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A B S T R A C T

This study presents a novel method for evaluating maintenance effectiveness in industrial systems, built around 
the concept of “risk curves” as quantitative indicators of failure. By integrating Failure Mode and Effect Analysis 
(FMEA) with machine learning-based anomaly detection models, the proposed approach constructs risk curves 
by aggregating normalized deviations from monitored variables. These curves reflect the progression of failure 
modes in real time and enable a quantitative and accurate assessment of the impact of maintenance actions.

A key contribution of this research is the use of risk curves as an innovative method to continuously track the 
potential emergence of failure modes and quantify how maintenance actions contribute to reducing their 
associated risk. Applied to a feedwater pump in a combined-cycle power plant, these curves successfully detected 
critical failures, such as bearing wear and leaks, months in advance of traditional methods. Moreover, they 
provided a data-driven means to assess the effectiveness of maintenance actions, demonstrating their role as a 
determinant factor in improving component condition and mitigating failure risk.

The findings highlight the potential of this methodology to enhance maintenance strategies, reduce downtime, 
and foster improved collaboration between operation and maintenance teams. This research represents a sig
nificant advancement in maintenance evaluation, offering a scalable and data-driven framework that bridges 
existing gaps in failure diagnostics and decision-making processes.

1. Introduction

Industrial maintenance is a critical aspect of equipment and systems 
operation and management across various industries [1]. Over the years, 
maintenance strategies have evolved significantly. Initially, approaches 
were reactive, focusing on repairing failures only after they occurred 
[2]. Later, preventive approaches were introduced, designed to avoid 
failures through scheduled maintenance actions based on time intervals 
or specific operating conditions [3]. More recently, proactive ap
proaches such as condition-based maintenance (CBM) and predictive 
maintenance (PdM) have further transformed the field by offering 
data-driven solutions to anticipate failures and optimize maintenance 
actions [4–6].

The advent of artificial intelligence (AI) has further accelerated this 
evolution, enabling sophisticated diagnostic and predictive capabilities 
in maintenance [7]. AI-driven methods, including machine 
learning-based models, enhance equipment health monitoring by using 

real-time data and advanced analytics to anticipate failures, thus 
improving operational efficiency and system reliability [4,8,9].

Effective maintenance is essential to ensure operational continuity, 
personnel safety, and resource optimisation, leading to increased 
competitiveness and operational efficiency [10,11]. As technologies 
advance, managing industrial equipment becomes more challenging, 
especially in complex systems where high performance and longevity 
are critical [12,13].

Traditionally, research in industrial maintenance has focused on 
early fault detection [14–16] and remaining useful life (RUL) prediction 
[17–19] to optimize maintenance actions. A wide range of anomaly 
detection techniques have been developed, including signal-based 
methods [20,21], dimensionality reduction [22,23], statistical models 
[24,25], and machine learning classifiers [26–28]. While these ap
proaches are effective in detecting and classifying anomalies based on 
signal patterns or learned behaviours, they are typically disconnected 
from the maintenance process, and do not incorporate continuous 
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indicators that link anomaly detection with maintenance evaluation.
Similarly, risk assessment is often based on traditional frameworks 

such as Failure Mode and Effect Analysis (FMEA) or Failure Mode, Ef
fect, and Criticality Analysis (FMECA), which rely on fixed severity and 
detection scores assigned through expert judgment [29,30]. These 
methods are typically static, qualitative, and only weakly connected to 
real-time equipment condition or actual operational data. Although 
recent works have attempted to introduce more dynamic or data-driven 
formulations [31–33] these approaches remain limited in practice and 
rarely succeed in integrating risk evaluation with anomaly detection or 
the maintenance process itself.

The evaluation of maintenance effectiveness, particularly under the 
lens of the concept of “imperfect maintenance” [34], has become a 
pivotal concern [35,36], especially in contemporary industrial envi
ronments [21,37–39]. However, most contributions to date have been 
developed in the context of infrastructure systems, especially pavement 
management [40], where data availability and standardization are more 
advanced [41,40,42,43]. In contrast, maintenance effectiveness remains 
underexplored in general industrial applications, often due to the lack of 
high-quality data for non-infrastructure assets [44–46]. Furthermore, 
many proposed methods lack quantitative formulation or validation in 
real-world settings [21,40,47,48], and are typically designed for isolated 
case studies. Most importantly, there is still a lack of integrated ap
proaches capable of connecting real-time condition monitoring with the 
evaluation of maintenance impact [49].

This work addresses these gaps by proposing a unified methodology 
that combines residual-based anomaly detection with dynamic risk 
curve modelling, enabling a continuous and quantitative evaluation of 
maintenance effectiveness. While industrial operators typically rely on 
SCADA systems or similar platforms to monitor real-time performance, 
maintenance teams often lack an equivalent tool to track equipment 
degradation or assess the true impact of their maintenance actions. The 
proposed method fills this gap by constructing a real-time failure indi
cator, the risk curve, that supports continuous monitoring and mainte
nance evaluation, bridging the disconnect between condition 
monitoring and maintenance strategy.

Incorporating this method addresses long-standing challenges in 
maintenance assessment and opens new opportunities for improving 
industrial processes. Beyond its technical contributions, the methodol
ogy enhances collaboration and communication between operations and 
maintenance teams by providing shared, quantitative indicators of 
equipment health and the results of maintenance actions. Ultimately, 
this approach supports data-driven decision-making, optimizes main
tenance strategies, reduces costs, and improves both system reliability 
and operational efficiency.

The main contributions of this paper are: 

• The development of a unified, data-driven framework that integrates 
anomaly detection, risk modelling, and maintenance evaluation into 
a continuous decision-support tool.

• The introduction of the risk curve, a novel real-time indicator that 
quantifies failure risk evolution and enables the post-intervention 
evaluation of maintenance actions.

• The proposal of a methodology capable of quantifying the reduction 
in risk level associated with specific failure modes, offering a precise 
and continuous measure of maintenance effectiveness.

• A contribution to sustainable and informed maintenance manage
ment by enhancing coordination between operations and mainte
nance through actionable, real-time insights.

The remainder of the paper is structured as follows: Section 2 details 
the proposed method, including failure mode analysis, model design, 
risk curve construction, and maintenance effectiveness evaluation. 
Section 3 presents a real-world case study on a feedwater pump in a 
combined-cycle power plant, discussing the results in detail and 
addressing the practical challenges encountered during implementation. 

Section 4 discusses the findings, conclusions, and future research 
directions.

2. Methodology

The proposed methodology evaluates the impact of maintenance 
actions on equipment health, with a central focus on developing a reli
able anomaly detection method. In this manner, the methodology fol
lows a logical sequence of interconnected steps aimed at creating a 
failure indicator, which represents the risk of failure occurrence.

Firstly, the identification of potential failure modes through Failure 
Mode and Effect Analysis (FMEA) establishes the basis for defining and 
developing data-driven predictive models for anomaly detection.

Once the models are defined, they are trained to characterize the 
expected normal behaviour of the equipment for any normal operating 
condition (NOC). This phase establishes a baseline for the identification 
of anomalies. By monitoring the current state of the equipment and 
comparing it to this baseline, significant deviations can be detected, 
indicating the emergence of potential failures.

These deviations are used to build the failure indicator, known as the 
risk curve. These curves dynamically quantify the risk of occurrence and 
relative severity of potential failure modes over time and allow the 
condition of the equipment to be diagnosed in real time.

The final step is to evaluate the effectiveness of the maintenance 
actions: the profile of the failure indicator is analysed before and after 
the actions, quantifying their impact, i.e. their effectiveness. This 
comprehensive process, based on equipment condition and failure 
mechanisms, verifies that maintenance actions were applied and sup
ports the transition from reactive to predictive maintenance strategies.

Fig. 1 illustrates the logical flow of the proposed methodology, 
highlighting the connections between its components. Each step builds 
upon the outputs of the preceding one, ensuring a cohesive and robust 
framework for maintenance evaluation. The methodology is explained 
in detail, step-by-step, in the following sections.

This methodological framework represents a significant contribution 
in current practices of risk evaluation of possible failure modes by 
explicitly incorporating maintenance effectiveness as a measurable 
outcome. In contrast to traditional approaches that often focus exclu
sively on detection or diagnosis, this unified process enables a 
comprehensive evaluation of maintenance impact, positioning it as a 
valuable tool for optimising maintenance strategies and improving asset 
reliability.

2.1. Failure Mode and Effect Analysis (FMEA) and models’ definition

The first step is to perform a FMEA of the equipment under analysis 
[50,51]. It involves identifying all potential failures that could occur in 
the equipment (FMi, i = 1, 2, …, m, where m is the number of failure 
modes identified), along with their effects, severity, and potential 
detection methods. In order to determine the possible detection 
methods, it is first necessary to identify the monitored variables of the 
equipment (Xj, j = 1, 2, …, p, where p is the number of monitored 
variables). This enables the creation of a relational map between these 
variables and the failure modes (Fig. 2).

