causing

logical step in maintenance management, where,
instead of maintenance at a determined interval,
measurement of asset condition determined when
maintenance was required [3]. Examples include

vibration analysis, thermographic measurements,
and structural health monitoring using high-
frequency electromechanical impedance signatures
[10]. These made it possible to detect asset
deterioration in its early stages and to target
maintenance to assets that showed objective signs
of  deterioration [1]. However, existing
implementations of CBM were often siloed and
asset-based and typically did not scale across
heterogeneous asset portfolios or account for
system-level interdependencies.

Predictive maintenance applies machine learning
and statistics to CBM for forecasting future
behavior of assets and systems by learning from
degradation patterns and signatures in the past.
Such predictive models, implemented within
Industry 4.0 frameworks, also have the ability to
predict the future remaining useful life and the
probability of a failure in the time ahead [3]. This
future focus allows maintenance teams to plan for
maintenance at the ideal time, maximizing
equipment uptime within acceptable risk limits.
Recent systematic multi-sector mapping studies
demonstrate the widespread adoption of predictive
maintenance across various industries [8].
Prescriptive maintenance is an enhancement of
predictive  maintenance, where optimization
algorithms  prescribe  the best actionable
recommendations based on the information in the
knowledge graph about the asset's probability of
failure, consequence, constraints, and available
resources [6]. It is the current highest-stage
maturity level of maintenance strategy that enables
adaptive maintenance planning according to the
continuously  changing
operational context.

asset condition and

. s Suitability for
Maintenance . . Asset Condition . .
. Intervention Trigger .. . Operational Impact Complex
Strategy Consideration .
Systems
High unplanned
Reactive Equipment failure . . .
. qup Not considered [downtime, safety Poor
aintenance occurrence -
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) . . . Reduced failures,
[Time-Based Calendar time or usage|lgnored; uniform . -
. . over-maintenance Limited
Preventive hours degradation assumed | )
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Table 1: Evolution of Maintenance Strategies and Strategic Characteristics [1][5]
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Condition-based maintenance (CBM) was the next
logical step in maintenance management, where,
instead of maintenance at a determined interval,
measurement of asset condition determined when
maintenance was required. Examples include
vibration analysis, thermographic measurements,
and fluid condition analysis. These made it
possible to detect asset deterioration in its early
stages and to target maintenance to assets that
showed objective signs of deterioration [1].
However, existing implementations of CBM were
often siloed and asset-based and typically did not
scale across heterogeneous asset portfolios or
account for system-level interdependencies.
Predictive maintenance applies machine learning
and statistics to CBM for forecasting future
behavior of assets and systems by learning from
degradation patterns and signatures in the past.
Such predictive models also can predict the future
remaining useful life and the probability of a
failure in the time ahead [3]. This future focus
allows maintenance teams to plan for maintenance
at the ideal time, maximizing equipment uptime
within acceptable risk limits.

Prescriptive maintenance is an enhancement of
predictive  maintenance, where optimization
algorithms  prescribe  the best actionable
recommendations based on the information in the
knowledge graph about the asset's probability of
failure, consequence, constraints, and available
resources [6]. It is the current highest-stage
maturity level of maintenance strategy that enables
adaptive maintenance planning according to the
continuously changing asset condition and
operational context.

3. Architecture of Asset Performance
Management Systems

APM systems provide an integrated architecture for
the collection, analysis, and dissemination of data
for data-driven decision-making [2]. The
architecture is important for understanding how
APM creates maintenance business intelligence
from operational data. This architecture is closely
aligned with cyber-physical systems approaches
and distributed Industrial Internet of Things
platforms that enable real-time monitoring and
decision-making [5].

3.1 Data Integration and Contextualization
Layer

The basic building block of an APM system is the
ability to aggregate, validate, and contextualize
data. This data typically comes from real-time
sensor networks measuring condition parameters
on equipment, supervisory control and data
acquisition ~ (SCADA)  systems  measuring
operational  state  parameters, computerized
maintenance management systems (CMMYS),
enterprise asset management (EAM), and process
historians ~ measuring and monitoring the
performance of the equipment over time [2].
Technical challenges in the data acquisition layer
involve data validation and quality control,
temporal alignment across multiple data sources,
semantic contextualization where measurements
are indexed and related to operational assets and
states, and proper data governance processes, since
deficiencies in the data acquisition layer severely
limit the potential value-add from later data
analytics [7]. Implementations of APM have
required a thorough set of data validation rules,
standardization of data models for physical and
logical assets, and substantial structure and
documentation of metadata for measurements and
time synchronization [3]. This includes establishing
quality standards aligned with functional safety
requirements for critical systems [14].

