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Preface

As a core performance metric of products, reliability has received increasing attention in

recent years. For complex engineering systems, uncertainties in geometric parameters, material

characteristics, and applied loads are more prominent. To ensure that engineering systems meet

high-reliability standards, these uncertainties should be fully taken into account during design,

manufacturing, and testing processes. However, given the complexity of the subject, a host of

challenging problems still await in-depth investigation.

This Reprint presents the latest advances in the field of uncertainty and reliability analysis of

engineering systems from three perspectives: fundamental innovations (e.g., efficient optimization

algorithms and a unified modeling framework), practical applications (including infrastructure

protection and structural vibration control), and interdisciplinary integration (utilizing machine

learning and Bayesian inference for predictive maintenance and fault analysis). It incorporates

research findings from diverse fields, including structural engineering, energy, rail transit, and

industrial metrology, and presents the cutting-edge trends of this domain through a variety of

case studies. The Reprint is intended to provide high-value resources for researchers, practitioners,

and graduate students, and ultimately commits to facilitating academic exchanges and advancing

the development of engineering systems characterized by uncertainty quantification and reliability

enhancement.

Guijie Li and Feng Zhang

Guest Editors
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Editorial

Uncertainty and Reliability Analysis of Engineering Systems:
Theory, Methods, and Applications

Guijie Li 1,*, Lai Zhang 1, Feng Zhang 2 and Xue Li 2

1 School of Mechanics and Aerospace Engineering, Dalian University of Technology, Dalian 116024, China
2 School of Mechanics and Transportation Engineering, Northwestern Polytechnical University,

Xi’an 710129, China
* Correspondence: ligj@dlut.edu.cn

1. Introduction

Uncertainty and reliability analysis constitutes a core pillar in the design, operation, and
assessment of engineering systems, directly impacting safety, efficiency, and sustainability. In
practical engineering scenarios, uncertain factors—such as material property variations, load
fluctuations, environmental disturbances, and human operation differences—are pervasive.
Reliability, which is defined as the capacity of a system to stably perform its intended functions
under specified conditions for a predetermined period, serves as a fundamental criterion
for evaluating the performance of engineering systems. These two concepts are intrinsically
linked: uncertainty is the primary source of reliability risks in systems, and scientific reliability
analysis must be based on the accurate identification and quantification of uncertainty. Ne-
glecting these critical factors may culminate in catastrophic consequences such as structural
failure, equipment malfunction, and decision-making biases. Consequently, uncertainty and
reliability analysis has become an essential research priority in the engineering field.

This book presents ten thematic papers centered on “Uncertainty and Reliability Anal-
ysis of Engineering Systems”. The contributions cover diverse engineering scenarios and
cutting-edge analytical methods, providing a comprehensive overview of recent research
advancements in the field.

The selected papers exhibit both theoretical depth and practical value, focusing on
three core dimensions: firstly, innovations in fundamental theories and methods, includ-
ing uncertainty-driven reliability assessment, the optimization of efficient algorithms, and the
development of unified modeling frameworks; secondly, practical applications in engineering,
specifically uncertainty quantification and reliability assurance in structural vibration control,
the preservation of historical infrastructure, and industrial measurement; and thirdly, the inte-
gration of cutting-edge interdisciplinary technologies, applying machine learning and Bayesian
inference to performance prediction, failure prevention, and multi-mode fault analysis. Each
achievement contains innovative theoretical insights and technical solutions. We are honored to
present this systematic collection, which integrates research achievements on uncertainty and
reliability analysis from multiple engineering fields such as structural and energy engineering,
rail transit, and industrial measurement. It not only showcases the latest research trends in this
field but also provides rich practical application cases. This book serves as a valuable academic
reference and technical resource for researchers, frontline engineering and technical personnel,
and graduate students specializing in system reliability and uncertainty analysis.

We hope that this book will promote academic discussions and the exchange of
achievements in this field, drive the innovative development of theories and methods for
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uncertainty and reliability analysis, facilitate their practical application in a wider range of
engineering scenarios, and provide strong support for improving the safety, reliability, and
durability of engineering systems.

2. Overview of Contributions

The following is a brief overview of the ten contributions included in this book, cen-
tered on the core themes of uncertainty quantification and reliability analysis in engineering
systems, two interconnected concepts critical to ensuring the safety, efficiency, and sustain-
ability of complex engineering infrastructures. Uncertainty, defined as the lack of complete
knowledge about system properties, operating conditions, or measurement outcomes, and
reliability, the ability of a system to perform its intended function under specified condi-
tions, are addressed through diverse methodological innovations and practical applications
across multiple engineering domains.

In [1], the authors tackle the challenge of reliability assessment for complex engineering
systems operating under variable conditions that induce component degradation. They
propose a two-level framework integrating Reliability Block Diagrams (RBDs), Fault Tree
Analysis (FTA), Importance Measures, and Failure Mode and Effects Analysis (FMEA).
By incorporating uncertainty through the statistical parameters of component reliability
distributions, the framework identifies critical components via Importance Measures and
quantifies dominant failure modes using Risk Priority Numbers (RPN). Applied to a fleet
of Solid Waste Collection and Compaction Trucks in Colombia, the approach establishes
a probabilistic basis for maintenance prioritization, enhancing the accuracy of critical
component and failure mode identification.

To address the challenges of limited reliability evaluation efficiency and the inability
to ensure platform-independent performance across different multi-core architectures,
which arise when Reliability Block Diagrams are applied to the scenario of efficient online
evaluation for resource-constrained embedded hardware, the authors of [2] proposed a
solution by developing an enhanced version of the open-source librbd library. This library
is equipped with optimized evaluation algorithms, restructured computational sequences,
cache-aware data structures, and an adaptive parallelization framework. The verification
results demonstrate a significant reduction in computational complexity, enabling real-time
analysis of larger-scale systems compared with the original implementation.

To improve the reliability and safety in complex energy systems such as wind turbines, the
authors of [3] present a unified hybrid modeling framework integrating FTA, RBD, and BowTie
methodology. This framework quantifies risk, evaluates safety barrier effectiveness, and
supports scenario-based sensitivity analysis using key metrics including availability and failure
probability. A simulation-based case study on a wind turbine generator subsystem shows that
critical defense points (e.g., protective relays) are identified, and targeted improvements (e.g.,
enhanced oil analysis, redundant dashboards) reduce consequence frequency by nearly two
orders of magnitude. The approach introduces explicit defense-in-depth modeling, improving
computational efficiency and providing a practical decision support tool for asset managers.
Focusing similarly on wind turbine systems, the authors of [4] address the high time and cost
of wind turbine blade fatigue testing by exploring the application of an improved Neural Basis
Expansion Analysis (N-BEATS) deep learning model for stiffness degradation prediction. To
optimize the model’s performance, they expand stiffness data to meet model requirements,
modify N-BEATS’ basic block structure to treat sequence-to-sequence prediction as a nonlinear
multivariate regression problem, and adopt the Pinball Mean Absolute Percentage Error
(Pinball-MAPE) loss function to reduce bias. Additionally, two data augmentation techniques
(time series combination and random noise injection) mitigate overfitting. Experimental results
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demonstrate the model’s ability to learn underlying stiffness patterns and accurately predict
remaining stiffness, offering a cost-effective alternative to traditional fatigue testing.

In [5], the authors address the robust design of Tuned Mass Dampers (TMDs) in linear
structural dynamics. For single-degree-of-freedom (SDOF) and multi-degree-of-freedom
(MDOF) systems, the authors propose an efficient analytical uncertainty quantification
method based on Taylor series expansion, estimating the mean and scatter of key performance
indicators without the computational burden of double-loop sampling approaches. An
additional mode decomposition technique for MDOF systems with multiple TMDs replaces
time-consuming time integration with modal analysis. Formulated as single- or multi-
objective optimization tasks, the approach is validated through numerical examples, offering
a practical solution for TMD design in structures prone to critical dynamical vibrations.

How to protect historical railway assets amid uncertainties in material performance,
structural degradation, and regulatory requirements? The authors of [6] propose a
reliability-oriented preservation framework that systematically accounts for legal, ma-
terial, and procedural uncertainties. Two industrial case studies validate the framework:
the successful substitution of timber with certified PVC cladding in a non-listed signal
box (improving durability and reducing maintenance needs) and an unsuccessful timber-
to-aluminum gable replacement (attributed to planning misalignment and unestimated
approval uncertainties). This research provides a structured method for mitigating uncer-
tainties in the asset management of historical infrastructure.

The authors of [7] investigate measurement uncertainty and compliance evaluation
in natural gas moisture analysis, a critical factor in preventing pipeline corrosion and
ensuring combustion efficiency. The authors compare multiple algorithms for moisture
content calculation, estimate and validate measurement uncertainty using the Panametrics
PM880 portable hygrometer, and evaluate compliance with Brazilian legislation via guard
bands. The results reveal a maximum variation of 1% in moisture content results across the
compared algorithms, with an expanded uncertainty of approximately 20%. Notably, this
uncertainty value does not compromise risk assessment, as the measured moisture levels
remain well within acceptable ranges below the specified limits, which ultimately leads to
the establishment of an upper tolerance limit of 58.4 ppmv H2O.

In [8], the authors focus on uncertainty quantification in shear wave velocity (Vs) predic-
tion, critical for earthquake engineering applications. Geotechnical variability and inherent
uncertainties are addressed through a hybrid framework integrating an explainable machine
learning (ML) model and Bayesian inference. The Extreme Gradient Boosting (XGBoost) algo-
rithm, coupled with Shapley Additive Explanations (SHAPs) and partial dependency analysis,
identifies key geotechnical parameters and delivers high predictive accuracy. A Bayesian Gen-
eralized Linear Model (GLM) complements this by providing probabilistic predictions with
95% credible intervals, explicitly quantifying uncertainty. Validated against real case scenarios,
the hybrid approach combines ML’s predictive power with Bayesian inference’s uncertainty
quantification, offering an interpretable tool for confident engineering decision-making.

The prevention of situation awareness failure in shearer monitoring operations, an is-
sue that has been exacerbated by the digitization of instrument control systems, is explored
from a cognitive function perspective with a focus on the impact of working memory train-
ing. In [9], the authors randomly assigned subjects to either a training group or a control
group, conducting pre- and post-training assessments that included working memory
measurements, simulated shearer monitoring tasks, and recordings of task performance,
situational awareness scales, and electroencephalography (EEG) data. The results revealed
significant improvements in both monitoring performance and situational awareness scores
following training, accompanied by activation in the θ, α2, and β1 EEG frequency bands—
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findings consistent with the established link between these oscillatory bands and cognitive
processes underlying working memory and decision-making. The study demonstrates that
working memory training enhances operators’ rapid reaction and decision-making abilities
in complex or emergency scenarios, thereby providing a new direction for mitigating
situation awareness failure in high-stakes monitoring environments.

To enhance the efficiency of reliability analysis for nonlinear implicit models of complex
structures under multi-failure modes, the authors of [10] propose a surrogate model based
on an adaptive AdaBoost algorithm. An adaptive method selects optimal training samples,
ensuring even distribution across failure curve boundaries and comprehensive information re-
tention. Leveraging AdaBoost’s integration and iterative properties, simple binary classifiers are
iteratively combined to build a high-precision alternative model for fault diagnosis, with Monte
Carlo simulation used to assess failure probability. Validated through three numerical examples,
the method exhibits exceptional accuracy and efficiency, overcoming challenges in multi-failure
mode reliability evaluation and facilitating the application of complex mechanical designs.

3. Conclusions

The above overview of the ten papers in this book shows that uncertainty and reliabil-
ity analysis is a crucial issue in various engineering fields. It can be stated that uncertainty
and reliability analysis should be properly considered across all domains, in any struc-
tural, energy, rail transit, and industrial measurement application. It is my aspiration that
this book integrates contributions from various engineering fields, thereby enriching the
research landscape with this pivotal topic.
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Abbreviations

The following abbreviations are used in this manuscript:

RBD Reliability Block Diagrams
FTA Fault Tree Analysis
FMEA Monte Carlo Simulation
RPN Risk Priority Numbers
N-BEATS Neural Basis Expansion Analysis
Pinball-MAPE Pinball Mean Absolute Percentage
TMD Tuned Mass Dampers
SDOF Single-Degree-of-Freedom
MDOF Multi-Degree-of-Freedom
Vs Shear Wave Velocity
ML Machine Learning
XGBoost Extreme Gradient Boosting
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SHAPSs Shapley Additive Explanations
GLM Generalized Linear Model
EEG Electroencephalography
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Article

Reliability Analysis of Complex Structures Under Multi-Failure
Mode Utilizing an Adaptive AdaBoost Algorithm

Feng Zhang *, Zijie Qiao, Yuxiang Tian, Mingying Wu and Xiayu Xu

School of Mechanics, Civil Engineering and Architecture, Northwestern Polytechnical University,
Xi’an 710129, China
* Correspondence: nwpuwindy@nwpu.edu.cn

Abstract: A reliability analysis can become intricate when addressing issues related to nonlinear
implicit models of complex structures. To improve the accuracy and efficiency of such reliability
analyses, this paper presents a surrogate model based on an adaptive AdaBoost algorithm. This
model employs an adaptive method to determine the optimal training sample set, ensuring it is as
evenly distributed as possible on both sides of the failure curve and fully contains the information it
represents. Subsequently, with the integration and iterative characteristics of the AdaBoost algorithm,
a simple binary classifier is iteratively applied to build a high-precision alternative model for complex
structural fault diagnosis to cope with multiple failure modes. Then, the Monte Carlo simulation
technique is employed to meticulously assess the failure probability. The accuracy and stability of the
proposed method’s iterative convergence process are validated through three numerical examples.
The findings of the study illuminate that the proposed method is not only remarkably precise but
also exceptionally efficient, capable of addressing the challenges related to the reliability evaluation
of complex structures under multi-failure mode. The method proposed in this paper enhances the
application of mechanical structures and facilitates the utilization of complex mechanical designs.

Keywords: AdaBoost algorithm; adaptive iteration; complex structure; multiple-failure mode; failure
probability

1. Introduction

The aim of the structural reliability analysis is to meticulously quantify the failure
probability that arises from a multitude of uncertain factors, such as the geometric size
error, variations in material properties, and external applied load [1,2]. To improve system
reliability and simplify the reliability-based design problems widely applied in various
engineering practices [3,4], many scholars have studied the reliability of multi-failure
mode systems [5–10]. For example, Marozaua et al. [7] conducted a reliability assessment
to solve specific safety assessment problems, analyzed the underlying causes of micro-
electro-mechanical system device failure, and carried out a failure test using a typical
micro-electro-mechanical system device package structure. Wang et al. [8] introduced
a probabilistic analysis framework aimed at evaluating the reliability of turbine discs
while accounting for the interdependencies among various failure modes. Meng et al. [9]
proposed a hybrid reliability-based topology optimization method to deal with cognitive
and cognitive uncertainty. Yang et al. [10] proposed an innovative reliability analysis
method that integrates Markov chain Monte Carlo method with random forest algorithms.
J. Guadalupe Monjardin-Quevedo, Alfredo Reyes-Salazar, et al. [11] explored the properties
of steel by evaluating the seismic reliability of deep column smf. The first-order reliability
method, response surface method, and an advanced probability scheme were adopted. The
efficiency and accuracy of the proposed method were verified by the traditional Monte
Carlo simulation method. German Michel Guzman-Acevedo, Juan A. Quintana-Rodriguez,
Jose Ramon Gaxiola-Camacho, et al. [12] evaluated the Usumacinta Bridge in Mexico
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based on probabilistic methods, The Sentinel-1 image was used to define structural reliabil-
ity. The case for selecting probabilistic methods integrates the reliability of the structure.
Displacement theory and probability density function obtained by InSAR technique (pdf).

Common structural reliability analysis methods include the digital simulation
method [13,14], approximate analytical method [15,16] and surrogate model methods.
The Monte Carlo method [17] is a relatively straightforward digital simulation method.
However, the large number of samples required for obtaining an accurate solution makes
the method less efficient. Another digital simulation method known as importance sam-
pling [18] utilizes the design point of the limit state equation as its sampling center, thereby
enhancing sampling efficiency to a certain extent. However, this design point must be
predetermined, which limits the applicability of this method to complex structures. Approx-
imate analytic methods, such as the first-order second-moment method [19], necessitate
minimal computational effort but yield large relative errors. Consequently, these methods
are only suitable for solving the reliability problem associated with an explicit limit state
equation. In view of the nonlinear implicit characteristics of complex mechanical struc-
tures, surrogate modeling methods such as the Kriging algorithm [20], neural network
algorithm [21], and support vector machines algorithm [22] are frequently utilized to assess
the reliability of these intricate mechanical structures. However, these algorithms are sim-
ple extensions of the single traditional classification algorithm for specific data, and they
inevitably inherit the inherent shortcomings of the original algorithm [23]. Simultaneously,
these algorithms rely on relatively idealized assumptions regarding probability distribution
and data types when dealing with data uncertainty, which consequently hampers their
widespread applicability in practical projects [24].

Traditional reliability analysis methods have accuracy problems, large errors, and
low computational efficiency, making it difficult to effectively apply them in practical
engineering. To address these challenges, this paper proposes a new reliability analysis
method for complex structural systems with multiple failure modes, utilizing an adaptive
AdaBoost model that enhances both accuracy and effectiveness in assessing the reliability of
complex structures. Adaptive iteration continuously optimizes the sampling center through
proactive sampling. During this process, the effectiveness of the sample is quantitatively
evaluated by measuring the ratio of the number of samples falling into the ineffective region
to the total number of samples. The AdaBoost algorithm is a strong integrated learning
method for low-bias prediction tasks, which are not easy to overfit during training [25].
The method employs a training dataset with different weights to construct different weak
basis classifiers. Each data sample is then assigned a weight that indicates its importance
as a training sample, and all samples have the same weight in the first iteration. In the
ensuing iterations, the weight assigned to misclassified samples is elevated (or alterna-
tively, the weight attributed to correctly classified samples is proportionately diminished),
causing the new classifier to pay increasing attention to misclassified samples that may
gather near the classification edge, thereby ultimately reducing the error rate [26–28]. Many
scholars around the world have actively engaged in in-depth research on the AdaBoost
algorithm, evaluating its application effects and proposing practical and feasible improve-
ments [29–34]. For example, Liu et al. [31] presented an innovative approach to the naval
gun hydraulic system fault diagnosis based on the BP-AdaBoost model. Zhou et al. [32]
proposed a new polynomial chaos expansion surrogate modeling method utilizing Ad-
aBoost for uncertainty quantification. Lou [33] artfully integrated the enhanced AdaBoost
algorithm with the backpropagation neural network model, employing an evolutionary
optimization algorithm to refine the model and proposing a mechanical structure reliability
calculation method grounded in this advanced framework. Du et al. [34] proposed a real
BP AdaBoost algorithm based on weighted information entropy to solve the problems
of low prediction accuracy and poor reliability of the software reliability model of the
single neural network. Meng et al. [35–37] proposed a new hybrid adaptive Kriging model
and a water-cycle algorithm based on reliability assessment learning and optimization
strategies, subsequently applying it to offshore wind turbine monopole and offshore wind
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power towers. N. Asgarkhani, F. Kazemi, et al. [38] proposed a machine learning (ML)
algorithm to provide prediction models for determining the seismic response, seismic
performance curve and earthquake failure probability curve of brbf. Farzin Kazemi, Neda
Asgarkhani, and Robert Jankowski [39] solved the problem of seismic probability and risk
assessment of reinforced concrete shear walls (RCSWs) by introducing a stacked machine
learning (stacked ML) model based on Bayesian optimization (BO), genetic algorithm
(GA), particle swarm optimization (PSO), and gradient-based optimization (GBO) algo-
rithms. The IDA curves (MIDA) and seismic probability curves of this model have a good
curve-fitting ability.

The subsequent sections of this paper will be meticulously organized into three sec-
tions. Section 2 will thoroughly explore the distinctive characteristics of complex structures
in the context of multiple failure modes, the methodology for adaptive sample selection,
and the principle underlying the iterative AdaBoost algorithm. Additionally, it outlines
a process for assessing the reliability of mechanical structures based on the AdaBoost
surrogate model. The Section 3 validates the effectiveness and precision of the AdaBoost
surrogate model in evaluating multi-failure mode complex structures through three illus-
trative examples and discusses their computational results. The Section 4 summarizes
both the advantages and limitations of the AdaBoost surrogate model and establishes the
applicable scope of this method.