Unlike traditional FMEA approaches that use numerical scoring for 
severity, occurrence, and detectability to prioritize failure modes, our 
methodology focuses on defining data-driven detection models for all 
relevant failure modes, rather than ranking them. The relationships 
between monitored variables and failure modes are defined qualita
tively, using expert knowledge and operational relevance. This approach 
avoids subjectivity in scoring and enables failure risk to be evaluated 
dynamically through the evolution of risk curves. Although a more 
detailed criticality assessment, such as a Failure Mode, Effect, and 
Criticality Analysis (FMECA), could be considered in future de
velopments, our current goal is to monitor the behaviour of each failure 
mode in real time and assess the impact of maintenance actions.
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The integration of this map with expert knowledge facilitates the 
definition of the models required to monitor the occurrence of each 
failure mode. Specifically, it defines the output variables of the models 
(Yk, k = 1, 2, …, Q ≥ m, where Q is the number of defined models and 
Yk ∈ {X}). Depending on the detection method, models may share 
output variables, multiple models may correspond to a single failure 
mode, or a single model may cover several failure modes.

The input variables of each model [X(k)
s , k ∈ [1, Q], s = 1, 2, …, pk 

< p, where Xs is the s-th input variable, k is the model number and pk is 
the number of input variables of the model k] are selected from all the 
monitored variables (Xk

s ∈ {X}) based on the physics of the problem to 
be detected and the relationships between variables.

2.2. Model training and obtention of the NOC residual range

Once the Q models have been defined, historical data of normal 
operating conditions of the equipment, {X}NOC, are collected and used to 
train the models.

Normal operating conditions (NOC) are defined as the set of time 
intervals during which the equipment operates within its specified 
normal operating ranges, as established in the manufacturer’s oper
ating/maintenance manual, without the occurrence of failures and 
major maintenance actions. Transient regimes, such as start-up and 

shutdown phases, are excluded from this definition. The NOC set in
cludes all operational modes of the equipment, ensuring that the 
behaviour across different steady-state regimes is represented. In addi
tion, anomalous or isolated outliers that may distort the normal 
behaviour baseline are also discarded.

In this manner, the models, when confronted with new values of 
their input variables, 

{
X(k)}

new, will provide the expected value of the 
variable monitored by the equipment under normal operating condi
tions, Y(k)

NOC. For this reason, these models are typically designated as 
NOC models. Consequently, the set of models is capable of simulating 
the expected normal behaviour of the equipment.

This approach is consistent with the fundamental principles of 
analytical redundancy relations (ARRs), which have been extensively 
utilised in the domain of fault detection and isolation for dynamic sys
tems [52]. ARRs exploit the redundancy inherent in system equations to 
detect inconsistencies between observed and expected behaviour, a 
concept that provides the foundation for model-based fault detection 
methods.

To quantitatively monitor the real behaviour of the equipment, a 
comparison is made between the real value of the variables and the 
expected value. In other words, the variables are monitored in terms of 
the deviations between their actual and simulated values, E(k): 

E(k)(t) = Y(k)(t) − Y(k)
NOC(t) (1) 

where t is the time variable indicating the sample being analysed.
Therefore, to utilise these differences as a source of valuable insight, 

it is essential to characterise the normal behaviour of the models’ output 
variables by analysing their residuals, 

{
E(k)}

NOC. This is achieved by 
fitting the distribution function of the residuals obtained in model 
training, P

(
E(k)), and defining a confidence interval for normal 

behaviour: 

CI(k)NOC =
[
L(k)

inf , L(k)
sup

]
(2) 

from this distribution. In other words, when a new value of the output 
variable for one of the models is received, the difference between this 
value and the simulated value, the residual, is calculated. If the residual 
falls within the confidence interval, it can be concluded that the variable 
is behaving as expected: 

E(k)(t) = Y(k)(t) − Y(k)
NOC(t)

E(k)(t) ∈ CI(k)NOC → Y(k)(t) is behaving normally
(3) 

Fig. 1. Block diagram of the proposed method.

Fig. 2. Block diagram of model definition based on FMEA.
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This methodology is rooted in model-based fault detection, a well- 
established field that has been extensively reviewed by [53]. A 
notable advantage of this approach is that it does not require the exis
tence of a history of failure data to train models capable of identifying 
the patterns that characterise them. This is a common challenge in 
conventional classification methods employed for fault detection and 
diagnosis [54–56]. Instead, the objective here is to train regression 
models that generalize normal behaviour using only a sufficiently large 
dataset. Since the real values under normal operating conditions serve as 
the labels, supervised learning ML algorithms can be applied in a 
straightforward and reliable manner.

2.3. Detection of significant deviations

Conversely, if the residual falls outside the specified confidence in
terval, it can be inferred that the value of the variable is anomalous: 

E(k)(t) ∕∈ CI(k)NOC → Y(k)(t) is anomalous (4) 

When C or more consecutive anomalous values are detected, the vari
able is classified as deviating from normal behaviour. Consequently, the 
associated failure mode may be considered at increasing risk: either 
developing, imminent, or possibly already occurred.

The decision to designate a threshold value of C outliers is informed 
by accumulated experience. When fewer than C anomalous values are 
detected, they are treated as noise, false positives, or sporadic deviations 
and excluded from the analysis. This reflects the assumption that true 
failures affect equipment behaviour persistently over time, rather than 
resolving spontaneously.

The parameter C is adjustable and depends on the characteristics of 
each application. Lower values increase sensitivity to transient de
viations but may lead to higher false positive rates due to sensor noise, 
while higher values provide greater robustness against noise but may 
delay failure detection. The choice of C, therefore, represents a trade-off 
between early detection and detection reliability.

According to (3) and (4), the deviations are calculated as one plus the 
absolute value of the distance of the residual obtained to the extreme of 
the confidence interval of the same sign divided by the value of this 
extreme: 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

DEV(k)(t) = 1 +

⃒
⃒
⃒E(k)(t) − L(k)

inf

⃒
⃒
⃒

⃒
⃒
⃒L(k)

inf

⃒
⃒
⃒

if E(k)(t) < L(k)
inf

DEV(k)(t) = 0 if E(k) ∈
[
L(k)

inf , L(k)
sup

]

DEV(k)(t) = 1 +

⃒
⃒
⃒E(k)(t) − L(k)

sup

⃒
⃒
⃒

⃒
⃒
⃒L(k)

sup

⃒
⃒
⃒

if E(k)(t) > L(k)
sup

(5) 

The value of one is assigned to mark the threshold where the residual 
just exceeds the confidence interval limit and is considered a deviation. 
Dividing by the confidence interval limit normalizes the deviation, 
ensuring comparability across models.

2.4. Construction of risk curves

The concept of risk curve plays a pivotal role in the proposed 
methodology, since they constitute the proposed failure indicator. The 
construction of these curves involves the generation of risk curves for the 
previous NOC models. For each of these models, the risk curve, f(t), is 
created by calculating the cumulative sum of normalized deviations 
detected over time. By aggregating these normalized deviations over 
time, the risk curve captures the evolution and persistence of anomalies 
in the equipment’s behaviour: 

f (k)(t) =
∑t

n=t0

DEV(k)(n) (6) 

where t0 is the reference time, i.e. the time corresponding to the first 
available sample.

Given that a single failure mode may exert influence on multiple 
operating variables, the risk curve for a given failure mode is derived as 
a weighted sum of the risk curves from the relevant NOC models. The 
weights reflect the relative importance of each model’s output variable 
in monitoring the specific failure mode.

Determined in consultation with experts, these weights leverage 
operational knowledge to prioritize critical variables based on the un
derstanding of failure mechanisms and their observable symptoms. In 
addition, the weighting scheme could also incorporate empirical infor
mation such as the historical frequency of deviations observed in each 
monitored variable, which may evolve over time as more operational 
data becomes available. This would allow the weights to progressively 
reflect both expert knowledge and system behaviour throughout its 
operational life.

To maintain consistency, the weights are normalized such that their 
sum equals one, effectively assigning a proportional influence to each 
model: 

f (i)(t) =
∑

k
ωkf (k)(t) (7) 

∑

k
ωk = 1 (8) 

where i is the failure mode under consideration, k runs through the NOC 
models used to monitor it and ωk > 0.

Fig. 3 provides an overall visual summary of the methodology, 
illustrating the entire process: from data acquisition and residual 
calculation, through the construction and aggregation of risk curves, to 
the evaluation of maintenance effectiveness. This diagram complements 
the equations and procedures described in Sections 2.2–2.4 and shows 
how these steps connect to the evaluation stages in Sections 2.5 and 2.6, 
forming a continuous monitoring and decision-support framework.

