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Featured Application

The proposed methodology can be applied in industrial environments where equipment,
such as pumps, is monitored through online sensors. By correcting risk curves with mainte-
nance effectiveness, asset managers can not only evaluate the true impact of preventive and
corrective actions, but also benchmark performance across redundant or comparable units.
This enables more accurate decision-making, early identification of ineffective practices,
and improved planning of predictive and risk-informed maintenance strategies.

Abstract

In predictive maintenance frameworks, risk curves are used as interpretable, real-time
indicators of equipment degradation. However, existing approaches generally assume a
monotonically increasing trend and neglect the corrective effect of maintenance, resulting
in unrealistic or overly conservative risk estimations. This paper addresses this limitation
by introducing a novel method that dynamically corrects risk curves through a quantitative
measure of maintenance effectiveness. The method adjusts the evolution of risk to reflect
the actual impact of preventive and corrective interventions, providing a more realistic and
traceable representation of asset condition. The approach is validated with case studies on
critical feedwater pumps in a combined-cycle power plant. First, individual maintenance
actions are analyzed for a single failure mode to assess their direct effectiveness. Second,
the cross-mode impact of a corrective intervention is evaluated, revealing both direct and
indirect effects. Third, corrected risk curves are compared across two redundant pumps to
benchmark maintenance performance, showing similar behavior until 2023, after which
one unit accumulated uncontrolled risk while the other remained stable near zero, reflected
in their overall performance indicators (0.67 vs. 0.88). These findings demonstrate that
maintenance-corrected risk curves enhance diagnostic accuracy, enable benchmarking
between comparable assets, and provide a missing piece for the development of realistic,
risk-informed predictive maintenance strategies.

Keywords: risk curves; predictive maintenance (PdM); maintenance effectiveness;
Condition-Based Monitoring (CBM); Prognosis and Health Management (PHM); power
plant pumps; reliability engineering
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1. Introduction
In industrial environments, effective maintenance management is essential to ensure

equipment availability, minimize unplanned downtime, and extend asset lifespan [1,2].
Over the past two decades, the rise of online monitoring [3], the Internet of Things (IoT) [4–6],
and machine learning (ML) [7] has enabled a paradigm shift from time-based preventive
maintenance towards condition-based (CBM) [8] and predictive maintenance (PdM) ap-
proaches [9,10]. These data-driven strategies aim to detect anomalies at early stages [8,11]
and dynamically schedule interventions based on equipment condition [12–14].

Despite these advances, several limitations persist in current PdM implementations that
restrict their real-world applicability and long-term decision-making capabilities [2,15,16]. A
major shortcoming is the lack of integration between historical maintenance actions and
the evolution of equipment risk. This limitation results in overly conservative or unrealistic
risk estimations and hinders the ability of PdM frameworks to support informed, long-term
maintenance strategies.

This paper is motivated both by theoretical and practical needs. From a theoret-
ical standpoint, it addresses a major gap in predictive maintenance frameworks: the
absence of mechanisms to integrate the historical outcome of maintenance actions into
the ongoing assessment of risk. From a practical perspective, the proposed correction
mechanism enables benchmarking of maintenance performance across redundant or com-
parable assets, supporting more accurate decision-making and predictive, risk-informed
maintenance planning.

To address this gap, we propose a novel method to dynamically correct the evolution
of risk curves based on the measured effectiveness of past maintenance actions. Specifically,
we define a correction mechanism whereby, after each intervention, the risk curve is retroac-
tively scaled in proportion to the quantified efficacy of that action. This approach yields a
more realistic and condition-aware representation of system degradation over time, cap-
turing both anomaly accumulation and risk mitigation. In doing so, the method enhances
the interpretability and prescriptive value of risk curves, making them more suitable not
only for anomaly detection but also for long-term maintenance strategy refinement. By
bridging the gap between condition monitoring and maintenance traceability, it contributes
a missing piece to current PdM frameworks [17–19].

The rest of the paper is organized as follows: Section 2 reviews related work and posi-
tions the proposed method within the state of the art. Section 3 describes the methodology
for correcting risk curves by incorporating maintenance effectiveness. Section 4 presents
the case studies and discusses the results, including individual interventions, cross-mode
effects, and the comparative analysis between two pumps. Section 5 discusses the broader
implications and limitations of the method. Finally, Section 6 provides the conclusions of
the study and outlines directions for future research.

2. Literature Review
Nunes et al. [2] identify several persistent limitations in predictive maintenance (PdM)

implementations, including data quality issues, the scarcity of complete datasets, and the
limited integration of maintenance history. These constraints restrict the applicability of
PdM strategies in real-world contexts. Hamasha et al. [1] further analyze the selection of
maintenance policies, emphasizing how different operational environments require tailored
approaches. Achouch et al. [9] and Zonta et al. [10] provide systematic reviews of PdM
frameworks, highlighting both the rapid progress of the field and the challenges that still
prevent widespread industrial adoption.

To address these challenges, recent studies have focused on the enabling role of
digitalization and data-driven techniques. Karki et al. [3] describe digital maintenance
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architectures for online monitoring, while Naiya [4] and Moccardi et al. [5] emphasize IoT
frameworks as essential for predictive analytics. Prasad [6] reviews IoT–ML integration in
industrial systems, showing its potential to support predictive strategies. Carvalho et al. [7]
and Sharma et al. [8] survey the application of machine learning (ML) in anomaly detection,
underlining that interpretability and transparency remain key barriers to effective adoption
in practice.