2. Reliability Analysis Based on the AdaBoost Surrogate Model

2.1. Reliability Modeling of Complex Structures under Multi-Failure Mode

There are two primary reliability models for complex structures exhibiting multi-
failure mode: the series system and the parallel system. Nevertheless, in the realm of
practical engineering applications, complex structural systems frequently exhibit multiple
failure modes, with the overall failure mode typically arising from the interactions among
these failures. Particularly within intricate systems, the interrelationships between failure
modes become progressively more complex, as each mode engages in reciprocal interactions
with others.

Suppose that a problem contains m failure modes, the corresponding limit state
equation is denoted by g(k)(x) = 0(k = 1, 2, . . . , m), and the corresponding failure domain
is denoted by D(k)

f =
{

g(k)(x) ≤ 0
}
(k = 1, 2, . . . , m), where x = {x1, x2, . . . , xn} represents

an n-dimensional random variable.
When m failure modes are present in series, the relationship between the system’s

failure domain, Df , and the failure domain, D(k)
f , of each individual mode can be expressed

as follows:
Df =

m∪
k=1

D(k)
f (1)

When m failure modes occur simultaneously, it is a parallel situation, and the relation-
ship between the system’s failure domain, Df , and failure domain, D(k)

f , of each individual
mode can be expressed as follows:

Df =
m∩

k=1
D(k)

f (2)

2.2. Adaptive AdaBoost Algorithm

The adaptive AdaBoost algorithm initially employs an adaptive iteration method to ob-
tain the optimal training sample set, which is as evenly distributed as possible on both sides
of the failure curve, fully encompassing the information that describes the failure curve. By
using the integration and iteration properties of the AdaBoost algorithm, a high-precision
surrogate model for failure discrimination in complex structures under multi-failure modes
can be achieved through simple binary classifier iteration (the dichotomy method).
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2.2.1. Adaptive Sampling

The idea of adaptive sampling is to determine the optimal design point through the
iteration process and pre-sample the sample center in each iteration to obtain an optimal
training sample set that is as evenly distributed as possible on both sides of the failure curve
and fully contains the information of the failure curve. To swiftly ascertain the optimal
design point, this study applied the extended sample variance and adaptive iteration
method. The detailed steps of the proposed adaptive sampling method are outlined
as follows:

(1) It is presumed that the variables are mutually independent and follow a normal
distribution, xi ∼ N(μi, σi)(i = 1, 2, . . . , n).

(2) Define the expanded coefficient, f, and let xi ∼ N(μi, f σi)(i = 1, 2, . . . , n).
(3) Employ Latin hypercube sampling to derive 200 sample points, and then bring

them into the system model for discrimination and calculate failure probability
ηj(j = 1, 2, . . . , m). Select the point x(j) with the largest joint probability density
from among the failure points; this point is taken as the sampling center for subse-
quent sampling.

(4) Define a sampling efficiency index, ε j =
∣∣0.5 − ηj

∣∣. The smaller the value of ε j, the
closer the sampling center is to the optimal design point, and the failure probability
approaches 50%.

(5) When ε j ≤ 0.1, the loop comes to an end. The sampling center at this time is take
as the new sampling center, and resampling is conducted using xi ∼ N(μi, f σi)
(i = 1, 2, . . . , n).

The detailed flowchart illustrating the expanded sample variance and the adaptive
iteration method is presented in Figure 1.

Figure 1. Flowchart of expanded sample variance and adaptive iteration method.

2.2.2. AdaBoost Algorithm

First, the AdaBoost algorithm builds the first simple classifier, h1, based on the original
data distribution. Then, Bootstrap produces T classifiers that are interconnected. Finally,
these different classifiers are combined to form a stronger final classifier (strong classifier).

In theory, as long as each weak classifier’s classification ability is better than random
guessing (a classification accuracy rate greater than 0.5), the error rate of the strong classifier
will converge zero as the number of weak classifiers approaches infinity. Within the
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framework of the AdaBoost algorithm, different training sets are generated by adjusting
the weights of each sample. At the beginning, the weight of each sample is the same, and
basic classifier, h1(x), is trained under this sample distribution. The weights of the samples
exhibiting poor h1(x) scores are elevated, while the weights of properly classified samples
are decreased to highlight the incorrect samples. Meanwhile, h1(x) is assigned a weight
according to its error, representing its importance; the lower the error rate, the greater the
corresponding weight. The basic classifier is trained again using the new sample weight
to obtain the basic classifier, h2(x), and its weight. Therefore, by analogy, after T rounds,
T fundamental classifiers and their associated weights can be derived. Finally, T basic
classifiers are added according to the previously calculated weights to obtain the final
desired strong classifier.

Let us assume that the training set sample is denoted as T = {E11, E12, G12, G13, Xc, Xt,
Yc, Yt, S12, S13, d}, and the output weight of the training set in the k-th weak learner is
D(k) = (wk1, wk2, . . . wkm); w1i =

1
m ; i = 1, 2 . . . m.

Let us take a binary classification problem as an example. If the output is {0, 1}, the
weighted error rate of the k-th weak classifier, Gk(x), on the training set is

ek = P(Gk(xi) �= yi) =
m
∑

i=1
wki I(Gk(xi) �= yi).

The weight coefficient of the k-th weak classifier,Gk(x), is denoted as αk =
1
2 log 1−ek

ek
.

An increase in the classification error rate, ek, is associated with a decrease in the correspond-
ing weak coefficient, αk, of the classifier weight. Assuming that the sample set-weight coeffi-
cient for the k-th weak classifier is D(k) = (wk1, wk2, . . . wkm), then the sample set-weight co-
efficient of the corresponding k + 1 weak classifier is wk+1,i =

wki
ZK

exp(−αkyiGk(xi)), where

ZK represents a normalization factor, ZK =
m
∑

i=1
wki exp(−αkyiGk(xi)). It is apparent from

the wk+1 calculation formula that if the i-th sample is classified incorrectly, yiGk(xi) < 0,
resulting in the increase in the weight of the sample in the k + 1 weak classifier. Should the
classification be deemed accurate, the weight in the k + 1 weak classifier decreases.

The weighted voting method is adopted for AdaBoost classification, and the ultimate

strong classifier can be expressed as follows: f (x) = sign(
K
∑

k=1
αkGk(x)).

2.3. Reliability Analysis Model Based on the Adaptive AdaBoost Algorithm

The basic idea of a reliability analysis based on the adaptive AdaBoost algorithm
involves employing an adaptive iterative method to find the optimal training sample
set, as elaborated in Section 2.2.1. Then, a high-precision surrogate model for failure
discrimination of complex structures under multiple failure modes is obtained through
simple binary classifier iteration based on the integration and iteration characteristics to
the AdaBoost algorithm, as discussed in Section 2.2.2. Finally, the Monte Carlo method is
used to determine the failure probability. The detailed analytical procedures are delineated
as follows:

(1) Use the adaptive method to find the optimal sample center.
(2) According to the sample center, use Latin hypercube sampling to generate train-

ing samples.
(3) Initialize the weight distribution of the training data. Assign the same weight

to each training sample as follows: D1 = (w11, w12, . . . , w1i, . . . , w1N), w1i = 1
N ,

i = 1, 2, . . . , N.
(4) In the m-th iterations, obtain Gm(x), which represents the current m-round iterative

classifier; obtain em, denoting the present classification error; and obtain αm, which
signifies the cumulative coefficient as elaborated below:
1© Obtain the basic classifier Gm(x) : xi → {−1,+1} by learning the training dataset

with a weight distribution of Dm.

10
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2© Calculate the classification error rate of em for the training dataset:

em = P(Gm(xi) �= yi) =
N

∑
i=1

wmiI(Gm(xi) �= yi) (3)

3© Calculate the coefficient for Gm(x), where αm represents the importance of Gm(x)
in the final classifier:

αm =
1
2

log
1 − em

em
(4)

It is evident from the preceding equation that em ≤ 1
2 and αm ≥ 0, and that αm

increases as em decreases, thereby indicating that basic classifiers with lower
classification error rates have a greater impact on the final strong classifier.

4© Update the weight distribution of the training dataset to obtain a new weight
distribution for the subsequent interaction:

Dm+1 = (wm+1,1, wm+1,2, . . . , wm+1,i, . . . , wm+1,N) (5)

wm+1,i =
wmi
Zm

exp(−αmyiGm(xi)), i = 1, 2, . . . , N (6)

where Zm =
N
∑

i=1
wmi exp(−αmyiGm(xi)).

As a result, the weights of samples misclassified by the fundamental classifier,
Gm(x), are augmented, whereas the weights of accurately classified samples
are diminished. In this manner, the AdaBoost algorithm can concentrate on
samples that are more challenging to differentiate.

(5) Integrate the weak classifiers:

f (x) =
M

∑
m=1

αmGm(x) (7)

The ultimate strong classifier is denoted by

G(x) = sign( f (x)) = sign(
M

∑
m=1

αmGm(x)) (8)

(6) Use the Monte Carlo method to calculate the failure probability based on the final
strong classifier.

Figure 2 illustrates the flowchart of steps 1–6 for the reliability analysis of complex
structures utilizing the adaptive AdaBoost algorithm proposed in this paper.
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Start

Use adaptive method to find the optimal sample
center

Use Latin hypercube sampling to generate the
training sample

Determine the weight distribution of the initial
training data

Iteratively optimize the basic classifier weights

Obtain the final strong classifier by combining
weak classifier

Extract the test samples using the Monte Carlo
method and calculate the failure probability using

the proxy model.

End

Figure 2. Flowchart of the proposed method for reliability analysis of complex structures using the
adaptive AdaBoost algorithm.

3. Examples

To verify the accuracy and efficiency of the proposed adaptive AdaBoost surrogate
model, this section provides examples of mechanical structure reliability analysis under
different failure functions, with the iteration number set to 200.

3.1. Parallel System

Consider a parallel system distinguished by two distinct failure modes, with the
corresponding function articulated as follows.

y1 = x2
1 − x2 + 2 (9)

y2 = −x2
1 + x2 − 6 (10)

where x1 and x2 denote normally distributed random variables, specifically denoted as
x1 ∼ N(4, 12) and x2 ∼ N(3, 0.52), respectively. The failure conditions of the system are
defined by y1 < 0 and y2 < 0.

The proposed adaptive AdaBoost surrogate model is employed to evaluate the failure
probability of the parallel system. The variation in error with respect to the number of
iterations during the training process (resubstitution loss) is shown in Figure 2.

It can be discerned from Figure 3 that the adaptive AdaBoost surrogate model effec-
tively simulates the failure surface of parallel systems. As the number of iterations escalates,
the error of the agent model steadily diminishes and ultimately converges to zero.
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Figure 3. Variation in the parallel system error with the number of iterations during training.

The trained model is utilized to evaluate the failure probability, which is subsequently
compared with the result obtained by using the conventional Monte Carlo method. The
results are presented in Table 1, where it can be noted that the failure probability obtained
derived from the adaptive AdaBoost method is 3.7 × 10−5, with a relative error of 7.5%,
when compared to the conventional Monte Carlo method. This underscores the effective-
ness of the proposed adaptive AdaBoost model. It is noteworthy that the conventional
Monte Carlo method necessitated millions of samples, whereas the adaptive AdaBoost sur-
rogate model required only 500 samples, leading to a substantial reduction in computation
time and a marked enhancement in computational efficiency.

Table 1. Calculated failure probability of the parallel system.

Method Sampling Frequency Failure Probability Relative Error

Monte Carlo method 106 4 × 10−5 /
Adaptive AdaBoost

method 500 3.7 × 10−5 7.5%

3.2. Series System

Consider a series structure system comprising two failure modes, with the correspond-
ing function denoted as follows.

y1 = 2x1 + 2x2 − 4.5x4 − 100 (11)

y2 = x1 + x2 + 2x3 − 4.5x4 + 380 (12)

where x1, x2, x3, and x4 are normal random variables, specifically denoted as
x1 ∼ N(200, 302), x2 ∼ N(200, 302), x3 ∼ N(200, 302), and x4 ∼ N(80, 152), respec-
tively. The failure conditions of the system are defined by y1 < 0 or y2 < 0.

The adaptive AdaBoost surrogate model is employed to assess the failure probability
of the series system. The variation in error concerning the number of iterations throughout
the training process (resubstitution loss) is illustrated in Figure 3.

As depicted in Figure 4, it is evident that with an increasing number of iterations, the
error of the adaptive AdaBoost surrogate model gradually decreases and converges to zero,
indicating its efficacy in failure discrimination for the series system.

13



Appl. Sci. 2024, 14, 10098

R
es

ub
st

itu
tio

n 
Lo

ss

Figure 4. Variation in series system error with the number of iterations during training.

The trained models are utilized to evaluate the failure probability, after which the
results are compared with those derived from the conventional Monte Carlo method. The
results are presented in Table 2, with a relative error of 5.49% between the result obtained
using the adaptive AdaBoost surrogate model and that obtained using conventional Monte
Carlo methods. This illustrates the precision and substantiates the efficacy of the proposed
method. In contrast to the traditional Monte Carlo method, which necessitated millions of
samples, the adaptive AdaBoost surrogate model required only 300 samples, meaning that
the sampling efficiency has been significantly improved and the computing time has been
greatly shortened.

Table 2. Calculated failure probability of series system.

Method Sampling Frequency Failure Probability Relative Error

Monte Carlo method 106 9.1 × 10−4 /
Adaptive AdaBoost

method 300 9.6 × 10−4 5.49%

3.3. Engineering Example

Figure 5 shows an I-beam system with eight random input variables, X = { d , b , tw,
t f , L , a , P , S } [40]. The specific distribution is presented in Table 3. The response

function of the I-beam system is given by

Y = g(X) = S − σmax= S − Pa(L − a)d
2LI

(13)

where S is the strength, σmax is the maximum stress, and I =
bd3−(b−tw)(d−2t f )

3

12 .

Pa

L

tw

tf

b

d

Figure 5. Schematic diagram of the I-beam system.
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Table 3. Distribution of random variables of the I-beam system.

Variable Mean Value Standard Deviation Distribution Type

d/in 2.3 1/24 Normal
b/in 2.3 1/24 Normal

tw/in 0.16 1/24 Normal
t f /in 0.26 1/24 Normal
L/in 120 6 Normal
a/in 72 6 Normal
P/N 6070 200 Normal

S/kPa 170,000 4760 Normal

The adaptive AdaBoost surrogate model is employed to obtain the failure probability
of the I-beam system. The variation in the error with respect to the number of iterations
during the training process (resubstitution loss) is shown in Figure 6.
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Figure 6. Variation in system error with the number of iterations in the training process.

As illustrated in Figure 5, it is evident that with an increasing number of iterations,
the error of the adaptive AdaBoost surrogate model gradually decreases and converges to
zero; this suggests that the surrogate model possesses a robust fitting capability.

The trained model is employed to ascertain the failure probability, which is subse-
quently compared with that determined using the conventional Monte Carlo method. The
results are presented in Table 4, in which the relative error between the results obtained
from the adaptive AdaBoost surrogate model and those obtained from the conventional
Monte Carlo method is 1.59%, satisfying accuracy requirements and demonstrating the
effectiveness of the adaptive AdaBoost surrogate model. In comparison to the traditional
Monte Carlo method, which necessitated millions of samples, only 70 samples are required
by the adaptive AdaBoost surrogate model, indicating considerably improved sampling
efficiency and a reduction in calculational time.

Table 4. Calculated failure probability of the I-beam system.

Method Sampling Frequency Failure Probability Relative Error

Monte Carlo method 106 0.2074 /
Adaptive AdaBoost

method 70 0.2041 1.59%

3.4. Analysis and Discussion

The previously mentioned examples illustrate that as the number of iterations esca-
lates, the calculation error under the adaptive AdaBoost surrogate model converges to a
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minimum value for both parallel and series systems. This suggests that the AdaBoost sur-
rogate model demonstrates an exceptional fitting performance and remarkable versatility
in both parallel and series systems. Furthermore, when comparing the adaptive AdaBoost
method with the Monte Carlo method, it is evident that the relative error between the
failure probability derived from the adaptive AdaBoost alternative model method and that
computed using the Monte Carlo method is smaller, aligning more closely with Monte
Carlo simulation results, while significantly enhancing computational efficiency compared
to traditional methods. Therefore, the accuracy of structural reliability calculated by the
method proposed in this paper is higher than that of the traditional algorithm model,
and calculation efficiency has been significantly enhanced, rendering it suitable for real
engineering structures.

4. Conclusions

An adaptive AdaBoost algorithm is proposed to evaluate the reliability of multi-
failure mode structures. This method shows excellent effectiveness in complex mechanical
structures where explicit functions are difficult to establish. The optimal training sample
set is obtained by the adaptive method, and then the AdaBoost algorithm is trained
on this refined sample set. The generated proxy model not only meets the accuracy
requirements, but also can better distinguish whether the target structure is invalid under
the given parameters.

(1) Compared with the traditional Monte Carlo method, this model significantly improves
the computational efficiency and can accurately calculate the failure probability in a
shorter time.

(2) The method has good universality. Compared with the general alternative model, the
adaptive AdaBoost algorithm proposed in this paper has the advantages of strong appli-
cability, low dependence on the operator’s engineering experience, and high precision.

(3) However, we must be aware that the studies conducted to date have some limita-
tions. The adaptive AdaBoost algorithm proposed by us has not been applied to a
multi-failure mode reliability analysis of more complex structures. More and more
complex research scenarios put forward higher requirements and challenges for our
proposed algorithms.

However, the method proposed in this paper is of great significance to the exploration
of complex mechanical structures, which is helpful to improve the application level of
mechanical structures and promote their wide application.
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Featured Application

The framework was applied to Solid Waste Collection and Compaction Trucks, using real
failure data to identify critical components and improve maintenance planning under
uncertainty. Beyond this case, it can be extended to other complex systems such as heavy
vehicles, industrial machinery, and energy infrastructure.

Abstract

Uncertainty is a key factor in the reliability assessment of complex engineering systems,
especially when they operate under variable conditions that affect component degradation.
This study presents a framework for the systematic and uncertainty-based prioritization of
critical components and failure modes. The method combines Reliability Block Diagrams,
Fault Tree Analysis, and Importance Measures with Failure Mode and Effects Analysis.
This two-level approach links component failures with their effect on system reliability.
Uncertainty is introduced through the statistical parameters of component reliability dis-
tributions and the resulting impact on system behavior is examined. Components with
the highest importance are then examined through Failure Mode and Effects Analysis to
identify main failure modes and calculate their Risk Priority Numbers. The framework is
applied to a fleet of Solid Waste Collection and Compaction Trucks used by a waste man-
agement company in a Colombian city. This system operates under high-load variability,
mechanical shocks, and environmental stress. The combined Importance Measures and
Risk Priority Number analysis provides a probabilistic basis for identifying critical compo-
nents and their dominant failure modes, linking reliability uncertainty with maintenance
prioritization. The results show that combining Importance Measures and Risk Priority
Number improves the identification of critical components and dominant failure modes,
supporting maintenance prioritization based on reliability impact. The framework offers a
practical approach for reliability assessment and maintenance planning under uncertainty,
linking component-level uncertainty with system performance to guide decision-making
in complex systems.

Keywords: reliability analysis; importance measures (IM); risk priority number (NPR);
uncertainty quantification; system criticality; waste collection trucks
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1. Introduction

Reliability analysis is fundamental to the design, operation, and maintenance of com-
plex engineered systems [1–3]. Across energy production, transportation, and health-
care sectors, anticipating failures and quantifying risks are essential to ensure safety,
performance, and sustainability [4–10]. However, traditional reliability approaches of-
ten assume deterministic component behavior, overlooking the pervasive influence of
uncertainty [11,12]. Uncertainty may stem from incomplete knowledge, stochastic vari-
ability, or operational complexity, and inadequate treatment can compromise decision
quality [9,13]. Consequently, reliability engineering is shifting toward probabilistic frame-
works that explicitly quantify and propagate uncertainty in both component and system
analyses [3,12,14,15].

Among reliability tools, combining Failure Mode and Effects Analysis (FMEA) with Fault
Tree Analysis (FTA) or Reliability Block Diagrams (RBD) has proven effective. FMEA identifies
and prioritizes potential failure modes, while FTA and RBD introduce probabilistic modeling
at the system level, allowing interactions and dependencies to be represented more realistically.

A persistent challenge is the accurate assessment of component criticality, which di-
rectly influences maintenance planning, safety protocols, and resource allocation [3,12,16–18].
Critical analysis forms the bridge between reliability modeling and operational decision-
making. Achieving informative rankings under deterministic and uncertain conditions
requires methods that are analytically rigorous yet operationally practical [19,20]. Within
this paradigm, two established instruments are Importance Measures (IMs) and the Risk
Priority Number (RPN).