Note: The graphical elements marked with an asterisk (*) refer to illus
trative outputs that will be presented and discussed in detail in the case study 
(Section 3, Figs. 13, 14, 16 and, 18). *

2.5. Risk curve diagnosis

As the term implies, risk curves are utilised to quantify the proximity 
of a specific failure mode occurring: the higher the risk, the closer and 
more likely the failure is to occur. Since the measure of risk, as 
mentioned above, is relative, the maximum risk threshold for each 
failure mode is determined based on historical cases of failure. In other 
words, the risk curve of the past is constructed and the level of risk that 
existed when the failure mode occurred is determined. This risk value 
can then be used as the maximum threshold for future events, f (i)max, 
indicating that, based on the past, the failure mode has occurred.

In the event of multiple historical failure cases being identified with 
different maximum risk levels, the lowest level should be selected, as 
this ensures a more conservative assessment of the risk, thereby avoiding 
the overestimation of the criticality of the failure mode.

Even without historical failure data for the considered failure mode, 
the risk curve remains useful. Qualitatively, it shows how failure risk 
evolves over time. And quantitatively, it serves as the indicator to 
evaluate maintenance effectiveness, as described in the following 
section.

Therefore, once the risk curves for all the failure modes to be 
monitored have been constructed, it is sufficient to analyse two aspects: 
(1) the level of risk associated with each failure mode and its proximity 
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to the maximum threshold, since this indicates the risk of occurrence, 
|f (i)max − f (i)(t)|, and (2) the slope of the curve between two samples t1 and 
t2 (t2 > t1), Δf (i)(t) /Δt|t2t1 , which indicates how quickly and sharply the 
risk evolves and provides insight into the severity of the failure mode 
detected.

If the slope of a risk curve is zero, it indicates that, with respect to the 
corresponding failure mode, the equipment has returned to normal 
behaviour. Furthermore, although the risk has increased, if it is far from 
the maximum threshold, there is still room for some maintenance action, 
if it is considered necessary. Conversely, if the slope is consistently 
positive, indicating an ongoing increase in risk, it is likely that the 
equipment has sustained some form of damage affecting the corre
sponding failure mode. This necessitates prompt maintenance action. 

⎧
⎨

⎩

Δf (i)(t)
/

Δt
⃒
⃒
t2

t1
= 0 → Normal behaviour

Δf (i)(t)
/

Δt
⃒
⃒
t2

t1
> 0 → Failure mode in progress 

2.6. Maintenance impact evaluation

Finally, risk curves are an invaluable tool for assessing the effec
tiveness of a maintenance action, since they are failure indicators. 
Essentially, the impact of a maintenance action, a, can be quantified by 
comparing the failure indicator, i.e. the risk curve, of the failure mode k 
that is intended to be affected before, tbef < ta, and after taft > ta the 
action has been performed: 

efa = 1 −
Δf k/Δt|taft

ta

Δfk/Δt|tatbef

(9) 

where ta is the time corresponding to the maintenance action.
Three cases can be distinguished: 

• If the calculated effectiveness is positive, it indicates that, after the 
maintenance action, the risk of the considered failure mode is 
growing more slowly than before, or has even stopped increasing 

entirely (efa = 1). In this case, the maintenance action was effective, 
and the degree of effectiveness is given by the calculated value.

• If the effectiveness is zero, the risk continues to grow at the same rate 
as before, indicating that the maintenance action had no impact on 
the failure mode.

• If the effectiveness is negative, the risk grows faster after the action 
than before, meaning the maintenance action not only failed to solve 
the problem but worsened the situation.

This evaluation allows the effectiveness of different maintenance 
actions to be assessed, identifying which actions are beneficial for each 
failure mode and to what extent.

3. Case study of the proposed method

In this section, the method proposed in the previous section is 
applied step by step to a real industrial installation: a feedwater pump 
within the water-steam circuit of a combined-cycle power plant. The 
data used in this process are real operational data obtained directly from 
the plant’s control room.

Fig. 4 illustrates the location and function of the feedwater pump 
within the overall layout of a combined-cycle power plant. The pump is 
positioned in the water-steam circuit, downstream from the condenser 
and upstream of the heat recovery steam generator (HRSG). Its role is to 
pressurize and deliver high-pressure water to the HRSG, enabling the 
generation of high-pressure steam that feeds the steam turbine. Given its 
position, the pump is a critical component for the continuity and effi
ciency of the steam cycle, and any failure in its operation can lead to a 
shutdown or significant derating of the plant. This functional relevance, 
combined with the availability of monitoring data, makes the feedwater 
pump an ideal candidate for illustrating the proposed methodology.

3.1. Failure Mode and Effect Analysis (FMEA) and models’ definition

In developing the FMEA, m = 9 potential failure modes that may 
occur in the pump were considered [51]: 

• Motor overload (FM1).

Fig. 3. Detailed flowchart of the proposed methodology.
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• Worn opposite motor coupling side (OMCS) bearing (FM2).
• Worn motor coupling side (MCS) bearing (FM3).
• Worn opposite side of the pump coupling (OPCS) bearing (FM4).
• Worn pump coupling side (PCS) bearing (FM5).
• Worn thrust bearing (FM6).
• Leak (FM7).
• Shaft misaligned (FM8).

• Motor electrical failure (FM9).

And the data permit access to p = 25 monitored variables, the 
description and unit of measurement are presented in Appendix B 
(Table 7). The list of variables is as follows: 

Fig. 4. Simplified schematic of a combined-cycle power plant.

Fig. 5. Relational map of failure modes and monitored variables based on FMEA.
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• Motor phase R current (X1), motor phase S current (X2), motor phase 
T current (X3), motor phase R temperature (X4), motor phase S 
temperature (X5) and motor phase T temperature (X6).

• Average motor current (X7).
• Temperature of the 5 p.m. and motor bearings: OMCS bear temper

ature (X8), MCS bear temperature (X9), OPCS bear temperature 
(X10), PCS bear temperature (X11) and thrust bear temperature (X12).

• Vibrations of three of the pump bearings: thrust bearing vibration 
(X13), PCS bearing displacement in direction 1 (X14), PCS bearing 
displacement in direction 2 (X15), OPCS bearing displacement in 
direction 1 (X16), OPCS bearing displacement in direction 2 (X17).

• Discharge valve position (X18).
• Aspiration pressure (X19).
• Discharge pressure (X20), flow rate (X21), and temperature (X22).
• Power of the gas turbine (X23) and steam turbine (X24) associated 

with the pump.
• Operation mode (X25).

As previously mentioned, this study leverages FMEA as a starting 
point to identify potential relationships between observable variables 
and possible failure modes. A detailed FMEA table, including the iden
tified failure modes, their effects, and the monitored variables associated 
with each one, is provided in Appendix A (Table 6). Fig. 5 illustrates the 
relational map constructed based on this approach.

As explained in Section 2, this map facilitates the identification of 
which variables allow the detection of which failure modes, and there
fore the definition of the NOC models needed for anomaly detection. 
Considering the monitored variables, the Q = 23 selected NOC models 
are defined in Tables 1, and 2 determines the relationship between the 
failure modes and each of the models. As is observable, a single model 
may be utilised to monitor multiple failure modes, and a single failure 
mode may necessitate the employment of more than one model for its 
detection.

In order to illustrate the step-by-step development of the method, 
one of the models will be chosen as an example. However, it should be 
noted that the procedure is identical for the remaining models. The 
model selected is the “Discharge Flow Model” (Fig. 6), which predicts 
the normal behaviour of discharge flow rate. This model is employed for 
the purpose of monitoring potential failure modes, including water 
leaks. The model’s input variables, consulting Table 1, are the average 
current of the motor driving the pump and the power of the gas turbine 
associated with the pump’s boiler:

3.2. Model training and obtention of the NOC residual range

The primary objective of NOC models is to predict the normal 
behaviour of their output variable, in this case, the pump discharge flow 
rate, under steady state conditions. Since these are data-driven models, 
they require a training dataset that characterises the normal behaviour 
of the equipment.

As defined in Section 2.2, normal operating conditions (NOC) 
correspond to time intervals in which the equipment operates within its 
prescribed operating ranges, without incidents or maintenance actions, 
and excluding transients. For this case study, NOC intervals were iden
tified using the operational boundaries established by the Electric Power 
Research Institute (EPRI) Maintenance Guideline [57], in conjunction 
with maintenance records from the plant. These intervals include all 
steady-state operational modes of the pump and were validated by the 
plant’s maintenance team.

Based on this definition and validation process, the dataset employed 
in this study, X (see Section 2.1), spans a four-year period from 
December 2019 to December 2023, with 10-min sampling intervals. 
After filtering for steady-state operation, the final dataset includes over 
125,000 valid samples for each one of the 25 monitored variables, plus 
the corresponding time array. This data was provided by the Spanish 
company ENDESA. However, it should be noted that the data, collected 

directly from one of its operational power plants, is classified as confi
dential due to the sensitive nature of the company’s operations.