Abbassi et al. [20] review quantitative risk-based maintenance (RBM) techniques in
engineering infrastructures, showing how risk prioritization can guide interventions. Leoni
et al. [21] analyze consequence modelling and its integration into maintenance decision
processes. Liao et al. [22] propose mission reliability-driven PdM, explicitly combining reli-
ability and risk modelling in multi-state systems. Silva et al. [23] introduce Reliability and
Risk-Centered Maintenance, which integrates criticality analysis into planning strategies.
These studies confirm the potential of RBM, but they generally treat maintenance actions
as resets or ignore their impact altogether, which limits traceability and underestimates
variability in effectiveness [21,24,25].

Montgomery et al. [24] demonstrate how minor maintenance actions affect CBM
models, while De Carlo and Arleo [26] survey imperfect maintenance models and their
practical applications. These works highlight the importance of representing partial or
variable effectiveness, but their use in real-time monitoring remains limited. Digital twin
approaches have also been proposed as a way to incorporate such concepts into predictive
frameworks [27–29]. However, despite their potential to integrate imperfect maintenance
into advanced simulations, these solutions remain limited in practice due to high im-
plementation costs, integration challenges, and restricted applicability in real industrial
environments.

In parallel, probabilistic and AI-based paradigms have been explored as alterna-
tive solutions. Morato et al. [30] apply Partially Observable Markov Decision Processes
(POMDPs) and Bayesian networks to represent maintenance as a stochastic influence. Hur-
tado et al. [16] review the application of deep learning for maintenance, Mahale et al. [31]
survey AI-driven PdM in the automotive sector, and Wu et al. [32] introduce continual
learning strategies for remaining useful life (RUL) prediction. Although these methods are
powerful, they typically require extensive datasets, are difficult to interpret, and do not
explicitly incorporate the feedback from maintenance interventions into risk modelling.

In contrast to these approaches, which often rely on complex probabilistic formalisms
or data-hungry black-box models, our method provides a transparent, easily computable
mechanism directly traceable to operational records.

In previous work [33], we proposed the construction of risk curves as real-time failure
indicators, based on the cumulative deviations of monitored variables from their expected
values under normal operating conditions (NOC). These curves enabled the quantification
of maintenance effectiveness by analyzing slope changes before and after interventions.
However, the risk curve itself remained unaffected by the intervention outcome, which
limited its realism and diagnostic value. While that work demonstrated how maintenance
effectiveness could be measured, the present study advances the methodology by dynami-
cally correcting the curves themselves, adjusting their evolution based on the measured
effectiveness of maintenance actions. This evolution directly addresses the limitation of our
prior work and enhances the prescriptive value of the curves.

In summary, while CBM, PdM, and RBM approaches have made significant advances,
none provide a transparent mechanism to dynamically integrate the actual effectiveness
of maintenance actions into risk evolution. Most frameworks either neglect maintenance
feedback, assume perfect interventions, or reset risk arbitrarily [21,24,25]. Recent con-
tributions have explicitly recognized this as a critical gap in PdM frameworks [17–19],
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underscoring the need for approaches that combine anomaly detections and accumulation
with maintenance traceability. The present study addresses that gap by introducing a
novel correction mechanism in which risk curves are dynamically corrected using the
measured effectiveness of interventions. This represents, to the best of our knowledge, the
first practical and interpretable method to explicitly integrate maintenance feedback into
risk evolution.

3. Materials and Methods
3.1. Failure Indicator: Risk Curves

The proposed methodology builds upon our previous work [33], where we intro-
duced the concept of risk curves as failure indicators derived from monitored devia-
tions. These curves are constructed by continuously comparing real-time sensor values
with those predicted by pre-trained models representing the system’s Normal Operating
Conditions (NOC).

Given a confidence interval CI(k)NOC =
[

L(k)
in f , L(k)

sup

]
defined for each model k, the devia-

tion at each time instant is determined by the difference between the observed output Y(k)

and the predicted output Y(k)
NOC:

E(k) = Y(k) − Y(k)
NOC (1)

If E(k) falls within the confidence interval, the behavior is considered normal. If it lies
outside, the deviation is quantified as:

DEV(k) = 1 +

∣∣∣E(k)−L(k)
in f

∣∣∣∣∣∣L(k)
in f

∣∣∣ if E(k) < L(k)
in f

DEV(k) = 0 if E(k) ∈
[

L(k)
in f , L(k)

sup

]
DEV(k) = 1 +

∣∣∣E(k)−L(k)
sup

∣∣∣∣∣∣L(k)
sup

∣∣∣ if E(k) > L(k)
sup

(2)

The risk curve for model k is then defined as the cumulative sum of deviations from a
reference time t0:

f (k)(t) =
t

∑
n=t0

DEV(k)(n) (3)

This risk curve increases over time in the presence of anomalies and remains constant
when the system returns to normal. A zero slope indicates stable behavior, while a growing
slope reflects an increasing risk associated with the monitored failure mode. Hence, the
real-time slope of the curve serves as an early failure indicator.

3.2. Maintenance Effectiveness Evaluation

Beyond anomaly detection, risk curves can also be used to evaluate the effectiveness
of maintenance actions. Given the timestamp ta of an intervention, its effectiveness efa is
defined as the relative change in the slope of the risk curve before and after the action, over
a symmetric time window ∆t:

efa = 1 −
∆ f (k)/ ∆t|taft

ta

∆ f (k)/ ∆t|ta
tbef

(4)

where tbef < ta < taft and taft − ta = ta − tbef = ∆t. This formulation quantifies how much
the curve’s slope has decreased after the intervention, thus indicating how effective the
action was in mitigating risk.
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Equation (4) is based on an empirical but theoretically intuitive rationale: it quan-
tifies the relative change in the slope of the risk curve before and after an intervention.
Since the slope reflects the rate of degradation, this measure provides a natural and inter-
pretable indicator of maintenance effectiveness. While simple in formulation, it captures
the essential relationship between intervention outcome and the trajectory of degrada-
tion, aligning with the conceptual foundations of reliability growth analysis and imperfect
maintenance models.