3.2 Analytics and Prognostic Modeling Layer

At the analysis level, data are analyzed using
analytical methods to provide information about
the condition of the asset and its failure probability
[2]. Examples of such methods are statistical
analysis in the form of parameter trends, physics-
based approaches modeling the degradation process
based on physical principles, and machine learning
approaches that model nonlinear relations in
multidimensional condition data without prior
definition of the underlying failure mechanisms.
Formalizing  reliability-centered  maintenance
(RCM) frameworks and failure mode and effects
analysis (FMEA) methodologies in this layer as
computational logic ensures that the analysis
results are consistent with conventional engineering
views of reliable assets [3]. For instance, the
degradation modeling in this layer typically
approaches asset condition as a stochastic (rather
than binary) process of change over time [4]. This
probabilistic view thus allows for a quantitative
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description of the probability of failure and the
remaining useful life with confidence intervals.
Prognostic models in this layer can use different
methods, including statistical models based on
operational failure data or physics-based models
based on domain knowledge of failure mechanisms
and material properties for predicting future
conditions based on operating stresses [8]. These
models can predict future degradation rates and
support reliability, availability, maintainability, and
dependability (RAMD) analysis of complex
infrastructure systems [9]. Hybrid models combine
mechanistic knowledge and data-driven learning
and adapt physics-based models to observed data
patterns [3].

3.3 Decision Support and Visualization Layer
The decision support layer translates analysis

results into meaningful information  for

maintenance practitioners and operations managers
[3]. This comprises interactive dashboards with
multi-dimensional-level asset health information,
composite health indices with unidimensional
indices compiled from multiple condition
indicators, risk matrices displaying asset position in
the dimensions of the probability of failure and
consequence of failure, as well as automated alerts
for when assets exceed defined risk tolerances.

The third layer is based on the principle that APM
systems only augment human capabilities in the
form of decision support systems providing
evidence-based analytical capabilities [4]. Humans
retain authority and contextualize the analysis
results from an operational, financial, and safety
perspective.

Primary Data

Architectural Layer|
Sources

Key Analytical
Functions

Decision Support

Output Characteristics
P Mechanisms

Sensors, SCADA,

Data validation, temporal

Quality assurance

Data Integration & synchronization, and 'Validated, temporally- . .
g. . CMMS, EAM, 4 . . .p Y imetrics, data lineage
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[Degradation o . . ..
o estimation, physics-based [Failure probability
. histories, . . . Confidence

Analytics & .. simulation, machine forecasts, RUL .

condition intervals, model

Prognostic Modeling

signatures, stress
[parameters

learning pattern
recognition, RCM/FMEA
logic

estimates, and failure
mode identification

performance metrics

Decision Support &

[Visualization

[Analytical model
outputs, historical
performance data

Risk matrix computation,
health index aggregation,

alert threshold evaluation

[Asset health dashboards,
risk matrices, prioritized

irecommendations

Risk scores,
imaintenance urgency

rankings

Table 2: APM System Architecture Components and Functional Roles [2][3][4]

4. Functional Capabilities for Risk-Informed
Maintenance Decision-Making

This functionality can transform maintenance from
a production-oriented activity to one based on
specific concepts of risk management and
economic lifecycle costs through the use of
appropriate APM software [1].

4.1 Asset Health Assessment
Degradation Modeling

Through

A core APM capability is asset health assessment,
which is the systematic assessment of asset
condition against the expected behavior given
known operating and environmental conditions
[11]. This may comprise several indicators of asset
condition, including vibration amplitude and

frequency content, thermal images, -electrical

measurements, process performance indicators, and
fluid condition indicators to give an overall
composite indicative of asset condition [2].
Contrary to normal alarm systems, which are based
on threshold logic, a degradation model in an APM
system would account for the context of the
working conditions and the behavior of the asset to
discriminate between normal variation and the
onset of degradation [3]. This reduces the number
of false alarms and increases the sensitivity to
impending failure. The analytic hierarchy process
can be applied to systematically evaluate and select
appropriate maintenance strategy approaches based
on asset-specific characteristics [11].