IMs quantify how changes in component reliability affect overall system perfor-
mance [11,21–23]. They provide a mathematically grounded way to identify critical com-
ponents, support redundancy allocation, and analyze uncertainty propagation across a
system [13,15,24,25]. By contrast, the RPN, derived from FMEA, offers a semi-quantitative
and highly interpretable index for prioritizing risk in industrial contexts. Its simplicity has
made it widely used for decades, though it often lacks the probabilistic depth needed to
represent uncertainty [26–28].

A comparison of these two strands highlights complementary strengths and limita-
tions. IMs offer analytical rigor but can be challenging for practitioners to interpret, while
RPNs are intuitive but rely on heuristic scoring. Although conceptual links exist—such as
multi-factor RPN refinements resembling composite IMs or simulation-based IMs aligning
with probabilistic FMEA—comprehensive frameworks that unify both perspectives remain
uncommon [3,12,29]. This gap means that few approaches jointly address uncertainty quan-
tification, interpretability and practical implementation in reliability-based prioritization.

Several recent studies illustrate the practical importance of integrating structured reliabil-
ity tools into real-world systems. Applications in sectors such as medical waste management,
transport logistics, and power generation demonstrate how probabilistic modeling can support
maintenance and safety planning under uncertainty [30]. However, the literature remains
fragmented, with IMs advancing in academic rigor and RPN remaining dominant in industrial
practice, without sufficient integration between the two [4,22,23,31,32].

Despite these advances, most studies rely on deterministic parameter assumptions. They
treat time-to-failure (TTF) parameters as fixed, disregarding the statistical uncertainty inherent
in estimation. This simplification can lead to overconfident reliability predictions and unstable
component rankings, limiting decision value in data-limited settings. Few works explicitly
quantify how parameter-estimation uncertainty affects component prioritization metrics.

This study presents a statistics-based framework integrating parameter inference with
uncertainty-informed prioritization, validated using operational data. The framework
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incorporates parametric uncertainty based on maximum-likelihood estimation and the ob-
served information matrix, followed by Monte-Carlo propagation of uncertainties through
FTA or RBD formulations. It defines IMs under parametric uncertainty, providing proba-
bilistic intervals for classical reliability indices, and introduces a rank stability summary
that quantifies the consistency of component prioritization under uncertainty. These tools
are integrated into a single workflow linking parameter inference, uncertainty propagation
and decision relevance. Specifically, the work advances reliability assessment by (i) combin-
ing inductive and deductive reliability perspectives to represent uncertainty propagation
from components to the system; (ii) interpreting classical IMs as sensitivity indicators
under parametric uncertainty; and (iii) incorporating these results into an RPN-based
prioritization structure to support decision-making under variable conditions.

The approach is validated using field failure data from Solid Waste Collection and
Compaction Trucks (SWCCTs). These systems operate under variable conditions where
mechanical degradation and environmental stress amplify uncertainty effects, providing
a relevant setting for evaluation. Results show that combining the probabilistic structure
of IMs with the practical interpretability of RPN improves the identification of critical
components and supports reliability-based maintenance decisions.

This paper is organized as follows: Section 2 reviews the theoretical background.
Section 3 presents the methodological framework for parametric uncertainty modeling
and propagation. Section 4 describes the case study, including data preparation and model
construction. Section 5 reports the main results. Section 6 discusses implications for
reliability and maintenance planning and concludes with directions for future research.

2. Theoretical Background

2.1. Importance Measures in Reliability Analysis

IMs have been explored in diverse contexts, with applications expanding from struc-
tural analyses to data-driven and cost-oriented frameworks [13,33–36]. Early work focused
on binary systems, using IMs as sensitivity indices to quantify how component reliability
affects system performance. Several authors advanced this line by applying Monte-Carlo
methods to estimate differential IMs in nuclear reactor protection systems, demonstrating
the value of stochastic simulation in capturing uncertainty. Differential importance has
also been used for comparative statics beyond reliability (e.g., inventory settings). For
multi-state systems, composite IMs address the limits of binary formulations and integrated
generalizations have been used in aviation applications. Simulation-based analyses in
offshore oil and gas have introduced measures tailored to repairable systems [11,15,24,37].

IMs are commonly classified as structural, reliability, lifetime, or cost-based [24]. The
appropriate category depends on the available information and data quality [38]. For
instance, structural IMs are used when only the system design is known, whereas reliability
IMs are used when failure probability data is available. Lifetime IMs consider operational
factors, such as age, usage, and environment. Cost-based IMs account for the financial
impact of maintenance or improvements. Some of these measures also integrate uncer-
tainty directly into the criticality assessment. However, the present study concentrates on
Structural IMs and Reliability IMs, as they are the most widely used in reliability-centered
decision-making. We use Birnbaum (IB

i (t)), Risk Reduction Worth—RRW (IRRW
i (t)), Risk

Achievement Worth—RAW (IRAW
i (t)), Fussell–Vesely (IFV

i (t)), and Criticality (ICR
i (t)),

which together span structural sensitivity, failure contribution, and operational consequence.
Theoretical IMs clarify how reliability propagates through engineering systems

(Table 1). Each measure captures a specific aspect of system behavior: IB
i (t) defines struc-

tural dependency, IRRW
i (t) and IRAW

i (t) quantify system improvement or degradation
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limits, IFV
i (t) measures the contribution of each component to overall risk, and ICR

i (t)
combines structural sensitivity with operational reliability. Together, these indices form a
diagnostic that helps engineers understand how and why system reliability changes under
different configurations and operational conditions.

Table 1. Mathematical definitions of selected IMs.

Classification IM Used for Identify Equation Characteristics

Structural Birnbaum

Components whose
marginal reliability variation

exerts disproportionate
influence on overall system

reliability.

IB
i (t) =

∂Rs(t)
∂Ri(t)

Quantifies the sensitivity of
system reliability to

changes in the reliability of
an individual component

[21,22,39,40]

Structural RRW Best candidates for reliability
improvement IRRW

i (t) = Fs(t)
[Fs(t)|Fi(t)=0]

Measures system
unreliability change when
a component is assumed

perfect

[22,38,39]

Structural RAW

Components where abrupt
failure-probability escalation
maximally degrades system

performance

IRAW
i (t) = [Fs(t)|Fi(t)=1]

Fs(t)

Identifies the system
components that are

essential to rendering the
system unreliable

[22,38,39]

Reliability Fussell-Vesely Allowed performance
degradation

IFV
i (t) = Fi(t)

Fs(t)

IFV
i (t) = Fs(t)− [Fs(t)|Fi(t)=0]

Fs(t)

A low probability of failure
is not always the most
suitable candidate for

change

[41,42]

Reliability Criticality
Relative contribution of
component reliability to
overall system reliability.

ICR
i (t) =

[
∂Rs(t)
∂Ri(t)

]
·
[

Ri(t)
Rs(t)

]
ICR
i (t) = IB

i (t)·
[

Ri(t)
Rs(t)

] Assesses component
suitability beyond just

failure probability
[24]

IB
i (t) quantifies the sensitivity of system reliability to variations in a component’s

reliability. It identifies components for which small reliability changes produce larger
effects on overall performance. In practice, it informs maintenance prioritization, inspection
schedules and redundancy allocation. Components with high IB

i (t) are those whose failure
leads to a significant loss of functionality.

IRRW
i (t) and IRAW

i (t) complement Birnbaum’s measure by expressing practical limits on
improvement and degradation. IRRW

i (t) quantifies the gain if a component were perfect; IRAW
i (t)

quantifies the loss if it were failed. High IRRW
i (t) indicated where upgrades yield the largest

benefit, while high IRAW
i (t) flag elements that warrant close monitoring or redundancy. These

measures are used in nuclear, aerospace, and industrial applications to support maintenance
planning, redundancy design, and resource allocation. Taken together, they show how extreme
component conditions influence overall system behavior, guiding risk-informed decisions.

ICR
i (t) evaluates a component’s contribution relative to system reliability. It is defined

as the product of IB
i (t) and the ratio between component and system reliability, linking

structural sensitivity with probabilistic significance. Whereas IB
i (t) measures absolute

influence, ICR
i (t) expresses influence in proportional terms, indicating where a unit increase

in component reliability most effectively increases system reliability. It is useful when
resources are constrained, prioritizing components that are both influential and at reliability
levels where improvements are most effective. It is often discussed alongside IFV

i (t) because
both describe proportional system effects rather than purely structural dependence.

In applied reliability analysis, the measures provide complementary views: IB
i (t)

identifies where the system is most structurally sensitive; IRRW
i (t) and IRAW

i (t) quantify
the best and worst operational cases; IFV

i (t) shows current unreliability contributions; and
ICR
i (t) highlights where proportional reliability improvements are most effective. Using

them together allows engineers to balance structural significance, practical improvement
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potential, and probabilistic impact, providing a complete view of system reliability. This
integrated approach supports maintenance prioritization, redundancy planning, and design
optimization in complex engineering systems.

2.2. Uncertainty Modeling

Uncertainty in reliability modeling arises from the limited information available to
estimate the statistical parameters of component lifetime models. For a component i, let
the random variable ti = (ti1, ti2, . . . , tin, ) represent its TTF, characterized by a parametric
probability density function (PDF) fi(t | θi) and corresponding reliability function. For com-
ponent i, let θi denote the parameters of the selected lifetime model [2,31]. The parameters θi

are estimated from observed failure data ti using Maximum Likelihood Estimation (MLE):

θ̂i = arg max
θi

ni
∏
j=1

fi
(
tij | θi

)
Since these estimates are subject to sampling variability, they are treated as random

variables. Under standard regularity conditions, the MLE is asymptotically normal,

θi ∼ N (
θ̂i, V̂i

)
where V̂i = I−1

i
(
θ̂i
)

is the inverse observed information matrix and Ii
(
θ̂i
)

is the observed
Fisher information. This provides a probabilistic representation of epistemic uncertainty in
the parameter estimates.

Ii
(
θ̂i
)
= − ∂2log Li(θ̂i)

∂θi∂θT
i

∣∣∣∣
θi=θ̂i

This formulation enables the propagation of parameter uncertainty through the relia-
bility structure function φ(·), which defines the system reliability as follows:

Rsys(t) = φ(R1(t | θ1), R2(t | θ2), . . . , Rn(t | θi))

As a result, Rsys(t) becomes a random variable, and its distribution captures the
uncertainty propagation from component-level parameters to the system level.

This parametric uncertainty affects the estimation of component reliability and, consequently,
the derived IMs. By treating parameters as random variables, the variability in the data is reflected
in the estimated reliability functions Ri(t), the system reliability Rsys(t), and the associated
measures [2]. Accordingly, the analysis reports interval estimates of reliability and importance
rather than single deterministic values, offering a more realistic basis for decision-making.

2.3. Risk Priority Numbers in Failure Mode and Effect Analysis

The RPNs a classical metric derived from Failure Mode and Effects Analysis (FMEA),
used to identify and prioritize risk in engineering systems [41]. It guides maintenance
decisions by ranking failure modes that need preventive or corrective actions and supports
the definition of maintenance priorities [27,43,44]. The RPN is computed from three factors:
occurrence (O), severity (S), and detectability (D). Which reflect how often a failure occurs,
the impact of its effects and how easily it can be detected before it occurs [19,29,41,45]. The
product of these three values provides a single numerical indicator that allows maintenance
teams to focus on the most critical issues. Its simplicity and clarity make it widely used in
industrial environments, where fast decisions are often required. Table 2 summarizes com-
mon RPN formulations, including the traditional multiplicative model and several adapted
versions that consider different relations between failure causes, effects, and modes.
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Table 2. Formulations of RPN.

Expression Description

RPNi
j = Si

j·Di
j·Oi

j
Classical RPN definition for the j-th failure mode

of the i-th component [19,41,45]

RPNi
j =

(
Di

jk·Oi
jk
) ·(Si

j
) Adjusted RPN when severity is assigned to jth

failure mode, and occurrence/detectability are
assigned to kth causes.

[29]

Although the RPN is widely used in sectors such as automotive manufacturing,
process industries, and aerospace, it has known limitations [17,26,43]. Because it uses
ordinal scales, it depends strongly on expert judgment and assumes linear relationships
between factors that may not be independent [19,29]. The lack of a probabilistic basis
limits the description of how uncertainty propagates across related failure modes. To
address these issues, studies propose variants that incorporate probabilistic reasoning,
fuzzy logic [29,46], or cost-based weighting, aiming to improve consistency while retaining
simplicity for practical use [27,46–48].

From a practical point of view, the main challenge is to keep the method easy to apply
while improving its accuracy and reliability. Maintenance engineers often prefer tools that
are simple, transparent, and adaptable to real data limitations. Probabilistic versions of
the RPN can include confidence intervals or uncertainty ranges, making the results more
consistent with the actual operating conditions. When used together with Importance
Measures, the RPN supports not only the ranking of failure modes but also the evaluation
of how stable those rankings remain when data or parameters vary. This connection helps
link reliability analysis with maintenance planning, providing clear guidance for decisions
in complex systems.

Despite its limitations, the RPN is a valuable tool for identifying and prioritizing risks
early in the design phase and throughout the asset lifecycle. Its persistence in industrial
practice underscores the importance of frameworks that build upon its strengths rather
than discarding them.

The theoretical framework presented the basis for identifying critical components
using IMs and RPN. The approach does not propose new reliability indices but extends
classical IMs to a probabilistic context that considers parameter uncertainty. Using reliability
estimates obtained from FT or RBD models allows the evaluation of how uncertainty in
each component affects the overall system reliability. This helps to describe reliability
sensitivities under changing operating conditions. The combination of IMs with the FMEA
structure component-reliability assessment and failure-mode prioritization. IMs indicate
how much each component contributes to system reliability, while RPN identifies the most
critical failure modes by combining severity, occurrence, and detection. Comparing both
results provides a complete view of system behavior and supports maintenance planning.

From a practical point of view, this theoretical foundation helps maintenance teams
to focus their resources on components and failure modes that have the greatest effect on
system reliability. Considering uncertainty in IMs reflects the natural variability of real
operating conditions and the limitations of available data. The methodology serves as a
tool to reduce maintenance costs and improve planning by concentrating efforts on the
failures that most affect system performance. The integration of IMs and RPN converts
reliability analysis into useful guidance for maintenance planning and decision-making
under real operational uncertainty.
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3. Methodology

The objective of this methodology is to enable a systematic prioritization of critical
components and failure modes in complex engineering systems that account for uncertainty.
The framework integrates quantitative reliability techniques, such as RBD, FTA, and IMs,
with qualitative failure analysis via FMEA. This two-level approach evaluates failure mode
impact and assesses each component’s effects on system reliability. The method traces
failure propagation through critical components and identifies the failure modes with the
highest impact on system performance. By linking the identification of critical failures with
their quantified effects on reliability, the framework indicates which components should be
prioritized, while facilitating the development of actionable mitigations.

Integrating these techniques provides a stronger basis for maintenance planning and
risk management by accounting for epistemic uncertainty. The methodology follows
a conditional workflow that adapts based on the level of available system knowledge.
Figure 1 presents a workflow that combines deterministic, probabilistic and qualitative
reliability tools for decision-making, showing the progression from structural definition to
decisions under uncertainty in the reliability assessment process.

Numerically, the workflow after qualitative assessment proceeds as follows: estimate
lifetime parameters for each component (i ∈ n) θ̂i → compute reliabilities Ri(t) ∀i ∈ n →
evaluate system reliability Rsys(t) = φ(R1(t), R2(t), . . . , Rn(t)) via FTA or RBD→ compute
IMs

{
IB
i , IRRW

i , IRAW
i , IFV

i , IC
i
}∀i ∈ n → synthesize with FMEA by pairing each prioritized

component with its top failure modes and RPNs.
The integration of these four analytical blocks establishes a closed-loop reliability frame-

work in which each stage reinforces the subsequent stage. System Characterization defines
the structural basis that constrains probabilistic modeling; System Reliability quantifies these
relationships and reveals component dependencies; Uncertainty Modeling evaluates the robust-
ness of these dependencies under parameter variability; and FMEA validates and complements
quantitative findings by linking them to observable failure behavior and performable mitiga-
tions. Their interaction enables consistency between structural logic, probabilistic evidence,
and operational experience, improving the traceability and reliability of maintenance decisions.

3.1. System Characterization

The first methodological block establishes the functional analysis through information
from technical manuals, the literature, and expert knowledge. This stage is not merely
descriptive; it serves as the source of conditions for the subsequent quantitative modeling.
Defining system configuration and performing functional analysis enables a clear mapping
between physical subsystems and their logical representation in reliability models. Based
on this description, the method takes a systematic approach to identifying failure modes
(j) for each component (i) of the system ( f j

i ). A failure mode is the distinct mechanism by
which a failure presents itself, resulting in a functional failure [49–51].

3.2. System Reliability

The second block converts the qualitative system representation into a quantitative
structure using FTA or RBD. At this point, it is used to model system behavior and compute
component and system failure probabilities [13,51,52]. This stage shifts the analysis from de-
scriptive modeling to data-based evaluation. The estimation of TTF and failure rates connects
historical records and manufacturer data with the probabilistic behavior of each component.
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Figure 1. Proposed Methodology.

Let F =
{Fp

(·∣∣θi,p
)}

denote a candidate set of lifetime distributions (e.g., Exponential,
Weibull, Gamma). Given observed TTF data for component i, TTFi =

{
ti
1, ti

2, . . . , ti
l
}

, the
parameters θi,p are estimated by maximum likelihood.

θ̂i,p = arg max
θ

L
(

TTFi
∣∣∣Fp,θ

)
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The preferred model for the i-th component is selected using goodness-of-fit diag-
nostics (e.g., Kolmogorov–Smirnov) and information criteria (the Akaike Information
Criterion—AIC or the Bayesian Information Criterion—BIC). The resulting reliability func-
tion Ri(t) follows from the chosen family, for instance,

Ri(t) =

⎧⎨⎩ exp(−θit) exponential

exp
[
−
(

t
θi,1

)θi,2
]

weibull

The procedure for estimating the parameters of these distributions and using them
to support reliability assessment and asset management follows the approach previously
proposed [53].

If TTF data are unavailable, parameter estimates may be elicited from expert judgment,
sectoral standards or analogous systems, ensuring methodological adaptability.

Subsequently, once Ri(t) has been specified for i = 1, . . . , n, the overall system reliabil-
ity is obtained from the structure function φ(·) defined by the FT or RBD:

Rsys(t) = φ(R1(t), R2(t), . . . , Rn(t))

where series, parallel, or k-out-of-n relationships capture how component failure propa-
gates within the system.

Once system reliability Rsys(t) is obtained, the application of IMs extends the eval-
uation beyond failure probability to include the structural contribution of each element.
Through this process, the influence of each component on the overall system reliability
is quantified. The resulting hierarchy of component criticality provides a clear basis for
prioritizing maintenance and risk mitigation actions.

Consistent with the concepts reviewed in Section 2.2 and the definitions in Table 1,
we quantify component criticality from the system reliability function Rsys(t) obtained via
FTA/RBD. The goal is to translate system structure and behavior into operational indices
that rank the n components by their marginal influence on overall performance, while
retaining the structural vs. reliability-based categories introduced earlier.

For each component i, IMs are evaluated by re-computing Rsys(t) under targeted
perturbations of Ri(t), or under ideal/worst assumptions. Evaluating these metrics over
the mission time of interest yields a quantitative ranking of components. In the synthesis
step, this IM-based ranking is linked to the qualitative input of FMEA: for each prioritized
component i, we report its IM values and rank together with its top failure modes and
RPNs. This preserves the complementary roles of methodologies: interpretability of failure
modes from FMEA, and probabilistic rigor plus systemic perspective from FTA/RBD and
IMs, supporting risk-informed maintenance planning and resource allocation.

3.3. Propagation of Uncertainty

Acknowledging that, in practice, it is impractical to assume fixed parameters for the
TTF of each component, we explicitly treat parametric uncertainty in the TTF models
introduced in Section 3.2 and propagate its effect to the system reliability and IMs of
Section 3.3, following our previous approach [7].

For component i, let θi denote the parameters of the selected lifetime model (e.g., θ for
Exponential, (θ1, θ2) for Weibull).

Uncertainty propagation is performed via Monte-Carlo. For b = 1, . . . , B
(e.g., B = 10, 000) and all components i = 1, . . . , n.

1. Draw θb
i ∼ N (

θ̂i, V̂i
)
;
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2. Compute Rb
i (t) from the chosen lifetime model;

3. Evaluate Rb
sys(t) = φ

(
Rb

1(t), Rb
2(t), . . . , Rb

n(t)
)

via FTA or RBD;

4. Compute IMs
{

IB(b)
i , IRRW(b)

i , IRAW(b)
i , IFV(b)

i , IC(b)
i

}
.

