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Abstract. Maintenance optimisation remains a persistent challenge in asset-intensive industries
due to the combined uncertainties of failure behaviour and the economic consequences of strategy
selection. Traditional decision frameworks typically rely on static cost comparisons or rule-based
policies, which do not adequately reflect how hazard rates evolve across different lifecycle stages.
This limitation creates a critical gap in linking risk-based reliability analysis with cost-driven
evaluation, leaving decision makers without a robust basis for aligning maintenance strategies to
both asset condition and economic impact. The objective of this study is to develop and test a
framework that integrates hazard rate modelling with cost-based analysis to guide optimised
maintenance decision-making. The approach applies simulation-based methods using Weibull
distributions to characterise hazard rates across infant, random, and wear-out phases. Strategy
performance is then evaluated through a process of normalisation and binning, which enables
comparability across heterogeneous datasets and accounts for differences in data richness.
Opportunity cost is introduced as the central decision metric, capturing the economic penalty
incurred when a suboptimal strategy is implemented under specific hazard conditions. Findings
reveal that no maintenance strategy is universally superior across all conditions. Corrective
maintenance is viable only in low-hazard situations, but quickly becomes economically untenable
as hazard rates increase. Time-based maintenance consistently demonstrates effectiveness in
predictable environments and dominates in wear-out stages where escalating risk demands
proactive intervention. Condition-based maintenance proves particularly valuable in situations
where monitoring can offset uncertainty, offering a cost-effective balance between reactivity and
prevention. Importantly, the results show that the framework is flexible: it remains meaningful in
data-scarce contexts, where transparent assumptions allow useful insights, while in data-rich
scenarios it produces stable parameter estimates and clearer economic benchmarks. This study
contributes to the academic literature by bridging the gap between reliability modelling and
economic evaluation. By integrating hazard functions with opportunity cost benchmarking, it
advances beyond static cost comparisons to a dynamic, lifecycle-aware assessment of strategy
performance. Practically, the framework provides maintenance managers with a transparent and
adaptable decision-support tool that clarifies both when a strategy is most effective and what is
lost when the wrong choice is made. In doing so, it enhances the ability of organisations to make
defensible, data-informed decisions that minimise risk and maximise economic efficiency in asset
management.

Keywords: maintenance decision-making, Hazard rate, Weibull distribution, reliability
engineering, maintenance optimization, decision support systems.

1. Introduction

Failure analysis is a cornerstone of effective engineering asset management, playing a crucial
role in enhancing asset reliability, minimizing downtime, reducing production losses, and
optimizing maintenance strategies. In addition to a macro-level perspective in engineering asset
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management, a detailed examination of specific failure modes can provide more profound insights
into system performance and reliability. By understanding failures at this detailed level,
organisations can not only boost operational efficiency and safety but also strengthen regulatory
compliance and risk, informed decision-making. Importantly, when failures are systematically
monitored and analysed, they can significantly drive down maintenance costs [1].

Complementary to failure analysis, a comprehensive understanding of maintenance costs is
essential for informed maintenance decision-making. Proactive assessment of failure mode,
considering both likelihood and consequence, enables organizations to allocate resources more
effectively and reduce unnecessary expenditure [2]. Maintenance costs encompass all activities
required to preserve or restore the function of assets, and their effective management is vital for
maintaining operational continuity, extending asset lifespans, and mitigating unplanned
downtimes. As engineering assets increasingly become viewed as profit, generating entities rather
than cost centers, maintenance has taken on a more strategic role within industrial operations
[3, 4]; thus the focus is on economic opportunity cost in this study.

Selecting an appropriate maintenance strategy is a pivotal element of the decision-making
process. Over time, industries have not only diversified their maintenance approaches but have
also witnessed the evolution of these strategies in response to technological advancements and
operational demands [2]. According to Crespo Marquez, et al. [5], maintenance decision-making
can be structured into two key phases: strategy definition and strategy implementation. The
formulation of maintenance objectives, typically aligned with an organization’s broader business
goals, guides the selection of suitable strategies [2]. Successful implementation, in turn, reflects
an organisation’s capability to overcome practical challenges and achieve cost efficient
maintenance execution.

Given the complexity of modern engineering systems and the imperative to maximise system
uptime, prioritizing failure modes and aligning maintenance strategies with asset criticality is
essential. Crespo Marquez, et al. [5] advocate for defining multiple, risk, aligned maintenance
strategies where criticality is assessed based on defined risk profiles.

Failure analysis itself often involves categorizing failure events into distinct modes [6], which
are then evaluated according to risk profiles derived from their probability of occurrence (failure
rate) and potential consequences (e.g., total loss). A wide range of techniques has been developed
to support this process, broadly classified into deterministic and probabilistic methods [7]. While
deterministic methods are grounded in fixed assumptions and offer simplicity, they often fall short
in capturing the inherent randomness and complexity of real, world systems. Probabilistic
approaches, by contrast, incorporate uncertainty into modelling, allowing for more realistic and
flexible analysis of system behaviour [7].

Probabilistic methods can further be divided into analytical and simulation-based approaches.
Analytical methods are well, suited to small, scale systems due to their direct application and
computational efficiency [8]. However, as system complexity increases, especially in
environments with numerous interdependent components, analytical models become increasingly
difficult to construct and interpret [9]. Moreover, many analytical techniques struggle to
accurately represent the dynamic nature of real, world systems, where failure probabilities shift
over time due to operational and environmental factors. For such scenarios, time, dependent
simulation-based modelling approaches are needed to ensure accuracy and reliability in
assessments [10].

In essence, while analytical methods remain valuable for simple systems with stable failure
behaviours, their assumptions and limitations make them less suitable for large, complex systems
where variability and interdependence dominate. Simulation- based probabilistic methods offer a
more scalable and adaptable alternative, particularly when addressing the evolving reliability
profiles of modern engineering assets. To address these challenges in modelling complex systems,
simulation- based methods leverage statistical distributions that attempt to realistically represent
failure behaviours and time, to, failure patterns. In event failure analysis, various simulations
methods are used to model the time to failure, failure rates, and reliability of systems. Some of the
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most common distributions used in failure analysis to model the time to failure are Normal
(Gaussian) Distribution, Exponential Distribution, Weibull Distribution, Poisson Distribution,
Log, Normal Distribution, Gamma Distribution, Inverse Gaussian Distribution. Their usage,
parameters and common applications, along with case study examples, are depicted in Table 1.

Table 1. Common probability distribution methods applied in the study of event failure analysis

Distribution Usage Failure' rate Key parameters Common applications and
behaviour case study examples
Normal Symmetric failure | Bell, shaped U (mean), Lifespan of products, wear
(Gaussian) distributions curve o (std. dev.) and degradation [11]
. Random failure Electronic components,
Exponential Process Constant (1) A (rate) software reliabirl)ity [12]
. Wear - out, agin, . B (shape), Mechanical components,
Weibull effects e Varies (B) n (scal?e) fatigue analysiI; [13]
Models the
. number of events | Constant rate System failures, breakdowns,
Poisson . . . A (average rate)
in a fixed interval over time rare events [14]
of time or space
Log, Normal .Skew.ed .faihllre Decrea.sing 4 (log mean), Electronic.devices, chemical
’ time distributions over time o (log std. dev.) failures [15]
Gamma Multi, phase Varies with k k (shape), Repairabl; systems, waiting
failure processes A (rate) times [16]
Inverse First, passage Decreasing U (mean), Biomedical applications,
Gaussian failure times over time A (scale) stock failures [17]

Simulation, in the context of engineering asset management, serves as a powerful tool for
modelling the dynamic behaviour of assets and their failure patterns over time. By replicating the
operation of real, world systems, such as machinery, infrastructure, or production lines, simulation
enables researchers and maintenance engineers to gain deeper insights into how these systems
evolve under different operating conditions and maintenance strategies. Whether performed
manually or using a computer, it involves creating an artificial history of a system based on the
current conditions and analysing that history to gain insights into how the actual system functions.
Simulation models are constructed by formalising assumptions about system behaviour through
explicit mathematical formulations, rule-based logic, and abstract representations that govern
interactions among system components. Once a model is developed and validated, it can be used
to explore various “what, if” scenarios, allowing users to predict the impact of potential changes
before implementing them in the real world. This makes simulation a valuable tool for both
analysing existing systems and designing new ones. Simulation can be particularly useful in the
early stages of system development [18], helping designers evaluate different configurations
before committing to costly real, world implementation. Many real - world systems are inherently
complex, requiring comprehensive approaches to understand and manage their performance and
reliability. In such cases, computer-based simulations are used to mimic system behaviour over
time. These simulations generate data as if the actual system were being observed, allowing
researchers to estimate performance measures and make informed decisions [19].

This paper focuses on creating a simulation of a mining site operation based on firm’s historical
data. The simulation is basically based on the different risk profiles drafted with the assistance of
quantitative risk assessment. The simulation provides the ability to create a “control-treatment”
setup e.g., where the control might be a context in which a corrective maintenance regime exists,
and the counterfactuals or treatments could be preventative maintenance or condition- based
maintenance. In such a framing, an economic analysis can be applied wherein the opportunity cost
is simply the relative maintenance cost difference between the control and treatment over a certain
period. The economic analysis when performed on different risk (failure likelihood and impact)
profiles across different failure modes, reveals the relationship between the maintenance strategy
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that minimises the opportunity costs (compared to the control) and the risk. Moreover, while
industries often possess the necessary tools and techniques to identify and implement effective
maintenance strategies, they frequently overlook the critical aspect of aligning these strategies
with their available maintenance budgets. This misalignment can lead to deferred maintenance,
where essential upkeep is postponed due to budget constraints, ultimately resulting in higher costs
and increased equipment downtime [2]. Organisations are generally bounded by an annual
maintenance budget which becomes a constraint while applying the maintenance strategies [2].

In this study, a control - treatment simulation is particularly relevant in addressing the problem
of identifying the optimal maintenance strategy for particular contexts, because it allows the
construction of counterfactual worlds with parameters that are underpinned by real world
historical failure and maintenance data to predict asset performance and reliability under different
maintenance regimes. This predictive capability is useful when selecting and evaluating
maintenance strategies (e.g., corrective, preventive, or condition- based), as it provides a risk,
informed, data, driven basis for decision-making. By simulating various failure scenarios and
maintenance interventions, it is possible to assess their long-term impact on asset availability, cost,
and risk. Static or purely analytical models may not adequately capture these effects, particularly
in complex systems with time-varying failure rates such as those examined in this study.