Fig. 7 illustrates the discharge flow rate data that has been collected 
(the gaps with no data are due to periods when the pump was not 
operating). Utilising the maintenance information provided by the 

Table 1 
NOC models’ definition.

Model Output variable (Yk) Input variables

M1 Discharge flow rate Average motor current 
Gas turbine power

M2 Phase R current Phase S current 
Phase T current

M3 Phase S current Phase R current 
Phase T current

M4 Phase T current Phase R current 
Phase S current

M5 Phase R temp. Phase S temp. 
Phase T temp.

M6 Phase S temp. Phase R temp. 
Phase T temp.

M7 Phase T temp. Phase R temp. 
Phase S temp.

M8 Phase R current Steam turbine power 
Gas turbine power 
Operation mode

M9 Phase S current Steam turbine power 
Gas turbine power 
Operation mode

M10 Phase T current Steam turbine power 
Gas turbine power 
Operation mode

M11 Phase R temp. Aspiration pressure 
Steam turbine power 
Gas turbine power

M12 Phase S temp. Aspiration pressure 
Steam turbine power 
Gas turbine power

M13 Phase T temp. Aspiration pressure 
Steam turbine power 
Gas turbine power

M14 PCS bear disp. Dir1 Aspiration pressure 
Steam turbine power 
Gas turbine power

M15 PCS bear disp. Dir2 Aspiration pressure 
Steam turbine power 
Gas turbine power

M16 OPCS bear disp. Dir1 Aspiration pressure 
Steam turbine power 
Gas turbine power

M17 OPCS bear disp. Dir2 Aspiration pressure 
Steam turbine power 
Gas turbine power

M18 Thrust bear vibration Thrust bearing temp. 
Aspiration pressure 
Steam turbine power 
Gas turbine power

M19 PCS bear temp. Phase R temp. 
Aspiration pressure 
Steam turbine power 
Gas turbine power

M20 OPCS bear temp. Phase R temp. 
Aspiration pressure 
Steam turbine power 
Gas turbine power

M21 MCS bear temp. Phase R temp. 
Aspiration pressure 
Steam turbine power 
Gas turbine power

M22 OMCS bear temp. Phase R temp. 
Aspiration pressure 
Steam turbine power 
Gas turbine power

M23 Thrust bear temp. Phase R temp. 
Aspiration pressure 
Steam turbine power 
Gas turbine power
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company, a representative period of normal behaviour has been deter
mined, spanning from December 2019 to July 2020 (orange points in 
Fig. 8), which resulted in over 25,000 valid samples for each of the 25 
monitored variables and the time array. This dataset was used to train 
and validate the NOC models. The remainder of the four-year dataset 
was used for testing and for applying the proposed methodology.

The supervised machine learning (ML) algorithm and its hyper
parameters are selected through an iterative process that involves 
training the model multiple times with different configurations and al
gorithms. To this end, the results obtained are compared with those of 
common algorithms in many, such as linear regression (LR), k-Nearest 
Neighbour (kNN), decision tree (DT), support vector machine (SVM) and 
multi-layer perceptron (MLP) [58–61]. The metric used to evaluate 
performance is the root-mean-square error (RMSE), which is one of the 
most common for regression models.

In the particular case of the “Discharge Flow Model”, according to 
Table 3, the algorithm that offers the best results is the multi-layer 
perceptron (MLP). To optimise its hyperparameters, Optuna, an open- 

source Bayesian optimisation framework, was employed, enabling effi
cient exploration of the configuration space and identification of an 
optimal model configuration [62,63].

Once the optimal hyperparameters has been identified and applied, 
the model undergoes definitive training through the utilisation of cross- 
validation. To achieve this, the normal behaviour data is divided into 
two sets: one for training (80 %) and one for validation (20 %). Fig. 9
shows the model prediction for a section of the training data set once the 
model has been optimally trained.

The final hyperparameters of the discharge flow rate model, along 
with the obtained root-mean -squared error (RMSE) for the training and 
validation datasets, are outlined in Table 4. The configuration and 
performance of the other models analysed are presented in Appendix C 
(Tables 7–33).

As shown in Fig. 10, the residuals of the training dataset (see Eq. (1)), 
if the training process has been successful, should follow a distribution 
that is similar to a normal distribution with a mean of zero. This is due to 
the fact that data over a period of normal behaviour will fluctuate as if it 
were random noise around its average value.

As stated in Section 2, the objective of these models is to characterise 
the normal behaviour of their outputs. To this end, an analysis of the 
distribution of their training residuals is conducted, from which the 
confidence interval of the normal behaviour of the output variable re
sidual is calculated (see Eq. (2)). The distribution of the training re
siduals is then adjusted using the Gaussian Mixture Model (GMM) 
technique (see Fig. 11), whose optimal components are selected based 
on the Bayes Information Criterion (BIC). According to the empirical 
rule of statistics (rule 68–95–99.7), a confidence interval of 99.7 % is 
selected (see Fig. 12).

3.3. Detection of significant deviations

Once the normal behaviour of the pump has been characterised by 
the confidence interval, it is used to detect possible significant de
viations in the entire set of historical data. Fig. 13 illustrates significant 
deviations (C = 3) detected in the pump discharge flow rate, calculated 
from Eq. (5).

Several values of C were tested during the analysis. Lower thresholds 
(C < 3) resulted in excessive sensitivity to sensor noise and produced a 
higher number of false positives. Conversely, higher thresholds (C > 3) 
led to delays in failure detection, as sustained deviations needed to 
persist longer before being recognized. The value C = 3 was therefore 
selected as an appropriate balance between detection sensitivity and 
robustness to noise [64], consistent with the behaviour observed in this 
dataset.

3.4. Construction of risk curves

Using Eq. (6), the risk curve for the pump discharge flow rate is 
constructed (Fig. 14).

As stated in Section 2, the objective is to monitor the risk associated 
with each failure mode, rather than that of each model in particular. 
This is due to the fact that the same failure mode can be reflected in 
several variables of the equipment. Consequently, as delineated in Eq. 
(7), risk curves are constructed for each failure mode. Fig. 15 illustrates 
the relationship between failure modes and models, as outlined in 
Table 2, and the weights assigned to the models for each failure mode.

The weight assignment follows the same expert-driven criteria 
described in Section 2.4, reflecting the diagnostic relevance of each 
monitored variable to the failure mode under analysis.

To illustrate this, the "Leak" failure mode is taken as an example. 
According to the maintenance experts of the company that provided the 
data, the models involved in this failure mode are those that predict the 
discharge flow rate (Discharge Flow Model) and the currents of the 
pump motor phases (Current Phase R Model, Current Phase S Model, 
Current Phase T Model). The weights associated with each of the models 

Table 2 
Relationship between NOC models and failure modes under monitoring.

Failure Mode NOC Model

Motor overload (FM1) Phase R current (M2)

Phase S current (M3)

Phase T current (M4)

Phase R current (M8)

Phase S current (M9)

Phase T current (M10)

Worn OMCS bearing (FM2) OMCS bear temp. (M22)

Worn MCS bearing (FM3) MCS bear temp. (M21)

Worn OPCS bearing (FM4) OPCS bear disp. Dir1 (M16)

OPCS bear disp. Dir2 (M17)

OPCS bear temp. (M20)

Worn PCS bearing (FM5) PCS bear disp. Dir1 (M14)

PCS bear disp. Dir2 (M15)

PCS bear temp. (M19)

Worn thrust bearing (FM6) Thrust bear vibration (M18)

Thrust bear temp. (M23)

Leak (FM7) Discharge flow rate (M1)

Phase R current (M8)

Phase S current (M9)

Phase T current (M10)

Shaft misaligned (FM8) PCS bear disp. Dir1 (M14)

PCS bear disp. Dir2 (M15)

OPCS bear disp. Dir1 (M16)

OPCS bear disp. Dir2 (M17)

Thrust bear vibration (M18)

PCS bear temp. (M19)

OPCS bear temp. (M20)

MCS bear temp. (M21)

OMCS bear temp. (M22)

Thrust bear temp. (M23)

Motor electrical failure (FM9) Phase R current (M2)

Phase S current (M3)

Phase T current (M4)

Phase R temperature (M5)

Phase S temperature (M6)

Phase T temperature (M7)

Phase R current (M8)

Phase S current (M9)

Phase T current (M10)

Phase R temperature (M11)

Phase S temperature (M12)

Phase T temperature (M13)

Fig. 6. Discharge flow model block diagram.
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are as follows: 0.55, 0.15, 0.15 and 0.15, respectively (see Fig. 15). It is 
clearly observed that the weights comply with Eq. (8).

The risk curves associated with all the failure modes considered in 
the FMEA are illustrated in Figs. 16 and 17, after the entire procedure 
described above has been applied to each of the models and failure 
modes.