After all iterations, we summarize Rsys (t), subsystems failure probabilities and IMs
by medians and 95% uncertainty intervals (Monte-Carlo percentiles). We also report rank
stability, i.e., the proportion of iterations in which each element appears at the top-k by a
given IM, to indicate prioritization robustness.

This procedure quantifies how uncertainty in lifetime-model parameters propagates
to system-level reliability and IMs, providing interval-based evidence rather than point
estimates alone.

General assumptions: Unless stated otherwise, component failures are treated as sta-
tistically independent (dependences are represented by the FTA/RBD structure function);
lifetime parameters are time-homogeneous over the analysis horizon; operating conditions
are stationary within the mission window; repairs are not modeled (focus on reliability
rather than availability). Candidates’ lifetimes, families, and parameter estimation follow
Section 3.2; IM are computed as shown in Section 3.3; and parametric uncertainty is quanti-
fied and propagated as shown in Section 3.4. Dataset-specific assumptions (e.g., mission
time, data sources) are detailed in the case study.

3.4. Closing the Loop: IMs, FMEA and Prioritization

The fourth methodological block introduces a conditional mechanism for knowledge
completion. If the critical failure modes of system components are unknown, the process
transitions toward the qualitative domain. Here, FMEA acts as an inference tool that
decomposes uncertainty about specific failure mechanisms into measurable indices: occur-
rence, detection, and severity. The derived RPNs close the inferential loop by generating a
criticality list that complements and validates the ranking obtained through IMs.

FMEA provides a structured list of components, their potential failure modes, and
the corresponding risk rankings (RPNi

j ∀ i ∈ n). These qualitative outputs are retained to
support the interpretation of quantitative results at a later stage.

Each component i ε {1, 2, . . . , n} is decomposed into potential failure modes f j
i with

j = 1, 2, . . . , mi. A failure mode is the distinct mechanism by which a failure presents
itself, resulting in a functional failure.

For each mode, three evaluation criteria are defined: occurrence Oj
i , severity Sj

i , and

detection Dj
i ; the RPN is computed as shown in Table 2.

Conceptually, this block closes the inferential loop: uncertainty about the system’s
behavior is reduced by aligning deductive reliability results with inductive field evidence.
The resulting criticality ranking not only identifies where failures are most probable but
also where they are most consequential, guiding maintenance decisions that balance ana-
lytical rigor and empirical knowledge. The following sections demonstrate the practical
value of this framework by presenting its application to SWCCT within a solid waste
management company.

4. Case Study

For empirical validation, the proposed methodology was implemented in a real-world
case study involving a fleet of SWCCT operated by a solid waste management company
in a Colombian city, thereby providing a relevant testbed to assess its applicability and
effectiveness under operational uncertainty.
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In this section, the case study is introduced by presenting its operational context,
the functional understanding of the SWCCT, and the scope of the analyses conducted
at both qualitative and quantitative levels. Rather than focusing on results, which are
developed in Section 5, the emphasis here is placed on explaining the system configuration,
outlining the operational challenges faced by the fleet, and clarifying the procedures
followed in each stage of the analysis. This structure ensures that the reader gains a
clear overview of the system and its environment before addressing the findings of the
methodology’s application.

The company operates a fleet that serves 248 urban routes dedicated to domestic
and recyclable waste collection, exposing the trucks to highly demanding operational
conditions such as steep terrain, long-distance travel to landfills, continuous loading and
unloading cycles, and frequent stops. These challenges make SWCCT an appropriate
testbed for assessing how reliability strategies that account for uncertainty can support
engineering decision-making, enhance resource allocation, and improve system resilience
in real-world environments.

4.1. Functional Analysis of System

SWCCT is the core unit of the vehicle, enabling reception, compaction, and temporary
storage of solid waste prior to its final transport. From a methodological perspective, the
decomposition of the system into hierarchical levels (system, subsystems, and components)
is a prerequisite for implementing reliability-based assessment frameworks. Structurally,
the SWCCT integrates two major subsystems: (i) the compaction system (CS) associated
with electric and control units responsible for waste compression and operational control;
and (ii) the heavy-duty truck system (HDTS), which collectively ensure vehicular mobility,
load-bearing capacity and reliable operation under demanding service

The structured breakdown not only allows the identification of functional interdepen-
dencies but also facilitates the quantification of failure probabilities at different aggregation
levels, which is fundamental for integrating uncertainty into risk evaluation. In summary,
the primary function of the SWCCT: the collection and transportation of municipal solid
waste to treatment facilities.

Building upon this system-level perspective, the subdivision into the compaction-
box structure (CBS) and the hydraulic subsystem (HS) provides a more detailed view for
analyzing reliability and risk propagation. CBS directly governs the mechanical integrity of
waste containment, while the HS determines the performance and operational continuity
of compaction (Figure 2).

Uncertainty in these subsystems arises from heterogeneous loading conditions, hy-
draulic pressure fluctuations, and wear mechanisms, all of which may trigger cascading
effects across the system. Therefore, emphasizing subsystems in the reliability framework
ensures a more detailed understanding of failure propagation, enabling a probabilistic
treatment that accounts for both epistemic and aleatory uncertainties inherent in waste
collection operations.

Extending this system-level integration, the subdivision of the HDTS into critical
subsystems—such as the engine, brakes and pneumatic subsystem, suspension, steering,
power transmission, and electric and control—introduces a finer resolution for analyzing
risk propagation (Figure 3).

29



Appl. Sci. 2025, 15, 11867

 

Figure 2. Compaction system of waste collection vehicles.

These subsystems represent diverse physical domains, and their interactions are
inherently nonlinear, making them key determinants of overall reliability. From a relia-
bility perspective, this interconnectedness highlights the importance of capturing both
aleatory uncertainties (stemming from variable loads, environmental stresses, and wear)
and epistemic uncertainties (derived from limited knowledge of degradation mechanisms).

4.2. Critical Components Analysis of SWCCT

Using failure records from December 2015 to January 2020 (hours), Exponential,
Weibull, and Lognormal TTF models were fitted using maximum likelihood for each
component, selected the best family by AIC (BIC as tiebreaker), and assessed absolute
fit with the Cramér–von Mises statistic (KS bootstrap p-values in Appendix A). Figure 4
summarizes both the empirical support (number of records) and the selected marginal
family—panel (a) for the compaction system and panel (b) for the heavy-duty truck system.
In line with mechanical wear mechanisms, Weibull predominates, while Exponential and
Lognormal appear where memoryless or multiplicative effects are plausible. Full parameter
estimates (with SEs) and diagnostics are reported in Appendix A. These fitted marginals
feed directly into the system-level computation described next.

Given the complexity of the SWCCT and the uncertainty regarding which subsystems
contribute most critically to overall reliability, the quantitative stage of the case study was
structured around an FTA (Figure 5). This approach was chosen because it provides a
direct representation of how specific component or subsystem failures propagate to total
system loss, aligning with the operational realities of the fleet. The FTA, when applied to
the failure data collected from the trucks, revealed that the HS5 showed no record failures;
the compaction system and truck-level subsystems—including power transmission, brakes,
and hydraulics—were the main contributors to system risks.
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Figure 3. Heavy-Duty Truck System of waste collection vehicles.

By mapping these interdependencies, the FTA demonstrated that the overall reliability of
the SWCCT is particularly vulnerable to failures in the compaction box and its hydraulics, or
in any major truck subsystem such as the engine, electrical, or control systems. The detailed
examination of the power transmission subsystem illustrated how single-component failures
can escalate into total subsystem collapse, underscoring the systemic fragility created by
tightly coupled elements. This practical insight provided by the FTA enabled the identification
of high-impact failure pathways, supporting targeted maintenance actions and risk-informed
decision-making for the fleet’s operation. The estimated reliability of the SWCCT was derived
from the FTA and component failure rates. The FTA included 28 basic events, resulting in 28
minimum cut sets due to the use of OR gates. Based on these quantifications and failure rates,
IMs were applied, and the results are discussed in the next section.
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Figure 4. Selected marginal TTF model by component: (A) compaction system; (B) Heavy-Duty
Truck System.

 

Figure 5. Fault Tree Analysis of waste collection vehicles.

4.3. Uncertainty Quantification of SWCCT

In accordance with what is described in Section 3.3, parametric uncertainty was
quantified under the marginal lifetime models and propagated to the SWCCT reliability
and IMs. For each basic event (failure of component), the fitted distribution parameters
(Appendix A) were treated as random: Exponential rates, Weibull and Lognormal were
sampled from their asymptotic MLE normal centered at with standard errors taken from
Appendix A. Positivity-constrained (rates, shapes, scales) were sampled from truncated
normal to enforce physical bounds. Then, for mission time, each draw yields the failure
probability of the component, i.e., the probability of a basic event. These probabilities are
then mapped through the FTA to obtain the top-event probability (complete failure of the
SWCCT) and, by complement, system reliability.

A Monte-Carlo simulation was run with parameter drawings. For each draw, we
computed component failure probabilities, propagated them through the FTA, and then
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evaluated the IMs. We summarize medians and 90% uncertainty intervals (5th and 95th
percentiles) for all IMs across the iterations. To support maintenance planning, we also
provide an uncertainty-informed ranking (top five of SWCCT components per IM) and
discuss their failure modes identified in the qualitative analysis.

4.4. Critical Modes Failures of SWCCT

Once critical components were identified, the subsequent FMEA revealed 322 potential
failure modes across systems and subsystems. This evaluation integrated both static sources,
such as manufacturer catalogs, troubleshooting guides, operations manuals, and dynamic
sources, including failure records and maintenance work orders collected over a four-year
period. Severity and occurrence rankings were assigned using standardized scales from
the literature [54,55], ensuring methodological consistency and comparability. However,
given the specific complexity of the SWCCT architecture, control design mechanisms and
maintenance execution dynamics for the SWCCT fleet, it was necessary to develop tailored
detectability criteria to better reflect diagnostic challenges faced in practice. These criteria
account not only for the technical difficulty of identifying a failure but also for the expertise
and personnel required to perform effective monitoring. As a result, the detectability
index captured dimensions not addressed by conventional scales, thereby unifying the
ranking procedure across all subsystems. This adaptation guaranteed a consistent and
system-specific evaluation of failure modes, as summarized in Table 3.

Table 3. FMEA detectability criteria.

Detection Likelihood of Detection Personal (Mechanic/Engineer) Ranking

Absolute Uncertainty
Design control (DC) cannot or will not detect

a potential cause, mechanism, or
failure mode

NA 10

Very Remote Extremely unlikely that DC will detect a
potential cause, mechanism, or failure mode NA 9

Remote Low likelihood that DC will detect a
potential cause, mechanism, or failure mode

Diagnosis of the cause/mechanism
requires disassembling multiple

components
8

Very Low Very small chance that DC will detect a
potential cause, mechanism, or failure mode

Diagnosis of the cause/mechanism
requires disassembling the

component.
7

Low Limited chance that DC will detect a
potential cause, mechanism, or failure mode

Diagnosis of the cause/mechanism
requires disassembling the

sub-system
6

Moderate Reasonable chance that DC will detect a
potential cause, mechanism, or failure mode

Diagnosis of the cause/mechanism is
possible without disassembling the

sub-system
5

Moderately high Fairly good chance that DC will detect a
potential cause, mechanism, or failure mode

The operator can diagnose the
cause/mechanism by disassembling

the component
4

High High likelihood that DC will detect a
potential cause, mechanism, or failure mode.

Available sensors allow diagnosis of
the cause/mechanism 3

Very High Very strong chance that DC will detect a
potential cause, mechanism, or failure mode.

An external observer can diagnose
the cause/mechanism 2

Almost Certain DC will almost certainly detect a potential
cause, mechanism, or failure mode

The subsystem/component can
self-diagnose the cause/mechanism 1

In practice, detectability was further refined to reflect the real-world constraints of
maintenance operations, including the level of expertise and personnel required to diagnose
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specific failures. This final adjustment ensured that subsystem-specific design variations
and operational realities were fully captured, reinforcing the robustness and applicability
of the evaluation framework.

5. Results

The critical evaluation of the components in the SWCCT is presented, using the
discussed methodology. Building on the functional analysis overview provided in
Figures 2 and 3, critical components of the SWCCT were identified by evaluating each
item using importance measures. For each item, measures of importance such as IB

i (t),
IRRW
i (t), IRAW

i (t), IFV
i (t), and ICR

i (t) were applied (see Figure 6).

Figure 6. Top 5 Components—Rank Stability for critical components for waste collection vehicles.

Consequently, Figure 6 presents the computation of the four IMs obtained from the
FTA of SWCCT. The Heavy-Duty Truck subsystems, particularly the Brakes and Pneumatic
System (B&PS), the Electrical and Control Subsystem (E&CS), and the Power Transmission
System (PTS), show the highest Importance Measure (IM) values, indicating the strongest
influence on the overall reliability of the SWCCT. In contrast, the Compaction Box Structure
(CBS) and Hydraulic System (HS) exhibit moderate IM values, suggesting that although
they are relevant for operational performance, they are not the dominant contributors to
system reliability.

Higher values of I(B)
i indicate components whose reliability variations produce sig-

nificant effects on the system-level reliability. In this case, B&PS1, E&CS3, and B&PS2
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exhibit the largest I(B)
i values, confirming that they belong to minimal cut sets directly

associated with the top event. Components in SUSS and STES show intermediate influence,
whereas HS and ES components display low marginal contributions, indicating a degree of
redundancy in those subsystems.

I(FV)
i values lie between 0.03 and 0.08, maintaining a consistent ranking pattern with

I(B)
i . The dominance of the B&PS and E&CS subsystems indicates that they act as failure-

propagation paths. The reduced dispersion across components within HS and ES confirms
that these subsystems act as reliability buffers under stochastic load conditions.

I(RRW)
i represents the relative improvement in system reliability if components B&PS1,

E&CS3, and B&PS2 were made perfectly reliable, indicating the largest potential gain
from maintenance or design improvement. Conversely, components from HS and ES
present I(RRW)

i ≈ 1.00, confirming minimal potential for reliability enhancement through
local interventions.

For ICR
i (t), it is observed that all components contribute proportionally to the overall

system reliability. The values range between 0.93 and 0.99, indicating a narrow dispersion
and suggesting that reliability improvements would benefit the entire system in a nearly
uniform manner. This pattern implies that proportional enhancements in component
reliability translate directly into global reliability gains. Such behavior is consistent with
the series-dominant configuration of the SWCCT, where overall performance depends on
the correct functioning of every subsystem.

For this case, ICR
i (t) and IRAW

i (t) are less meaningful because they become identical
when the unreliability of any component reaches one, indicating that system unreliability
is maximal.

In systems with series topology, the system reliability Rsys can be approximated as the
product of individual component reliability. Under this structure, even small variations
in the reliability of any component have a noticeable influence on Rsys, which explains
the relatively uniform criticality (ICR

i ) across components. Consequently, maintenance or
design actions that target general reliability improvement—rather than focusing solely on
isolated elements—will yield system-level benefits.

Figure 7 complements the deterministic (point) estimates of SWCCT reliability re-
ported in Table 4 by displaying the median trajectory and the 90% uncertainty bands,
obtained by propagating parametric uncertainty through the FTA.

Regarding the reliability of the vehicles, Figure 7 presents the results obtained when
quantifying the main systems of the SWCCT for different periods of operation (10, 20, 30,
40, and 50 h), in accordance with the operators’ interest in evaluating fleet reliability at the
beginning and at the end of the week (the SWCCT analyzed operates 10.44 h/day).

Table 4. Failure and Reliability under uncertainty of SWCCT.

Operational Time (Hours)

10 20 30 40 50

Reliability of SWCCT (5th percentile) 89.54% 80.01% 71.26% 63.34% 56.20%
Reliability of SWCCT (median) 90.74% 82.10% 74.06% 66.64% 59.83%

Reliability of SWCCT (95th percentile) 91.70% 83.79% 76.37% 69.42% 62.96%

Failure of SWCCT (5th percentile) 8.30% 16.21% 23.63% 30.58% 37.04%
Failure of SWCCT (median) 9.26% 17.90% 25.94% 33.36% 40.17%

Failure of SWCCT (95th percentile) 10.46% 19.99% 28.74% 36.66% 43.80%
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Figure 7. Uncertainty Analysis.

As outlined during methodology description (Section 3.3), once a baseline for system
reliability was established, continuing with uncertainty analysis provides a more realistic
view of prediction confidence over time. Figure 7 complements the deterministic estimates
of SWCCT reliability reported in Table 4 by displaying the median trajectory and the 90%
uncertainty bands, obtained by propagating parametric uncertainty through the FTA.

The reliability profile decreases monotonically with time, and the uncertainty bands
widen at longer horizons, indicating the accumulation of parameter uncertainty in the
system-level prediction. Relative to the deterministic curve, the uncertainty-aware median
is slightly lower at all horizons, which signals that point estimates are mildly optimistic
when parameter variability is acknowledged.

The IMs derived from the Fault Tree Analysis indicated that the Brakes and Pneu-
matic System (B&PS), Electrical and Control Subsystem (E&CS), and Power Transmission
System (PTS) are the most critical contributors to the overall reliability of the SWCCT.
Components within these subsystems exhibited the highest Birnbaum and Fussell–Vesely
importance values, confirming that small variations in their reliability have significant
effects at the system level. Conversely, the Compaction Box Structure (CBS) and Hydraulic
System (HS) showed moderate IM values, while the Electrical Supply (ES) and Structural
Subsystem (SUSS) presented the lowest ones, indicating lower marginal effects on the top
event probability.

Maintenance prioritization was further supported by failure modes ranked using
Risk Priority Numbers (RPNs), as described in the methodology (Figure 1). RPNs were
evaluated across components and grouped by subsystem, reinforcing the relevance of
B&PS, E&CS, and PTS—already identified as critical through IMs. Figure 8 presents NPR
values, highlighting failure modes concentrated in these subsystems.

The pneumatic braking subsystems require attention because two of their components
show the highest RPN values and have safety implications. Brake drum overheating is a
significant failure mode for braking subsystems, potentially caused by excessive braking
without engine assistance. These results align with the IM analysis, confirming that the
B&PS subsystem represents the main reliability bottleneck of the vehicle. The high NPR
concentration in a limited set of modes implies that corrective actions focused on these
faults can significantly reduce the overall operational risk.

Actions include inspection of braking assemblies, adjustment and replacement of
linings and drums, verification of air compressor operation, and calibration of pressure
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regulators and governors. The intermediate group of modes, mainly related to compressor
cycling, pedal response, and minor leaks, can be addressed through scheduled preventive
maintenance. Low-ranked modes require only periodic monitoring, since their individual
contribution to total risk is limited.

Figure 8. RPN summary for critical components for Systems according to IM prioritization.

The distribution of NPR values supports a tiered maintenance strategy. The highest-
ranked modes, which represent roughly 20% of the total number of modes, account for
most of the aggregated NPR. These should receive immediate preventive and corrective
attention. Actions include inspection of braking assemblies, adjustment and replacement
of linings and drums, verification of air compressor operation, and calibration of pressure
regulators and governors. The intermediate group of modes, mainly related to compressor
cycling, pedal response, and minor leaks, can be addressed through scheduled preventive
maintenance. Low-ranked modes require only periodic monitoring, since their individual
contribution to total risk is limited.

The following section presents the discussion of findings, examining their technical
implications, the relationship between system architecture and observed reliability patterns,
and the practical relevance of the proposed framework for maintenance management and
design improvement.

6. Discussion

The consistency between IM’s FMEA results demonstrates the internal validity of the
proposed reliability framework. Both methods identified the same dominant subsystems
within SWCCT, particularly the Brakes and Pneumatic System, Electrical and Control
Subsystem, and Power Transmission System. This alignment confirms that the IM-based
structural reliability model and the FMEA-based operational assessment converge in identi-
fying the most critical components. The result validates that the methodology consistently
links system-level reliability with component-level failure behavior.

The IMs provide a quantitative basis for determining which components have the
highest structural influence on system reliability. In contrast, the NPR index obtained
from the FMEA specifies which failure mechanisms should be prioritized within those
components. When analyzed together, the IMs define where design or maintenance
interventions produce the greatest effect, while the FMEA clarifies what failure modes
must be addressed. This complementarity ensures that system-level reliability analysis is
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translated into concrete maintenance actions. Discrepancies between IM and NPR rankings
arise mainly because IMs reflect structural sensitivity, whereas NPR combines severity,
occurrence, and detection—factors that describe the operational impact of failures. The
partial correlation observed between both approaches confirms that they are not redundant
but complementary in nature.