The paper reviews existing research across three key themes: simulation studies in
maintenance decision-making, hazard rate models for lifecycle assessment, and the use of
opportunity cost in guiding strategic choices. This sets the theoretical foundation and highlights
the gaps that the present study addresses. The paper uses maintenance work order data and
downtime from a gold mining company in Australia as a case study. Three critical failure modes
of Bearings, Liners, and Chutes are considered providing the basis for reliability modelling and
cost simulation. This study employs a simulation-based framework that integrates hazard rate
modelling with economic evaluation of maintenance strategies. Failure times for multiple
components are characterised using Weibull distributions, allowing hazard functions to be
estimated across infant, random, and wear-out phases of the asset lifecycle. Simulated data are
then normalised and binned to ensure comparability across heterogeneous datasets. Within each
hazard bin, the costs of corrective, condition-based, and time-based maintenance are evaluated,
and opportunity cost is introduced as the decision metric to quantify the penalty of suboptimal
strategy selection. This combination of hazard-driven reliability analysis and cost benchmarking
provides a dynamic basis for comparing strategy performance under varying lifecycle conditions.

1.1. Simulation study in maintenance decision-making

A simulation study is valuable because it helps researchers and decision, makers understand
complex systems, test different strategies, and optimize outcomes without real, world risks or
costs. It’s especially useful in fields like aerospace, manufacturing, and robotics [20], where real,
world testing can be expensive or dangerous. Simulations allow for safe experimentation, helping
to evaluate policies, improve resource allocation, and enhance efficiency. They also handle
uncertainty and randomness, making them ideal for areas like finance, logistics, and engineering.
By integrating real, world data, simulations improve accuracy, speed up testing, and support better
decision-making. In maintenance, for example, they help compare corrective, preventive, and
condition- based strategies to find the most cost, effective approach [21]. Within the mining sector,
simulation-based studies are commonly used to evaluate proposed operational strategies by
representing the time-varying, uncertain, and system-level behaviour of mining processes, thereby
informing capital and operational investment decisions, including applications in underground
environments [22-27]. There have been studies in the past showcasing the application of
simulation study in the field of risk assessment and maintenance management to assist engineers
and maintenance managers in the maintenance decision - making [28-32].

Talking about the application of simulation study in maintenance decision-making, Koops [33]
presents a simulation, supported prescriptive analytics framework that integrates probabilistic
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cost-benefit analysis for maintenance decision - making. The study employs a Wiener process
degradation model to simulate equipment deterioration and utilizes Monte-Carlo simulations to
evaluate various maintenance strategies under uncertainty. This approach enables the assessment
of maintenance options based on their potential costs and benefits, facilitating informed decision-
making in maintenance planning. Kono and Haneda [34] present an agent-based simulation model
designed to support maintenance strategy design and decision-making. Through the development
of an agent-based maintenance simulator to support planning activities, the approach provides
organisations with a configurable modelling capability that can be adapted across different
operational contexts. From an industrial perspective, the model can also help in the quantification
of total costs associated with different maintenance policies and computes productivity and key
maintenance indexes. Gosavi and Gosavi [35] present a simulation- based digital twin framework
that integrates reinforcement learning, specifically actor, critic algorithms, for maintenance
scheduling in risk, prone production lines. The digital twin serves as a virtual representation of the
physical production system, enabling real, time data assimilation and decision-making. By
leveraging reinforcement learning, the model adapts maintenance schedules dynamically,
optimizing for reduced downtime and improved system reliability.

Among various simulation methodologies employed in maintenance decision - making,
discrete event simulation (DES) has emerged as a dominant approach due to its ability to
accurately model the dynamic behaviour of complex systems over time. Banks [19] formally
defines DES as “Discrete event simulation models the system as it evolves over time by
representing it as a sequence of events that change the state of the system”. Meissner, et al. [36]
present a DES framework tailored for the aviation industry to develop prescriptive maintenance
strategies. The study focuses on post, prognostics decision - making, integrating prognostic health
management (PHM) data to inform maintenance scheduling and resource allocation. By
simulating various maintenance scenarios, the framework evaluates the impact of different
strategies on aircraft availability and maintenance costs. The results demonstrate that the DES
approach enables more informed and effective maintenance planning, leading to improved
operational efficiency and reduced downtime. Another modular framework employing DES has
been introduced by Pohya, et al. [37] to evaluate aircraft technologies, maintenance strategies, and
operational decision-making throughout the product life cycle. The framework represents the
complete asset lifecycle, beginning with order placement and extending through sustained
operation, maintenance activities, and end-of-life disposition. It enables comparative evaluation
of alternative decision strategies with respect to asset condition performance, energy utilisation
efficiency, and system-level cost effectiveness. The modularity of the framework ensures
adaptability to different scenarios, enabling stakeholders to analyse the effects of maintenance
strategies and operational procedures on system performance and costs.

In environments like manufacturing and mining, where maintenance activities are driven by
unpredictable failures and resource constraints, DES offers a practical framework for evaluating
system performance under various maintenance policies. DES has previously been used in mining
applications to assess how alternative maintenance work packages influence system reliability and
lifecycle cost behaviour by Turan and Golbasi [38]. In that work, maintenance decisions are
modelled within a stochastic optimisation framework, with performance objectives focused on
improving overall availability while controlling maintenance-related costs across the planning
horizon. By simulating different maintenance scenarios, the research provides insights into how
varying maintenance strategies can influence the reliability and economic performance of mining
operations. Askari-Nasab, et al. [39] present a simulation, optimization framework that integrates
discrete event simulation (DES) with optimization techniques to enhance mine operational
planning. The study focuses on truck, shovel systems in open, pit mines, modelling the complex
interactions between equipment, haulage routes, and operational constraints. By simulating
various operational scenarios, the framework aids in identifying optimal strategies that improve
productivity and reduce operational costs. The approach demonstrates the effectiveness of DES in
capturing the stochastic nature of mining operations and supporting decision-making processes.
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Ben-Awuah, et al. [40] explore the application of DES in hierarchical mine production scheduling.
The study emphasizes the integration of DES into long, term and short, term planning processes
to evaluate the impact of various scheduling decisions on mine productivity and resource
utilization. By simulating different production scenarios, the research highlights how DES
supports the analysis of process constraints, informed allocation of resources, and enhancement
of operational performance within mining systems. Soto, et al. [41] present a DES model to
examine planning of mine development activities at Codelco's New Mine Level project. The study
focuses on evaluating different development scenarios to optimize resource allocation and
scheduling. By simulating various operational strategies, the model aids in identifying the most
efficient approaches to enhance productivity and reduce development time in underground mining
operations. Tarshizi, et al. [42] introduce an advanced approach employing DES and animation to
evaluate and enhance emergency evacuation strategies in underground mines. The study models
various evacuation scenarios, considering factors such as escape routes, miner locations, and
emergency response times. The findings underscore the effectiveness of DES in improving safety
protocols and emergency preparedness in mining environments.

While existing literature has extensively applied DES to model and optimize mining
operations, the primary emphasis has often been on aspects such as production scheduling,
evacuation planning, equipment allocation, and general maintenance workflow evaluation. Much
of this work concentrates on system, level efficiency and operational logistics, using simulation
to test predefined scenarios or assess throughput and resource utilization. In studies that
incorporate maintenance considerations, the typical approach involves estimating costs or
comparing fixed strategies under different operating conditions. However, these models rarely
incorporate failure dynamics at a granular level, nor do they address maintenance decision-making
from a hazard, driven or failure, adaptive perspective. The simulation logic tends to assume
maintenance policies in advance rather than letting them emerge from a dynamic understanding
of component reliability or risk. As a result, the potential for simulation to support real, time, data,
informed strategy optimization, particularly based on evolving hazard rates and cost impacts,
remains underutilized in the existing literature. In contrast, the present research introduces a
hazard, cost simulation framework that integrates failure time modelling, hazard rate estimation
(based on Weibull distribution), and dynamic strategy selection rooted in cost optimization and
phase classification. By simulating individual failure behaviours and linking them to economic
impacts, this approach goes beyond traditional DES applications by enabling risk, informed, data,
driven maintenance decision-making, specifically tailored to asset degradation characteristics.
Furthermore, the framework incorporates a verification loop to validate strategy effectiveness, an
element rarely emphasized in existing simulation studies. This positions the current work as a
more granular, failure, centered, and economically grounded approach to maintenance strategy
design in complex, resource, intensive systems like mining operations.

1.2. Hazard rate models in maintenance decision-making

The hazard function describes the instantaneous risk of failure and is central to survival and
reliability analysis. The Weibull distribution, due to its flexibility, is commonly used in modelling
hazard rates in engineering systems [43]. When the shape factor f < 1, the hazard rate decreases
over time (infant mortality); when = 1, it remains constant (random failures); and when § > 1,
it increases (wear-out). The use of hazard rate models in maintenance decision-making has
undergone significant evolution over the past decades. Early foundational work, such as the
Proportional Hazards Model (PHM) proposed by Cox [44], enabled the linking of failure risks to
influencing covariates. More recent studies have advanced PHM applications by integrating
machine learning techniques for covariate prioritization and dynamic weight estimation, thus
enhancing predictive maintenance capabilities [45]. However, these approaches rely heavily on
the availability and accuracy of external covariates, which may not always be practical in
industrial settings. In parallel, the development of Generalized Renewal Processes (GRPs)
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addressed the need to model imperfect maintenance actions, incorporating concepts like virtual
age and restoration factors to capture the realistic impact of repairs on system reliability [46].
While powerful, GRPs often involve high mathematical complexity and data intensity, limiting
their direct applicability in real, time decision environments. More recently, research attention has
shifted toward Condition-based Maintenance (CBM) strategies that employ dynamic hazard
thresholds for triggering maintenance interventions [47]. These approaches allow maintenance
actions to adapt to the evolving risk profile of assets, offering a more responsive and cost, efficient
alternative to traditional time- based maintenance plans.

Looking at the application of hazard rate models in maintenance decision-making, Wu and
Clements-Croome [48] investigate maintenance policy optimisation under different operating
schedule scenarios. They introduce models that incorporate hazard rates to determine the most
cost, effective maintenance intervals. The study emphasizes the importance of aligning
maintenance strategies with the operational patterns of equipment to minimize downtime and
costs. Wu, et al. [49] introduce a maintenance optimisation framework in which reliability risk
reduction, expressed through hazard rate behaviour, is jointly evaluated alongside energy usage
considerations. The study introduces an age, centered maintenance policy that integrates the
system’s hazard rate function with energy consumption models. By formulating a bi, objective
optimization problem, the framework seeks to identify maintenance schedules that balance the
trade, off between reducing failure risks (as represented by hazard rates) and minimizing energy
usage. The findings confirm the practical viability of the presented approach in achieving cost,
effective maintenance strategies that account for both reliability and energy efficiency. Duan, et
al. [50] propose an integrated framework that combines health measure predictions with optimal
maintenance policies using the Proportional Hazards Model (PHM). The study focuses on systems
subject to condition monitoring, where the hazard rate is influenced by covariates representing the
system's health state. By integrating PHM into the maintenance decision-making process, the
framework enables dynamic adjustment of maintenance actions based on the evolving condition
of the equipment. This approach enhances the effectiveness of maintenance strategies by
accounting for real, time health information, leading to improved system reliability and cost
efficiency. Samrout, et al. [51] present a hazard rate- based framework that integrates preventive
and corrective maintenance within the Proportional Hazard Model (PHM). Unlike many
conventional approaches that treat corrective maintenance independently, this work considers the
residual effect of past failures and repair actions on the evolving hazard rate of components.
Covariates are used to capture the cumulative influence of maintenance history, allowing the
model to adaptively reflect degradation and recovery patterns over time. Optimization techniques
such as Ant Colony Optimization and Genetic Algorithms are applied to identify cost, effective
maintenance schedules.