3.5. Risk curve diagnosis

Following Section 2.5, this section analyses the risk curves associated 
with each of the failure modes.

Fig. 16 shows that the most significant increase in risk is associated 
with the failure modes "Worn OPCS Bearing" (red curve) and "Worn PCS 
Bearing" (purple curve). These curves illustrate a pronounced and 
persistent increase that commenced in September 2020 and reached a 
notably elevated risk level. This indicates that a significant problem has 
occurred, making failure highly probable or even suggesting that it may 
have already occurred. Upon examination of the workshop data, it was 
confirmed that a bearing failure was indeed detected in mid-September.

This failure resulted in a notable increase in vibrations in the OPCS 
bearing, which subsequently propagated to the PCS bearing. These vi
brations are also expected to increase the risk of ’Shaft Misalignment’ 
(grey curve).

The risk associated with the wear of the remaining three bearings 
also increased in September 2020 as a consequence of the OPCS bearing 
issue, but to a much lesser extent. However, risk increased again in late 
2022, coinciding with new rises in the OPCS and PCS bearing risks. This 
indicated that a failure affecting all the pump’s vibrations was either 
developing or had already occurred, although determining the precise 

Fig. 7. Historical discharge flow data.

Fig. 8. NOC period identified in the historical discharge flow data.

Table 3 
Discharge flow model training results with different ML algorithms.

LR kNN MLP DT SVM

RMSE (Training) 1.859 1.451 1.420 1.438 1.464
RMSE (Validation) 1.849 1.457 1.442 1.486 1.459

F.J. Bellido-Lopez et al.                                                                                                                                                                                                                        Results in Engineering 27 (2025) 105809 

9 



cause is challenging.
Another curve of interest is the one associated with the risk of "Leak" 

(pink curve of Fig. 17), which began to rise in August 2021 and has 
sharply escalated since August 2022. This indicated the presence of a 
potential leak. Indeed, the workshop records confirmed that a leak was 
detected and repaired in August 2022. This case highlights the method’s 
ability to identify failures both once they occur and in their early stages, 
enabling proactive intervention.

The remaining curves are associated with the detected leak, which 
causes the motor to become overloaded and disrupts its currents. This is 
evidenced by the increased risk in the blue and yellow curves, respec
tively. September 2022 marked the point at which the leak reached its 
peak severity, having previously caused a spike in the risk associated 
with the "Motor Electrical Failure" failure mode. This current imbalance 
typically increases motor vibrations, which may explain the rise 
observed in August 2022 in the bearings less affected by the OPCS 
failure. However, this remains a hypothesis.

Fig. 9. Example of discharge flow prediction: temporal evolution (top) and prediction vs real (bottom).

Table 4 
Discharge flow model hyperparameters.

Discharge Flow Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 12, 14
Learning Rate Init. 0.0056
Learning Rate Adaptative
Solver Adam
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.4377 T/h
RMSE (Validation) 1.4589 T/h
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3.6. Maintenance impact evaluation

Beyond detecting and diagnosing failures, these curves also serve as a 
platform to overlay maintenance actions over time. This offers two key 
benefits: comparison of analysis results and evaluation of maintenance 
effectiveness for each failure mode.

Fig. 18 shows the risk curves together with the dates of preventive 
maintenance actions (blue vertical lines), which include general checks 
of temperatures, vibrations, and leaks, oil changes, and corrosion in
spections. These actions are scheduled every two months, independently 
of the pump’s condition, and therefore do not serve to verify whether 
any specific failure mode requires immediate maintenance. Conversely, 
Fig. 19 shows the risk curves along with the dates of corrective main
tenance actions (black vertical lines), which are performed only when a 
pump component requires repair or replacement. Consequently, these 
figures allow cross-checking of the obtained results.

In the case under examination, it can be verified that a corrective 
maintenance action was carried out at the beginning of September 2020. 
This comprised the replacement of the broken OPCS bearing and the 
adjustment of the remaining bearing and the shaft. The remaining ac
tions are largely comprised of oil changes, oil refills and minor 

adjustments to the pump bearings.
As anticipated, these curves provide a means of evaluating the effi

ciency of the actions performed. In addressing this objective, it is 
necessary to implement Eq. (9) to the dates on which the maintenance 
actions were conducted.

In order to illustrate these concepts, two specific examples are pre
sented. Firstly, an examination of the red curve, entitled ’Worn OPCS 
Bearing’, and the corrective maintenance action undertaken at the end 
of November 2021, ta, will be conducted (Fig. 19). Assuming the initial 
and final times are defined as tbef = ta − Δt and taft = ta + Δt, respec
tively, with Δt set to one week, the efficiency of the maintenance per
formed is 73 %. However, if the brown curve (“Worn Thrust Bearing”) is 
considered, the efficiency is 0 %.

A qualitative analysis of the efficiency of the maintenance actions 
can also be conducted at a glance. It is evident that the last three 
corrective maintenance actions have had an impact on the failure modes 
"Worn OPCS Bearing", "Worn PCS Bearing" and "Shaft Misalignment". 
Prior to these actions, the risk exhibited a positive slope, whereas 
following them, the slope of the risk curves remains at zero. In any case, 
it seems that the problem in the OPCS bearing has another origin, since 
its risk grows gradually and the multiple maintenance procedures per
formed only have a positive effect temporarily.

We now turn our attention to the preventive maintenance action 
scheduled for October 2023, ta, and the pink curve, which represents the 
"Leak" failure mode (Fig. 18). In this scenario, the efficiency is 100 %, 
indicating that the leak was rectified subsequent to the execution of the 
maintenance action. However, this same maintenance action has no 
discernible effect on the failure modes "Worn OPCS Bearing", "Worn PCS 
Bearing" and "Shaft Misalignment".

This process was repeated for all maintenance actions and for each of 
the failure modes, thus allowing the effectiveness of each action to be 
determined in each case. The results of this study are compiled in Ap
pendix D (Tables 34 and 35).

This analysis, in combination with the diagnosis of the risk curves, 
results in a series of findings that facilitate the optimisation of mainte
nance and, consequently, the useful life of the equipment. A thorough 
examination of the risk curves examined in the preceding section, in 
conjunction with the corrective and preventive maintenance actions 
implemented, illuminates the following conclusions: 

1. The failure of the OPCS bearing manifests in the associated risk curve 
in April 2020 (Fig. 16), yet it remains undetected at the plant until 15 
September 2020 (see Appendix D), a period of five months.

Fig. 10. Distribution of training residuals of the discharge flow model.

Fig. 11. Fitting of the training residuals distribution of the discharge flow 
model using GMM.

Fig. 12. Characterization of the normal behaviour of the discharge flow by 
defining the NOC confidence interval.
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2. The "Leak" failure begins to be seen in the associated risk curve in 
October 2021 (Fig. 17), while the failure is not detected at the plant 
until February 7, 2022 (see Appendix D), that is, four months later. 
Furthermore, it is observed that the repair was not effective until 
preventive maintenance was carried out in October 2022 (Fig. 18).

3. The effectiveness of each of the maintenance actions (see Appendix 
D) clearly demonstrates that certain actions are more effective than 
others, and specifically for which failure modes.

4. The mean effectiveness of the preventive maintenance actions for 
each of the failure modes is approximately 30 % (see Appendix D). 
Consequently, it is imperative to undertake a comprehensive review 
of the tasks undertaken, with the objective of optimising their 
efficacy.

These results highlight the value of the proposed method, which 
enables early failure detection and could have avoided significant time 
and cost losses. Furthermore, the quantitative analysis of maintenance 
actions enables personnel to identify and eliminate ineffective tasks, 

thereby facilitating effective decision-making and enhancing work effi
ciency. This ultimately leads to a significant increase in the lifespan of 
the equipment, resulting in savings in both time and financial resources.

3.7. Implementation challenges

The implementation of the proposed methodology in the case study 
involved several practical challenges, particularly in translating the 
approach from a conceptual framework into a functional tool for plant 
personnel. Below, we summarize the main challenges encountered and 
the strategies used to address them: 

1. User interface and usability: One of the main challenges was 
designing an intuitive and accessible tool that could be used effi
ciently by the plant’s maintenance and operations teams. To address 
this, we developed a dedicated graphical interface that allows real- 
time visualization of risk curves and their evolution, highlighting 

Fig. 13. Discharge flow deviations during the historical data period.

Fig. 14. Constructed risk curve of discharge flow.
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failure modes and maintenance events in a clear and actionable 
format.

2. Generalization to different assets: Although the case study focuses 
on a specific feedwater pump, the methodology was implemented in 
a generic way to ensure adaptability to other monitored assets. This 
required abstracting core components—such as model configuration, 
data structure, and risk curve aggregation—to allow flexible appli
cation across various types of equipment and failure modes. 