This metric can be computed for all maintenance actions and across all monitored
failure modes, enabling the construction of a historical record of intervention effectiveness
per failure mode.

From a numerical perspective, the proposed calculations are stable. The main potential
issue arises from divisions by zero or very small denominators when comparing slopes
before and after interventions. To prevent instability, the implementation includes filtering
mechanisms that exclude such cases or apply smoothing windows. Furthermore, extreme
scenarios, such as interventions performed during flat risk periods or negligible slopes, are
accounted for in the algorithm, ensuring that the results remain robust and reliable.

3.3. Risk Curve Correction Based on Effectiveness

One limitation of the original risk curve definition is its unidirectional growth, risk is
assumed to only increase or remain constant, even after successful interventions. However,
in practice, effective maintenance can reverse the degradation process and reduce actual
failure risk.

To address this, we introduce a correction mechanism that adjusts the risk curve
dynamically based on the computed effectiveness. For each intervention at time ta, the risk
curve is scaled proportionally from that point onwards:

f ′(k)(t) =

{
f (k)(t) if t < ta

(1 − efa)· f (k)(t) if t ≥ ta
(5)

Equation (5) defines a heuristic scaling mechanism that applies the measured effec-
tiveness to adjust the risk curve. Although not derived from a formal probabilistic model,
the formulation ensures interpretability and traceability by directly linking the quantified
effectiveness of an action to the subsequent evolution of risk. This heuristic approach is
inspired by broader principles in maintenance modelling, where imperfect maintenance
is understood as partial restoration of system condition [20,26]. The advantage of this
definition lies in its industrial applicability: it provides a transparent and easily computable
correction that can be directly validated against operational records.

This corrected curve, f ′(k)(t), provides a more realistic view of system condition,
capturing both the accumulation of anomalies and the mitigating effects of successful main-
tenance. By integrating effectiveness into the curve, the model acknowledges improvements
in health state and supports more reliable decision-making over time.

4. Results
To demonstrate the applicability and advantages of the proposed risk curve correction

method, we apply it to a real industrial system: a feedwater pump located within the
water–steam circuit of a combined-cycle power plant. The case study is based on real
operational data retrieved from the plant’s monitoring and control system.

The pump operates downstream of the condenser and upstream of the heat recovery
steam generator (HRSG). Its function is to supply pressurized water to the HRSG, where it
is converted into high-pressure steam that powers the steam turbine. Due to this position,
the pump plays a critical role in sustaining the thermal cycle. Malfunctions can lead to
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partial or total shutdowns of the steam section, with direct impact on the plant’s efficiency
and availability.

This component was selected for the case study because of its operational importance,
the variety of failure modes it presents, and the availability of historical maintenance and
sensor data. These characteristics make it a suitable candidate for testing the ability of the
proposed method to identify, quantify, and trace the effects of maintenance interventions
across different degradation indicators.

4.1. Failure Modes and Risk Curves

To assess the degradation of the feedwater pump and evaluate the impact of mainte-
nance interventions, a set of failure modes (FMs) was defined based on historical records
and expert knowledge. Each failure mode corresponds to a specific degradation mechanism
and is monitored through one or more relevant physical variables. These variables are
modelled under normal operating conditions (NOC), and their deviations over time are
used to construct risk curves f (k)(t), as introduced in Section 2.

The failure modes considered in this study are:

• FM1: Motor overload, identified through abnormal current and temperature behaviour.
• FM2: Worn opposite motor coupling side (OMCS) bearing, detected via vibration and

thermal signatures on the non-drive side of the motor.
• FM3: Worn motor coupling side (MCS) bearing, located on the drive end of the motor.
• FM4: Worn opposite pump coupling side (OPCS) bearing, positioned on the non-drive

end of the pump.
• FM5: Worn pump coupling side (PCS) bearing, on the drive end of the pump shaft.
• FM6: Worn thrust bearing, related to axial loads within the pump system.
• FM7: Leak, typically inferred from mass imbalance or sealing pressure deviations.
• FM8: Shaft misalignment, diagnosed via vibration patterns and coupling torque anomalies.
• FM9: Motor electrical failure, signalled by current imbalance, harmonic distortion, or

insulation issues.

For each failure mode, a dedicated risk curve is generated by aggregating deviations
in the relevant monitored variables (Equations (1)–(3)). These curves serve as real-time
indicators of degradation progression and provide a structured framework for evaluating
the effectiveness of maintenance actions, both at the individual and system level.

Figures 1 and 2 show the evolution of all nine risk curves over a four-year operational
period (January 2020–August 2024). Figure 1 displays the full range of values, highlighting
the dominance of certain failure modes in terms of accumulated risk. Figure 2, with an
expanded scale, enables a more detailed view of the lower-magnitude curves, facilitating
the comparative analysis of degradation behavior across all modes.

Building on this baseline representation, the analysis begins with an illustrative exam-
ple on a single failure mode, which demonstrates step by step how the proposed correction
method is applied to risk curves. This example serves as a didactic bridge between the
theoretical framework and its practical implementation.

After this illustration, three complementary case studies are presented to showcase
the broader capabilities of the methodology. The first case evaluates multiple maintenance
actions on a single failure mode, highlighting how corrected risk curves capture their
varying effectiveness over time.