While hazard rate modelling has played a pivotal role in guiding maintenance decision-
making, by capturing the dynamic risk of failure over time, there remains a need for models that
accurately represent the full lifecycle behaviour of systems, particularly those exhibiting non,
monotonic failure patterns. In this context, the application of the Weibull distribution has gained
prominence as a versatile tool for modelling the characteristic phases of the bathtub, shaped hazard
rate, enabling a more nuanced understanding of early, life failures, useful life, and wear-out
periods. The following studies explore how Weibull-based approaches have been employed to
represent this behaviour and support more effective, phase, specific maintenance planning. Xie
and Lai [52] introduce the additive Weibull model as an extension of the standard Weibull
distribution to effectively model lifecycle-dependent hazard rate behaviour. The additive Weibull
model combines two Weibull distributions, allowing for greater flexibility in capturing the
decreasing, constant, and increasing failure rate phases characteristic of the bathtub curve. The
authors demonstrate the model's applicability through analytical studies and real, life data,
highlighting its potential in reliability analysis and maintenance decision-making. Belyi, et al. [53]
present a Bayesian approach to modelling failure rates, considering both increasing and
bathtub-shaped hazard functions. The proposed methodology employs an extended gamma
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process formulation to provide a nonparametric representation of monotonic hazard rate
behaviour. It also allows for the incorporation of prior knowledge and observed data, facilitating
more informed maintenance decisions. The study demonstrates how Bayesian models can
optimize preventive maintenance schedules by accurately estimating failure probabilities. Assis,
et al. [54] introduces the generalized gq-Weibull distribution, a flexible model capable of
representing various hazard rate behaviours, including the classic bathtub shape characterized by
decreasing, constant, and increasing failure rates. The authors analyse the mathematical properties
of the q-Weibull model, demonstrating its ability to unify different failure rate patterns within a
single framework. The paper includes analytical developments, graphical illustrations, and a
practical application example, highlighting the model’s effectiveness in reliability analysis and
maintenance decision-making contexts. The q-Weibull model's versatility in capturing the entire
spectrum of hazard rate behaviours makes it a valuable tool for maintenance planning and
reliability assessment. By accommodating the bathtub, shaped hazard function, it allows for more
accurate modelling of component lifecycles, leading to improved maintenance strategies and
resource allocation.

While a range of statistical models exist for representing failure behaviour, as described above,
the selection of an appropriate distribution must align with the objective of the analysis. In this
study, the Weibull distribution was selected because it enables direct representation of varying
hazard rate behaviour within a single parametric form, which supports lifecycle-based modelling.
This is particularly relevant for the proposed framework, where maintenance strategies are
evaluated across different phases of asset operation. The objective of this study is not to identify
the statistically optimal distribution for failure modelling, but to develop a decision-oriented
framework that links hazard behaviour with economic evaluation. From this perspective, the
Weibull distribution provides a consistent and interpretable basis for modelling hazard rate
evolution across failure modes with varying data availability. Accordingly, its selection is guided
by its suitability for lifecycle representation and integration within the proposed decision
framework.

1.3. Opportunity cost in maintenance decision-making

The integration of economic considerations into maintenance decision-making has long been
recognized as essential, particularly through the concept of opportunity cost. Sillivant [55]
emphasized that the “lost opportunity cost” associated with downtime represents a critical but
often underappreciated factor when evaluating maintenance approaches. This insight was
important in highlighting that maintenance decisions extend beyond direct expenditures to include
the economic consequences of foregone production or delayed availability. However, while
Sillivant [55] work identified opportunity cost as a key dimension, it did not establish a formal
link between hazard rate functions, maintenance strategies and opportunity cost modelling. As a
result, the analysis remained largely conceptual, leaving open the challenge of embedding
opportunity cost into a dynamic, hazard, driven framework.

Building on this economic perspective, Peimbert-Garcia, et al. [S6] introduced a model that
explicitly incorporated both opportunity cost and infant mortality costs into maintenance decision-
making. Their work quantified the significant financial impact that early, life failures can impose,
particularly in industrial contexts where production interruptions translate directly into economic
losses. While this study advanced the discussion by embedding economic penalties into
maintenance evaluation, it primarily focused on the initial phase of the asset lifecycle.
Consequently, the model provided limited guidance on how costs evolve across the entire
lifecycle, especially during the random failure and wear-out phases where hazard rates behave
differently.

More recently, Frederiksen, et al. [57] examined the marginal benefits of predictive
maintenance by comparing them against existing preventive strategies. Their contribution was to
evaluate predictive approaches not only in terms of reliability outcomes but also through a cost-
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benefit lens. This comparison underscored the potential of predictive maintenance to deliver
incremental economic gains beyond conventional preventive methods. However, their study did
not fully integrate the impact of hazard rate dynamics into the cost-benefit analysis. Without
explicitly modelling how hazard rate influences both failure likelihood and cost variability, the
analysis risks overlooking the conditions under which predictive maintenance delivers its greatest
advantages.

Byon and Ding [58] also contributed significantly to the discussion by comparing static,
scheduled maintenance strategies with dynamic, hazard, informed approaches. Their findings
revealed that dynamic strategies can achieve substantial improvements in both reliability and cost
outcomes compared to fixed schedules. This highlighted the potential efficiency of adapting
maintenance to the evolving risk profile of assets rather than adhering to rigid time intervals.
Nonetheless, their study remained narrowly focused on cost-benefit trade-offs and did not
incorporate broader measures of opportunity cost. As such, while it demonstrated the operational
superiority of dynamic strategies, it did not fully capture the economic consequences of
suboptimal decisions.

The present study addresses this gap by combining Weibull- based hazard modelling with
probabilistic cost simulation across multiple strategies, Corrective, Condition-based, and Time-
based Maintenance. More importantly, it reframes maintenance evaluation in terms of opportunity
cost, quantifying the economic regret of selecting a suboptimal strategy across different phases of
the asset lifecycle. In doing so, it extends the earlier literature from cost - benefit comparisons
toward a more holistic decision, support framework that explicitly captures the trade, offs between
hazard, lifecycle phase, and economic outcomes.

Opportunity cost is a fundamental concept in economic decision-making, representing the
value of the best alternative that is not selected when a decision is made. In the context of
maintenance management, this translates to the economic consequence of choosing one
maintenance strategy over another when multiple feasible options exist. In practical terms,
maintenance decisions often involve selecting between strategies such as Corrective Maintenance
(CM), Condition-Based Maintenance (CBM), and Time-Based Maintenance (TBM), each of
which may be suitable under different operating conditions. While traditional approaches focus
on identifying the lowest-cost strategy, they often overlook the economic implication of selecting
a suboptimal alternative. This becomes particularly relevant in environments where failure
behaviour and associated risks evolve over time. In this study, opportunity cost is used as a
decision indicator to capture the economic penalty associated with such suboptimal choices,
enabling maintenance strategies to be evaluated relative to the best available alternative under
given conditions. The detailed formulation and its integration within the hazard-based simulation
framework are presented in Section 4.

The present study extends prior work on hazard- based maintenance optimization, particularly
the contributions of Drent, et al. [S9] and Zheng, et al. [60], which form the closest methodological
antecedents to this research. Drent, et al. [59] developed a Semi, Markov decision process model
to design control, limit policies for condition-based maintenance (CBM). Their study represented
an important step in demonstrating how hazard rate information can guide maintenance
interventions, moving away from static preventive schedules. They also compared the costs of
optimal versus suboptimal policies, offering a valuable benchmark for evaluating CBM
performance. However, their focus was limited exclusively to CBM strategies, without examining
how corrective maintenance (CM) or time- based maintenance (TBM) might behave under similar
hazard, driven decision frameworks. Moreover, while they provided cost comparisons, their
framework did not incorporate an explicit opportunity, cost metric, that is, a measure of the
economic regret associated with choosing a suboptimal strategy relative to the best available
alternative. Zheng, et al. [60] advanced the field further by introducing a proportional hazards
model (PHM) to monitor system health and guide condition- based policies. Their work integrated
dynamic hazard, rate thresholds for initiating actions and allowed for multiple forms of
intervention, including partial and full replacements. This provided a more flexible framework for
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modelling the diversity of real, world maintenance actions. Nonetheless, their study still faced
several limitations. First, it remained centered on single, component systems, which restricted its
applicability to the complex, multi, component realities of industrial operations. Second, like
Drent, et al. [59], their work did not develop an explicit opportunity, cost perspective, meaning
that while strategies were evaluated in terms of hazard and cost structures, the economic penalty
of misalignment was not captured. Finally, their cost modelling was simplified, without exploring
the variability of cost distributions across different lifecycle phases.

The present research addresses these limitations by extending the foundations laid by Drent,
et al. [59] and Zheng, et al. [60] in three key directions. First, rather than focusing only on CBM,
this study considers all three major strategies, CM, CBM, and TBM, simultaneously within a
hazard-based framework. This comparative approach allows for a more comprehensive evaluation
of maintenance policies across the asset lifecycle. Second, the research introduces opportunity
cost as a unifying decision indicator, reframing strategy evaluation from absolute cost
comparisons to the economic regret incurred when a non, optimal choice is made. This innovation
provides a transparent and intuitive lens for decision - making that neither of the earlier studies
explicitly considered. Third, the framework incorporates probabilistic cost modelling using
Weibull distributions with phase, specific parameters, allowing cost variability to be tied directly
to hazard intensity and lifecycle stage. This extends beyond the simplified cost assumptions of
earlier work, offering a richer and more realistic representation of the economic dimension of
maintenance decisions.

In this way, the study does not replace but rather builds upon the work of Drent, et al. [59] and
Zheng, et al. [60] combining the strengths of hazard- based optimization and simulation while
addressing the identified gaps. It extends their pioneering ideas into a broader decision, support
methodology that is both lifecycles, aware and economically transparent. In relation to this
evolving body of work, the current research differs in a number of important ways. Unlike PHM-
based frameworks that depend on covariate modelling, the present study directly simulates hazard
rate evolution using Weibull, distributed failure times, eliminating the need for external condition
monitoring data. Although the current research assumes perfect maintenance for simplicity, like
basic renewal processes, it establishes a foundation that could later accommodate GRP-based
imperfect maintenance modelling. Most notably, this research builds upon recent CBM
advancements by not only using dynamic hazard thresholds for maintenance classification but also
integrating an opportunity cost notion into the decision-making framework. This approach,
combining hazard rate evolution, economic assessment, and strategy validation within a single
simulation environment, fills a critical gap in existing literature where hazard- based decision
triggers often lack opportunity cost considerations for firm, level decision - making. Consequently,
the proposed framework positions itself as an advancement toward more practical, simulation,
driven maintenance optimization, offering both theoretical and applied contributions to the field.