The uncertainty analysis confirms the stability of the framework. Variations in com-
ponent reliability parameters produced measurable changes in the system-level reliability
indices, confirming that uncertainty propagation has a direct effect on prioritization out-
comes. Subsystems that contain a higher number of components in series exhibit greater
sensitivity and therefore account for a higher proportion of overall system failures. This
structural characteristic explains why the heavy-duty truck section contributes to approxi-
mately 80% of total failures. Conversely, subsystems with partial redundancy, such as the
Hydraulic System and Electrical System, show reduced sensitivity and act as reliability
buffers under stochastic operating conditions.

The findings discussed above confirm that the integration of Importance Measures
and FMEA provides a consistent and operationally relevant framework for reliability
assessment and maintenance planning of SWCCTs. The combined approach ensures
that structural reliability analysis and failure mode prioritization converge toward prac-
tical decision-making criteria. By incorporating uncertainty into both system-level and
component-level evaluations, the methodology establishes a quantitative basis for prior-
itization that reflects real operating conditions. The following section presents the main
conclusions derived from this study, emphasizing the methodological contributions, the
implications for maintenance strategy design, and the potential extensions for future
research.

7. Conclusions

This paper presents a methodology for identifying critical components in complex
systems by integrating FMEA with IMs. This approach combines the qualitative risk assess-
ment provided by FMEA, which evaluates potential failure modes based on their effects,
causes and occurrence, with IMs, which use historical reliability data to identify critical com-
ponents. This dual approach adds structure to the analysis and provides an understanding
of system vulnerabilities, supporting the prioritization of maintenance efforts.

The application to SWCCT demonstrated that combining IMs and FMEA clarifies
the interpretation of reliability behavior. IMs determine which components most affect
system reliability, while FMEA identifies the specific failure modes that require attention.
Together, they enable more accurate maintenance prioritization and resource allocation
under uncertain operating conditions. The results obtained provide a consistent and
quantifiable overview of the reliability behavior of the SWCCT. The integration of IMs
and FMEA allowed the identification of subsystems and specific failure modes with the
highest impact on overall system performance, as well as establishing clear priorities for
maintenance planning and resource allocation. The coherence between both analytical
approaches supports the consistency of the proposed methodology for diagnosing reliability
structures in complex mechanical systems.

From a maintenance perspective, the integration of IMs and FMEA provides a system-
atic approach for reliability-based decision-making. The IMs identify the most reliability-
sensitive components, while the NPR refines maintenance priorities by ranking failure
modes within those components. The resulting prioritization map supports maintenance
scheduling, spare-part management, and inspection planning. Furthermore, by quantify-
ing uncertainty, the framework allows preventive maintenance intervals to be set that are
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both risk-informed and operationally feasible. Overall, the integrated analysis transforms
system reliability results into a decision-support tool for maintenance planning, ensuring
that efforts and resources are directed toward the components and failure mechanisms
with the highest impact on SWCCT reliability.

Future work should focus on extending the methodology toward dynamic reliability
updating using stochastic or Bayesian inference, integrating real-time condition monitoring,
and applying data-driven models to improve predictive maintenance and decision support
in uncertain operational environments.
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Abbreviations

B&PS Brakes and Pneumatic Subsystem
CDF Cumulative Distribution Function
CBS Compaction-Box Structure
CS Compaction System
C&BS Chassis and Bodywork
ES Engine
E&CS Electric and Control Subsystem
FMEA Failure Modes and Effects Analysis
FTA Fault Tree Analysis
HDTS Heavy-Duty Truck System
HS H Hydraulic Subsystem
IM I Importance Measures
PTS Power Transmission Subsystem
RAW Risk-Achievement Worth
RBD Reliability Block Diagrams
RPN Risk Priority Number
RRW Risk-Reduction Worth
STES Steering Subsystem
SUSS Suspension Subsystem
SWCT T Solid Waste Collection and Compaction Truck
SWM Solid Waste Management

Appendix A. Marginal Distribution Fit of SWCCT Components

This appendix reports the marginal TTF models fitted per component using the failure
records collected from December 2015 to January 2020. All TTF values are recorded in
hours. For each component, we fitted Exponential, Weibull and Lognormal distributions by
maximum likelihood and selected the best by AIC (with BIC as tiebreaker). Table A1 reports,

39



Appl. Sci. 2025, 15, 11867

for each component: sample size, selected model, parameter estimates with standard errors
(SE), Kolmogorov p-value, AIC, and the Cramér-von Mises. Across components, the
number of failure records ranges from 49 (Engine—Body and combustion chamber) to
2043 (Engine—Diesel-fuel pumping and injection system), providing robust samples for
distribution fitting.

Table A1. Results of marginal fitting for SWCCT’s components.

Component
Amount of

TTF Records
Best Model p-Value KS AIC

Cramér-Von
Mises Statistic

Parameter 1
Parameter

SE 1
Parameter 2

Parameter
SE 2

B&PS1 1090 Weibull 0.042 10,925.75 0.082 0.992 0.022 1450.69 1.828
B&PS2 1406 Weibull 0.067 13,254.34 0.198 1.021 0.019 1064.24 1.199
B&PS3 798 Weibull 0.717 8422.58 0.034 1.023 0.025 2086.00 2.795
CBS1 984 Lognormal 0.083 10,054.58 0.258 7.200 0.045 1.27 0.032
CBS2 400 Weibull 0.003 4898.79 0.314 1.010 0.034 1035.07 9.540
CBS3 838 Lognormal 0.001 8741.77 0.534 7.459 0.047 1.29 0.033

E&CS1 209 Exponential 0.125 2736.78 0.180 1.15 × 10−4 0.000
E&CS2 625 Weibull 0.099 6855.31 0.065 1.002 0.028 2373.38 3.955
E&CS3 1120 Lognormal 0.051 10,791.35 0.684 6.635 0.041 1.27 0.028

ES1 2043 Weibull 0.067 17,979.67 6.34 × 10−9 1.029 0.018 775.26 0.644
ES2 292 Exponential 0.555 3668.60 0.080 1.86 × 10−4 0.000
ES3 753 Weibull 0.536 8142.38 0.068 0.977 0.024 2261.67 3.432
ES4 215 Exponential 0.553 2809.04 0.053 1.41 × 10−4 0.000
ES5 49 Exponential 0.338 700.24 0.132 8.39 × 10−5 0.000
HS1 379 Weibull 0.010 4505.43 0.159 1.007 0.033 5979.51 8.244
HS2 254 Exponential 0.139 3210.05 0.184 1.19 × 10−4 0.000
HS3 124 Exponential 0.479 1725.24 0.128 8.61 × 10−5 0.000
HS4 378 Weibull 0.111 4490.65 0.087 1.003 0.032 4562.83 8.835
PTS1 125 Exponential 0.331 1741.62 0.102 7.96 × 10−5 0.000
PTS2 831 Weibull 0.098 8594.84 0.153 1.023 0.022 1957.76 2.622
PTS3 705 Lognormal 0.032 7552.40 0.243 8.049 0.050 1.28 0.035
PTS4 211 Weibull 0.616 2719.82 0.045 1.017 0.047 7600.38 18.137

STES1 554 Exponential 0.050 6186.12 0.220 1.83 × 10−4 0.000
STES2 311 Exponential 0.270 3873.64 0.073 3 × 10−4 0.000
STES3 421 Exponential 0.882 4939.82 0.049 3.60 × 10−4 0.000
SUSS1 381 Weibull 0.116 4549.82 0.086 1.018 0.045 4109.83 7.233
SUSS2 510 Weibull 0.006 5828.77 0.294 1.009 0.029 4857.29 5.689
SUSS3 810 Weibull 0.022 8538.50 0.189 1.014 0.023 2449.14 2.881

Parameters conventions: Exponential uses rate λ; Weibull uses shape k and scale λ; lognormal uses meanlog μ
and sdlog σ. Standard errors (SEs) are the asymptotic MLE SEs. The Kolmogorov p-value reported is obtained via
parametric bootstrap for the selected model.
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Abstract: The accurate prediction of shear wave velocity (Vs) is critical for earthquake
engineering applications. However, the prediction is inevitably influenced by geotechnical
variability and various sources of uncertainty. This paper investigates the effectiveness
of integrating explainable machine learning (ML) model and Bayesian generalized linear
model (GLM) to enhance both predictive accuracy and uncertainty quantification in Vs
prediction. The study utilizes an Extreme Gradient Boosting (XGBoost) algorithm coupled
with Shapley Additive Explanations (SHAPs) and partial dependency analysis to identify
key geotechnical parameters influencing Vs predictions. Additionally, a Bayesian GLM is
developed to explicitly account for uncertainties arising from geotechnical variability. The
effectiveness and predictive performance of the proposed models were validated through
comparison with real case scenarios. The results highlight the unique advantages of each
model. The XGBoost model demonstrates good predictive performance, achieving high
coefficient of determination (R2), index of agreement (IA), Kling–Gupta efficiency (KGE)
values, and low error values while effectively explaining the impact of input parameters
on Vs. In contrast, the Bayesian GLM provides probabilistic predictions with 95% credible
intervals, capturing the uncertainty associated with the predictions. The integration of these
two approaches creates a comprehensive framework that combines the strengths of high-
accuracy ML predictions with the uncertainty quantification of Bayesian inference. This
hybrid methodology offers a powerful and interpretable tool for Vs prediction, providing
engineers with the confidence to make informed decisions.

Keywords: shear wave velocity prediction; geotechnical variability; uncertainty quantification;
machine learning; extreme gradient boosting; generalized linear model

1. Introduction

Shear wave velocity (Vs) is a critical parameter in geotechnical and earthquake engi-
neering. It has the greatest effect on the determination of dynamic behavior of soil and rock
materials during seismic events [1–3]. Vs can be measured with either invasive (e.g., seismic
cone penetration test, SCPT, cross-hole test, CHT, downhole test, DHT) or noninvasive
(e.g., multichannel analysis of surface waves, MASW) techniques [4–8]. Integrating these
tests with laboratory tests enables site characterization and the identification of potentially
liquefiable lithological units, which is essential for hazard assessment [9,10]. While these
methods offer the benefit of testing the soil in its natural environment, they tend to be
time-consuming and economically infeasible for routine geotechnical exploration programs.
Consequently, researchers have developed empirical correlations to estimate Vs using
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CPT parameters (cone tip resistance qc and sleeve friction fs). Many notable examples
of such correlations can be found in the literature (e.g., see the works of Robertson and
others [11–13]). However, these empirical models often exhibit limitations in generalization,
as they are based on site-specific data and are unable to capture the complex, non-linear
relationships inherent in the soil properties influencing Vs. Regardless of the techniques,
there is unavoidable uncertainty in the final Vs profile, which contributes to uncertainty in
site response predictions [14].

Accounting for Vs uncertainty is of paramount importance in engineering applications.
While there has been a great deal of research on the significance of incorporating uncertainty
of Vs into engineering practices, no universally accepted methods exist for realistically
addressing this critical issue [14]. Matasovic and Hashash [15] highlighted the use of
bounding-type profiles, which is developing upper and lower bounds (e.g., ±20%) around
a base Vs profile to represent potential variability. Additionally, statistical approaches, such
as Monte Carlo simulations and the Toro [16] Vs randomization model, have been utilized to
generate a range of Vs profiles that reflect the inherent uncertainty in subsurface conditions.

With the increasing availability of high-quality, freely accessible data (e.g., CPT data),
the use of machine learning (ML) algorithms for soil characterization has become increas-
ingly popular in recent years [17,18]. Research related to Vs prediction using various
algorithms shows promising results. Notable examples include predictions of Vs from CPT
parameters (e.g., see authors’ previous research and many others) [19–22]. ML algorithms
excel at learning complex relationships within data without relying on the prior knowledge
of the underlying mathematical models. This capability makes them highly effective for
analyzing highly variable geotechnical data. However, the development of ML models
must be approached with caution, as their performances heavily depend on several factors,
including data preprocessing, feature selection, and hyperparameter tuning.

With the growing interest in predictive modeling for soil characterization, Bayesian
generalized linear models (GLMs), have also emerged as a focus of study. Bayesian GLMs
can be considered valuable tools alongside ML algorithms, particularly in geotechnical
applications where data variability and uncertainty are prevalent. To the best of the authors’
knowledge, no previous study has reported on assessment of Vs predictions by integrating
ML and Bayesian GLM approaches. The aim of this study is to develop Bayesian GLM and
ML models to predict Vs using CPT parameters. For the ML model, the Extreme Gradi-
ent Boosting (XGBoost) algorithm coupled with Shapley Additive Explanations (SHAP)
analysis was chosen due to its high performance in predictive models. Following the de-
velopment of Bayesian GLM and XGBoost models, a comparative analysis was conducted
against real SCPT data from different locations to validate the predictive capabilities of the
proposed models.

2. Data-Driven Shear Wave Velocity (Vs) Prediction Models

In the following subsections, we will discuss Bayesian GLM and XGBoost algorithms
for the development of Vs prediction models.

2.1. Bayesian Generalized Linear Model

The Bayesian framework has been utilized in geotechnical parameter estimations for
some time now. This approach offers a powerful paradigm to estimate soil parameters in a
probabilistic manner. However, studies on Vs prediction using the Bayesian framework are
limited. Bayesian GLM provides a robust framework for integrating CPT data to enhance
the accuracy and reliability of Vs predictions. Bayesian GLM are readily available through
rstanarm [23] package and can be implemented through R programming language [23].
In this study, we formulate a Bayesian approach to model the relationship between Vs
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and CPT parameters using a GLM framework. The general form of Bayesian GLM can be
expressed as follows [24]:

Let Y represent Vs and X represent CPT parameters (e.g., cone tip resistance, qc; sleeve
friction, fs; friction ratio, Rf). Then, the relationship between Y and predictor variables X
can be expressed as

Y = M(X) + E (1)

where Y is predicted Vs, M(X) is the linear predictor function based on the predictor
variables and E is an error term.

The linear predictor can be defined as

M(X) = β0 + β1qc + β2 f s + . . . + βpXp (2)

where β0 is the intercept and βi (i = 1, 2, . . . , p) is the coefficient of Xi.
The Bayesian GLM requires specifying prior distributions for the intercept and coef-

ficients. The values of these parameters are equally likely to be positive or negative, but
they are highly unlikely to be far from zero. These beliefs can be represented using normal
distributions with a mean of zero and a small standard deviation. The default priors in
rstanarm package perform well for most cases. Prior distributions for the coefficients can
be defined as

βi ∼ Normal
(

0, σ2
βi

)
(3)

where σ2
βi

is variance of prior distribution of the coefficients. Similarly, the prior distribution
for the intercept can be defined as

β0 ∼ Normal
(

0, σ2
β0

)
(4)

where σ2
β0

is variance of prior distribution of the intercept.

The error term is assumed to follow normal distribution with a mean of 0 and variance σ2).

E ∼ Normal
(

0, σ2
)

(5)

Common choices for the prior distribution of the variance of error include the expo-
nential, inverse gamma, and half-normal distributions. In this study, the exponential prior
distribution (the default for GLM in the rstanarm package, with rate parameter λ = 1) was
considered. It is worth noting that the priors are internally adjusted in rstanarm to account
for data scaling and centering.

σ ∼ Exponential(λ) (6)

Assuming normally distributed errors, the likelihood function can be expressed as

L
(

Y
∣∣∣X, β, σ2

)
=

n

∏
i=1

1√
2πσ2

exp

(
− ( Yi − M(Xi))

2

2σ2

)
(7)

By using Bayes’ theorem, the posterior distribution of the parameters can be derived as

P(β|Y, X) ∝ L
(

Y
∣∣∣X, β, σ2

)
P(β) (8)

The actual values of posterior distributions of the parameters are rarely obtainable
through analytical methods. Therefore, Markov Chain Monte Carlo (MCMC) simu-
lation is commonly used to explore the posterior target distribution through random
sampling [25,26]. In MCMC simulations, the Markov chains should converge to stationary
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distributions. To ensure that the chains mix well within parameter space, visual inspec-
tions of the chains and statistical tests, such as the Gelman and Rubin Rhat statistics [27],
should be conducted. At convergence, Rhat is expected to be below 1.2, which indicates
that the between-chain and within-chain variances for the model parameters are in good
agreement [28–30]. This threshold serves as a guideline to confirm that the Markov chains
have mixed well and that the posterior estimates are reliable and representative of the
target distribution.

2.2. Extreme Gradient Boosting (XGBoost) Algorithm

XGBoost algorithm is a powerful machine learning algorithm known for its efficiency,
scalability, and ability to handle large datasets with high-dimensional feature spaces and
non-linear relationships [31]. In this study, XGBoost was selected to develop a Vs predictive
model using seismic cone penetration tests (SCPTs) and SCPTs with a pore water pressure
measurement (SCPTu) dataset. Each observation in the dataset represents a measurement
from SCPT or SCPTu (e.g., cone resistance (qc), sleeve friction (fs), and depth, among
others). These observations (features) are used as an input to the XGBoost model for the
prediction of output (in this case the Vs). The XGBoost algorithm has the capability to
discover patterns and relationships in the data without requiring pre-defined mathematical
models. For instance, the relationships between Vs and geotechnical parameters (e.g., qc
and fs) may involve non-linearities and are difficult to express mathematically. XGBoost
overcomes this limitation by learning directly from the data, making it particularly suited
for SCPT-based Vs predictions where the physical or mathematical relationships may be
unknown or too complex to model explicitly. The model uses an ensemble of decision trees,
built iteratively to minimize the prediction error by optimizing a loss function. Specifically,
XGBoost combines weak learners (individual trees) in a sequential manner, where each tree
corrects the errors of its predecessors.

In XGBoost, a regularization parameter was incorporated to reduce model complexity
and prevent overfitting. The objective function of XGBoost is defined as follows [31]:

L(φ) =
N

∑
i=1

l(yi, ŷi) +
T

∑
i=1

Ω( ft) (9)

where L(φ) is objective function, l(.) is loss function that measures difference between
actual value yi and predicted value ŷi, N is number of observations, T is number of
estimators, and Ω( ft) is regularization parameter defined as

Ω( ft) = γT +
1
2

λωt (10)

where T is the number of nodes, and ωt weight of the leaf nodes, and γ and λ are regular-
ization coefficients that control the model’s complexity.

The predictive performance and generalization capability of XGBoost depends on
the values of its hyperparameter. Therefore, the optimal hyperparameter values must be
determined through hyperparameters tuning techniques. A next-generation optimization
framework, Optuna, is widely used [32]. To prevent overfitting during the tuning process,
k-fold cross validation techniques are commonly employed. This process helps the identifi-
cation of the optimal parameter configuration that maximizes the model’s coefficient of
determination (R2) while avoiding overfitting.

To analyze the influence of input features on the optimized XGBoost model, partial
dependence plots (PDPs) and SHAPs were utilized. SHAP, introduced by Lundberg [33],
offers a unified framework for interpreting feature importance in the model. SHAP assigns
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a unique Shapley value (φj) to each feature based on its contribution to the model output.
For a prediction f (x), SHAP is expressed as [33]:

f (x) = φ0 +
N

∑
j=1

φj (11)

where φ0 is base value (average model output for the dataset), φj is SHAP value for feature
j and it is defined as

φj = ∑
S⊆N�{j}

|S|!(|N| − |S| − 1)!
|N|! [ f (S ∪ {j})− f (S)] (12)

where N is total number of input features, S is a subset of features excluding j, f (S) is the
model prediction for the subset S, |S| is the number of features in subset S, and S ⊆ N � {j}
means that S is a subset of the set of features N excluding feature j. The feature with the
highest absolute SHAP value is considered the most influential in the model’s decision-
making process.

PDPs can be used to visualize the interactions between the input features and the target
variable in machine learning models [34]. In this study, PDPs were employed to analyze
the relationship between input features and the target variable, Vs. By marginalizing over
all other features, PDPs enable a clear depiction of the isolated effect of a single feature on
Vs. The PDPs can reveal whether the relationship between Vs and input features is linear,
monotonic, or non-linear. From the PDP analysis, it is possible to identify key features that
contribute significantly to the predictions of Vs.

3. Methodology

This study focuses on developing XGBoost and Bayesian GLMs for predicting Vs.
Figure 1 presents the methodology used for the development and evaluation of these
predictive models. The process begins with the preprocessing of SCPT and SCPTu datasets.
The preprocessed dataset was used for the development of the XGBoost model, conducting
partial dependence analysis to identify impactful features, and fitting the Bayesian GLM.
Model evaluations include PDPs and SHAP analysis for the XGBoost model and a compar-
ison of the predictive performance of both models. The following sub-sections provide a
detailed description of the research data, performance metrics, and the assessment of the
models’ predictive capabilities.