The capability is based on the reliability
engineering principle of stochastic degradation
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theory, which describes the degradation of an asset
as a stochastic, path-dependent process that is
governed by the characteristics of the system or
equipment and operating conditions [9]. New
failure modes can be seen early in the degradation
process, allowing for effective planning. This can
be especially useful in complex systems where
failures propagate rapidly among interdependent
components [4].

4.2 Failure Mode Identification and Remaining
Useful Life Prognostics

APM systems embed reliability analysis logic to
systematically identify the failure modes that drive
maintenance demand. With RCM and FMEA
computational engines embedded in the system,
combined with the associated symptom signatures
and condition signatures, APM systems can
improve diagnostic accuracy beyond simple
intuition-based assessments [3].

In addition to diagnostics, prognostics estimates the
RUL as well as the probability of failure on
different time horizons [13]. The RUL estimates
use both the historical failure data of the population
of similar assets and the actual degradation rate of
individual equipment instances (i.e., equipment
duty cycles) as operating stress factors [2]. The
prognostics theory entails that failure is a stochastic
process, influenced by intrinsic asset properties
(material ~ properties, design margins, and
manufacturing variability) and extrinsic factors
(operational stresses, environmental conditions,
and maintenance activity) [4].

In practice, prognostic capabilities enable a
transformation from reactive condition awareness
to future maintenance planning. Maintenance can
be scheduled such that operational downtime is
minimized and the risk exposure is acceptable. The
predicted RUL can also be leveraged for improving
spare parts demand forecasting in terms of the costs
of carrying spare part inventories and the risk of
unplanned stockouts in case of critical failures [1].
Optimal allocation of redundancy, maintenance
resources, and spare parts across decentralized
repair systems can be achieved through
sophisticated optimization frameworks [12].

4.3 Risk-Based Maintenance Decision
Framework

APM's most far-reaching contribution to changes in
the  maintenance  model is  likely its
operationalization of decision-making frameworks
based on the cost of failure versus the probability
of failure, rather than on asset condition gates or as

dictated by a time-based preventive maintenance
regime [3].

Risk quantification in APM is the risk of failure
predicted in terms of the prognosis model and
concerns the safety, environmental, production, and
economic implications [14]. The risk-based
approach to APM aligns the maintenance strategy
with the risk appetite and the corporate objectives
of the enterprise, based on the decision theoretic
principle to evaluate actions with respect to the
expected value [4].

Risk-based approaches may apply different
maintenance strategies to different assets in the
same asset portfolio. A high likelihood and
consequence of failure may require close condition
monitoring and preventive interventions such as
component redundancy or buffer capacity [12]. On
the other hand, assets with low failure probability
and consequence impact can be maintained with
less complex methods and longer monitoring
intervals. Thus, resources can be focused on where
maintenance will maximize the efficiency and
increase the resilience of the system [2].
Condition-based maintenance policies for systems
with multiple dependent components must account
for complex interdependencies and common-cause
failure mechanisms to optimize maintenance
decisions across the system [13].

4.4 Maintenance Strategy Optimization and
Adaptive Planning

APM  systems continually adapt existing
maintenance plans using data, comparing predicted
asset failure behavior with that which is observed
in practice [15]. Customary  preventive
maintenance schedules may rely more on
conservative historical practices and engineering
judgment than on the actual behavior of the asset.
APM encourages rethinking these assumptions
through the performance monitoring and analytics
of asset data [3].

APM systems rely on real-time analytics to identify
maintenance actions that have minimal impact on
failure risk, recommend ideal inspection and
maintenance intervals for each asset population,
and determine the optimal point in time when to
switch from one maintenance strategy to another as
the condition characteristics of an asset change [2].
It has also been described as the application of
operations research to maintenance planning,
where the aim is to minimize total expected costs
(of material and labor for maintenance, of
production loss, and of failure), subject to risk
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constraints [4]. Modeling and simulation maintenance workflows and operational efficiency
techniques for business process analysis and re- [15].
engineering can be applied to optimize
Decision Int i o tional
. . . ntegration erationa
Framework Definition Quantification Method g . P .
Mechanism Implementation
Element
Likelihood of failure  [Prognostic model Combined with .
. . o . - Inspection frequency,
Failure Probability [occurrence within the [predictions, statistical |consequence . L
. . . . o intervention timing
specified time horizon [failure rate distributions [assessment
Severity of impacts, . .
. ty P [Domain expert Weighted
. including safety, S . . .
Failure . assessment, historical [aggregation with Resource allocation,
environmental, L. . L. e
Consequence . incident analysis, organizational mitigation strategy
operational, and . .
consequence modeling [priorities

financial dimensions

Organizational Risk
Tolerance

Acceptable risk
exposure level reflecting
business objectives and
safety requirements