Thanks to this modular and asset-agnostic design, applying the 
methodology to a new system primarily requires defining: (i) the 
failure modes via FMEA or similar analysis, (ii) the relevant 

monitored variables for each failure mode, and (iii) the NOC models. 
Once these elements are established, the rest of the proc
ess—including anomaly detection, deviation filtering, risk curve 
construction, and maintenance evaluation—remains fully applicable 
without major methodological changes. 

However, expert knowledge remains essential to accurately assign 
monitored variables to failure modes and their relative importance 
(weights, ωk). Also, parameters such as the deviation threshold C and 
the weights (ωk) themselves may require fine tuning based on 
experience and historical behaviour of the equipment data.

Fig. 15. Relational map between failure modes and equipment models.

Fig. 16. Risk curves of all pump failure modes analysed.
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1. Data preprocessing and filtering: The raw sensor data included 
transient regimes, noise, and occasional missing values. Careful 
preprocessing was necessary to isolate valid data under normal 
operating conditions and to clean the signals before model training. 
This involved excluding transients, filtering outliers, and aligning 
timestamps across different signals.

2. Integration into industrial software platforms: For full deploy
ment in industrial environments, the methodology can be integrated 
into CMMS or asset management systems. This requires three main 
components: (i) a data acquisition layer, capturing real-time sensor 
data and maintenance logs; (ii) a processing engine, implementing 
NOC models, deviation detection, risk curve generation, and main
tenance effectiveness evaluation; and (iii) a user interface for real- 
time visualization, alert generation, and reporting. Such 

integration would enable dynamic, data-driven maintenance directly 
embedded within existing operational workflows.

These challenges were effectively addressed through collaboration 
with plant engineers and by incorporating expert knowledge into the 
configuration of models and thresholds. While these aspects required 
additional effort, they significantly contributed to the robustness and 
practical applicability of the proposed methodology.

3.8. Economic impact estimation

From an operational and financial perspective, the proposed meth
odology also offers substantial potential for cost savings by enabling the 
early detection of failure modes and allowing maintenance to be 
scheduled proactively, rather than reactively.

Fig. 17. Risk curves of all pump failure modes analysed (Expanded Scale).

Fig. 18. Overlay of failure mode risk curves and preventive maintenance milestones (blue vertical lines) over time to assess their effectiveness.
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Based on real data, the cost of a typical preventive maintenance 
action is estimated in a total cost of 180 € including personnel and 
material cost.

By contrast, a corrective maintenance action typically involves more 
resources and production losses. Two scenarios are considered: 

1. Optimistic corrective case: 
a. Personnel: 900 € (crew maintenance of 3 members)
b. Material: 1500 €
c. Production loss: None, due to the redundancy of another pump, 

100 % of capacity
d. Total: 2400 €

2. Pessimistic corrective case: 
a. Personnel: 1200 € (crew maintenance of 4 members)
b. Material: 9000 €
c. Production loss: None, due to the redundancy of another pump, 

100 % of capacity
d. Total: 10,200 €

In the case study, the methodology enabled the early detection of two 
critical failures, OPCS bearing wear and a leak, four to five months 
before they were identified by conventional plant operations. If these 
failures had not been detected early, they would likely have resulted in 
unplanned corrective maintenance actions. Table 5 summarizes the 
estimated cost per maintenance action based on the different scenarios.

It is acknowledged that the plant operates with two combined cycles, 
each supported by four feedwater pumps. According to maintenance 
records, three corrective maintenance actions were performed annually 
for each pump before the implementation of our approach. Therefore, it 
is estimated that, on average, each pump required three corrective 
maintenance actions per year. Based on these assumptions, the plant’s 
annual maintenance costs are projected to range between €57,600 and 
€244,800.

These results indicate that the methodology not only improves fail
ure anticipation but can also reduce economic losses. Assuming that real 
cases fall somewhere between these extremes, a weighted average 
corrective cost of 150,000 € per year is a reasonable estimate of savings 
for planning purposes.

4. Conclusions

This study introduced a novel methodology to evaluate the effec
tiveness of maintenance actions in industrial systems through the 
development and use of ’risk curves’ as quantitative failure indicators. 
By integrating Failure Mode and Effect Analysis (FMEA) with machine 
learning-based anomaly detection models, the proposed method enables 
real-time monitoring of equipment health and precise assessment of 
maintenance actions.

The case study on a feedwater pump in a combined-cycle power plant 
demonstrated the practical application and effectiveness of this 
approach. It provided early detection of failures, such as bearing wear 
and leaks, and allowed a quantified evaluation of the impact of main
tenance actions. These findings represent a significant step toward more 
reliable and informed maintenance strategies in industrial settings.

The key results and insights can be summarized as follows: 

1. The methodology successfully detected critical failure modes such as 
bearing wear and leaks several months before they were identified by 
conventional operations. These cases emphasize the importance of 
early failure detection, which can lead to proactive maintenance 
actions, reduced downtime, and cost savings.

2. A detailed economic analysis (Section 3.8) shows that early detection 
can reduce the cost of an maintenance action from 180,000–370,000 
€ (corrective action) to just 180 € (preventive action), depending on 
the scenario. Preventing 3–5 critical failures per year could translate 
into annual savings of over 500,000 €.

3. Maintenance actions can be evaluated quantitatively using risk 
curves. While targeted corrective actions showed up to 73 % risk 
reduction (e.g., for the OPCS bearing), preventive actions such as 
inspections or oil changes showed more modest average effective
ness (30 %), highlighting the need to optimize preventive tasks based 
on actual equipment behaviour.

Fig. 19. Overlay of failure mode risk curves and corrective maintenance milestones (black vertical lines) over time to assess their effectiveness.

Table 5 
Estimated cost comparison between preventive and corrective maintenance 
actions.

Scenario Corrective Cost Preventive Cost

Optimistic 2400 € 180 €
Pessimistic 10,200 €
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4. Beyond technical advantages, the methodology improves coordina
tion between operation and maintenance teams by providing clear, 
real-time visualizations of risk and maintenance actions impact. The 
risk curves provide clear, quantitative insights into maintenance 
impacts, fostering a shared understanding of equipment conditions 
and priorities. Maintenance teams can use this data to justify de
cisions, allocate resources effectively, and communicate the urgency 
of specific action. Simultaneously, operation teams gain visibility 
into maintenance impacts, allowing them to plan production 
schedules more effectively and minimize disruptions. This decision- 
making process promotes cooperation and continuous improvement 
across teams.

5. To the best of our knowledge, no existing methodology integrates 
failure mode analysis, real-time anomaly detection, and maintenance 
evaluation into a unified, model-based framework.

While the methodology demonstrated strong performance in the case 
study, several broader challenges and limitations were identified, 
particularly during its implementation in an operational environment. 
These issues are relevant for the generalization and industrial deploy
ment of the proposed framework: 

• Expert dependence: Defining failure relationships and model weights 
still relies on expert input, which introduces subjectivity and limits 
scalability.

• Sensitivity to noise: Residual-based detection can generate false 
positives due to signal variability, even with careful pre-processing.

• Behaviour after maintenance: The assumption of a return to 
“normal” post-maintenance may not hold, requiring adaptive 
retraining of models.

• Scalability: Applying the method across multiple assets demands 
flexible, configurable tools for data ingestion, modelling, and 
visualization.

• User interface and interpretation: The method’s effectiveness de
pends on clear, intuitive visualizations, which remain a challenge 
across user profiles.

Building on the current findings, several directions for future 
research are identified to further develop and strengthen the proposed 
methodology: 

• Incorporating maintenance effectiveness into risk: Future versions 
could make risk curves responsive to past maintenance actions, 
modelling risk as a dynamic variable.

• Predictive planning from risk evolution: Risk trends could be used to 
anticipate when maintenance will be needed, complementing or 
replacing RUL models.

• Data-driven weighting: Model and failure mode weights could be 
assigned automatically based on historical diagnostic performance.

• Prescriptive integration: Embedding the methodology into systems 
that recommend actions based on risk, constraints, and resource 
availability.

• Fleet-wide deployment: Generalizing the method across diverse as
sets will require scalable architecture and unified dashboards.

• Operationalization into industrial software: To enhance adoption in 
industrial environments, the methodology could be integrated into 
CMMS or asset management platforms. This would require (i) a data 
acquisition layer (sensor data, maintenance logs), (ii) a processing 
engine (NOC models, risk curve calculation, maintenance evalua
tion), and (iii) a user interface for real-time visualization, alerts, and 
maintenance action tracking. Such integration would enable fully 
data-driven, prescriptive maintenance directly embedded into 
existing operational workflows.

These research directions aim to enhance the robustness, scalability, 
and prescriptive value of the methodology, supporting its adoption as a 
core tool in advanced maintenance management strategies.