1.4. Methodological approach to maintenance decision-making

Building on the identified research gaps in hazard-based maintenance modelling and economic
evaluation, this study introduces a structured framework that integrates lifecycle reliability
behaviour with cost-driven decision-making. While prior studies have addressed elements of
hazard modelling or maintenance cost optimisation independently, there remains a lack of
approaches that explicitly connect time-dependent failure behaviour with economic consequences
in a unified and operationally applicable manner. In response, the present study develops a
simulation-based methodology that enables maintenance strategies to be evaluated dynamically
across lifecycle phases, rather than through static or rule-based comparisons. This study makes
four specific methodological contributions to maintenance decision-making:

1) Hazard-driven lifecycle—economic evaluation framework. A  simulation-based
methodology that extends traditional risk assessment by integrating Weibull-based hazard
modelling with economic evaluation, enabling maintenance strategies to be assessed as a function
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of time-varying failure behaviour across lifecycle phases.

2) Lifecycle-synchronised simulation and hazard modelling. A structured approach that
combines phase-wise Weibull modelling, large-scale failure simulation, and rescaling onto a
common operational horizon, allowing heterogeneous failure modes to be analysed within a
unified lifecycle framework.

3) State-dependent strategy evaluation using hazard normalisation and binning. A two-step
transformation where hazard rates are first normalised to a dimensionless scale and then
discretised into bins, enabling consistent, localised comparison of maintenance strategies across
different failure modes and lifecycle conditions.

4) Opportunity cost-based decision metric with probabilistic cost modelling. A formulation
that integrates Weibull-based cost simulation with opportunity cost benchmarking to quantify the
economic regret associated with suboptimal strategy selection, providing a transparent and
decision-relevant evaluation metric under uncertainty.

Collectively, these contributions establish a coherent framework that bridges reliability
modelling and economic decision-making in a way that is both methodologically structured and
practically applicable. By linking hazard rate evolution with probabilistic cost behaviour and
regret-based evaluation, the study moves beyond conventional maintenance optimisation
approaches that rely on static cost comparisons or predefined policy rules. Importantly, the
significance of these contributions lies not only in the individual components, but in their
integration within a single decision-oriented methodology. The framework enables maintenance
strategies to be evaluated in relation to lifecycle dynamics, uncertainty in cost outcomes, and the
economic consequences of suboptimal decisions. As such, it provides a transparent and adaptable
decision-support tool capable of informing maintenance policy across varying data conditions and
operational contexts.

2. Data

The work presented in the paper is based on the case study of a gold mining company in
Australia. The industry failure data was collected from two different sources, one providing
maintenance work order information and another providing downtime information. These were
labelled ‘Selective work orders.xlsx’ and ‘Downtime.xlsx’ respectively. The raw data was
recorded manually over different periods for different systems, downloaded in comma, separated
value (CSV) format, and was initially analysed in MS Excel. Through this process, a new dataset
was created which was largely tailored to this undertaking. The initial exploratory analysis using
information originally from the ‘Downtime.xlsx’ client spreadsheet. The major focus was on
extracting variables like failure modes, downtime associated with those failure modes and finally
the downtime cost associated with each failure mode. As the industry manually records the data,
it was difficult to find consistency in the data across the time frames as highlighted in Table 2.

Table 2. Data summary

System Time stamp
Mill January 2021 — October 2021
Crusher 1 July 2021 — April 2022

Modular Crusher | January 2021 — April 2022
Nolans Crusher January 2021 — April 2022

The identified critical system based on downtime from Table 2 is Modular Crusher as
highlighted in Fig. 1, with its year-wise downtime bifurcation. The downtime history of individual
systems presented in the Fig. 1 are in minutes.

Table 3 shows the different failure modes of all the equipment associated with the Modular
Crusher system.

Some commonly observed failure modes were blockage of jaws, damaged belt, bogged
conveyor, bearing failure, liners/bolts failure, oil and lubrication issues, chute issues, electrical
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issues, etc.

However, “Total Circuit” does not resemble any equipment but rather it was a qualitative
choice made by the operator to record a downtime event. For instance, if a conveyor bearing fails
and interrupts the entire circuit, some operators recorded this as a “Total Circuit” failure. From an
asset criticality perspective, it had to be assigned to ‘conveyor’ otherwise it had no use. Some of
the undefined failure modes were listed under “others”, and were omitted as they could not be

processed.

Table 3. Failure modes of all the equipment associated within the critical system
Critical system Equipment Failure modes
Blocked jaw
Grizzly bar breakdown
Electrical fault
Hydraulic leak
Liners /bolts
Motor breakdown
Qil & lubrication
Bins issue
Maintenance
Other
Belt damaged
Chute issues
Electrical fault
Mechanical fault
Bins issue
Other
Blockage
Mechanical fault
Bins issue
Feeder Electrical fault
Maintenance
Liners/bolts
Modular crusher Others
Belt damaged
Conveyor bogged
Fines conveyor Electrical fault
Truck delay
Others
Loader unavailable
Maintenance
Loader Hydraulic leak
Low manning
Others
Conveyor bogged
Electrical fault
Commissioning
Others
Bearings failure
Belt damaged
Blockage
Conveyor bogged
Electrical fault
Maintenance
Mechanical fault
Liners/bolts

Crusher

CV 201

Product stacker

Reject stacker
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Others
Hydraulic leak
Rock breaker Noise

Others
Bearings failure
Belt damaged
Conveyor bogged
Maintenance
Electrical fault

Screen Liners/bolts
Mechanical fault
Qil & lubrication
Blockage
Screen mats
Others
Belt damaged
Blocked jaw
Conveyor bogged
Maintenance
Commissioning
Electrical fault
Low manning

Total circuit

Liners/bolts
Mechanical fault
Noise
Screen mats
Others
440000
400000
B 360000 -
§ 320000
& 280000
2 240000
5 200000
£ 160000 - 341431 43029
% 120000
& 80000 142521
40000 110013 23004
0 Crusher 1 Mill Modular Crusher Nolans Crusher
2022 73612 76217 43929
2021 110013 73004 341431 142521

System
Fig. 1. Analysis of system downtime

3. A priori theory and hypothesis

Maintenance strategy performance can be framed as a function of the hazard rate h(t), which
describes the time-dependent risk of failure. Reliability theory suggests that different strategies
are likely to dominate under different hazard conditions, depending on the balance between failure
likelihood, preventive costs, and monitoring efficiency.

At very low hazard intensities, the expected cost of failures is minimal. In such conditions,
Corrective Maintenance (CM) is likely to dominate, as the added fixed costs of preventive
replacement or monitoring cannot be economically justified. As the hazard rate increases into the
random operation zone, Condition-Based Maintenance (CBM) becomes more attractive,
particularly when detection efficiency is high. Here, CBM balances modest monitoring costs with
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the significant savings achieved by converting a portion of expensive unplanned failures into
cheaper planned interventions. Finally, in the high-hazard, wear-out phase, Time-Based
Maintenance (TBM) is expected to outperform both CM and CBM, because preventive
replacements substitute repeated costly failures with predictable and scheduled expenditures.

From these theoretical relationships, three directional hypotheses are derived:

1) H1: CM is expected to be more economically viable in low-hazard bins where failures are
rare and preventive costs are unjustified.

2) H2: CBM is expected to minimise costs in moderate hazard conditions, particularly when
detection efficiency is high.

3) H3: TBM is expected to outperform alternative strategies in high-hazard wear-out
conditions, where preventive action becomes economically advantageous.

The above hypotheses are formulated as a priori theoretical expectations based on established
hazard rate behaviour and general maintenance strategy characteristics. They are not intended as
empirically validated claims, but rather as structured assumptions used to evaluate whether the
proposed framework produces results consistent with expected lifecycle patterns. In this sense,
they provide a foundational baseline for the study by linking the present work to established
reliability theory, articulating what is expected in principle, while also serving as a benchmark
against which the simulation results can be validated. Accordingly, the proposed methodology is
not developed in isolation, but is explicitly designed to assess the alignment between empirical
findings and these theoretical expectations.

4. Hazard rate approach to cost-driven maintenance decision-making

This study builds directly upon the foundation established in the earlier work published by the
author [61] on multi-stage risk assessment framework, where equipment risk profiles were
quantified by integrating failure likelihood, downtime severity, and economic consequences. The
framework demonstrated how a structured, stage, wise evaluation could move maintenance
decision-making beyond qualitative judgment, providing a transparent map of where risks
accumulate within complex mining systems. However, while the multi, stage approach offered a
comprehensive view of criticality, it largely operated at a macro level, identifying which systems
and failure modes mattered most, but not yet exploring the finer dynamics of how maintenance
strategies perform across the lifecycle of those failures. The present study takes that next step by
embedding the principles of lifecycle reliability modelling and opportunity cost into the analysis.
By linking hazard rate behaviour with simulated economic outcomes, it extends the earlier risk
framework into a decision, oriented tool, capable of benchmarking maintenance strategies not just
by their role in mitigating risk, but by the economic (opportunity cost) regret they may impose
when chosen sub, optimally across different phases of the asset life.

The analysis began with a deliberate decision to work within the R environment, chosen for
its balance of statistical strength and flexibility in visualization. A handful of core libraries became
the backbone of the workflow: “dplyr” shaped the data into analysable form, “ggplot2” offered a
platform to communicate results visually, “openxlsx” bridged the analysis with industry, standard
spreadsheets, and “fitdistrplus” provided the tools for robust parametric distribution fitting.
Recognizing the importance of reproducibility, every element of randomness was fixed with
explicit seeds, ensuring that the results could be revisited and replicated with confidence.

With the computational foundation in place, attention shifted to the raw material of the study:
failure data from three key modes, Bearings, Liners, and Chutes. These datasets carried the natural
messiness of real operations, yet rather than over, cleaning, the decision was to respect their
authenticity. Each set of times was taken as, is, acknowledging the truth they represented about
operational performance. To align the analysis, a single operational horizon of 11,640 hours was
imposed. This horizon served as a common canvas against which different failure behaviours
could be compared and synchronized.

The choice of these particular failure modes was not arbitrary but rather an informed
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continuation of the earlier multi, stage risk assessment. In that framework, Bearings, Liners, and
Chutes consistently emerged as high, priority contributors to overall system risk, either through
their frequency of occurrence, the severity of downtime they imposed, or their influence on
broader system reliability. Bearings, although represented by relatively few recorded failures,
were highlighted as critical due to their direct link to unplanned stoppages and their potential to
trigger cascading mechanical issues. Their inclusion here reflects not only their operational
significance but also the need to demonstrate how lifecycle modelling can extend to data, scarce
contexts. Liners, in contrast, were identified as components with a recurring pattern of wear,
related failures, imposing significant downtime but also offering a sufficiently rich dataset for
robust Weibull fitting. This made them ideal for exploring phase, wise lifecycle behaviour. Chutes
were included because the earlier study revealed them as frequent yet often underestimated
sources of disruption. While not central to core production in themselves, their failure had
measurable ripple effects on material flow, validating their selection for deeper exploration. By
carrying these three modes forward, the present study ensures continuity with the earlier risk
framework while extending the analysis from which ‘failures matter most’ to ‘how maintenance
strategies perform across their lifecycles’.