Strategic risk
governance, regulatory
requirements,
stakeholder expectations

Constraint on
maintenance decision|
optimization

Risk threshold values,
lacceptance criteria

Total Expected Cost

[Direct maintenance
expenses, production
losses, and failure
consequences combined

Operations research
optimization techniques

Objective function in
maintenance strategy
selection

Maintenance interval
optimization

Maintenance Action
[Prioritization

Ranking of competing
maintenance
opportunities based on
risk and cost

Risk score computation,
cost-benefit analysis

'Work order
sequencing, resource
scheduling

Execution sequence
determination

Table 3: Risk-Based Maintenance Decision Framework Components [3][15]

planning-execution gap
in maintenance management,

that

has customarily

thereby

5. Implementation  Considerations and
Organizational Dynamics existed
Successful implementation of APM systems

requires more than technical implementation but
also an organizational transformation towards data-
driven maintenance decision-making [5].

5.1 Operational Execution System Integration
The findings from the software tools, such as APM,
will only provide value if integrated with the
CMMS and EAM systems for daily maintenance
execution and work management for automatic
generation of work recommendations, work
prioritization according to asset risk and health, and
for managing inspection triggers based on asset
condition [3].

With closed-loop integration, the results of the
execution of maintenance and the experience of
real-world failures are passed back through the
analytical model to improve the accuracy of
prognostics over time, reflecting changes in asset
population and changes in operating practices [4].
In theory, an integrated approach could reduce the

reducing decision latency and increasing intra-
organizational maintenance homogeneity.
5.2 System-Level Maintenance
Interdependency Modeling

Most industrial plants are systems. Given that
composed of many

and

plants are normally
components, failure of any one component may
affect others due to functional dependencies and
common-cause failure. Consequently, APM
systems designed for system-level maintenance
will model asset interdependencies and common-
cause failure mechanisms, allowing maintenance
decisions to be evaluated at the system level
instead of the asset level [2].

This systems approach is in line with modern
reliability engineering theory, which stresses
functional dependencies, dependency mapping,
redundancy analysis, and propagation of failure
consequences [13]. By recognizing and optimizing
maintenance at the system level, APM seeks to
reduce the risk of local optimizations inadvertently
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increasing risk across the plant through unexpected
outcomes [4]. Reliability, availability,
maintainability, and dependability  analysis
provides a comprehensive framework for
evaluating complex integrated systems [9].

5.3 Capture Workforce Knowledge and
Organizational Learning

Beyond their technological usefulness, APM
systems institutionalize maintenance knowledge as
expert systems, diagnostic heuristics, and failure
pattern recognition capabilities [3]. In the process,
they provide additional protection against the loss
of historic experience that comes with the
retirement of skilled maintenance personnel and the
dependence on tacit experience for effective
maintenance decisions.

In terms of organizational theory, APM is a socio-
technical system with humans and machines
bringing complementary capabilities, such as
human intelligence for contextual analysis,
understanding the whole system, and machine
intelligence for pattern tracking on complex data
and prediction based on mathematical models [5].
5.4 Performance Monitoring and Continuous
Improvement

APM systems provide objective measurements and
analysis of maintenance performance, which can be
used for continuous improvement. Examples
include mean time between failures, maintenance
cost effectiveness, and quantified risk exposure [3].
These can be tracked over time to detect trends and
root causes. This learning environment aligns well
with asset management maturity models governed
by ISO standards, which provide organizations
with a phased and structured transition from
reactive maintenance to calculated and optimized
or adaptive maintenance, with APM providing the
analytical and measurement infrastructure [2][7].