The second case examines the cross-mode impact of one corrective intervention, re-
vealing direct, indirect, and null effects across different degradation mechanisms. The
third case compares two redundant pumps, showing how corrected risk curves can be
used to benchmark maintenance performance at the system level. Together, the illustrative
example and the three case studies provide a progression from methodological understand-
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ing to practical insights, demonstrating the added value of incorporating maintenance
effectiveness into risk-based assessment.

 

Figure 1. Evolution of uncorrected risk curves for all failure modes over the full-time horizon (January
2020–August 2024).

 

Figure 2. Expanded view of uncorrected risk curves highlighting lower-magnitude failure modes.

4.2. Illustrative Example: Risk Curve Correction for Worn PCS Bearing

In this subsection, the theoretical procedure described in Section 2 is illustrated using
one specific failure mode: Wear of the Pump Coupling Side (PCS) Bearing.

This failure mode was selected as an illustrative case because it combines high oper-
ational relevance with a diverse history of maintenance interventions, including both
preventive and corrective actions. Its risk curve presents clear episodes of degrada-
tion and recovery, which makes it suitable for testing the correction methodology under
different conditions.

The analysis is structured into four incremental examples: first, the uncorrected curve
is shown as a baseline; second, the impact of a single maintenance action is assessed; third,
two actions are considered to evaluate their combined effect; and finally, the full sequence
of interventions is applied to reconstruct the corrected risk curve. This stepwise approach
provides both an intuitive understanding of the method and a comprehensive view of how
maintenance effectiveness shapes the evolution of risk over time.
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4.2.1. Risk Curve Without Maintenance Correction

Figure 3 shows the evolution of the risk associated with the PCS bearing without
applying any correction for the effect of maintenance. As observed, the risk accumulates
continuously over time, even after maintenance actions have taken place.

 

Figure 3. Risk curve of the PCS bearing without maintenance-effectiveness correction (continuous
accumulation of risk).

This representation does not reflect whether a corrective or preventive action has been
effective or not, nor does it allow for assessing its real impact. Therefore, it may lead to an
overestimation of the risk, particularly after effective interventions, masking the benefits of
maintenance activities and hindering any analysis of maintenance strategies.

4.2.2. Risk Correction with a Single Effective Action

Figure 4 introduces the first correction using the proposed methodology. The vertical
dashed line marks the moment of a maintenance action, the replacement of the bearing
lubricating oil, that has been identified as highly effective (efa = 100%) by Equation (4). As
detailed in Section 2, the correction is applied by decreasing the risk from the time of the
intervention onwards by a percentage equal to the estimated effectiveness (Equation (5)).
In this case, the curve undergoes a complete risk reset (100% reduction), yielding a more
realistic representation of the component’s health status.

 

Figure 4. Corrected risk curve of the PCS bearing after a single highly effective maintenance action
(oil replacement).
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This correction not only prevents risk overestimation but also emphasizes the im-
pact of individual maintenance actions, thereby enabling a clearer identification of which
interventions contribute most to asset reliability.

4.2.3. Extension to Multiple Maintenance Actions

In practice, assets are subject to multiple maintenance activities over time. Figure 5
extends the correction to include a second intervention later in the timeline. The first action
remains consistent with the preceding case, exhibiting 100% effectiveness.

 

Figure 5. Corrected risk curve of the PCS bearing after two maintenance actions with different
effectiveness levels.

The subsequent action, a bi-monthly preventive routine encompassing temperature,
vibration, and leak inspections, oil changes, and corrosion inspections, attains approxi-
mately 65.30% effectiveness. The green curve illustrates the corrected risk trajectory after
the implementation of both actions.

It is important to note that the second correction is applied on top of the curve already
corrected by the first action (orange curve), meaning that corrections are cumulative over
time. This aggregation allows for a more coherent and realistic modelling of the asset’s
degradation and recovery dynamics.

Finally, Figure 6 shows the fully corrected risk curve for this failure mode, after
applying all maintenance actions recorded in the historical data. This final curve reflects
the real evolution of the component’s risk, incorporating both degradation periods and
the varying success of maintenance interventions. These corrected curves serve as the
foundation for the advanced analyses presented in the following sections, including the
evaluation of cross-mode impacts and asset-level comparisons.

Additionally, this correction not only prevents risk overestimation but also emphasizes
the impact of individual maintenance actions. In this case, the complete reset achieved
through a simple lubricant replacement illustrates how routine interventions can produce
disproportionately high benefits. The corrected curves therefore provide a clearer basis
for distinguishing between high-value actions and those with minimal return, which is
essential for effective resource prioritization.
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Figure 6. Final corrected risk curve of the PCS bearing incorporating the entire historical record of
maintenance actions. The thicker dotted lines simply indicate that several maintenance actions were
performed on the same date instead of just one.

4.3. Cross-Mode Impact of a Maintenance Action

The first case study investigates the cross-mode impact of a maintenance intervention.
Although maintenance actions are typically directed at a specific failure mode, their influ-
ence may extend beyond the targeted mechanism, producing beneficial, neutral, or even
adverse effects on other degradation pathways.

To illustrate this phenomenon, Figure 7 presents the impact of a single corrective
action, a general overhaul of the pump focused on repairing a water leak, on the risk curves
of four different failure modes. The analysis demonstrates how the proposed correction
methodology captures both direct and collateral effects of the intervention, thereby enabling
a system-level perspective on maintenance performance:

• Leak (98%)—Direct effect: This mode was the explicit target of the intervention, and
the very high effectiveness confirms the success of the repair. Beyond that, the fact
that the model quantifies the effect as 98% (rather than 100%) demonstrates its ability
to reflect non-binary outcomes, capturing nuances in how completely a failure mode
is mitigated.