Modelling the behaviour of these failure modes required an appreciation of the asset lifecycle.
Instead of treating the data as uniform, the failures were conceptually divided into three phases of
the classic bathtub curve: infant mortality, random operation, and wear - out. In this framework,
distinct phase splits are applied at three stages: Weibull parameter estimation, failure simulation,
and hazard rate classification, each tailored to its specific modelling purpose. For parameter
estimation, a 20-60-20 chronological split is used to capture early, mid, and late-life failure
patterns from observed data, ensuring that estimated Weibull parameters reflect their respective
lifecycle stages. Simulated failures are then generated using a 30-40-30 distribution across the
infant, random, and wear-out phases. This approach increases the density of data in the high-risk
early and late stages, which enhances the resolution of subsequent hazard-rate and cost evaluations
where decision sensitivity tends to be higher. Finally, for hazard rate computation and opportunity
cost analysis, the methodology returns to a 20-60-20 time-based classification. This ensures that
lifecycle phase definitions remain aligned with operational timelines, maintaining internal
consistency across failure modes and supporting a coherent interpretation of results throughout
the modelling framework.

For Liners and Chutes, where enough data points were available, these phases were carved out
empirically, using the first 20 % of data to capture early, life failures, the middle 60 % for steady
operation, and the last 20 % for end, of, life deterioration. Within each phase, Weibull distributions
were fitted, allowing the distinct shapes and scales of the lifecycle to emerge. For Bearings,
however, the story was different. With only four failures, any attempt at direct fitting would be
statistically fragile. Here, the approach shifted to one of pragmatic assumption: calculate an overall
MTBF from total hours and failure count, then assign phase, specific shapes (decreasing, flat, and
increasing hazards) that reflected the engineering intuition of the bathtub curve. Scale parameters
were then inferred to match these assumed shapes. Table 4 summarises the failure mode data.

Table 4. Summary of failure mode data

Failure | No. of | Total operating | MTBF - .
mode | failures hours (hrs) Data characteristics Phase segmentation approach
Data-scarce. limited MTBF-based scale estimation;
Bearings 4 11,640 2,910 ’ assumed f for infant, random, wear-
records
out phases
Moderate dataset .
. . ’ Empirical phase cut-ofts (20 %-
Liners 36 11,640 323 recurring wear | (o', 50 o, ), Weibull fitting by phase
failures
Data-rich, frequent .
> Empirical phase cut-offs (20 %-
Chutes | 90+ 11,640 1291 operational 5 0. 50 04), Weibull fitting by phase
disruptions
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Fig. 2 illustrates the classical bathtub curve, which serves as the conceptual foundation for
lifecycle modelling in this study. The curve captures the three distinct phases of asset reliability:
the infant mortality phase, where failures are driven by design flaws, installation errors, or early-
life weaknesses; the random failure phase, characterised by a relatively constant hazard rate where
operational stresses dominate; and the wear-out phase, where degradation mechanisms accelerate
and failure likelihood rises sharply. This tripartite shape is widely recognised in reliability
engineering as a simplified but powerful representation of how assets evolve over time. In the
context of this study, the bathtub curve provides the structure for dividing failure data into lifecycle
phases, allowing Weibull distributions to be fitted separately for each segment. This phase-wise
segmentation ensures that the subsequent hazard and cost modelling is sensitive to lifecycle
dynamics rather than assuming uniform behaviour across the full operating life.

R
Infant
mortality
I—> —
Random | Wearout

| failures

Failure rate

Log time
Fig. 2. Bathtub curve [62]

Fig. 3 illustrates the simulation workflow, outlining the sequential steps from raw data through
hazard modelling to opportunity cost.

| Raw Data l

J

I Phase Segmentation |

=

| Weibull Fitting I

=

| Simulation (30,000) |

=

| Rescaling I

P

| Hazard Binning |

=

| Strategy Assignment |

J

I Cost Simulation |

J

| Opportunity Cost I

Fig. 3. Simulation flowchart
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Once the parameters were estimated, the next step was to bring them to life through simulation.
A large synthetic dataset was generated, 30,000 simulated lifetimes per mode, carefully balanced
across phases (30 % infant, 40 % random, 30 % wear-out). This ensured that the dynamics of each
phase were richly represented, even when empirical data were sparse. Yet these simulations were
not left floating in their raw form. To allow the three failure modes to speak the same temporal
language, all simulated times were rescaled onto the shared horizon of 11,640 hours. This act of
rescaling preserved the relative ordering of failures while creating a common frame of reference.

With failures mapped onto the unified timeline, the analysis next turned to the estimation of
hazard. To quantify the time-dependent risk of failure, the study employed the Weibull hazard
function, one of the most widely used models in reliability engineering due to its flexibility in
representing different lifecycle behaviours. The general form of the hazard rate is expressed as:
h(t) = B/n = (t/n)P~, where B (shape parameter) governs the pattern of failure and 7 (scale
parameter) represents the characteristic life. Values of f < 1, indicate decreasing hazard rates
typical of infant mortality, § = 1, corresponds to the constant hazard of the random failure phase,
and > 1captures the accelerating risk of wear-out. To reflect these behaviours, Weibull models
were fitted separately for each lifecycle segment, using piecewise Weibull distributions, ensuring
that hazard estimation aligned with the physics of failure rather than a uniform trend across the
full life. Each simulated lifetime was then mapped back to its phase using the proportion of elapsed
life, the first 20 % of the horizon for infant mortality, the middle 60 % for random failures, and
the final 20 % for wear-out. Fig. 4 presents a representative view of piecewise Weibull failure
phases, highlighting the infant mortality, random failure, and wear-out regions of the lifecycle.

Hazard rates were computed directly from the Weibull distribution for each failure mode and
phase. To enable meaningful comparisons across components with varying risk magnitudes, these
hazard rates were normalized to a [0.01, 1] scale within each lifecycle phase. This transformation
facilitated consistent hazard binning while suppressing the dominance of extreme values from any
single mode, thus preserving the relative risk dynamics necessary for unbiased cross-phase
analysis. However, this normalization inherently removes absolute interpretability of the hazard
values. To address this, the original unscaled hazard rates were retained in the framework to
support any applications requiring absolute risk references. Following hazard binning,
maintenance strategies were allocated using a balanced, randomized method, ensuring equal
representation of Corrective (CM), Condition-Based (CBM), and Time-Based (TBM)
maintenance within each bin. This approach prevented the introduction of bias through skewed
policy distributions, enabling a robust comparison of strategy effectiveness across the full hazard
spectrum.

Infant Phase Random Phase Wear-out Phase
20% 60% 20%
I I I L |
0 2000 4000 8000 10000

Rescaled Failure Time (hours)
Fig. 4. Representative view of piecewise Weibull failure phases

The real innovation came with cost modelling. Instead of treating strategy costs as static, they
were simulated with the same flexibility as failure times. The base cost values for the three
maintenance strategies were anchored in both empirical data and literature evidence to ensure
realism. For Corrective Maintenance (CM) and Time-Based Maintenance (TBM), cost inputs were
taken directly from industry data records, reflecting observed averages for unplanned failure repair
events and scheduled interventions respectively. In contrast, the base cost for Condition-Based
Maintenance (CBM) was derived indirectly, recognising that its effectiveness depends on the
detection efficiency of monitoring systems. Drawing on the work of [63], who reported an 80.2 %
detection efficiency for CBM in industrial settings, the CBM cost was modelled as a weighted
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combination of TBM and CM costs. The underlying assumption is that when detection is
successful (80.2 % of cases), CBM behaves economically like TBM, but when detection fails
(19.8 % of cases), the system defaults to CM. This relationship was expressed as:
CBM Cost = (0.802 x TBM) + (0.198 x CM).

Substituting the base values of TBM = $2100 and CM = $2500, the resulting estimate for CBM
was: CBM Cost = (0.802 x 2100) + (0.198 x 2500) = $2179.2.

Using these values as anchors, subsequent Weibull-based cost simulations incorporated
lifecycle variability by adjusting the dispersion (shape parameter) for each phase, while retaining
these base costs as central reference points. This approach ensured that the economic evaluation
was both grounded in operational reality and sensitive to the uncertainty inherent in maintenance
outcomes.

This structure created the space to quantify opportunity cost. To evaluate the economic
implications of maintenance strategy selection, this study introduced opportunity cost as the
central decision indicator. Opportunity cost was defined as the additional cost incurred when the
assigned strategy is not the most economical option. To formalize the concept of opportunity cost
within this framework, the relevant variables are first defined. Let S = (CM, CBM, TBM) denote
the set of available maintenance strategies, and let C represent the expected cost associated with
a given strategy s € S, which is determined by the prevailing hazard rate, lifecycle phase, and
underlying cost modelling assumptions. The cost of the strategy actually implemented for a
specific observation or hazard bin is denoted as Cassigned, while Coptimal represents the
minimum cost across all available strategies under the same conditions, corresponding to the
economically most efficient option. Based on these definitions, the derivation proceeds in three
steps. First, the optimal benchmark is established as Coptimal = min es)C;, ensuring that the
most cost-effective strategy under the given condition is identified. Second, the deviation from
this benchmark is quantified as the opportunity cost, defined as the difference between the cost of
the assigned strategy and the optimal strategy. Thus, the basic formulation emerges directly from
comparing the assigned cost with the optimal benchmark: Opportunity Cost = Cassigned —
Coptimal.

Finally, the interpretation of this formulation follows directly: if the assigned strategy
coincides with the optimal (Cassigned = Coptimal), the opportunity cost is zero, signifying no
economic penalty; whereas if the assigned strategy is more expensive than the optimal (Cassigned
> Coptimal), the resulting positive difference reflects the economic loss, or regret, associated with
a suboptimal choice. Thus, the opportunity cost expression arises naturally from the comparative
evaluation of the assigned strategy against the optimal benchmark, providing a rigorous basis for
assessing the economic implications of maintenance strategy decisions.

To enable comparisons across different modes, phases, and hazard bins, the metric was further
normalized into a percentage form, reflecting the relative penalty of choosing suboptimal
strategies: % Opportunity Cost =100 x (Cassigned — Coptimal) / Coptimal.

This formulation highlights not only which strategy is cheapest on average, but also the
economic regret associated with not selecting the optimal alternative. A value of zero indicates
that the chosen strategy coincided with the most cost-effective option, while higher percentages
quantify the penalty of misalignment in relative terms. By using this regret-based measure, the
framework reframes maintenance evaluation from static cost comparison to dynamic
benchmarking, providing decision-makers with a transparent and intuitive tool for assessing the
consequences of maintenance policy choices across the asset lifecycle.