The proposed methodology represents a significant advancement in 
maintenance evaluation, providing both technical and practical contri
butions to industrial management. By addressing the identified chal
lenges and further optimizing the approach, this framework has the 
potential to become a cornerstone in predictive and prescriptive main
tenance practices. By enabling early failure detection, quantifying 
maintenance effectiveness, and supporting informed decision-making, 
this approach helps improve equipment reliability, strengthen collabo
ration between operations and maintenance teams, reduce costs, and 
promote sustainable industrial asset management, while remaining 
readily adaptable to integration within existing industrial maintenance 
platforms.
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Appendix A. FMEA Table

This appendix presents the FMEA conducted for the feedwater pump, including the identified failure modes, their effects, and the associated 
monitored variables (Table 6):
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Table 6 
FMEA table.

Failure 
Mode

Component Function Causes Effects Detection Methods

Motor 
overload

Pump motor Convert electrical energy into mechanical energy, 
which then powers the pump.

Obstructions in the 
pump. 
High water viscosity. 
Misalignment.

Increased power 
consumption, vibration 
and temperature.

Increased motor phase 
currents.

Motor 
electrical 
failure

Short-circuit. 
Load imbalance. 
Misalignment.

Unbalanced motor 
currents.

Distortion of motor phase 
currents. 
Increased motor phase 
temperatures.

Leak Mechanical 
seal and tubing

Prevent leakage by creating a barrier between the 
rotating shaft and the pump housing and 
transport the pumped fluid, ensuring it reaches 
the desired destination while maintaining 
pressure and flow.

Mechanical breakage. 
Corrosion. 
Cavitation. 
Solid particles in the 
fluid. 
Impeller/shaft 
problems.

Fluid leak. 
Increased power 
consumption and 
temperature.

Variation in output flow rate. 
Variation of motor currents.

Worn OMCS 
bearing

OMCS bearing Facilitate smooth, low-friction movement 
between the different rotating parts of the pump.

Mechanical breakage or 
wear (corrosion, 
friction, fatigue). 
Lack of lubrication.

Increased noise, vibration 
and temperature. 
Wear of the bearings 
themselves and wear and 
misalignment of the shaft.

Increased bearing vibrations 
and temperatures.

Worn MCS 
bearing

MCS bearing

Worn OPCS 
bearing

OPCS bearing

Worn PCS 
bearing

PCS bearing

Worn thrust 
bearing

Thrust bearing

Shaft 
misaligned

Pump shaft Transmit power from the motor to the pump’s 
impeller, enabling the fluid to be propelled 
through the system.

Mechanical breakage or 
wear (corrosion, 
friction, fatigue). 
Impeller problems 
(breakage, wear, 
obstructions). 
Overload/Obstructions.

Reduction in output 
pressure and flow. 
Increased noise, vibration 
and temperature. 
Hydraulic instability. 
Wear of the shaft itself and 
other components 
(bearings, seal, etc.).

Increased vibrations and 
temperatures of the bearings 
(especially in the misalignment 
zone). 
Distortion of motor phase 
currents. 
Variations in discharge 
pressure, flow rate and/or 
temperature.

Appendix B. Pump variables description

This appendix compiles the description of all the monitored pump variables (Table 7):

Table 7 
Description of the pump variables.

Variable Description Units

Discharge valve position Position of the valve that regulates the discharge flow –
Aspiration pressure Pressure at the pump inlet bar
Discharge pressure Pressure at the pump outlet bar
Discharge flow rate Flow at the pump outlet T/h
Discharge temp. Temperature at the pump outlet ◦C
Phase R current Pump motor phase R current A
Phase S current Pump motor phase S current A
Phase T current Pump motor phase T current A
Average motor current Average of the three motor currents A
Phase R temp. Pump motor phase R temperature ◦C
Phase S temp. Pump motor phase S temperature ◦C
Phase T temp. Pump motor phase T temperature ◦C
PCS bear disp. Dir1 Displacement in direction 1 of the Pump Coupling Side bearing umpp
PCS bear disp. Dir2 Displacement in direction 2 of the Pump Coupling Side bearing umpp
OPCS bear disp. Dir1 Displacement in direction 1 of the Opposite Pump Coupling Side bearing umpp
OPCS bear disp. Dir2 Displacement in direction 2 of the Opposite Pump Coupling Side bearing umpp
Thrust bear vibration Thrust bearing vibration speed mm/s
PCS bear temp. Temperature of the Pump Coupling Side bearing ◦C
OPCS bear temp. Temperature of the Opposite Pump Coupling Side bearing ◦C
MCS bear temp. Temperature of the Motor Coupling Side bearing ◦C
OMCS bear temp. Temperature of the Opposite Motor Coupling Side bearing ◦C
Thrust bear temp. Thrust bearing temperature ◦C
Gas turbine power Combined cycle gas turbine power MW
Steam turbine power Combined cycle steam turbine power MW
Operation mode Indicator of whether the combined cycle functions in 1 × 1 or 2 × 1 mode –
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Appendix C. NOC models’ definition

The following appendix enumerates all defined NOC models of the pump (Tables 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 
26, 27, 28, 29, 30, 31, 32 and 33): mp:

Table 8 
Discharge flow model hyperparameters.

Discharge Flow Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 12, 14
Learning Rate Init. 0.0056
Learning Rate Adaptative
Solver Adam
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.4377 T/h
RMSE (Validation) 1.4589 T/h

Table 9 
Discharge pressure model hyperparameters.

Discharge Pressure Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 11, 13, 3, 10
Learning Rate Init. 0.0001
Learning Rate Constant
Solver SGD
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 0.4295 bar
RMSE (Validation) 0.4368 bar

Table 10 
Discharge temp. model hyperparameters.

Discharge Temp. Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 14, 16, 3
Learning Rate Init. 0.0001
Learning Rate Constant
Solver SGD
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 0.1263 ◦C
RMSE (Validation) 0.1220 ◦C

Table 11 
Discharge pressure-flow model hyperparameters.

Discharge Pressure-Flow Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 15, 12, 6, 12
Learning Rate Init. 0.0001
Learning Rate Adaptative
Solver SGD
Alpha 0.0001
Validation fraction 0.2

(continued on next page)
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Table 11 (continued )

Discharge Pressure-Flow Model

Algorithm Multi-Layer Perceptron (MLP)

Max. iterations 10,000
RMSE (Training) 0.2855 bar
RMSE (Validation) 0.2779 bar

Table 12 
Current phase R model hyperparameters.

Current Phase R Model

Algorithm k-Nearest Neighbors (kNN)

Neighbors Number 35
RMSE (Training) 0.5820 A
RMSE (Validation) 0.6030 A

Table 13 
Current phase S model hyperparameters.

Current Phase S Model

Algorithm k-Nearest Neighbors (kNN)

Neighbors Number 56
RMSE (Training) 0.5498 A
RMSE (Validation) 0.5509 A

Table 14 
Current phase T model hyperparameters.

Current Phase T Model

Algorithm k-Nearest Neighbors (kNN)

Neighbors Number 19
RMSE (Training) 0.5618 A
RMSE (Validation) 0.5801 A

Table 15 
Current phase R power model hyperparameters.

Current Phase R Power Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 16
Learning Rate Init. 0.0067
Learning Rate Adaptative
Solver SGD
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.1299 A
RMSE (Validation) 1.1465 A

Table 16 
Current phase S power model hyperparameters.

Current Phase S Power Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 7, 3, 3

(continued on next page)

F.J. Bellido-Lopez et al.                                                                                                                                                                                                                        Results in Engineering 27 (2025) 105809 

19 



Table 16 (continued )

Current Phase S Power Model

Algorithm Multi-Layer Perceptron (MLP)

Learning Rate Init. 0.0045
Learning Rate Constant
Solver Adam
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.2345 A
RMSE (Validation) 1.2150 A

Table 17 
Current phase T power model hyperparameters.

Current Phase T Power Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 4, 4, 16, 6
Learning Rate Init. 0.0078
Learning Rate Adaptative
Solver Adam
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.1254 A
RMSE (Validation) 1.1385 A

Table 18 
Temp phase R model hyperparameters.

Temp. Phase R Model

Algorithm Linear Regression

RMSE (Training) 0.0377 ◦C
RMSE (Validation) 0.0373 ◦C

Table 19 
Temp phase S model hyperparameters.

Temp. Phase S Model

Algorithm Linear Regression

RMSE (Training) 0.0321 ◦C
RMSE (Validation) 0.0316 ◦C

Table 20 
Temp phase T model hyperparameters.

Temp. Phase T Model

Algorithm Linear Regression

RMSE (Training) 0.0395 ◦C
RMSE (Validation) 0.0400 ◦C
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Table 21 
Temp. phase R power model hyperparameters.

Temp. Phase R Power Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 15
Learning Rate Init. 0.0067
Learning Rate Adaptative
Solver SGD
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.9841 ◦C
RMSE (Validation) 1.9534 ◦C

Table 22 
Temp. phase S power model hyperparameters.