• Shaft Misalignment (77%)—Indirect effect: Although not directly targeted, this mode
shows a substantial improvement. A likely explanation is that during the overhaul,
components such as bearings or couplings were realigned, which naturally reduces
shaft misalignment. This reveals how a single action can have collateral mechani-
cal benefits, and the model successfully attributes part of the risk reduction to the
same intervention.

• Motor Electrical Failure (43%)—Indirect and marginal effect: In this case, the impact
is moderate. Since a hydraulic leak is not expected to directly influence electrical
behaviour, the observed improvement might result from reduced mechanical stress or
more stable load conditions after the repair, slightly improving current symmetry or
motor performance. The model appropriately captures this partial mitigation while
indicating that most of the residual risk is likely due to independent causes.

• Worn PCS Bearing (0%)—No effect: This failure mode exhibits no measurable impact
from the intervention, which aligns with expectations. Wear in the PCS bearing is not
expected to be influenced by hydraulic sealing issues. Although some improvement
might have been anticipated due to the comprehensive nature of the overhaul, the
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absence of any effect confirms that the methodology is capable of identifying when a
failure mode remains unaffected, thereby avoiding false attribution of improvements.

 

Figure 7. Cross-mode impact of a corrective overhaul focused on leak repair across four different
failure modes.

Together, these findings demonstrate the ability of the method to disentangle both
direct and collateral impacts of a single action. In practical terms, this means that cross-
mode effects, often overlooked in traditional analyses, can be quantified and incorporated
into decision-making. Recognizing these indirect benefits is critical for planning overhauls
more holistically, ensuring that maintenance programs account for interactions across
multiple failure modes rather than treating each in isolation.

4.4. Risk Evolution of a Specific Failure Mode: Worn OPCS Bearing

While the previous case study examined the cross-mode impact of a single intervention,
the present analysis adopts a longitudinal perspective by focusing on the complete risk
trajectory of a specific degradation mechanism: the wear of the opposite pump coupling
side (OPCS) bearing. This case illustrates how successive preventive and corrective actions
accumulate over time, sometimes with substantial effectiveness and other times with
negligible impact, thereby providing a representative example of the dynamic interplay
between degradation and maintenance.

Figure 8 presents the corrected risk curve for this failure mode after applying the
proposed effectiveness-based adjustment, with vertical dashed lines indicating the timing
of maintenance actions, green for preventive interventions and red for corrective ones.
The resulting curve reveals a complex interaction between maintenance and degradation
processes, whose main patterns and implications can be summarized as follows:

1. The first four maintenance actions were preventive. The two earliest interventions
proved highly effective, reducing the risk to zero. Since the risk remained at zero, the
subsequent two preventive actions cannot be meaningfully evaluated; in fact, they
might not even have been necessary.

2. The next intervention, a corrective action, involved several repair tasks. However, its
effect was null, as the risk associated with this failure mode was already non-existent
at the time.

3. A series of six preventive interventions followed. Given that the risk was already at or
near zero, their observable impact was limited. Nevertheless, when the risk began to
rise slightly, one of these preventive actions successfully brought it back to zero (April
2021), confirming its relevance.
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4. Two interventions, one preventive and one corrective, were carried out simultane-
ously in October 2021. Unexpectedly, instead of stabilizing the system, they ap-
pear to have worsened the condition, since the risk curve shows an upward trend
immediately afterwards.

5. The subsequent sequence consisted of two preventive actions, one corrective action,
and two more preventive actions. The first preventive intervention corrected the
earlier growth in risk. Then, the corrective action (repair of a leak) fully eliminated the
risk that had started to grow consistently, suggesting that the leak was likely inducing
vibrations in the bearing. Finally, after two additional preventive actions performed
when risk was zero, the system entered a phase of sudden and severe risk escala-
tion. This sharp increase ultimately led to a deliberate pump shutdown, as the risk
became unacceptable.

6. While the pump was out of service, preventive tasks continued, but also a general
overhaul was carried out, focused on repairing leaks and improving shaft alignment.
When the pump was restarted in April 2023, the accumulated effectiveness of all these
interventions resulted in the risk dropping abruptly to zero.

7. Following this major intervention, three preventive actions were performed. In the
first two cases, where risk had begun to rise beforehand, the actions were highly
effective, restoring risk to low values. However, the third preventive action failed to
reduce the risk, indicating that the new issue had a different root cause, beyond the
scope of routine preventive measures.

8. A significant overhaul was undertaken in December 2023 in response to a sharp
increase in risk. However, it was unsuccessful: after the pump was restarted in July
2024, the risk continued to grow unabated.

9. The last two preventive interventions also proved ineffective, showing no measurable
impact on the failure mode. This confirms that, in its current state, the bearing risk
can no longer be managed with standard preventive measures.

 

Figure 8. Corrected risk curve for the Worn OPCS Bearing failure mode with preventive and
corrective interventions. The thicker dotted lines simply indicate that several maintenance actions
were performed on the same date instead of just one.

In conclusion, the corrected risk curve highlights the limitations of routine preventive
actions, which were only effective during specific phases of risk growth. Corrective actions
proved decisive in restoring system stability, though their success was not consistent over
time. The final stages of the curve reveal that once the failure mechanism became dominant,
neither preventive tasks nor general overhauls were able to mitigate the rising risk.
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This emphasizes the importance of timely identification of root causes and suggests
that a shift toward predictive, risk-informed maintenance strategies, supported by historical
performance analysis, is essential. Such strategies would allow resources to be redirected
toward moments of genuine need, avoiding unnecessary costs and minimizing the risk of
false-positive maintenance actions, while reducing the likelihood of recurring high-risk
scenarios and unplanned shutdowns.