The resulting methodology was thus more than a procedural pipeline; it was a story of
engineering judgment meeting statistical rigor. By respecting raw data, segmenting lifecycles,
simulating at scale, normalizing hazards, balancing strategies, and embedding costs in the same
probabilistic framework, the analysis offered a nuanced view of maintenance decisions. The
opportunity cost lens reframed the question: not simply which strategy is cheapest on average, but
how much one might regret the choice when compared to the best available alternative at any
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point in the asset’s life.
5. Results

The application of this methodology revealed how the three selected failure modes behave
across their lifecycles and, more importantly, how different maintenance strategies translate into
economic performance when evaluated through the lens of opportunity cost. By simulating
lifetimes and rescaling them onto a shared horizon, the characteristic shape of the bathtub curve
became visible for Bearings, Liners, and Chutes, albeit with distinct nuances in each case. The
first step in interpreting the results was to test whether the observed patterns aligned with the
theoretical expectations derived earlier. Three hypotheses were proposed: that Corrective
Maintenance (CM) would dominate in low-hazard conditions (H1), that Condition-Based
Maintenance (CBM) would minimize costs in moderate hazard regions (H2), and that Time-Based
Maintenance (TBM) would outperform in high-hazard wear-out phases (H3).

The results provided partial but compelling support for the three hypotheses. In the lowest
hazard bins, CM did not consistently dominate across all modes. While theory predicted CM
would be cheapest in early-life conditions, the simulations showed that for Chutes and Liners,
TBM already outperformed CM even in relatively low hazard regions, owing to their wear-driven
and steady degradation behaviours. Only in selected regions of the Bearings dataset, where failures
were sparse and uncertainty high, did CM appear less penalising, which reflects both the small
data base and the multi-modal nature of bearing failures. The aggregated results broadly reflected
the expectations set out in the a priori theory: corrective strategies were least penalising only in
low-risk conditions, condition-based approaches offered benefits in parts of the mid-life phase,
and time-based interventions became essential in wear-out regimes. However, the strength and
clarity of these dominance patterns varied across the three failure modes. In some cases, the
theoretical boundaries between strategies were sharply visible; in others, data scarcity or multi-
modal behaviour introduced greater uncertainty. To understand these differences more clearly, the
mode-specific results for Chutes, Liners, and Bearings are presented below.

Fig. 5 presents the relationship between mean opportunity cost and normalised hazard rate bins
for the chute, offering a comparative assessment of CM, CBM, and TBM across the infant,
random, and wear-out phases. For the chute failure mode, the results reveal a relatively stable and
predictable profile, with opportunity cost values remaining within a narrow band across the hazard
spectrum. Corrective maintenance consistently exhibits the highest regret, reflecting the economic
penalty of unplanned downtime in a failure mode characterised by steady degradation. Time-based
maintenance, by contrast, dominates economic performance across almost all hazard bins,
trending toward near-zero regret in the lower hazard ranges. This outcome is consistent with the
moderate shape factor estimated for chute deterioration, which aligns with gradual wear
mechanisms that are well matched to scheduled replacement. Condition-based maintenance
demonstrates intermediate performance, providing some protection against failure but never
achieving parity with TBM due to the added costs of inspection and monitoring. These findings
highlight that in components with stable degradation profiles, proactive scheduling of
interventions is both technically and economically superior, while reliance on reactive approaches
imposes a persistent financial burden.

Fig. 6 presents the relationship between mean opportunity cost and normalised hazard rate bins
for the liners, offering a comparative assessment of CM, CBM, and TBM across the infant,
random, and wear-out phases. The liners, however, exhibit a much more pronounced and volatile
opportunity cost trajectory, underlining their sensitivity to wear, driven degradation processes with
a high Weibull shape parameter. In the higher hazard bins, the regret associated with corrective
and condition-based maintenance escalates sharply, often approaching or exceeding catastrophic
levels close to 100 %. This steep rise indicates that once liners enter the wear-out phase, the
window for effective intervention narrows considerably, making reactive strategies economically
untenable. The dominance of time-based maintenance is evident here, as it steadily reduces
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opportunity cost across the hazard spectrum, demonstrating its ability to prevent catastrophic
failures through scheduled replacements. Condition based maintenance offers limited
improvement in lower hazard bins but fails to provide a viable alternative once the hazard rate
accelerates, as the cost of continuous monitoring cannot offset the rapid escalation of wear, related
failures. The liners plot therefore provides a clear empirical validation of theoretical expectations:
in systems governed by strong wear-out dynamics, proactive scheduling is not only preferable but
essential to avoiding disproportionate economic regret.
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Fig. 5. Chute: mean percentage opportunity cost vs normalised hazard rate bin
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Fig. 6. Liners: mean percentage opportunity cost vs normalised hazard rate bin

Fig. 7 presents the relationship between mean opportunity cost and normalised hazard rate bins
for the chute, offering a comparative assessment of CM, CBM, and TBM across the infant,
random, and wear-out phases. The bearings present the most irregular and complex opportunity
cost profile, with pronounced volatility across the hazard bins. Spikes in corrective maintenance
regret exceed 300 % in certain regions, reflecting both the high costs of unplanned bearing failures
and the statistical instability introduced by sparse failure data. Unlike the chutes and liners, bearing
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failures are inherently multi, modal, spanning infant mortality, random shocks, and wear - out
phenomena. This multi, phase behaviour creates oscillations in the hazard function, which are
translated into fluctuating regret profiles across maintenance strategies. Economically, the
implications are twofold: first, corrective maintenance consistently emerges as the least viable
strategy, with regret levels so high that they can compromise operational viability. Second, while
condition-based and time-based maintenance alternate in relative advantage across hazard bins,
neither provides a consistently dominant strategy. CBM demonstrates superior performance in
certain early hazard ranges, where the detection of incipient defects offers tangible savings, but
its effectiveness diminishes in mid, life phases where inspection costs accumulate. Conversely,
TBM provides more stability in the mid, to, low hazard regions, though it is not immune to
variability. The irregularity observed in the bearings case underscores the need to explicitly
account for uncertainty in both hazard rate estimation and economic benchmarking. Deterministic
interpretations alone may yield misleading recommendations, and adaptive or probabilistic
decision rules are necessary to provide a more robust framework for strategy selection in such
failure modes.
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Fig. 7. Bearings: mean percentage opportunity cost vs normalised hazard rate bin

Taken together, these results both validate the theoretical hypotheses and extend them with
richer empirical insights. Chutes exemplify the value of TBM in systems with steady degradation,
Liners demonstrate the catastrophic risks of reactive practices in wear-out regimes, and Bearings
highlight the uncertainty inherent in sparse or multi-modal data. The framework thus confirms the
phase-wise dominance patterns predicted in theory (H1-H3) while also showing that the strength,
clarity, and stability of these transitions are failure-mode dependent. To reinforce the validity of
these results, the analysis incorporates 95 % confidence intervals around the mean estimates. This
approach moves beyond reporting central tendencies alone and provides a more rigorous statistical
basis for interpreting the comparative performance of maintenance strategies. By explicitly
quantifying the uncertainty associated with each estimate, the confidence intervals enable a clearer
distinction between stable trends and outcomes that are more sensitive to data variability. This, in
turn, ensures that the assessment of strategy effectiveness is not only based on average behaviour
but also on the reliability and robustness of those averages across different phases of the asset
lifecycle.

Fig. 8 presents the mean percentage opportunity cost for the Chute failure mode across
normalised hazard rate bins, with error bars showing the 95% confidence intervals. The results
highlight three important trends. First, corrective maintenance (CM) exhibits both the highest
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mean opportunity costs and the widest confidence intervals, especially in the higher hazard bins,
indicating not only inferior economic performance but also greater uncertainty in outcomes.
Second, condition-based maintenance (CBM) maintains a mid-level cost profile with relatively
narrower confidence intervals, suggesting moderate stability across lifecycle phases. Finally,
time-based maintenance (TBM) consistently produces the lowest opportunity costs, with the
narrowest confidence intervals, reflecting a more predictable and robust economic outcome. The
contrast in interval width across strategies underscores the reliability of TBM and CBM, while
also showing that CM introduces significant variability and decision risk, particularly as the asset
enters wear-out phases.
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Fig. 8. Chute: mean percentage opportunity cost vs normalised hazard rate bin

with 95 % confidence intervals

Fig. 9 shows the mean percentage opportunity cost for the Liners failure mode across
normalised hazard rate bins, with error bars representing 95 % confidence intervals. The results
indicate that corrective maintenance (CM) consistently incurs the highest opportunity cost,
particularly in the wear-out phase, and also demonstrates greater variability in outcomes.
Condition-based maintenance (CBM) follows a mid-range trend but converges closely with time-
based maintenance (TBM) in certain hazard bins, especially during the transition from wear-out
to random phases. TBM exhibits the lowest and most stable costs across the majority of bins, with
narrow confidence intervals highlighting its reliability. Overall, the contrasting widths of the
confidence intervals reinforce that CM is economically riskier and less predictable, whereas TBM
and CBM provide more consistent cost performance throughout the asset lifecycle.

Fig. 10 illustrates the mean percentage opportunity cost for the Bearings failure mode across
normalised hazard rate bins, with 95 % confidence intervals shown as error bars. Compared to
Chute and Liners, the Bearings results exhibit far greater variability, with wide confidence
intervals and sharp fluctuations across bins. This instability reflects the sparse and uncertain
failure data available for bearings, amplifying the statistical noise and reducing the reliability of
strategy comparisons. Corrective maintenance (CM) shows extreme spikes in cost and uncertainty,
reinforcing its unsuitability under high-risk conditions. Condition-based maintenance (CBM) and
time-based maintenance (TBM) display comparatively lower costs in certain bins, but their
relative advantages are less consistent due to the volatility of the estimates. Overall, the plot
highlights how data scarcity for bearings introduces significant uncertainty, demonstrating the
need for stronger data inputs or longer monitoring horizons before making robust maintenance
strategy decisions.
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The confidence interval analysis provides an important layer of depth to the results by situating
the mean opportunity cost estimates within the broader range of possible outcomes. Rather than
relying solely on point estimates of strategy performance, the use of 95 % confidence intervals
ensures that the conclusions account for the inherent uncertainty present in failure data and
simulation outputs. This statistical framing is essential for maintenance decision-making, where
risk and reliability are as critical as cost minimisation. By explicitly quantifying the variability
surrounding each mean estimate, the analysis allows decision-makers to distinguish between
strategies that are both cost-effective and reliable, and those whose performance may appear
favourable on average but is undermined by high volatility.