Conclusion

Asset Performance Management software changes
the maintenance management model from
executing maintenance tasks to evidence-based
decisions driven by risk and economics applied
over the asset lifecycle. An Asset Performance
Management solution uses corrective business
decisions based on the integration of operational
data with analytics and human-centric decision
support and capitalizes on asset reliability
engineering and management theory in practice.
The data integration, prognostic analytics, and
visualization  capabilities of APM  create

unprecedented capability to understand asset
deterioration, failure likelihood, and remaining
useful life and to determine the timing and type of
maintenance intervention. Risk-based maintenance
strategies enabled by APM can quantify failure
consequence severity as well as failure probability,
enabling different strategies to be employed across
an asset portfolio to improve system reliability and
reduce maintenance costs. Using execution systems
and closed-loop feedback closes the planning-
execution gap in maintenance management and
enables continuous improvement and
organizational learning. Challenges to successful
implementation (data availability, organizational
change, and developing analytical skills) require
effective leadership and disciplined change
management practices, but they can be overcome
to achieve the resulting benefits. Technologies,
including Artificial Intelligence, digital twins, and
distributed Internet of Things systems, will enable
more advanced failure predictions, simulation-
based maintenance optimization, and adaptive,
real-time decision-making. Industrial companies
are expected to see an increase in the complexity
and interdependence of systems and continue to
rely on APM as a calculated competency for asset
management and business value optimization.

References

[1] R. Keith Mobley, "An introduction to predictive
maintenance," 2nd ed. Butterworth-Heinemann,
2002. https://shop.elsevier.com/books/an-
introduction-to-predictive-
maintenance/mobley/978-0-7506-7531-4

[2] ISO, "ISO 55000: Asset management —

Overview, principles and terminology,"
International Organization for Standardization,
2024. [Online]. Available:

https://cdn.standards.iteh.ai/samples/83053/c7a77¢
84adbad194bb69c940al7ac16¢/ISO-55000-

2024.pdf
[3] Andrew K.S. Jardine et al., "A review on
machinery diagnostics and prognostics

implementing  condition-based  maintenance,"
ScienceDirect,  2006.  [Online].  Available:
https://www.sciencedirect.com/science/article/abs/

pii/S0888327005001512

[4] Sherif Mostafa et al., "Lean Maintenance
Roadmap," ScienceDirect, 2015,
https://www.sciencedirect.com/science/article/pii/S
2351978915000773.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2026, 14(1s), 1565-1572 | 1571


https://shop.elsevier.com/books/an-introduction-to-predictive-maintenance/mobley/978-0-7506-7531-4
https://shop.elsevier.com/books/an-introduction-to-predictive-maintenance/mobley/978-0-7506-7531-4
https://shop.elsevier.com/books/an-introduction-to-predictive-maintenance/mobley/978-0-7506-7531-4
https://cdn.standards.iteh.ai/samples/83053/c7a77e84adba4194bb69c940a17ac16c/ISO-55000-2024.pdf
https://cdn.standards.iteh.ai/samples/83053/c7a77e84adba4194bb69c940a17ac16c/ISO-55000-2024.pdf
https://cdn.standards.iteh.ai/samples/83053/c7a77e84adba4194bb69c940a17ac16c/ISO-55000-2024.pdf
https://www.sciencedirect.com/science/article/abs/pii/S0888327005001512
https://www.sciencedirect.com/science/article/abs/pii/S0888327005001512
https://www.sciencedirect.com/science/article/pii/S2351978915000773
https://www.sciencedirect.com/science/article/pii/S2351978915000773

[5] Jay Lee et al., "A cyber-physical systems
architecture for Industry 4.0-based manufacturing
systems," ScienceDirect, 2015. [Online]. Avail
https://www.sciencedirect.com/science/article/abs/
pii/S221384631400025X

[6] Gartner, "Market Guide for Asset Performance
Management Software," Gartner Research, 2025.
[Online]. Available:
https://www.gartner.com/en/documents/6300115

[71 ISO, "ISO 55001: Asset management —

Management systems - Requirements,"
International Organization for Standardization,
2024, [Online]. Available:

https://www.iso.org/standard/83054.html?utm
[8] Panagiotis Mallioris et al.,
maintenance in Industry 4.0: A systematic multi-
sector mapping," ScienceDirect, 2024. [Online].
Available:
https://www.sciencedirect.com/science/article/pii/S
1755581724000221

[9] Marvin Rausand, "Reliability-centered
maintenance,"  ScienceDirect, 1998 [online].
Available:
https://www.sciencedirect.com/science/article/abs/
pii/S0951832098830056