3.1. Training and Testing Dataset

The data used in this study were provided by Graz University of Technology [35]
(Graz, Austria). The complete dataset consists of 1339 cone penetration tests (CPT, CPTu,
SCPT, and SCPTu) conducted in Austria and Germany by Premstaller Geotechnik ZT
GmbH [35] (Hallein, Austria). For this study, we utilized only the SCPT (46 tests in total)
and SCPTu (50 tests in total) datasets. The SCPT and SCPTu can measure Vs at various
intervals (e.g., at every 1 m) along the penetration depth, in addition to cone penetration
data (i.e., cone tip resistance, qc and sleeve friction, fs). Before training the ML algorithm,
the dataset underwent preprocessing. Raw data are rarely error-free or perfectly structured
for ML training. Data often arrive in raw, messy, or incomplete forms, rendering them
unsuitable for direct use in ML models. Initially, the dataset was filtered to include only
SCPT and SCPTu tests. Unnecessary columns, and non-relevant measurements, were
removed. Rows with zero or negative values for critical parameters were excluded. The
differences in sampling intervals between CPT and Vs measurements were reconciled
as per procedures described in [36]. This involved computing interval-based statistics
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(mean and coefficient of variation, cv) for relevant input features within the depth intervals
where Vs data were recorded. Initial input features considered include mean cone tip
resistance (qc_mean) and its coefficient of variation (qc_cv); mean sleeve friction (fs_mean)
and its coefficient of variation (fs_cv); mean friction ratio (Rf_mean) and its coefficient of
variation (Rf_cv); mean of soil behavior type index (Ic_mean); total overburden stress (σ,v);
and depth of soil while Vs served as the target variable. Outliers in Vs were identified
and removed using the interquartile range (IQR) method, with a threshold of 2.5 times
the IQR above the third quartile. The cleaned and processed dataset was then saved for
further modeling and analysis. Table 1 presents a statistical summary of the dataset after
preprocessing, while Figure 2 displays a pair plot of the input features and the target
variable, Vs. The diagonal of the matrix contains histograms that illustrate the distribution
of each individual feature. The off-diagonal scatter plots depict the pairwise relationships
between features. Additionally, the upper triangle includes linear correlation coefficients,
highlighting the strength and direction of these relationships.
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Figure 1. Flow diagram illustrating the methodology for developing and evaluating XGBoost and
Bayesian GLMs.
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Table 1. Statistical summary of input features.

Metrics
qc_mean
(MPa)

qc_cv (-)
fs_mean

(kPa)
fs_cv (-)

Rf_mean
(%)

Ic_mean
(-)

Depth
(m)

σ,v (kPa) Vs (m/s)

Mean 4.24 0.24 50.53 0.26 2.29 2.74 13.38 254 237.6
STD 7.12 0.25 56.57 0.21 3.16 0.65 9.01 171 91.1

Minimum 0.02 0 0.35 0 0.09 0 0.5 9.5 22
Maximum 74.75 2.59 820.25 1.79 112.95 4.06 49.5 941 547

Count 3600 3600 3600 3600 3600 3600 3600 3600 3600

Figure 2. Correlation matrix illustrating the relationships between input features.

The XGBoost model was trained on 80% of the dataset, while the remaining 20% of
the dataset was used to evaluate its performance. To ensure the model’s robustness and
minimize the risk of overfitting, hyperparameter optimization was conducted using the
Optuna framework. This optimization process was paired with 10-fold cross-validation,
where the training dataset was divided into 10 equal subsets. In each trial, the model
was trained on nine folds and validated on the remaining fold. The primary objective of
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the optimization was to maximize the coefficient of determination (R2). The optimized
model was used to conduct partial dependence analysis to examine the influence of each
feature on Vs. Features with negligible importance were excluded, and the model was
retrained using the updated feature set. For the Bayesian GLM, only features exhibiting
a linear or nearly linear relationship with Vs were selected. The performance of the final
XGBoost model was assessed using multiple statistical metrics. Additionally, the predictive
performance of both the Bayesian GLM and XGBoost models was validated on a separate
validation dataset.

3.2. Hungarian Seismic Cone Penetration Test (SCPT)

The cone penetration test (CPT) data have been in use by Hungarian geotechnical
engineers for quite some time. A wealth of CPT data is readily available for research
purposes. This study used SCPT data (see Figure 3) from Hungary (Pak site) to validate
the predictive performance of Bayesian GLM and XGBoost models. The local soil deposit
at the site is predominantly characterized by fluvial sediments from the Danube River.
Details about the SCPT procedures and geological characteristics are available elsewhere
and readers are encouraged to refer to [3,36–39].
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Figure 3. Seismic cone penetration (SCPT) data used for model validation.

3.3. Performance Measurements

The predictive performance of the Bayesian GLM and XGBoost models was evaluated
by computing various performance and error metrics (Table 2). For Bayesian GLM, trace
plot and R-hat, mean prediction, 95% credible intervals were used to assess the performance.
Additionally, the linear correlation coefficients (r) between the measured Vs values and
the predicted values for the validation dataset were computed for both models.
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Table 2. Performance and error metrics used to evaluate Vs predictive capabilities of XGBoost and
Bayesian GLM.

Metrics Formula Ideal Value Equation. No

Correlation coefficient r = ∑n
i=1 (xi−x)(yi−y)√

∑n
i=(xi−x)2

√
∑n

i=(yi−y)2
1 (13)

Coefficient of
determination R2 = 1 − N

∑
i=1

(xi − yi)
2

(xi − x)2
1 (14)

Index of Agreement IA = 1 − ∑N
i=1(yi−ŷi)

2

∑N
i=( |yi−y|+|ŷi−y|)2

1 (15)

Kling–Gupta efficiency
KGE = 1 −√

(r − 1)2 + (α − 1)2 + (β − 1)2 1 (16)

Mean squared error MSE = 1
n

n
∑

i=1
(xi − yi)

2 0 (17)

Root mean squared
relative error RMSRE =

√
1
n

n
∑

i=1

(
xi − yi

xi

)2
0 (18)

Mean absolute error MAE = 1
n

n
∑

i=1
|xi − yi| 0 (19)

Mean absolute
relative error MARE =

1
n

n
∑

i=1

∣∣∣∣ xi − yi
xi

∣∣∣∣ 0 (20)

Mean square relative error MSRE =
1
n

n
∑

i=1

∣∣∣∣ xi − yi
xi

∣∣∣∣2 0 (21)

Mean bias error MBE = 1
n

n
∑

i=1
(xi − yi) 0 (22)

Maximum absolute
relative error MaxARE = Max

(∣∣∣ xi−yi
xi

∣∣∣) 0 (23)

Let X represent the measured Vs values and Y represent the predicted Vs values. Then, xi represents the ith value
of variable X, x is mean of X, yi is the ith value of variable Y, y is the mean of Y, r represents the linear correlation
coefficients, and n is the number of data points.

The predictive performance of XGBoost model was further evaluated using sev-
eral metrics, including the coefficient of determination (R2), index of agreement (IA),
Kling–Gupta efficiency (KGE), mean squared error (MSE), root mean squared relative
error (RMSRE), mean absolute error (MAE), mean absolute relative error (MARE), mean
square relative error (MSRE), mean bias error (MBE), and maximum absolute relative error
(MaxARE) [40–42]. These metrics provide a comprehensive quantitative evaluation of the
models in predicting the Vs. IA, KGE, and R2 indicate overall agreement and explanatory
power, with ideal values close to unity, while error metrics quantify prediction errors (lower
values indicate high performance).

4. Discussion

In the following subsections, the Vs prediction capabilities of the proposed models
are evaluated. The Bayesian GLM was implemented in R while the XGBoost model was
implemented in Python (version 3.11.7).

4.1. Evaluation of the Models

Table 3 presents the optimized critical hyperparameters of the XGBoost model. These
hyperparameters were fine-tuned through Optuna with a 10-fold cross-validation technique
to enhance the model’s predictive performance. The Optuna framework iteratively trained
and evaluated models using the mean R2 score across the cross-validation folds as the
objective metric. By focusing on maximizing this metric, Optuna identified the optimal set
of hyperparameters (see Table 3) that balanced accuracy and generalization. The results of
the hyperparameter importance analysis are illustrated in Figure 4. As can be observed,
the relative importance of each parameter is ranked based on its contribution to model
performance. Among the hyperparameters, the learning rate (eta) emerged as the most
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influential factor. This underscores its pivotal role in determining the pace of model updates
during training. Following the learning rate, the subsampling ratio and maximum tree
depth (max_depth) were found to significantly affect model performance. The max_depth
governs the complexity of the decision trees, allowing the model to capture complicated
patterns in the dataset. Notably, the regularization term (lambda) exhibited relatively lower
importance indicating that the other hyperparameters already provided sufficient control
over model complexity.

Table 3. Optimized hyperparameters values of XGBoost model.

Hyperparameters Search Span Optimized Values

Number of trees (n_estimators) 50–600 444
Learning rate 0.001–0.5 0.0094

Maximum depth of trees 1–10 10
Subsampling ratio 0.05–1 0.640

L1 Regularization term on weights (reg_alpha) 0.01–1 0.208
L2 Regularization term on weights (reg_lambda) 0.01–1 0.603

Column subsampling ratio per tree
(colsample_bytree) 0.5–1 0.707

Minimum loss reduction required to make a
further split (gamma) 0–10 8.79

Maximum number of bins for feature
quantization (max_bin) 128–512 499

Balancing weight for positive and negative
classes (scale_pos_weight) 0.1–10 6.09

reg_lambda
scale_pos_weight
colsample_bytree

gamma
max_bin

n_estimators
reg_alpha

max_depth
subsample

learning rate
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Figure 4. Hyperparameter importance of XGBoost algorithm.

The partial dependence analysis was conducted to explore the relationships between
key input features and the predicted Vs. The results (see Figure 5) indicate that Vs ex-
hibits positive correlations with σ,v, qc_mean, fs_mean, depth and qc_cv. The relationship
between Ic_mean and Vs, however, is non-linear, indicating a complex influence on Vs pre-
dictions. This non-linear interaction can be effectively captured by the XGBoost model but
could not be accommodated by the linear framework of the Bayesian GLM. Consequently,
Ic_mean was excluded from the Bayesian GLM. In contrast, fs_cv, Rf_mean and Rf_cv
show negligible influence on Vs, as observed from their flat PDP curves. These parameters
were excluded from both the XGBoost and Bayesian GLMs to optimize performance. As a
result, the final optimized XGBoost model was trained using σ,v, qc_mean, fs_mean, depth,
qc_cv, and Ic_mean, while Bayesian GLM was fitted using σ,v, qc_mean, fs_mean, depth,
and qc_cv.
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Figure 5. Partial dependence plots.

The predictive performance of the optimized XGBoost model is presented in Figure 6.
In Figure 6a, the Vs values predicted by XGBoost model for both the training and testing
dataset are plotted against measured Vs values. The diagonal dashed green line (y = x)
represents perfect prediction (i.e., the predicted Vs values match the measured Vs values).
A good agreement is observed between predicted and measured Vs values. The residual
(the difference between predicted and measured Vs) plots for the predictions are illustrated
in Figure 6b. It can be observed that random scatters of residuals around zero (horizontal
dashed green line) for both training and testing dataset, indicating unbiased predictions.
On the right side of the scatter plots, histograms of the residuals are presented. These
histograms offer a visual summary of the distribution of residuals. For the training dataset,
the residuals appear to be symmetrically distributed around zero, with a relatively narrow
spread, indicating strong predictive performance and minimal bias. In contrast, for the
testing dataset, the residuals exhibit a slightly wider spread, reflecting the model’s reduced
performance on unseen data. However, the residuals are still centered around zero, sug-
gesting that the model generalizes reasonably well without significant overfitting. The
results demonstrate the robustness of the XGBoost model and emphasize the importance
of data preprocessing, feature selection, and hyperparameter optimization in improving
model performance.
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Figure 6. Predictive performance of the XGBoost model: (a) scatter plots of predicted Vs versus
measured Vs for the training and testing datasets; (b) residual scatter and histogram plots for training
and testing datasets.

The predictive performance of the model across various performance metrics (R2,
IA, KGE) and error metrics are summarized in Table 4 for both the training and testing
dataset. For instance, the model achieved an R2 of 0.54, an IA of 0.84 and KGE of 0.65
on the test dataset. For the training dataset, the model achieved an R2 of 0.91, an IA of
0.97 and KGE of 0.82. The difference in performance between the training and testing
datasets can be attributed to the complexity and variability inherent in the test data, which
were not fully captured during model training. This difference is a common occurrence
in ML models, particularly when the training data does not encompass all the potential
variations present in the test set. Additionally, while the model was designed to generalize
well and hyperparameter optimization techniques were employed to mitigate overfitting,
the relatively lower performance on the test dataset reflects the challenges in accurately
modeling highly complex or non-linear relationships between input features and the
target variable Vs. However, these results are superior to those reported in [20]. The
improvements can be attributable to the feature selection and data preprocessing step.

Table 4. Performance of XGBoost model on test and train dataset.

Performance Metrics Test Dataset Train Dataset

R2 0.54 0.91
IA 0.84 0.97

KGE 0.65 0.82
MSE 3792 781

RMSRE 0.39 0.22
MAE 41 19.6

MARE 0.21 0.11
MSRE 0.15 0.05
MBE 1.12 0.13

MaxARE 3.30 3.95

Figure 7 shows SHAP analysis results, where the input features are displayed on the
y-axis in descending order based on their contribution to the Vs prediction. The most
influential feature appears at the top. The x-axis represents SHAP values, which quantify
the contribution of each feature to the model’s prediction. A positive SHAP value indicates
that the feature increases the predicted Vs, whereas a negative SHAP value indicates a
decrease in the predicted Vs. The SHAP values are represented by colored points that
indicate the influence of the features on the model (Figure 7a). Each point reflects the
impact of specific features on an observation from the entire database. The red color in
the figure indicates high feature values while the blue color indicates low feature values.
Positive SHAP values (red points) increase the Vs prediction while the negative SHAP
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value (blue points) decrease Vs prediction. For instance, for cone tip resistance (qc_mean),
the red points predominantly on the positive side indicate higher qc_mean value generally
increase Vs. On the other hand, the blue points on the negative side indicate lower qc_mean
values generally decrease Vs. Interestingly, the instances of red points on the left or blue
points on the right indicate a non-linear relationship between the feature and Vs. The
global impact of features on Vs is shown by the mean absolute SHAP values of each feature
(Figure 7b). Features with higher bar length indicate significant impact on the Vs. It can be
observed that total overburden stress σ,v is the most influential feature, followed by cone
tip resistance and sleeve frictions. On the other hand, the depth and soil behavior type
index have lower impact on Vs. It is important to note that less impactful features were
removed from the model, and only these features were incorporated into the final model.
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Figure 7. Summary of global feature impacts (a) and importance rankings (b) for input features.

The Bayesian GLM was fitted on the complete dataset using the final predictors
identified through partial dependence analysis. It is important to note that the term
“predictors” is more appropriate for the Bayesian GLM, while the term “input features”
is suited for the ML models. In this study, both terms refer to the same geotechnical
parameters. The model was developed using rstanarm package with four independent
Markov chains, each consisting of 10,000 iterations, of which the first 1000 iterations were
discarded as burn-in period. Weakly informative prior (normal prior (0, 2.5) for the intercept
and coefficients, and an exponential prior (λ = 1) for the variance of the error term) were
used. The performance of the model was evaluated using Rhat convergence diagnostic
(evaluation of the agreement between between-chain and within-chain estimates for the
model parameters), Monte Carlo Standard Error, MCSE (the ratio of standard deviation
of the model parameters to the square root of the effective sample size), and trace plots of
the parameters.

Figure 8 illustrates the convergence of Rhat values across the first 6000 iterations (burn-
in period excluded) for the model fitted using four independent Markov chains. As can be
observed, Rhat values remained consistently close to one (0.996–1.016) across iterations for
each model parameter. This indicates the effective convergence of Markov chains. The trace
plots (Figure 9) show the sampling behavior of Markov chains for each model parameter. It
can be observed that the sampling demonstrates stable posterior distributions and reliable
inference for all model parameters, as evidenced by well-mixed chains with no apparent
trends. Table 5 summarizes the MCMC diagnostics (mean, standard deviation, MCSE, Rhat,
and effective sample size n_eff) for the model parameters. The final Rhat values (computed
based on all iteration) are nearly one, further confirming the convergence of the MCMC
chains. Additionally, high effective sample sizes and minimal MCSE values validate the
robustness of the parameter estimates.
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Figure 9. Trace plots depicting the sampling dynamics and convergence behavior of each model
parameter in the Bayesian GLM.

Table 5. MCMC diagnostics for the Bayesian GLM.

Parameters Mean STD MCSE (%) Rhat n_eff

Intercept 5.387 0.006 0.004 1.000 32,562
qc_mean 0.079 0.010 0.007 0.999 19,341

qc_cv 0.015 0.007 0.004 1.000 28,913
fs_mean 0.092 0.010 0.007 1.000 19,305

σv 0.092 0.786 0.65 0.999 14,770
Depth 0.109 0.787 0.65 1.000 14,771

4.2. Validation of the Models

The Bayesian GLM was evaluated using validation SCPT data from Hungary to assess
its predictive performance. Figure 10 presents the comparison between the measured and
predicted Vs values across varying depths. Figure 10a displays the mean predictions (blue
diamonds) with 95% credible intervals (2.5–97.5%), along with the measured Vs values
(red stars). The close alignment of the predicted mean values with the measured values
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across the entire depths demonstrates the model’s accuracy and reliability. The lower plots
(Figure 10b,c) provide a detailed analysis of predictions at a depth of 10 m (selected for
illustration purpose only). The histogram (Figure 10c) shows the posterior distribution of
Vs prediction at this depth. The blue curve represents the fitted probability density curve.
It can be observed that the distribution follows lognormal distribution (attributable to
data transformation during fitting the model). The vertical red arrow marks the measured
value of Vs, while the blue arrows mark the 2.5% (left), mean prediction (middle), and
97.5% (right) credible interval. The 95% credible interval for this depth (142–627 m/s)
encompasses the measured value (258 m/s). Additionally, Figure 10b summarizes the
predictors used for this prediction. In general, the results demonstrate robustness of
Bayesian GLM in capturing uncertainty and its capability to provide reliable predictions for
Vs across varying depths. The use of credible intervals and posterior distributions further
underscores its significance in quantifying prediction reliability.
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Figure 10. Predictive performance Bayesian GLM, (a) comparison of predicted Vs against measured
Vs, (b) predictor values at 10 m depth and obtained results, and (c) histogram of predicted Vs values
at 10 m depth.

In Figure 11, the predictive performance of the XGBoost model was compared against
measured Vs values and Bayesian GLM predictions for the same validation dataset. The
analysis involved comparing the outputs of the XGBoost model and the mean predictions
of the Bayesian GLM across the Vs profile depth. For the Bayesian GLM, the 95% credible in-
terval was also included to capture the uncertainty in the Vs predictions. It can be observed
that both the XGBoost model’s predictions and the Bayesian GLM’s mean predictions align
well with the measured Vs values across depths. Notably, the XGBoost model’s predic-
tions fall within the 95% credible interval across the entire depth, showcasing its excellent
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predictive performance of the Vs. The uncertainty captured by the Bayesian GLM (the
credible intervals) is crucial for site response analysis, where accounting for variability in
Vs is essential. These intervals can be used to conduct sensitivity studies by varying the Vs
profile within the predicted bounds, enabling the estimation of a range of possible seismic
responses for the site. This approach minimizes the risk of underestimating hazards and
provides a foundation for prioritizing additional site investigations in areas with significant
uncertainty. Furthermore, to quantitatively assess the predictive performance of the two
models, linear correlation coefficients (r) were computed. Both models demonstrated good
agreement with the measured Vs values, with the XGBoost model achieving a relatively
higher r value (0.39).
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Figure 11. Predictive performance of Bayesian GLM and XGBoost models against validation dataset.

5. Conclusions

This study integrates Bayesian GLM and the XGBoost algorithm, coupled with SHAP
and partial dependence analysis, to robustly predict Vs. Six key features were identified
as the most influential factors for Vs prediction: cone tip resistance and its coefficient of
variation, sleeve friction, soil behavior type index, depth, and overburden stress. These
features formed the foundation for the final development of the XGBoost model. For the
Bayesian GLM, cone tip resistance and its coefficient of variation, sleeve friction, depth,
and overburden stress were identified as key predictor variables to fit the model on the
same preprocessed datasets as the XGBoost model.