From this perspective, the results continue to reinforce the theoretical hypotheses (H1-H3)
while also extending them with new insights. Hypothesis 1 (H1), which predicted the dominance
of corrective maintenance (CM) under low-hazard conditions, is supported only within narrow
and unstable intervals, as the wide confidence bands associated with CM reveal significant
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unpredictability even when failures are relatively infrequent. Hypothesis 2 (H2), which anticipated
the superiority of condition-based maintenance (CBM) in moderate hazard regimes, is confirmed
by the narrower confidence intervals surrounding CBM compared with CM. This suggests that
monitoring and planned interventions not only reduce average costs but also deliver greater
stability across simulations. Finally, Hypothesis 3 (H3), which proposed that time-based
maintenance (TBM) would dominate in high-hazard or wear-out regimes, is validated in the
clearest and most consistent way. The TBM results show both the lowest mean costs and the
narrowest confidence intervals, underscoring its role as the most predictable and resilient strategy
in phases of accelerated degradation.

Importantly, the confidence interval analysis also demonstrates that the sharpness and clarity
of these dominance patterns vary across failure modes. For Chutes, the transition is strong and
stable, with TBM emerging as the clear and reliable choice. For Liners, CM performs worst not
only in mean cost but also in variability, amplifying the risks of a reactive approach in wear-out
regimes. For Bearings, however, the wide intervals and fluctuating means reveal the challenge of
working with sparse or multi-modal data, where strategy comparisons become less definitive. This
highlights a key contribution of the framework: rather than assuming that theoretical dominance
patterns will manifest uniformly, it acknowledges that real-world decision-making is shaped by
data quality, sample variability, and the reliability behaviour of each component.

Taken together, these findings confirm that hazard-based modelling integrated with
opportunity cost offers more than theoretical validation — it provides a robust decision-support
framework that explicitly incorporates uncertainty. By embedding confidence intervals into the
analysis, the framework allows practitioners to evaluate not only which strategy appears optimal
on average but also how reliably that strategy can be expected to perform under uncertain
conditions. This dual focus on mean performance and variability strengthens the case for data-
driven maintenance planning, as it aligns economic optimisation with risk awareness. Ultimately,
the results advance the theoretical hypotheses (H1-H3) by showing that their practical validity
depends not just on lifecycle phase, but also on the statistical confidence with which strategy
performance can be distinguished, an aspect that is crucial for both academic understanding and
industry application.

6. Significance of the study

The present study builds upon an earlier multi-stage risk assessment framework [61] by
extending it from a diagnostic tool into a decision-oriented methodology. While the prior
framework enabled the identification and prioritisation of critical failure modes based on
likelihood and consequence, it did not explicitly address how maintenance strategies should be
selected as failure behaviour evolves over the asset lifecycle. The significance of this extension
lies in shifting the focus from ‘where risk exists’ to ‘how decisions should adapt in response to
that risk over time’, thereby closing a key gap between risk assessment and actionable
maintenance planning. The significance of this study lies in its ability to move maintenance
decision-making from static, rule-based evaluation to a dynamic, lifecycle-aware framework that
explicitly links reliability behaviour with economic consequences.

The proposed framework integrates hazard rate modelling with probabilistic cost analysis,
allowing maintenance strategies to be evaluated as a function of time-varying risk rather than static
assumptions. This is important because real-world assets rarely operate under constant failure
conditions; instead, their risk profiles evolve across lifecycle phases. By embedding this dynamic
behaviour into the evaluation process, the framework provides a more realistic basis for comparing
strategies, particularly in environments where failure behaviour is non-linear and phase dependent.

In comparison to existing hazard-based maintenance approaches, the proposed framework
introduces several important distinctions. Proportional Hazards Model (PHM)-based methods
typically rely on external covariates to model failure behaviour, making them dependent on the
availability and quality of condition monitoring data [44, 50]. In contrast, the present study models
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hazard rate evolution directly using Weibull-based simulation, allowing the framework to remain
applicable in environments where such data may be limited. Similarly, Generalised Renewal
Process (GRP) models provide detailed representations of imperfect maintenance effects but often
involve significant mathematical complexity and parameter estimation challenges [46]. The
current approach adopts a simplified and scalable structure, prioritising interpretability and
integration with economic evaluation over detailed restoration modelling. From an economic
perspective, existing maintenance optimisation studies commonly rely on deterministic or average
cost assumptions, which may not fully capture variability across lifecycle phases. The present
framework differs by incorporating probabilistic cost modelling linked directly to hazard
behaviour, enabling cost variability to be explicitly represented. Furthermore, while prior studies
evaluate strategies based on expected cost or cost—benefit comparisons [48, 49], they do not
explicitly quantify the economic consequence of suboptimal decisions. The introduction of
opportunity cost as a regret-based decision metric provides a distinct and more informative basis
for evaluating maintenance strategies under uncertainty.

A further strength of the framework lies in its ability to operate across heterogeneous data
environments. In practice, maintenance datasets are rarely uniform, some components are well-
instrumented, while others suffer from sparse or incomplete records. By combining empirical
estimation with assumption-based modelling, the methodology remains applicable across this
spectrum. The use of hazard normalisation and a common lifecycle horizon is particularly
significant here, as it ensures that differences in data richness do not prevent meaningful
comparison. This enables decision-making to remain consistent even when data quality varies
across assets.

The structured evaluation of strategies within hazard-based bins introduces a state-dependent
perspective to maintenance decision-making. Rather than relying on global averages, which can
obscure important lifecycle-specific behaviour, the framework allows strategies to be assessed
within defined risk conditions. This matters because the effectiveness of a maintenance strategy
is inherently context-dependent; a strategy that performs well under low hazard may become
economically inefficient as risk intensifies. By localising the analysis, the framework makes these
transitions visible and actionable.

From an economic perspective, the introduction of opportunity cost as a decision indicator
provides a critical shift in how strategy performance is interpreted. Instead of focusing solely on
identifying the lowest-cost option, the framework quantifies the consequence of selecting a
suboptimal strategy. This is particularly relevant in practice, where uncertainty and incomplete
information often make perfect decisions unlikely. By expressing performance in terms of
economic regret, the framework offers a more intuitive and decision-relevant metric that aligns
closely with how maintenance choices are evaluated in real operational settings.

In addition, the use of probabilistic cost modelling enhances the realism of the analysis by
capturing variability in maintenance outcomes across lifecycle phases. Conventional approaches
often rely on deterministic cost values, which can mask the uncertainty inherent in real operations.
By modelling costs as distributions, the framework acknowledges that economic outcomes are not
fixed but influenced by lifecycle stage, failure behaviour, and operational variability. This
provides a more robust basis for comparing strategies under uncertainty.

Overall, the framework advances maintenance decision-making by integrating reliability
behaviour, economic evaluation, and uncertainty into a unified approach. Its importance lies not
only in methodological integration, but in its ability to translate complex reliability dynamics into
economically meaningful insights. In doing so, it provides a practical decision-support tool that
enables asset managers to align maintenance strategies with both lifecycle risk and economic
impact, strengthening the link between engineering analysis and operational decision-making.

7. Discussion
The results of this study provide a deeper and more nuanced understanding of maintenance
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strategy performance than was possible in the earlier multi-stage risk assessment [61]. By
embedding hazard-based lifecycle modelling within a probabilistic cost framework, the analysis
revealed not only how Bearings, Liners, and Chutes evolve across their operational lives, but also
how the choice of maintenance strategy interacts with hazard intensity to create measurable
economic consequences. This represents a significant methodological evolution: the earlier
framework mapped “where risks lie”, while the present study demonstrates “how best to respond
to them” in economic terms. Such a shift reframes maintenance from a largely diagnostic exercise
into a prescriptive, decision-oriented process grounded in risk-cost trade-offs.

A key insight emerging from the analysis is that no single maintenance strategy is universally
optimal across all conditions. This finding reinforces long-standing engineering intuition:
strategies must be tailored to lifecycle stage and failure behaviour. What this study adds is an
explicit quantification of the economic penalty of being wrong, expressed through opportunity
cost. For example, the clear rise in regret associated with Corrective Maintenance in wear-out bins
illustrates the escalating risk of persisting with reactive practices as assets age. Conversely, the
narrowing of opportunity cost differences in low-hazard zones suggests that early-life or low-risk
conditions afford greater flexibility, where even suboptimal choices impose minimal penalties.
This reframing of maintenance decision-making in terms of regret rather than absolute cost
provides a defensible and intuitive benchmark for managers navigating uncertainty, bridging the
gap between engineering analysis and economic accountability.

The cross-mode comparisons further highlight the importance of normalization and binning as
analytical techniques. By rescaling hazard values within each mode and phase, the framework
created a level playing field that enabled Bearings, Liners, and Chutes, despite their very different
data densities, to be compared directly. This revealed cross-cutting patterns, such as the consistent
superiority of CBM in wear-out phases and the dominance of TBM in more predictable regimes.
Without normalization, these patterns would likely have been obscured by the sheer weight of
chute failures, which could easily overwhelm analyses with their volume alone. This design choice
therefore strengthens the generalizability of the findings and illustrates how heterogeneous
datasets can yield actionable insights when carefully harmonized.

Equally important is the demonstration of how data scarcity and data richness can be
accommodated within one unified framework. The Bearings case- based on only a handful of
recorded failures, showed that meaningful hazard and cost profiles can still be constructed when
assumptions are made transparently and linked back to engineering judgment. This is critical for
industries where data are fragmented or incomplete, as it demonstrates that structured modelling
can still inform decision-making without requiring exhaustive datasets. In contrast, Liners and
Chutes, with richer datasets, allowed for finer-grained Weibull fitting and more stable estimates
of opportunity cost. Liners in particular highlighted the transitional nature of wear-related failures,
showing how CBM excels when hazard levels begin to rise but variability remains high, before
TBM becomes more cost-effective as hazard stabilises at higher levels. Chutes, supported by
extensive records, generated statistically stable hazard and cost profiles, making them an ideal
demonstration of the framework’s ability to yield robust, phase-wise strategy recommendations.
Together, these cases highlight the balance between assumption-driven modelling and data-driven
inference, reflecting the reality that maintenance contexts rarely provide uniformly rich datasets
across all components.

Another important contribution lies in how the opportunity cost framing sharpens decision-
making under uncertainty. In practice, maintenance planning often relies on expected value
comparisons that mask the risks of error. By explicitly quantifying regret, this study makes visible
the asymmetry of economic consequences: being wrong in low-hazard phases is relatively benign,
but being wrong in high-hazard phases is disproportionately costly. This insight encourages
managers to take a dynamic view of strategy selection, aligning decision effort with lifecycle risk
intensity. It also underscores the danger of static, one-size-fits-all policies, particularly for assets
with accelerating hazard profiles where reactive strategies carry escalating costs.

From a managerial standpoint, the implications of this research are significant. The framework
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equips asset managers with a decision-support tool that is both rigorous and accessible. Its ability
to harmonize heterogeneous datasets means it can be deployed across a wide range of components
without requiring uniform data availability. Its translation of hazard modelling into economic
regret provides a language that resonates with both technical and financial stakeholders, enabling
more transparent communication between engineers, planners, and executives. For example, an
asset manager can now articulate not just “which” strategy is cheaper, but “what the cost of being
wrong would be”. This reframing makes investment decisions, such as whether to adopt CBM
technology or continue with TBM schedules, more defensible and evidence based.