4.5. Comparison of Maintenance Performance Between Two Pumps

Finally, to evaluate the relative performance of maintenance strategies across similar
assets, the corrected risk curves are compared for two redundant feedwater pumps (BAA1
and BAA2). This case study adopts a benchmarking perspective, assessing how differences
in intervention timing, type, and effectiveness translate into distinct degradation profiles
and overall maintenance outcomes.

The correction of risk curves, carried out using the method proposed in this work,
adjusts the original trajectories based on the measured effectiveness of each maintenance
action. By contrasting the two pumps, the analysis demonstrates the potential of the
methodology to support fleet-level decision making and to identify best practices in main-
tenance execution.

The analysis is structured in two stages. First, the overall maintenance effectiveness is
compared across all failure modes, providing a high-level view of performance differences
between the two pumps. Second, three representative cases are examined in detail: one
failure mode where maintenance performance diverges significantly between pumps (Shaft
Misalignment), another where both pumps exhibit comparable outcomes (Motor Overload),
and finally the aggregated case, which reflects the overall effectiveness of maintenance
strategies at the system level.

4.5.1. Overall Maintenance Effectiveness by Failure Mode

The bar chart below (Figure 9) presents the average maintenance effectiveness for each
failure mode, as well as the overall value across all modes for each pump. The effectiveness
metric used is defined as:

Performance =
Abef − Aaft

Abef

where Abef and Aaft represent the area under the risk curve before and after applying the
correction by the effectiveness of each maintenance action, respectively.

The comparison of overall maintenance effectiveness by failure mode reveals several
important insights:

• Bearings (PCS, MCS, OPCS, OMCS, Thrust): Bearings represent the most significant
source of difference. While both pumps reach very high effectiveness in some modes
(e.g., OMCS and Thrust bearings), BAA2 systematically outperforms BAA1 in PCS,
MCS, and especially OPCS bearings. This indicates that bearing-related maintenance
in BAA2 has been more effective, likely due to better preventive practices and higher-
quality corrective interventions.

• Shaft Misalignment and Leak: These two modes are also critical differentiators. BAA2
shows much higher effectiveness in addressing misalignment and sealing issues,
suggesting greater precision in overhaul tasks such as shaft realignment, tightening,
and leak repairs. These improvements not only reduce direct risks but also mitigate
indirect effects on other components, such as bearing wear.

• Motor-related failures (Electrical and Overload): In contrast, motor-related modes show
comparable effectiveness between pumps, with only marginal differences. Both BAA1
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and BAA2 achieve high effectiveness, suggesting that electrical and overload-related
maintenance is performed at a similar level of consistency across the two systems.

• Total performance: When results are consolidated across all modes, BAA2 reaches an
overall effectiveness of 0.88 compared to 0.67 for BAA1. This substantial difference
confirms that BAA2 consistently benefits from more effective maintenance, especially
in mechanical subsystems where risk accumulation is typically harder to control.

Figure 9. Average maintenance effectiveness by failure mode and overall value for pumps BAA1 and BAA2.

The comparative analysis highlights two key insights. First, the main drivers of perfor-
mance differences are mechanical in nature, particularly bearings, shaft alignment, and leak
management, where BAA2 clearly outperforms BAA1. Second, in domains such as motor-
related failures, both pumps perform at a similarly high level, suggesting that some types of
maintenance practices are more standardized and less dependent on contextual factors.

4.5.2. Shaft Misalignment

The evolution of the Shaft Misalignment risk curves highlights a significant difference
in maintenance performance between BAA1 and BAA2 (Figure 10).

 

Figure 10. Comparison of corrected risk curves for Shaft Misalignment between pumps BAA1 and BAA2.



Appl. Sci. 2025, 15, 10998 15 of 21

For BAA1, the interventions carried out in 2020, both preventive and corrective, such
as bearing oil replenishment, showed little to no immediate impact on risk. A delayed effect
is observed only at the beginning of 2021, when the pump was restarted after a shutdown.

Throughout 2021, only preventive actions were implemented, with mixed results:
some contributed to risk reduction, while others had no observable effect. Overall, this
year remained relatively stable.

In March 2022, a corrective action to repair a leak produced a positive indirect effect on
misalignment, temporarily reducing the risk. However, the subsequent preventive actions
of that year were largely ineffective. A general overhaul was carried out in April 2023,
producing a significant drop in risk, but this was followed by a sustained upward trend.

After July 2023, when one preventive action was relatively successful, both preventive
and corrective interventions ceased to show any effect, and the pump entered a phase of
chronic risk accumulation that persisted into 2024.

In contrast, BAA2 shows a much more effective trajectory. Similarly to BAA1, the
preventive actions of 2020 had little impact, but corrective actions on the bearings at the
end of that year, specifically a bearing replacement and oil changes, proved highly effective,
resetting the risk to zero.

During 2021, preventive interventions were generally effective, and a corrective shaft
alignment performed in June had a 100% effectiveness, completely eliminating accumu-
lated risk. In 2022, only preventive actions were performed, with mixed but generally
moderate results.

In 2023, an initial preventive intervention in April again achieved 100% effectiveness,
followed later in the year by a general overhaul that produced a major reset of the risk
curve. Finally, in 2024, unlike BAA1, preventive interventions on BAA2 remained effective,
sustaining low levels of misalignment risk.

Overall, the comparison underscores a marked superiority of BAA2 over BAA1 in
the management of shaft misalignment. While BAA1 interventions were often delayed,
inconsistent, or ineffective in producing lasting corrections, BAA2 repeatedly achieved full
resets of risk through a combination of timely corrective actions (notably shaft alignment
and general overhauls) and more effective preventive practices. This is consistent with the
aggregate performance indicators (0.89 for BAA2 versus 0.61 for BAA1) and demonstrates
the value of combining high-quality corrective alignments with preventive routines capable
of sustaining their effect.