Temp. Phase S Power Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 11
Learning Rate Init. 0.0089
Learning Rate Constant
Solver Adam
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.9748 ◦C
RMSE (Validation) 1.9828 ◦C

Table 23 
Current phase T power model hyperparameters.

Temp. Phase T Power Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 14, 15, 13, 13
Learning Rate Init. 0.0001
Learning Rate Constant
Solver SGD
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.9197 ◦C
RMSE (Validation) 1.9672 ◦C

Table 24 
Disp. Dir1 bear PCS model hyperparameters.

Disp. Dir1 Bear PCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 11, 7, 16
Learning Rate Init. 0.0034
Learning Rate Constant
Solver SGD
Alpha 0.0000
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 3.4098 umpp
RMSE (Validation) 3.5005 umpp
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Table 25 
Disp. Dir2 bear PCS model hyperparameters.

Disp. Dir2 Bear PCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 14, 11, 11
Learning Rate Init. 0.0056
Learning Rate Adaptative
Solver SGD
Alpha 0.0000
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 5.2041 umpp
RMSE (Validation) 5.0698 umpp

Table 26 
Disp. Dir1 bear OPCS model hyperparameters.

Disp. Dir1 Bear OPCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 14, 5, 16
Learning Rate Init. 0.0023
Learning Rate Adaptative
Solver SGD
Alpha 0.0000
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.6052 umpp
RMSE (Validation) 1.6046 umpp

Table 27 
Disp. Dir2 bear OPCS model hyperparameters.

Disp. Dir2 Bear OPCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 11, 16, 6, 15
Learning Rate Init. 0.0012
Learning Rate Adaptative
Solver SGD
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 3.3349 umpp
RMSE (Validation) 3.1802 umpp

Table 28 
Vib. thrust bear model hyperparameters.

Vib. Thrust Bear Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 14, 12, 14, 2
Learning Rate Init. 0.0056
Learning Rate Constant
Solver Adam
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 0.0502 mm/s
RMSE (Validation) 0.0491 mm/s
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Table 29 
Temp. bear PCS model hyperparameters.

Temp. Bear PCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 11, 6, 15
Learning Rate Init 0.0056
Learning Rate Constant
Solver Adam
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 0.6953 ◦C
RMSE (Validation) 0.6880 ◦C

Table 30 
Temp. bear OPCS model hyperparameters.

Temp. Bear OPCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 13, 1, 16, 10
Learning Rate Init 0.0034
Learning Rate Constant
Solver Adam
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 0.7654 ◦C
RMSE (Validation) 0.7711 ◦C

Table 31 
Temp. bear MCS model hyperparameters.

Temp. Bear MCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function ReLu
Hidden Layers Neurons 15, 10, 3
Learning Rate Init 0.0067
Learning Rate Constant
Solver Adam
Alpha 0.00005
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 0.5886 ◦C
RMSE (Validation) 0.6307 ◦C

Table 32 
Temp. bear OMCS model hyperparameters.

Temp. Bear OMCS Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 8, 7, 11
Learning Rate Init 0.0056
Learning Rate Constant
Solver Adam
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 0.7747 ◦C
RMSE (Validation) 0.7813 ◦C
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Table 33 
Temp. bear thrust model hyperparameters.

Temp. Bear Thrust Model

Algorithm Multi-Layer Perceptron (MLP)

Activation Function tanh
Hidden Layers Neurons 16, 13, 6, 14
Learning Rate Init 0.0056
Learning Rate Constant
Solver Adam
Alpha 0.0001
Validation fraction 0.2
Max. iterations 10,000
RMSE (Training) 1.6368 ◦C
RMSE (Validation) 1.6734 ◦C

Appendix C. Effectiveness of maintenance actions

The contents of this appendix are comprised of the results obtained from measuring the effectiveness of all maintenance actions performed on the 
pump throughout the historical data period (Tables 34, 35):

Table 34 
Maintenance effectiveness of corrective maintenance actions (%).

Action Date Motor 
Overload

Worn 
OMCS 
Bearing

Worn MCS 
Bearing

Worn OPCS 
Bearing

Worn PCS 
Bearing

Worn 
Thrust 
Bearing

Leak Shaft 
Misalignment

Motor 
Electrical 
Failure

Shaft Alignment 
Oil Change 
(OPCS and PCS) 
Bearing Part 
Change (OPCS)

15/09/ 
2020

50.43 94.08 39.64 0.00 22.95 44.81 100.00 0.00 20.52

Shaft Alignment 25/05/ 
2021

0.00 100.00 100.00 27.77 64.96 0.00 100.00 52.08 0.00

Oil Replacement 
(All)

21/06/ 
2021

44.59 0.00 100.00 0.00 41.81 50.32 0.00 0.00 0.00

Lubrication System 
Repair (All)

05/10/ 
2021

0.00 100.00 22.88 51.10 88.77 82.67 0.00 78.15 90.76

Oil Replacement 
(All)

25/11/ 
2021

78.23 0.00 100.00 44.60 100.00 0.00 43.33 56.80 78.50

Leak Repair 07/02/ 
2022

85.54 97.00 0.00 0.00 100.00 99.01 42.94 0.00 48.05

Oil Replacement 
(All)

16/06/ 
2023

87.45 100.00 100.00 4.47 75.98 28.37 57.62 53.90 0.23

Oil Replacement 
(PCS)

28/09/ 
2023

26.00 0.00 100.00 42.12 57.83 6.77 39.47 50.34 21.44

Full Intervention 02/12/ 
2023

98.78 100.00 71.72 100.00 100.00 7.93 100.00 96.34 66.12

Table 35 
Maintenance effectiveness of preventive maintenance actions (%).

Date Motor 
Overload

Worn OMCS 
Bearing

Worn MCS 
Bearing

Worn OPCS 
Bearing

Worn PCS 
Bearing

Worn Thrust 
Bearing

Leak Shaft 
Misalignment

Motor Electrical 
Failure

01/02/ 
2020

30.01 0.00 0.00 0.00 0.00 0.00 41.76 0.00 0.00

01/04/ 
2020

38.80 73.29 83.46 0.00 0.00 31.45 0.00 0.00 0.00

01/06/ 
2020

0.00 32.10 0.00 100.00 100.00 100.00 0.00 97.68 0.00

22/06/ 
2020

100.00 100.00 100.00 0.00 0.00 0.00 100.00 100.00 100.00

01/08/ 
2020

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

01/10/ 
2020

2.48 64.18 18.52 0.00 0.00 32.19 100.00 0.00 34.01

26/10/ 
2020

100.00 100.00 100.00 100.00 100.00 100.00 0.00 100.00 100.00

01/12/ 
2020

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

(continued on next page)
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Table 35 (continued )

Date Motor 
Overload 

Worn OMCS 
Bearing 

Worn MCS 
Bearing 

Worn OPCS 
Bearing 

Worn PCS 
Bearing 

Worn Thrust 
Bearing 

Leak Shaft 
Misalignment 

Motor Electrical 
Failure

10/03/ 
2021

100.00 0.00 0.00 95.40 0.00 0.00 0.00 90.27 0.00

01/04/ 
2021

0.00 19.54 0.00 0.00 0.00 0.00 0.00 0.00 30.22

01/06/ 
2021

0.00 0.00 0.00 17.51 49.77 0.00 0.00 26.75 0.00

01/08/ 
2021

74.22 15.94 100.00 69.08 0.00 0.00 0.00 18.86 0.00

01/10/ 
2021

0.00 45.65 0.00 0.00 0.00 76.95 0.00 0.00 0.00

01/12/ 
2021

95.98 0.00 100.00 98.26 96.77 0.00 97.30 97.26 47.73

01/02/ 
2022

0.00 95.44 0.00 0.00 93.98 76.33 0.00 0.00 0.00

01/04/ 
2022

0.00 0.00 0.00 0.00 89.44 0.00 0.00 0.00 0.00

01/06/ 
2022

0.00 0.00 0.00 93.23 0.00 43.81 0.00 86.41 14.42

01/08/ 
2022

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

01/10/ 
2022

73.84 96.22 92.63 29.03 6.19 0.00 97.42 18.52 96.05

01/02/ 
2023

43.47 0.00 82.94 0.00 26.54 51.02 84.16 12.62 0.00

01/04/ 
2023

0.00 55.07 0.00 93.14 85.68 70.37 0.00 88.35 86.16

01/06/ 
2023

0.00 73.97 94.95 0.00 0.00 0.00 0.00 0.00 0.00

01/08/ 
2023

0.00 0.00 0.00 0.00 0.00 68.56 0.00 0.00 0.00

01/10/ 
2023

0.00 0.00 0.00 0.00 10.64 0.00 0.00 0.00 0.00

01/12/ 
2023

94.66 0.00 0.00 78.89 16.70 15.67 73.95 40.68 0.00

Average 30.14 30.86 30.90 30.98 27.03 26.65 23.78 31.10 20.34

Data availability

The data that has been used is confidential.
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