[10] Wei Yan, W. Q. Chen, "Structural Health
Monitoring Using High-Frequency
Electromechanical Impedance Signatures,"
Hindawi Publishing Corporation, Advances in
Civil Engineering, 2010. [Online]. Available:
https://www.researchgate.net/publication/42387402
[11] M Bevilacqua, M Braglia, "The analytic
hierarchy process applied to maintenance strategy

"Predictive

selection,"  ScienceDirect, 2000.  [Online].
Available:
https://www.sciencedirect.com/science/article/abs/
pii/S0951832000000478

[12] Tongdan Jin et al., "Allocating redundancy,
maintenance, and spare parts for minimizing
system cost under decentralized repairs,"
SpringerNature Link, 2024.
https://link.springer.com/article/10.1007/s42524-
024-0145-3

[13] Minou C.A. Olde Keizer et al., "Condition-
based maintenance policies for systems with
multiple dependent components: A review,"
ScienceDirect, 2017. [Online]. Available:
https://www.sciencedirect.com/science/article/abs/
pii/S0377221717301881

[14] VECTOR, "IEC 61508: Understanding
Verification and Validation of Software Under IEC
61508"  https://www.vector.com/int/en/Ip/us/iec-

61508/?7utm_source=google&utm medium=cpc&g
ad_source=1&gad campaignid=739469470&gbrai
d=0AAAAAD bKWX3UN98wddYUskQ-
QxVSTQIV&gclid=Cj0KCQjwyr30OBhDOARISA
Llo-

OKE5xfPJngjbBY1dVdh84L1Xa 2bPOnoSL7gZL
EZPqpVx1vAGXMgeYaAiovEALw_ wcB#

[15] Vlatka Hlupic et al, "Modelling and
simulation techniques for business process analysis
and re-engineering," ResearchGate, 2006 [online].
Available:
https://www.researchgate.net/publication/22838199
0

International Journal of Intelligent Systems and Applications in Engineering

LIISAE, 2026, 14(1s), 1565-1572 | 1572


http://www.sciencedirect.com/science/article/abs/pii/S221384631400025X
http://www.sciencedirect.com/science/article/abs/pii/S221384631400025X
https://www.gartner.com/en/documents/6300115
https://www.iso.org/standard/83054.html?utm_source=google&utm_medium=ppc_paid_social&utm_campaign=ISO55001&utm_content=gads01&gad_source=1&gad_campaignid=21435818578&gbraid=0AAAAABtQACGLif_8n4pw7zIBF1RJO_gpO&gclid=Cj0KCQjwp7jOBhDGARIsABe7C4ciuspSai8jVmeN--sGRxzj9cb8S6kBwukIHZoSw83HFCDTcDBeKREaAqwlEALw_wcB
https://www.sciencedirect.com/science/article/pii/S1755581724000221
https://www.sciencedirect.com/science/article/pii/S1755581724000221
https://www.sciencedirect.com/science/article/abs/pii/S0951832098830056
https://www.sciencedirect.com/science/article/abs/pii/S0951832098830056
https://www.researchgate.net/publication/42387402_Structural_Health_Monitoring_Using_High-Frequency_Electromechanical_Impedance_Signatures
https://www.sciencedirect.com/science/article/abs/pii/S0951832000000478
https://www.sciencedirect.com/science/article/abs/pii/S0951832000000478
https://link.springer.com/article/10.1007/s42524-024-0145-3
https://link.springer.com/article/10.1007/s42524-024-0145-3
https://www.sciencedirect.com/science/article/abs/pii/S0377221717301881
https://www.sciencedirect.com/science/article/abs/pii/S0377221717301881
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.vector.com/int/en/lp/us/iec-61508/?utm_source=google&utm_medium=cpc&gad_source=1&gad_campaignid=739469470&gbraid=0AAAAAD_bKWX3UN98wddYUskQ-QxVSTQ9V&gclid=Cj0KCQjwyr3OBhD0ARIsALlo-OkE5xfPJngjbBYldVdh84L1Xa_2bPOno5L7gZLEZPqpVx1vAGXMgeYaAiovEALw_wcB
https://www.researchgate.net/publication/228381990_Modelling_and_simulation_techniques_for_business_process_analysis_and_re-engineering
https://www.researchgate.net/publication/228381990_Modelling_and_simulation_techniques_for_business_process_analysis_and_re-engineering