4.5.3. Motor Overload

The Motor Overload risk curves for BAA1 and BAA2 show a more balanced pic-
ture, with both pumps achieving comparable levels of maintenance effectiveness despite
following slightly different trajectories (Figure 11).

For BAA1, the interventions carried out in 2020, both preventive and corrective (oil
replenishment in the bearings), had no measurable effect, although the risk remained
almost flat during that period. In 2021, only preventive actions were performed. Those
carried out when the risk was already rising proved highly effective: three distinct episodes
of risk growth were fully corrected by preventive interventions, each time reducing the risk
back to zero.

This suggests that preventive actions were able to control the risk provided they were
properly timed, although their impact was negligible when the system was already stable.
In 2022, a corrective action in March aimed at repairing a leak had no observable effect, and
the remaining preventive actions also failed to produce results.
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Figure 11. Comparison of corrected risk curves for Motor Overload between pumps BAA1 and BAA2.

In April 2023, a general overhaul achieved a 94% effectiveness, but the improvement
was short-lived, as risk began to grow again shortly afterwards. A preventive action in July
2023 achieved 45% effectiveness, but subsequent actions became ineffective.

Finally, a major overhaul in December 2023 delivered a 70% effectiveness, bringing the
risk under control. From this point onward, although risk showed a slight upward trend, it
remained at manageable levels thanks to subsequent preventive interventions.

For BAA2, the early evolution was very similar: preventive actions in 2020 did not
affect the risk, but unlike BAA1, a small steady growth was already observable. Preventive
actions in early 2021 also had no effect, but from June onward, they became more effective,
periodically reducing the risk.

However, these reductions acted more as temporary corrections than permanent
solutions, since the overall trend remained upward. The turning point appears to have
been a corrective alignment performed in June 2021, which achieved 66% effectiveness, but
did not fully eliminate the underlying problem.

In February 2022, a corrective leak repair had a strong indirect effect (81%), followed by
preventive actions with uneven performance: some ineffective, others moderately effective
(up to 80% and 46%). From August 2022, however, risk escalated sharply and maintained a
constant upward trend.

In April 2023, a preventive action achieved only 17% effectiveness, while the remaining
actions that year were ineffective. The final intervention of 2023, a general overhaul,
proved highly effective (98%), resetting the risk after a prolonged escalation. In 2024, only
preventive actions were performed, but unlike in BAA1, these showed little to no effect,
leading once again to an incipient and sustained risk growth.

Overall, the comparison shows that both pumps exhibit similar performance in this
failure mode, with preventive interventions occasionally effective but not consistently
capable of suppressing long-term trends. Corrective overhauls stand out as the only
interventions with consistently high effectiveness, but their impact tends to be temporary
unless complemented by effective preventive routines.

Importantly, the risk levels of both pumps remain broadly similar for most of the
operating period. The main divergence occurs from late 2022 through 2023, when BAA1
experiences a much sharper increase in risk than BAA2. However, since both pumps
underwent major corrective interventions at the end of 2023, BAA2 with a slightly higher
effectiveness, their risk levels were reset almost simultaneously. As a result, the overall
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effectiveness converges, yielding comparable aggregate metrics (0.74 for BAA1 and 0.77
for BAA2).

4.5.4. Total

The evolution of the total corrected risk curves for BAA1 and BAA2 illustrates the
cumulative effect of maintenance actions across all failure modes (Figure 12).

 

Figure 12. Comparison of total corrected risk curves for pumps BAA1 and BAA2 (aggregate across
all failure modes).

For BAA1, the curve remains stable during the first half of 2020, but in July, a sharp
increase is observed, which persists until April 2021. At this point, the pump was stopped
to perform corrective maintenance (oil replenishment, shaft alignment, among others).
These actions proved highly effective, and with the support of subsequent preventive
interventions, the total risk remained at low levels until mid-2022.

In July 2022, however, risk rose sharply again, leading to another shutdown and a
general overhaul. When the pump was restarted in April 2023, the overhaul initially ap-
peared highly effective, bringing the risk back to zero. Nevertheless, the underlying causes
were not resolved: from that moment onward, risk increased abruptly and continuously,
with only sporadic reductions linked to occasional preventive actions. At the end of 2023,
another overhaul was performed, which managed to slightly reduce the risk, but failed
to solve the root cause of degradation. Throughout 2024, the risk remained elevated and
stable, reflecting a chronic issue that preventive maintenance alone could not mitigate.

For BAA2, the trajectory is similar during the initial years. After a sudden increase
in risk in September 2020, the pump was stopped in October and a bearing repair was
carried out, effectively eliminating the accumulated risk. From that point, risk remained
low through 2021 and early 2022, supported by preventive tasks and minor corrective
interventions (e.g., shaft alignment, oil changes).

Like in BAA1, a steep increase was observed around July 2022, but since BAA1 was
undergoing maintenance at that time and BAA2 remained in operation, the risk grew more
persistently. The situation was corrected in April 2023 by a highly effective preventive
intervention, almost resetting the risk. Subsequently, while BAA1 showed uncontrolled
growth, BAA2 maintained risk at relatively stable levels. In August 2023, the risk climbed
again but was quickly reduced at the end of the year thanks to a general overhaul that
coincided with that of BAA1. During 2024, although a slight upward trend was detected,
the risk was kept under control through preventive actions, avoiding the chronic escalation
observed in BAA1.
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The comparison reveals that both pumps exhibited similar maintenance performance
up to April 2023, with effective corrections and extended periods of stability. However,
from that point onward their trajectories diverged significantly. In BAA1, the total risk
escalated sharply after the 2023 overhaul and could not be brought back under control,
stabilizing instead at consistently high levels throughout 2024. In contrast, BAA2 managed
to keep the risk low and under control, even when facing temporary escalations.