The XGBoost model demonstrated strong predictive performance, achieving high
scores across various performance metrics and maintaining low prediction errors. SHAP
analysis enhanced the model’s interpretability by quantifying the contribution of each
feature to the Vs predictions. Overburden stress was identified as the most influen-
tial factor, followed by cone tip resistance and sleeve friction. The validation results
on the SCPT dataset revealed a strong agreement between measured and predicted Vs
values for both models, with the Bayesian GLM offering credible intervals representing
prediction uncertainty.

The integration of Bayesian GLM and explainable ML algorithms signifies a robust
framework for predicting Vs while leveraging the strengths of both approaches. Explainable
ML model excel at identifying critical input geotechnical parameters and explaining their
contributions to the prediction. This capability not only enhances the interpretation of
the underlying factors influencing Vs but also delivers high predictive performance. On
the other hand, Bayesian GLM offers complementary advantages by explicitly capturing
the uncertainties associated with geotechnical variability, measurement errors, and other
sources of uncertainty. This approach enhances confidence in Vs predictions and their
applicability to seismic response assessments.
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To further enhance the applicability of this work, developing a user-friendly computa-
tional platform for Vs prediction is recommended. Such a platform could integrate both
Bayesian GLM and ML approaches, enabling geotechnical engineers to easily interpret
predictions and uncertainties. Additionally, site-specific seismic response analyses using
Vs profiles obtained from the two approaches should be conducted to further validate their
performance in practical engineering scenarios.
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Abbreviations

CHT Cross-hole test
CI Credible interval
colsample _bytree Column subsampling ratio per tree
CPT Cone penetration test
cv Coefficient of variation
DHT Downhole test
E Error term
fs Sleeve friction
fs_cv Coefficient of variation of sleeve friction
fs_cv sleeve friction coefficient of variation
fs_mean Mean of sleeve friction
gamma Minimum loss reduction
GLM Generalized linear model
IA Index of Agreement
Ic Soil Behavior type index
Ic_mean Mean of soil behavior type index
IQR Interquartile range
KGE Kling–Gupta efficiency
kPa Kilo pascal
l(.) Loss function
L(.) Likelihood function
M(X) Predictor function
m/s Meter per second
MAE Mean absolute error
MARE Mean absolute relative error
MASRE Mean square relative error
MASW Multichannel analysis of surface waves
max_bin Maximum number of bins
max_depth Maximum depth of trees
MaxARE Maximum absolute relative error
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MBE Mean bias error
MCMC Markov Chain Monte Carlo
MCSE Monte Carlo Standard Error
ML Machine learning
MPa Mega pascal
MSE Mean squared error
N Total number of input features
n_eff Effective sample size
n_estimators Number of trees
PDPs Partial dependence plots
qc Cone tip resistance
qc_cv Coefficient of variation of cone tip resistance
qc_mean Mean of cone tip resistance
r Linear correlation coefficient
R2 coefficient of determination
reg_alpha L1 Regularization term on weights
reg_lambda L2 Regularization term on weights
Rf Friction ratio
Rf_mean Mean of friction ratio
Rhat Potential scale reduction factor
RMSRE Root mean squared relative error
S Subset of features
scale_pos_ weight Balancing weight for positive and negative classes
SCPT Seismic cone penetration test
SCPTu Cone penetration test with pore pressure measurement
SHAP Shapley Additive Explanations
STD Standard deviation
Vs Shear wave velocity
ωt Weight of leaf node
X Measured shear wave velocity
XGBoost Extreme Gradient Boosting
Y Predicted shear wave velocity
σ,v Total overburden stress

i Mean of prior distribution
σ2

i Variance of prior distribution
β0 Intercept
βi Coefficients of predictor variables
L(φ) Objective function
Ω( ft) regularization parameter
γ, λ regularization coefficients
φ0 Base value
φi SHAP value
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Abstract: To reduce the significant time and cost associated with wind turbine blade fatigue
testing, the applicability of the deep learning model Neural Basis Expansion Analysis
(N-BEATS) for modeling the stiffness degradation of wind turbine blades was investigated.
First, on the basis of a traditional blade stiffness degradation model, the stiffness data
were expanded to meet the data volume requirements of N-BEATS. Second, the basic block
structure of N-BEATS was improved (by treating the sequence-to-sequence prediction
problem as a nonlinear multivariate regression problem) to meet the specific prediction
requirements of this task, and the Pinball Mean Absolute Percentage Error (Pinball-MAPE)
loss function was adopted to further reduce bias during the prediction process. Addi-
tionally, two data augmentation methods—time series combination and random noise
injection—were applied to mitigate the risk of model overfitting and improve prediction ac-
curacy. Experimental results demonstrated that the model can effectively learn underlying
patterns in the stiffness data and successfully predict the remaining stiffness.

Keywords: wind turbine blades; deep learning; data augmentation; stiffness prediction

1. Introduction

Wind energy, as a sustainable power source, has become a key component of energy
systems worldwide [1]. To improve the efficiency of wind energy utilization, the size of
wind turbine blades has been continuously increasing, and the complexity of their material
properties and structural design has also advanced. Enhancing blade performance to
withstand extreme loads and extending the fatigue life are key challenges in current wind
turbine blade design. Owing to the complexity of blade fatigue performance, the accurate
prediction of fatigue life through theoretical calculations alone is difficult, and engineering
insights or expertise from other fields frequently lack direct applicability to blade fatigue
prediction. Therefore, full-scale fatigue testing is commonly used in engineering to validate
whether wind turbine blades can meet the service life requirement of 20 years [2].

To accurately predict the fatigue life, it is essential to establish a reliable model for
fatigue damage evolution. In this context, residual strength and stiffness are key parameters
for assessing the damage state of composite materials, both of which gradually degrade
with the accumulation of fatigue cycles. For engineering components with complex geom-
etry and a large size, residual stiffness can be assessed without the need for destructive
testing. Therefore, stiffness is more suitable for evaluating the fatigue damage of the
blades [3,4]. If the residual stiffness of the blades can be predicted via early data during
fatigue tests, the cost associated with blade evaluation could be significantly reduced.
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1.1. Related Work

The fatigue testing process of wind turbine blades generates a large amount of data.
These data contain rich patterns and characteristics, requiring effective analytical methods
to unlock its potential value. Data-driven approaches can extract features from input data
without relying on extensive prior knowledge, thus enabling predictions of Remaining
Useful Life (RUL) [5]. Data-driven modeling methods can be categorized into statistical
data-driven methods and machine learning methods [6]. Compared to statistical data-
driven methods, machine learning methods can effectively extract deep features from
monitoring data to achieve life prediction, avoiding the large errors caused by selecting
inappropriate models. Furthermore, they do not significantly increase the training diffi-
culty as the data dimension increases, making machine learning a widely explored and
applied approach in the life prediction and health management fields in recent years. By
training models with historical data, machine learning methods can be used for damage
identification, reliability analysis, and prediction [7,8]. Among these, neural networks
(NNs) have been extensively explored in the prediction. They possess many appealing
characteristics, including the ability to model nonlinear relationships, perform large-scale
parallelism, and approximate functions universally. Tao et al. [9] used an unsupervised
learning network based on Neural Ordinary Differential Equations (Neural ODE) and
Variational Autoencoders (VAE) to predict the fatigue residual stiffness of fiber-reinforced
polymer composites, demonstrating that artificial neural networks outperform traditional
mechanical and phenomenological models. Jiang [10] proposed a method for predicting
residual stiffness on the basis of latent variable interpolation using latent Ordinary Differen-
tial Equation (ODE) neural networks and partial data retraining. Yin proposed a BP neural
network optimized by the Chimp Optimization Algorithm (ChOA), significantly improving
the accuracy of wind turbine tower vibration prediction [11]. Due to these advantages,
neural networks have been widely applied in industrial fields, particularly in predictive
maintenance strategies for composite structures. In the wind energy sector, the accurate
fatigue prediction of fiber-reinforced polymer composites plays a crucial role in optimizing
wind turbine blade maintenance schedules and extending service life. Additionally, neural
networks have been employed for the real-time structural health monitoring of composite
components, enabling condition-based maintenance and reducing operational costs. The
ability of neural networks to effectively learn underlying degradation patterns makes
them a key tool for enhancing the structural reliability and efficiency of composite-based
applications across various industrial sectors.

Over the past few years, deep learning (DL) has proven effective in solving intricate
prediction challenges. DL overcomes the inherent limitations of traditional neural networks
and can better capture nonlinear features, enhancing RUL prediction accuracy. Modern DL
models consist of various combinations of fundamental structures, including Recurrent
Neural Network (RNN) and Convolutional Neural Network (CNN). Although RNN can
capture dependencies in time series, they often face the problem of vanishing or exploding
gradients while dealing with extended sequences, limiting their effectiveness in predicting
distant states. To address this issue, the Long Short-Term Memory network (LSTM) was
proposed [12]. LSTM has demonstrated superior performance compared to statistical
and machine learning approaches, including AutoRegressive Integrated Moving Average
(ARIMA), Support Vector Machine (SVM), and conventional neural networks [13]. CNN,
which was originally developed for image processing, has recently been applied to time
series analysis. The ability of these methods to automatically extract local features has made
them highly effective in extracting fatigue damage features, especially when combined
with LSTM for long-term dependency modeling. Liu [14] combined CNN and LSTM, using
initial fatigue residual stiffness as input parameters, to construct a neural network model
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that learns characteristics directly from raw stiffness data, enabling subsequent predictions
of residual stiffness.

Besides LSTM-based architecture, the subsequent DL models also show potential
for time series forecasting. For instance, the Temporal Convolutional Network (TCN),
proposed in 2018, can extract information from historical data relevant to the prediction
moment and avoid the problems of vanishing and exploding gradients. It is more effi-
cient and more effective at learning long-term dependencies when performing time series
predictions [15]. Zha [16] proposed a RUL prediction model based on feature extraction
methods and an improved TCN, which achieved a better prediction performance than other
mainstream models did. Furthermore, the Encoder–Decoder Attention Mechanism [17]
and Transformer [18] provide alternatives to LSTM. The attention mechanism enables
the model to concentrate on the most relevant sections of the sequence when making
predictions. Owing to their impressive prediction accuracy, transformer models have sig-
nificantly outperformed expectations across many tasks. One of the key advantages of deep
learning in industrial applications is its ability to process vast amounts of heterogeneous
data, including real-time sensor measurements, vibration signals, acoustic emissions, and
thermal imaging data, while maintaining higher accuracy and adaptability. For instance,
in the wind energy sector, deep learning-based predictive maintenance systems leverage
multi-source sensor data to detect early-stage damage in wind turbine blades, enabling
condition-based maintenance and reducing unplanned downtime [19]. When dealing with
small-scale univariate data, these models share common issues: first, the complexity of the
model structures often leads to inefficient use of computational resources on small datasets,
and limited data size increases the risk of overfitting. Additionally, the computational
complexity of models such as the transformer increases quadratically with input size,
making them computationally expensive and less advantageous for small datasets.

To address these issues, this study adopts the N-BEATS model. N-BEATS not only
demonstrates excellent performance on large-scale time series datasets but also has a simple
and efficient architecture that is suited for small-scale univariate data. First, N-BEATS,
through forward and backward residual connections, enables cross-learning across multiple
time series, which allows it to extract shared features across sequences while capturing
the unique patterns of each sequence [20]. This characteristic is particularly crucial in
this study’s stiffness prediction task under five different loading conditions, helping to
better identify the commonalities and specificities of each dataset. Additionally, N-BEATS
exhibits high flexibility when dealing with univariate data, providing accurate and efficient
prediction results with minimal computational overhead, significantly enhancing the
model’s applicability in this study.

1.2. Motivation and Contributions

This paper focuses on the prediction of stiffness degradation in wind turbine blade
fatigue testing. Many existing studies are based on physical models, but such methods
have limitations when dealing with nonlinear features or complex multidimensional data
and rarely explore the great potential of DL in this field. This study clearly demonstrates
the superior performance of DL in predicting the fatigue life of blades. Advanced nonlinear
modeling based on N-BEATS architecture outperforms established models like LSTM and
TCN in prediction accuracy. However, the dataset used in this paper is much smaller,
which may hinder the application of deep neural networks. Therefore, the fundamental
block structure of N-BEATS was improved to enable more flexible handling of datasets of
varying scales. This paper clearly demonstrates that the improved N-BEATS model can
be effectively applied to such small-scale prediction tasks and exhibits superior perfor-
mance. Additionally, this study uses two methods—time series combination and random
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noise injection—to augment the dataset, aiming to mitigate the overfitting problem and
further improve the model’s generalizability and prediction accuracy. Finally, most exist-
ing prediction algorithms focus primarily on improving accuracy while neglecting bias,
which plays a critical role in fatigue prediction. This paper adopts a simple and effective
mechanism: the Pinball-MAPE loss function is used to control prediction bias, and its
effectiveness is demonstrated. Figure 1 shows the proposed framework for blade stiffness
degradation prediction.

Figure 1. Framework of blade stiffness degradation prediction.

2. Methods

2.1. Improved N-BEATS Architecture

The N-BEATS architecture in this paper differs from the existing architecture. Its fun-
damental block employs a fully connected nonlinear regressor (Figure 2a), using nonlinear
multivariate regression to predict the next step’s solution [21]. Moreover, N-BEATS uses
the principle of residual stacking to stack multiple layers together (Figure 2b), and its
superiority has been fully demonstrated through extensive experimentation. By leveraging
this principle, the model can effectively stack layers according to different tasks, thus fully
learning the underlying patterns of the time series and showing excellent performance
in subsequent predictions. At this stage, the basic module predicts future outputs while
backtracking the input sequence to decompose its contribution to future predictions. The
sum of the contributions from multiple basic blocks forms the output of the corresponding
stack (Figure 2c). Conceptually, each fully connected layer can be regarded as a multivari-
ate linear regression block, followed by a Rectified Linear Unit (ReLU) nonlinear layer.
Therefore, improving the structure of the N-BEATS basic block can be viewed as a repeated
multivariate regression with nonlinearity.

Mathematically, each block of the improved N-BEATS comprises a sequence of fully
connected layers, ending with a forecast/backcast split. This architecture performs residual
recursion within each stack and sums the outputs of all stacks to make the final prediction.
Assuming that the model has M stacks and R residual blocks, with each residual block
containing L hidden layers, the architecture takes x ∈ Rw as the input. The model predicts
a window of length H and backcasts over a window of length ω, using superscripts (r, l) for
the residual blocks and layers, and denotes the Fully Connected Layers (FC) with weights
Wr,l and br,l as follows:

FCr,l

(
hr,l−1

)
≡ ReLu

(
Wr,lhr,l−1 + br,l

)
(1)
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Assume that x̂0 ≡ 0, x0 ≡ x, where the projection matrix has dimensions Br ∈
Rω×dh , Fr ∈ RH×dh , The operations for improving the N-BEATS model can be described
as follows:

xr = ReLu
[
xr−1 − x̂r−1

]
hr,1 = FCr,1(xr), . . . , hr,L = FCr,L

(
hr,L−1

)
x̂r = Brhr,L, ŷr = Frhr,L

⎫⎪⎪⎬⎪⎪⎭ (2)

In the formula, xr represents the input of the rth block and x̂r represents the approxi-
mate backcast output of the rth block. ŷr represents the forecast output of the rth block. Br

and Fr represent the backcast matrix and forecast matrix, respectively. hr,L represents the
output of the Lth layer in the rth block. dh represents the dimension of the hidden layer.

Figure 2. Improved N-BEATS architecture. (a) Fully connected nonlinear regressor block. (b) Residual
stacking with multiple layers. (c) Stack aggregation of outputs for the final prediction.

The first residual block serves as the initial input of the model. For the other block, the
backward residual branch can be considered as a continuous analysis of the input signal,
where the preceding block removes the signal components that it can approximate well
x̂, thereby making the prediction task for downstream blocks easier. This structure also
facilitates smoother gradient backpropagation. More importantly, the partial predictions
output by each block are first aggregated at the stack level and then at the entire network
level, providing a hierarchical decomposition. The final prediction is the sum of all partial
predictions. The model’s hierarchical aggregation can be formulated as follows:

ym =
R
∑

r=1
ŷr

y =
M
∑

m=1
ym

⎫⎪⎪⎬⎪⎪⎭ (3)

In the formula, ym represents the output of the mth stack, and y represents the total
output of the model.

2.2. Pinball-MAPE Loss Function

Most existing prediction algorithms focus primarily on improving prediction accuracy
while neglecting bias, which plays a crucial role in fatigue prediction. In this study, the
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MAPE [22] is used as the primary accuracy metric. Using it as a loss function ensures
maximum consistency between the training process and performance evaluation. However,
the bias generated during the prediction process cannot be determined by the MAPE.
Smyl [23] suggested that using lower τ can help avoid overprediction by the model during
training. To minimize bias as much as possible during prediction, this paper adopts
Pinball-MAPE as the loss function:

Pinball-MAPE(y, ŷ) =
1
N

N

∑
i=1

{
200 · τ(yi − ŷi)/yi if yi ≥ ŷi

200 · (1 − τ)(ŷi − yi)/yi otherwise
(4)

In the formula, N represents the number of samples, yi denotes the true value, and
ŷi represents the predicted value. The parameter τ in Pinball-MAPE can be tuned on the
validation set to offset bias introduced during training.

2.3. Experimental Setup
2.3.1. Data Preprocessing

The full-scale fatigue test of blades is essentially an accelerated fatigue test based on the
principle of damage equivalence. The goal is to replicate the fatigue damage equivalently
and complete the fatigue performance assessment within a testing period that is acceptable
in engineering practice [3,24]. During the full-scale fatigue test, if the stiffness variation
in the blade is less than 10% and no significant damage, cracks, or local instability are
observed, the blade is considered to meet design requirements. For simplicity, the blade is
treated as a cantilever beam with isotropic material properties under constant load, and its
stiffness can be expressed as:

E =
F
L

(5)

In this formula, E represents the static stiffness of the blade, F is the concentrated
calibration load applied to the blade, and L denotes the measured displacement at the
critical section. During testing, the ambient temperature and humidity can influence the
variation in blade stiffness. If temperature and humidity are taken into account, it is
necessary to train stiffness along with these factors simultaneously. According to Bai’s
study [25], the changes in processed stiffness can reflect the impacts of temperature and
humidity. Thus, stiffness alone is adequate for assessing the fatigue condition of blades.
This method simplifies network training and facilitates increasing its depth to enhance
performance [14]. In previous work by Kou [3], experimental data at the critical point
(32 m) of a 52.5 m glass fiber-reinforced plastic (GFRP) wind turbine blade were obtained.
Table 1 lists the specific parameters of the blade. In this paper, this critical point is chosen
as an example for stiffness prediction, predicting blade stiffness under different fatigue life
ratios. Table 2 presents the measured normalized stiffness under different calibration loads
and fatigue life cycle ratios.

Table 1. Basic parameters of the blade.

Name Value

Power 2.5 MW
Blade length 52.5 m

The length of the blade root 2.4 m
Blade mass 10,968 kg

Maximum chord length 3 m
Airfoil DU/NACA

Rated speed 23 rpm
Main material class fiber-reinforced epoxy resin
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Table 2. Blade stiffness under different fatigue life ratios.

Loading Level
Percent of Life (n/N)

0 0.145 0.250 0.315 0.750 1

20% 1 0.9887 0.9847 0.9821 0.9729 0.9568
40% 1 0.9829 0.9800 0.9782 0.9675 0.9526
60% 1 0.9831 0.9795 0.9779 0.9649 0.9488
80% 1 0.9830 0.9891 0.9767 0.9628 0.9470

100% 1 0.9826 0.9788 0.9771 0.9616 0.9421

To better train the model for residual stiffness degradation prediction, this study
adopts Liu’s stiffness degradation model [26] to expand the dataset. According to Liu’s
model, the blade damage can be described as

D(n) =
E0 − En

E0 − Ef
= 1 − sin

[
1 −

( n
N

)b
]a π

2
(6)

In this formula, E0 is the initial Young’s modulus, Ef is the failure Young’s modulus,
E(n) represents the Young’s modulus after the nth cycle, n is the corresponding number
of cycles, and N is the fatigue life of the blade. Parameters a and b are material constants
fitted from experimental data. Through Equation (6), the stiffness data in Table 2 can be
converted into damage data while simultaneously fitting the parameters a and b. Table 3
lists the fitted parameters a and b, as well as Ef under five loading levels.