Moreover, the framework offers flexibility in application. It can be used retrospectively to
evaluate existing policies, prospectively to test alternative strategies, or strategically to prioritise
investments in monitoring technologies. For instance, if the analysis reveals that CBM
consistently reduces regret in the wear-out phase of liners, this can be used to justify investment
in vibration sensors or inspection protocols targeted at that stage. Similarly, if TBM emerges as
consistently dominant in high-volume failure modes like chutes, scheduling optimisation can
focus on aligning service intervals with hazard trajectories to maximise efficiency.

At the same time, the study acknowledges its limitations. The lifecycle phase cut-offs at 20 %
and 80 % of total life, while practical, are heuristic assumptions; alternative thresholds or
data-driven change-point detection could refine phase segmentation. The use of Weibull
distributions, although standard in reliability engineering, may not fully capture behaviours where
failures are multi-modal or where costs follow heavy-tailed distributions. Normalization, while
essential for comparability, reduces interpretability of absolute hazard values, restricting
conclusions to relative rather than absolute risk intensity. In data-scarce contexts such as Bearings,
sensitivity to parameterisation means results should be treated with caution, with confidence
intervals explicitly communicated. A key limitation of this analysis lies in the reliance on
estimated cost inputs for each maintenance strategy. While the modelling framework assigns
representative values to corrective, condition-based, and time-based maintenance, these estimates
inevitably simplify the complexity of real-world cost structures. In practice, actual costs can vary
considerably depending on factors such as site-specific labour rates, production loss valuations,
equipment accessibility, and the effectiveness of monitoring technologies. Moreover, the
simulation assumes static cost parameters across lifecycle phases, whereas in reality these values
may evolve dynamically as assets age, technologies improve, or operational contexts change. As
a result, while the presented results provide a robust comparative framework, they should be
interpreted as indicative rather than absolute, with the recognition that more granular cost data
could enhance both accuracy and industry relevance. In addition, the equal distribution of
maintenance strategies across hazard bins does not reflect how strategies are typically deployed
in operational environments. In practice, the allocation of maintenance strategies often varies with
operational context, risk tolerance, and resource availability, rather than following a uniform
pattern across risk levels. However, in this model, equal assignment was adopted to avoid
introducing bias in the cost-performance comparison. By ensuring that each strategy was
represented across all risk levels, the analysis could isolate performance differences attributable
to the strategies themselves, rather than to uneven exposure. While this design improves
experimental control, it limits direct reflection of real-world strategy distribution. The presented
results should therefore be viewed as foundational, with future research encouraged to incorporate
realistic deployment patterns.

These limitations provide fertile ground for future work. Extending the framework to
incorporate compound failure interactions or subsystem dependencies would provide a more
realistic representation of industrial assets. Integrating digital twins and real-time sensor data
offers the potential to transform opportunity cost into a dynamic indicator, continuously updating
as hazard estimates evolve with operational data. Furthermore, calibrating cost distributions using
industry-specific maintenance logs would enhance the realism and adoption of the framework in
practice. There is also scope to test the framework across sectors, such as energy, transportation,
or manufacturing, to assess its generalisability beyond mining. Finally, coupling the approach with
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multi-objective optimisation could allow trade-offs between cost, safety, and availability to be
modelled explicitly, further strengthening its managerial relevance.

In summary, this study advances maintenance decision-making by moving beyond the
diagnostic role of the multi-stage risk assessment to provide a prescriptive, economically grounded
decision-support framework. By introducing opportunity cost as a unifying indicator, harmonizing
heterogeneous datasets through normalization, and demonstrating robustness across both sparse
and rich data environments, the study builds a novel bridge between theoretical reliability
modelling and the practical realities of industrial maintenance. The framework positions itself not
only as an academic contribution but also as a decision compass for asset managers, guiding
strategy selection across the lifecycle by balancing cost, risk, and regret. In doing so, it marks an
important step toward transparent, data-informed, and economically defensible maintenance
planning in complex industrial environments.

8. Conclusions

This study set out to extend the authors earlier work [61] on multi-stage risk assessment
framework by moving beyond the identification of critical failure modes to examine how
maintenance strategies perform across the lifecycle of those failures. The earlier multi - stage
framework provided an essential diagnostic foundation, showing which components contributed
most to downtime, cost, and overall system vulnerability. However, it left unanswered the equally
important question of how maintenance interventions should be aligned with the evolving risk
profile of those components. In other words, it identified where risks lie, but not how best to
respond. Addressing this gap required the integration of reliability modelling with an economic
lens, shifting the focus from criticality alone to decision-making under uncertainty.

The methodology presented in this study represents a conceptual and technical evolution of
that earlier work. By embedding Weibull-based hazard modelling within a probabilistic cost
framework, the analysis moves from risk description to strategy prescription. The novelty lies in
evaluating maintenance options not purely on expected cost, but on the opportunity cost, the
economic penalty incurred when the selected strategy is not the optimal one. This subtle but
powerful reframing makes explicit the consequences of poor decision-making and provides a
transparent, quantitative justification for shifting strategies as assets progress through their
lifecycle.

The analysis of three representative failure modes, Bearings, Liners, and Chutes provided a
compelling demonstration of the framework’s flexibility and adaptability. Each mode represented
a distinct data environment, thereby testing the robustness of the methodology under varying
empirical conditions. The Bearings case illustrated the reality of data scarcity, where only a
handful of failures were available for modelling. Instead of being discarded as unusable, the data
were embedded within a Weibull framework supported by transparent assumptions and
engineering judgment. This showed that meaningful hazard and cost trajectories can still be
constructed even under severe data limitations, provided that the uncertainties are acknowledged
and communicated. Liners, with a moderate dataset, enabled more refined phase-wise fitting,
capturing the dynamics of failures associated with progressive wear. This case demonstrated the
capacity of the model to detect transitions across lifecycle phases and to evaluate when preventive
strategies should replace reactive ones. Chutes, with extensive records, offered a contrasting
scenario where statistical stability could be achieved. The large dataset allowed for robust hazard
estimation and stable cost simulations, providing confidence in the results. Taken together, the
three cases demonstrated that the methodology can accommodate heterogeneity in data richness
without sacrificing comparability, an essential feature for real-world industrial applications where
datasets are rarely uniform across components.

One of the most important findings was that no single maintenance strategy emerged as
universally optimal. This reinforces long-standing engineering intuition but elevates it through
quantification. Corrective Maintenance (CM), while sometimes viable in early phases where
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hazard levels remain low, consistently produced significant economic regret in the wear-out
region. The reliance on CM under high hazard conditions for Bearings vividly illustrated how
reactive strategies expose organisations to escalating and unnecessary costs. Time-Based
Maintenance (TBM), by contrast, proved highly effective for Chutes, reflecting their predictable
hazard trajectory and the benefits of scheduled interventions. Liners revealed a more complex
picture, where CBM excelled during the wear-out stage by addressing emerging risks proactively,
while TBM became the preferred choice in later phases as hazard levels rose sharply. These
patterns underscore the study’s central insight: strategy effectiveness is highly context- and phase-
dependent, and the cost of being wrong grows disproportionately as assets age.

The introduction of opportunity cost as a unifying decision indicator is arguably the most novel
contribution of this study. Traditional approaches to maintenance optimisation often stop at cost
minimisation, reporting the lowest expected cost as the “best” strategy. Yet in practice, decision-
makers must weigh not only the average cost but also the consequences of error. Opportunity cost
reframes the decision space by quantifying the regret associated with choosing an inferior option.
This allows managers to evaluate trade-offs in a language that is both intuitive and defensible.
Instead of abstract comparisons of hazard or mean downtime, decision-makers can ask: “If we are
wrong, what is the economic cost to us?” This shift better reflects the realities of industrial
practice, where uncertainty is pervasive and where the economic consequences of error often drive
managerial concern.

Beyond methodological innovation, the study carries several practical implications. For asset
managers and maintenance planners, the framework provides a structured decision compass that
can be integrated into routine evaluations of maintenance strategy. Its ability to accommodate both
data-sparse and data-rich environments makes it versatile across industrial settings. The
quantification of economic regret provides a communication tool for bridging engineering analysis
with executive decision-making, translating technical risk into economic terms that align with
budgetary and production priorities. The framework can be used not only for retrospective
evaluation of existing policies but also for testing the implications of adopting alternative
strategies or for justifying investments in condition monitoring technologies. For example, if
opportunity cost analysis reveals that CBM consistently reduces regret in wear-out phases, this
can be used to make a defensible case for investing in sensor technology and predictive analytics.

At the same time, the study is careful to acknowledge its limitations. The segmentation of
lifecycle phases at 20 % and 80 % of total life, while commonly used, is ultimately a heuristic.
Alternative cut-off points or data-driven change-point detection methods may provide more
accurate phase delineations. Similarly, the reliance on Weibull distributions, while standard in
reliability engineering, does not capture all possible dynamics, particularly in contexts where
failure behaviour is multi-modal or where costs exhibit heavy-tailed distributions. Normalisation
and binning, while enabling comparability across heterogeneous datasets, inevitably reduce the
interpretability of absolute hazard values, meaning results must be interpreted as relative
indicators rather than direct measures of risk. Finally, while simulation stabilised the estimates,
sensitivity to parameterisation remains, particularly in the Bearings case where assumptions
substituted for empirical richness.

These limitations suggest several avenues for future research. First, integrating alternative
statistical models, including mixture distributions or non-parametric approaches, could better
capture complex or compound failure behaviours. Second, embedding the framework within
digital twin architectures would enable continuous updating of hazard and cost profiles using real-
time sensor data, transforming opportunity cost from a static to a dynamic decision indicator.
Third, expanding calibration of cost distributions using site-specific maintenance logs would
enhance realism and strengthen adoption by industry stakeholders. Fourth, applying the
framework to multi-component systems with interdependencies, rather than treating failure modes
in isolation, could provide a more holistic view of system-level maintenance optimisation. Finally,
cross-industry applications, beyond the mining context, would help to generalise the methodology
and test its scalability in sectors such as manufacturing, energy, or transportation.
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In summary, this study represents both a methodological and conceptual evolution of the multi-
stage risk assessment framework. By embedding hazard modelling into an opportunity-cost
framework, it provides a novel and practical decision support tool that aligns engineering analysis
with economic accountability. The contribution lies not only in modelling failures and costs but
in reframing maintenance decisions as choices that carry measurable regret. This reframing
empowers decision-makers to move from reactive intuition to proactive, data-informed, and
economically defensible strategies. The broader implication is a step toward more transparent and
rationalised maintenance planning in complex industrial environments, where the balance between
cost, risk, and performance remains a central challenge. Ultimately, this work bridges the gap
between theory and practice, offering both an academic contribution to the reliability literature
and a practical compass for asset managers navigating uncertainty across the asset lifecycle.
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