Therefore, the overall difference in maintenance performance between the two pumps
is largely explained by the period 2023–2024, during which BAA1 failed to contain the
accumulation of risk, while BAA2 maintained an effective level of control, approaching
near-zero conditions. This divergence is consistent with the aggregate performance indi-
cators, which show an overall effectiveness of 0.67 for BAA1 compared to 0.88 for BAA2,
confirming the superior reliability of BAA2. At the same time, it illustrates how two nomi-
nally identical assets can follow radically different risk trajectories depending on the quality
and timing of interventions. Beyond the aggregate indicators, the corrected curves provide
a transparent way to audit these differences, making it possible to identify best practices
and benchmark maintenance performance across a fleet. Such insights are particularly
valuable for organizations seeking to harmonize strategies, certify practices, or prioritize
resources where they yield the greatest reliability gains.

5. Discussion
This study presented a methodology to correct risk curves by explicitly incorporating

the measured effectiveness of maintenance actions. By scaling the curves according to the
historical outcome of each intervention, the proposed approach bridges the gap between
anomaly detection and maintenance traceability, offering a more realistic and interpretable
representation of asset condition.

The application to feedwater pumps in a combined-cycle power plant demonstrated
that corrected curves can accurately reflect the true impact of preventive and corrective
actions, distinguishing between interventions that effectively reset degradation and those
with no observable effect. Illustrative examples showed that the methodology is capable of
capturing both direct effects on targeted failure modes and indirect or collateral effects on
related ones, while also identifying situations in which maintenance has no influence.

The comparative analysis of two redundant pumps revealed how the method enables
benchmarking of maintenance performance across similar assets. At the failure-mode
level, clear differences emerged: one pump systematically achieved higher effectiveness in
bearings, shaft alignment, and sealing-related modes, whereas the other exhibited recurrent
difficulties in sustaining improvements. In other modes, such as motor overload and
electrical failures, both pumps displayed comparable effectiveness, indicating that some
maintenance practices are more standardized and less dependent on execution context.

At the aggregate level, the corrected total risk curves highlighted that both pumps
behaved similarly until early 2023, after which their trajectories diverged: while one accu-
mulated chronic, uncontrolled risk, the other maintained stable and near-zero levels. This
divergence was reflected in the overall maintenance performance indicators, confirming
the superior reliability of one of the units.

From a theoretical standpoint, the methodology contributes to the broader field of
imperfect maintenance modelling. Although the correction mechanism is heuristic, its slope-
based rationale aligns with established concepts of partial restoration in reliability growth
and imperfect maintenance models. This combination of simplicity and interpretability
strengthens its industrial applicability.

Several practical aspects and limitations must be acknowledged:
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1. First, the methodology relies on the availability and quality of data: precise an-
notation of maintenance actions and reliable sensor records are essential to cor-
rectly evaluate intervention effectiveness. In contexts with poor data quality, results
may be compromised, although expert validation and preprocessing techniques can
mitigate this.

2. Second, although the methodology has been developed with continuous monitoring
in mind, it is not restricted to such settings. The approach can also be applied to
inspection-based or periodically sampled systems, provided historical records are
sufficient and sampling aligns with degradation dynamics.

3. Third, another limitation arises from the definition of effectiveness itself. The current
definition assumes that slope variations fully capture intervention outcomes. While
intuitive, this may overlook delayed or cumulative effects. Extending the metric to
incorporate temporal dynamics remains a key avenue for future work.

4. Finally, the validation presented in this study has been carried out on a specific type
of equipment, feedwater pumps in a combined-cycle power plant. Although the
methodology is general and can be applied to other assets, the current evidence is
limited to this industrial case. Expanding validation to other equipment types and
across multiple plants will be an important next step to demonstrate the robustness
and generality of the approach.

The method has already been validated through real industrial case studies, confirm-
ing its practical feasibility and reliability. These results reinforce the applicability of the
proposed approach and provide a solid basis for future comparative studies with other
predictive maintenance methodologies.

In summary, the corrected risk curves enhance diagnostic and prescriptive value
by integrating maintenance effectiveness into risk assessment. They provide practical
insights at both the component and system levels, enabling benchmarking across assets
and supporting predictive, risk-informed maintenance strategies.

6. Conclusions
This paper proposed a novel methodology to dynamically correct risk curves by in-

corporating the measured effectiveness of maintenance actions. The method addresses a
critical gap in predictive maintenance frameworks, where the corrective effect of interven-
tions is often ignored, and provides a transparent link between maintenance outcomes and
the ongoing evolution of risk.

Case studies on feedwater pumps demonstrated that the approach can distinguish
effective interventions from ineffective ones, capture both direct and collateral effects
across failure modes, and enable benchmarking of maintenance performance across redun-
dant assets. These results confirm the practical value of the methodology for improving
maintenance planning, optimizing resource allocation, and identifying ineffective practices.

Limitations include dependence on sensor and record quality, the assumption that
risk slope changes fully represent effectiveness, and the current validation scope being
restricted to a single equipment type. Future research will extend the metric to account
for time-dependent and cumulative effects, integrate corrected risk curves into forecasting
models, and validate the approach across diverse assets and plants. Future work will
also include benchmarking the proposed method against other predictive maintenance
approaches to further assess its comparative performance.

In conclusion, maintenance-corrected risk curves represent a practical and inter-
pretable advancement toward predictive, risk-informed strategies, combining theoretical
novelty with clear industrial applicability.
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