Table 3. Fitted parameters of the stiffness degradation equation under five loading levels.

Parameters
Loading Level

20% 40% 60% 80% 100%

a 0.42466 0.42265 0.45750 0.57364 0.45208
b 0.11875 0.08192 0.11092 0.21731 0.12594
Ef 0.9568 0.9526 0.9488 0.9470 0.9421

Based on Liu’s model, the model for stiffness at various load levels is formulated
as follows:

E(n) = Ef

{
1 − sin

[
1 −

( n
N

)b
]a π

2

}
+ sin

[
1 −

( n
N

)b
]a π

2
(7)

Figures 3 and 4 illustrate the blade damage curves and stiffness degradation curves,
respectively, under different load conditions.

Owing to the limited stiffness data obtained from experiments, DL methods typically
need a substantial amount of samples to ensure the generalizability of the model. Therefore,
stiffness degradation curve data serve as testing datasets to validate the effectiveness of
this prediction approach. As observed in Figure 3, certain data points (the second green
data point) exhibit localized deviations from the overall trend. These deviations primarily
originate from experimental uncertainties in the original dataset, such as sensor accuracy,
material property variations, and environmental influences. These uncertainties propagate
through the stiffness degradation model parameter fitting and the damage data conversion
process, gradually accumulating during numerical optimization, which ultimately results
in localized data point shifts. However, from an overall perspective, the damage evolution
and stiffness degradation curves under different loading levels exhibit expected trends,
which are largely consistent with the findings of previous studies. Therefore, despite the
presence of localized measurement errors in individual data points, they do not affect the
overall degradation trend or compromise the conclusions of this study. The purpose of
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selecting Liu’s model is to fit the experimental data, generating additional data points to
expand the dataset. On the basis of the experimental results, five original datasets—E20%(n),
E40%(n), E60%(n), E80%(n), and E100%(n)—were constructed.

Figure 3. Damage progression curves under different loads.

Figure 4. Stiffness degradation curves under different loads.

2.3.2. Data Augmentation

Although DL models rely on large datasets to capture complex patterns, they may tend
to memorize the training data when the data diversity is insufficient, leading to overfitting.
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The initial data in this study are derived from regularized stiffness degradation curves,
which exhibit a relatively smooth degradation trend. Therefore, this paper proposes two
data augmentation methods to meet the model’s need for a sufficient amount of training
data and to enhance the model’s generalizability.

Time series combination: In addition to being easy to implement and computationally
efficient, this technique generates new samples that maintain some similarity with existing
samples while introducing a degree of variability, thus enhancing the overall generalization
capability of predictive models. In this study, the stiffness degradation data under five
different load conditions were combined into three groups: E20%(n) and E40%(n), E40%(n)
and E60%(n), and E60%(n) and E80%(n). A mean operator was applied to these combina-
tions, generating three new datasets, Ea(n), Eb(n), and Ec(n), to help the model learn the
mechanism of blade stiffness degradation.

Random noise injection: The use of this technique to create new training samples
offers two key advantages. First, in theory, it can produce numerous new samples, thus
expanding the training set. Second, when properly adjusted, random noise can introduce
variance within the sequence while preserving the fundamental patterns that are crucial
for prediction, thereby improving the generalization ability of the predictive model [27]. In
this study, the initial stiffness degradation data are obtained through curve fitting, making
the data relatively smooth. However, in real-world testing environments for wind turbine
blades, stiffness degradation is influenced not only by fatigue accumulation but also by
external environmental factors. By introducing random variables, the dynamic behavior
and randomness during the blade testing process are described [28]. In this paper, random
noise with a fixed signal-to-noise ratio of 65 dB is added to the training dataset.

2.3.3. Dataset Partitioning

Before training the model, the dataset is partitioned as follows: The training set
comprises three groups of data with added noise at load levels of 20%, 40%, and 60%,
as well as Ea(n), Eb(n), and Ec(n), along with the first 70% of the data under 80% load
conditions. The remaining 30% of the data under 80% load conditions are used as a
validation set to assess model’s predictive performance. Data at the 100% load level are
not involved in the initial training and validation of the model; instead, they are evenly
split into a training set and a test set. The training set is used for incremental training on
the model that has already been trained on the previous four data groups, whereas the test
set is used to assess the model’s predictive performance on entirely new data. This design
allows for assessing the model’s generalization on previously unseen 100% load level data,
ensuring that the model demonstrates robust predictive ability when faced with new load
conditions in practical applications.

2.3.4. Model Training and Prediction

The model is trained using the Adam optimizer. During validation, a segment of data
from the end of the training set, matching the length of the backcast window, is combined
with the initially defined validation set to form a new validation set. This ensures that the
contextual information of the input sequence is preserved, allowing the model to perform
a more comprehensive evaluation while considering the temporal nature of the data. The
optimal model parameters obtained through the hyperparameter tuning process described
in the previous section are shown in Table 4. Hyperparameters were tuned to minimize
MAPE on the validation set. The loss function was adjusted separately for different
configurations of τ, and ultimately, τ = 0.45 was selected. Finally, the MAPE, RMSE, MAE,
and R2 were selected as the metrics to evaluate the model’s predictive performance.
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Table 4. Optimal hyperparameters of the improved N-BEATS.

Hyperparameters Value Hyperparameters Value

Backcast Window 16 Layers 5
Prediction Window 5 Width 291

Batch size 152 Epochs 20
Stacks 10 Dropout 0.12
Blocks 4 Learning rate 6.5 × 10−5

2.3.5. Baseline Models

The baseline models used in the comparative experiments include CNN-LSTM, TCN,
Neural Hierarchical Interpolation for Time Series (NHiTS), and N-BEATS (generic architec-
ture). These baseline models follow the same hyperparameter optimization strategy as the
improved N-BEATS model. Some of the baseline models utilize the Darts library for their
predictions [29].

2.3.6. Effect Evaluation

During the training process, Pinball-MAPE was used as the loss function to control
potential biases in the prediction process and the Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), MAPE, and Coefficient of Determination (R2) were selected as
the metrics to evaluate the model’s predictive performance. Table 5 lists the calculation
functions for the four evaluation metrics.

Table 5. Evaluation functions.

Metric MAE RMSE MAPE R2

Function MAE = 1
N

N
∑

t=1
|yt − ỹt| RMSE =

√
1
N

N
∑

t=1
(yt − ỹt)

2 MAPE =
100%

N

N
∑

t=1

∣∣∣∣yt − ỹt

yt

∣∣∣∣ R2 = 1 −
N
∑

t=1
(yt−ỹt)

2

N
∑

t=1
(yt−y)2

In the above formula: N represents the number of samples, yt denotes the true value,
y represents the mean of the true values, and ỹt represents the predicted value.

3. Results and Discussion

Figure 5 and Table 6 present the prediction results and metric scores of all the mod-
els. The improved N-BEATS model outperforms the other baseline models across all the
evaluation metrics. This demonstrates that the improved N-BEATS exhibits outstanding
performance in predicting the stiffness degradation sequence of wind turbine blades, par-
ticularly excelling in handling small-scale datasets and mitigating the impact of noise.
In contrast, although the TCN model excels at long-sequence modeling and capturing
dependencies within them, its sensitivity to small-scale datasets and high-noise data of-
ten leads to a decline in prediction accuracy. The TCN model still shows limitations in
handling short time series and noisy data, making its performance slightly inferior in
this experiment. Although both N-BEATS and NHiTS have shown excellent performance
in multiple time series forecasting tasks, especially on large-scale datasets, where their
layered architectures can effectively capture global features, the complexity of these models
becomes a burden when dealing with the small-scale data in this study, resulting in slower
training speeds and slightly lower generalization performance. The CNN-LSTM model,
while combining the advantages of both to capture local features and model long-term
dependencies in sequences, is more limited in extracting useful feature information from
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small-scale, high-noise datasets. As a result, its performance is inferior to that of the
improved N-BEATS model.

Figure 5. Comparison of prediction performance of different models.

Table 6. Comparison of evaluation metrics for different prediction models.

Model Evaluation Metrics

MAPE(%) RMSE MAE R2

CNN-LSTM 0.08736 0.00101 0.00083 0.9758
TCN 0.05886 0.00078 0.00056 0.9859

N-BEATS 0.07445 0.00091 0.00071 0.9811
NHiTS 0.04696 0.00058 0.00045 0.9923

Improved N-BEATS 0.04152 0.00049 0.00041 0.9945

Moreover, each model exhibited a certain degree of bias during the forecasting process.
This study uses the Mean Percentage Error (MPE) to measure the bias in each model’s
predictions. Table 7 presents the bias associated with each model’s predictions. Among all
models, the improved N-BEATS model, which introduces the Pinball-MAPE loss function,
achieved the lowest MPE of −0.02%, significantly reducing the risk of over-prediction.

Table 7. Prediction biases of different models.

Model Improved N-BEATS NHiTS N-BEATS TCN CNN-LSTM

MPE −0.02% 0.04% −0.06% −0.04% −0.05%

To evaluate the impact of different modules on the predictive performance of the
improved N-BEATS model, this study conducted two ablation experiments. Figure 6a,b,
respectively, illustrate the comparison of prediction results under different loss functions
and data processing methods in two sets of experiments. The first experiment examined the
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effect of changing the loss function, demonstrating that the adoption of the Pinball-MAPE
loss function reduced the model’s MAPE from 0.04435 to 0.04152. The second experiment
compared the impact of using original data versus employing a data augmentation strategy.
The results indicated that the data augmentation strategy reduced the model’s MAPE from
0.07223 to 0.04152. These findings collectively demonstrate that the Pinball-MAPE loss
function and the data augmentation strategy significantly enhance the predictive accuracy
and generalization capability of the improved N-BEATS model.

Figure 6. Ablation experiments. (a) Comparison of prediction results under Pinball-MAPE and MAPE
loss functions. (b) Comparison of prediction results using original data and data augmentation.

The improved N-BEATS model adopts advanced architecture, including a nonlinear
multivariate regression structure and forward–backward residual connections, signifi-
cantly enhancing its adaptability to the small-scale dataset used in this study. Even in the
presence of noise, the model can still identify fundamental patterns that are crucial for
sequence prediction, demonstrating high robustness. This architecture not only captures
shared patterns of stiffness sequences under different loading conditions but also learns
the unique characteristics of each predictive sequence, thereby improving model adaptabil-
ity. Additionally, the Pinball-MAPE loss function parameters can be flexibly adjusted to
accommodate different prediction tasks, reducing bias and optimizing prediction accuracy.
Traditional methods for predicting the stiffness degradation of wind turbine blades are
primarily based on physics-driven and empirical models. While these methods provide a
certain degree of theoretical interpretability, they exhibit significant limitations in practical
applications. For instance, finite element analysis (FEA) offers high-fidelity local stress
and stiffness analysis, but its computational cost is extremely high. Due to their strong
dependence on predefined material properties and boundary conditions, these methods
exhibit limited generalization capabilities under dynamically changing environments. For
data-driven physics-based models, extensive experimental calibration is often required,
making them highly dependent on the availability and quality of data. Furthermore, these
models typically fail to capture complex multi-factor interactions, leading to reduced gen-
eralization performance when encountering previously unseen working conditions. In
contrast, the improved N-BEATS model can autonomously learn degradation patterns
from historical data without requiring predefined complex physical assumptions, thereby
enhancing its generalization capability.

4. Conclusions

Accurately predicting the stiffness degradation of wind turbine blades is crucial for
ensuring their long-term reliability and reducing high experimental costs. This study
proposes an effective method to predict the stiffness degradation of wind turbine blades
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by improving the N-BEATS model, and its superior performance is validated through
multiple experiments.

First, the N-BEATS basic block structure was improved, and the Pinball-MAPE loss
function was introduced to make the model more suitable for the stiffness degradation
prediction task in this study. In addition, a dataset was constructed based on the stiffness
degradation model and used for model validation. Compared to other well-established
deep learning models, the improved N-BEATS demonstrated the best prediction accuracy.
Meanwhile, partial data re-training was conducted on unseen sequences to verify the
model’s generalization capability under unknown working conditions.

Second, this study employs two data augmentation methods—time series combination
and random noise injection—that successfully expand the dataset and effectively enhance
the model’s generalization ability. This method effectively addresses the common issue
of data in wind turbine blade testing data, allowing the model to adapt to diverse data
environments and tackle challenges posed by limited original data.

In engineering applications, the proposed model, combined with historical blade
stiffness degradation data and early-stage experimental data, enables the prediction of the
subsequent stiffness evolution of wind turbine blades. This allows for the assessment of
whether the blades still meet operational requirements. The proposed approach reduces the
need for physical testing during blade evaluation, thereby lowering assessment costs and
improving engineering efficiency. Furthermore, this method can be extended to the fatigue
life prediction of composite materials, providing data-driven decision support for structural
health monitoring. It is applicable to wind energy, aerospace, and other composite material
structures requiring long-term reliability assessment.
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Abstract: The reliability of natural gas moisture measurements is crucial in preventing
corrosion in pipelines and equipment, ensuring burning efficiency and mitigating opera-
tional risks, and is often mandated by standards and regulations. An important quality
parameter that aids in conformity assessment, particularly in risk assessment, is mea-
surement uncertainty. The assessment of measurement uncertainty, based on the Law
of Uncertainty Propagation, depends on the mathematical model used to calculate this
physicochemical property. This study aimed to compare different algorithms for calculating
moisture content in natural gas, estimate and validate the measurement uncertainty based
on the algorithms implemented in the Portable Moisture Analyzer (PM880) equipment, a
portable hygrometer manufactured by Panametrics in Wilmington, NC, USA, and evaluate
compliance with Brazilian legislation using guard bands as a decision rule. The moisture
results in natural gas varied by a maximum of 1% among the three approaches presented.
Furthermore, based on the dew point and pressure results, the expanded uncertainties of
moisture were about 20%, which did not compromise the risk assessment for the consumer,
as the moisture results were well below the specification value. Consequently, the upper
tolerance limit of 58.4 ppmv H2O was established.

Keywords: consumer’s risk; Portable Moisture Analyzer; PM880; ppmv H2O; dew point;
specification limit; acceptance limit

1. Introduction

The water vapor in natural gas, commonly called moisture, must be monitored with
high reliability to ensure the gas’s safe processing and transportation. Moisture control
is critical in processing plants, as it can significantly impact the quality and efficiency of
transportation and lead to corrosion and other types of damage to equipment and pipelines.

The water content in natural gas is the primary factor influencing internal corrosion.
Even at low levels, variations in pressure and temperature can cause water to condense,
resulting in corrosion, hydrate formation (a semi-solid combination of hydrocarbons and
water), or ice formation. To mitigate these problems, natural gas companies invest in
dehydration units. Based on international standards such as ASTM D5454 [1], ASTM
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D1142 [2] and ISO 18453 [3], the design and cost of these installations are influenced by the
need for accurate knowledge of the water content at the dew point and the contractually
required water content, as natural gas pipelines have specifications that limit the maximum
permissible water vapor concentration.

For instance, a standard pipeline specification in the Petrobras offshore production
system is a maximum moisture content of 60 ppmv. The water dew point in gas refers to
the temperature, at a specified pressure, at which liquid water will begin to condense from
the water vapor present. Consequently, water concentration levels can be measured based
on natural gas systems’ dew point and pressure.

As stated in ISO 6327, “the partial pressure of water vapor in gas samples is the
saturated vapor pressure corresponding to the observed dew point, provided that the gas
in the hygrometer is at the same pressure as the gas at the time of sampling” [4]. Therefore,
to conduct moisture measurements in gas, it is essential to establish a correlation between
the water dew point and the water content.

Shkarovskij and Volikov improved gas quality management, proposing a procedu-
ral framework for accurately determining the moisture of natural gas using dew point
temperature indicators found in fuel certificates [5].

Studies conducted on hygrometers, generally, have shown to be an area of interest by
researchers. One classic study evaluated the uncertainty in measuring the dew point of
natural gas using the traditional cooling mirror condensation hygrometers [6]; another one
compared various hygrometers used for measuring moisture in gases that are utilized with
varying frequency in the natural gas industry [7]; the last study centers around hygrometers
being used for measuring water vapor (moisture) in natural gas, focusing on their response
to co-exposure to ethylene glycol [8].

Gallegos et al. [9] compared eleven hygrometers at natural gas facilities in Spain
utilizing various measurement techniques (including chilled-mirror, electrolytic sensors,
spectroscopic analyzers, and polymeric and metal oxide humidity sensors).

Chinese researchers have developed an optimized Gaussian process model that ef-
fectively evaluates parameters to predict the water dew point in natural gas dehydration
units, enhancing the efficiency and accuracy of the dehydration process [10].

A conference paper illustrated that an online dew point analyzer operates within the
lowest error range after a six-month recalibration period compared to other calibrated and
reliable devices [11].

The National Physical Laboratory (United Kingdom) presented a method to isolate
and adjust the influence of background gas composition on trace moisture measurements
by employing two distinct frequencies in a trace moisture analyzer that utilizes a ball
surface acoustic wave (SAW) sensor [12].

A recent study outlines approaches for increasing the quantity and ranges of repro-
ducible values while enhancing the functionality of the state primary standard for relative
humidity of gases, molar (volume) fraction of moisture, and dew/frost point temperature
(DPT) as specified in GET 151-2014 [13].

Last year, Chinese researchers published an interesting study regarding an inter-
digital conductance sensor designed to enhance electric field distribution for the precise
measurement of uneven liquid film thickness in inclined gas–liquid two-phase flows.
Through experimental validation, the sensor showcased improved effectiveness over
conventional sensors [14].

For an accurate assessment of natural gas moisture, it is crucial to employ standardized
methodologies, ensure regular calibration of measuring instruments, and consider the
uncertainty associated with each process stage.
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This study evaluated the measurement uncertainty of natural gas moisture calcu-
lated from the dew point temperature and gauge pressure results using the algorithms
implemented in the Portable Moisture Analyzer—PM880. An upper acceptance limit has
been proposed to ensure that the moisture content in natural gas does not compromise the
operational efficiency of gas pipelines. This limit is based on uncertainty data and employs
the concept of guard bands to mitigate the risk of false conformity concerning moisture
levels in natural gas.

2. Methodology

Several methodologies are used to determine the water vapor content in natural gas
from the dew point temperature and pressure measurements. The first two parts of this
section describe two methodologies, and the next part describes the methodology used here.
The last sections are designated for calculating and using the measurement uncertainty for
compliance assessment.

2.1. ASTM D1142 Test Method, Approach 1

The ASTM D1142-95 (2021) [2] test method includes two correlations, the first of which
(herein referred to as ASTM D1142 test method, approach 1) is a variation of Equation (1)
that expresses water content in terms of the weight of saturated water vapor, Equation (2):

yw =
Psat

w
P

(1)

where yw is the mole fraction of water in the vapor phase, P is the total pressure, and Psat
w

is pure water’s saturation (vapor) pressure at the dew point temperature T.

W =
(

w × 106
)Pb × T

P × Tb
(2)

where W is the water content (pounds water/million standard cubic feet natural gas)
at reference conditions, Tb (base gas measurement temperature, tb + 400), Pb (base gas
measurement pressure, psia), w is the weight of saturated water vapor (lb/ft3), P is the
pressure at which the dew point was determined (psia), and T is the observed Rankine dew
point temperature (t + 460). The reciprocal of w, or the specific volume of saturated water
vapor (ft3/lb), is listed as a function of temperature in Table 1 of ASTM D1142-95 (2021)
for temperatures ranging from 0 ◦F to 100 ◦F. Although not explicit in temperature due to
the temperature dependence of w, given the water content, the corresponding dew point
temperature can be solved iteratively.

2.2. ASTM D1142 Test Method, Approach 2

Bukacek proposed a relatively simple modification of Raoult’s law approach, where
the water content of the sweet gas is calculated using the ideal expression of Equation (1)
supplemented by a deviation factor [15], Equation (3):

W = (760.4)
Psat

w
P

+ 0.016016 × B (3)

where W is the water content (g/Nm3), Psat
w is the saturation vapor pressure of pure water

(MPa), P is the total system pressure (MPa), and B is given by Equation (4):

logB =
−1713.66

T
+ 6.69449 (4)
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where T is the dew point temperature (K) and the saturation vapor pressure can be calcu-
lated by Equation (5) [16]:

ln
(

Psat
w
Pc

)
=

Tc

T

(
−7.85823τ + 1.83991τ1.5 − 11.7811τ3 + 22.6705τ3.5 − 1539393τ4 + 1.77516τ7.5

)
(5)

where T is the temperature (K), Tc is the critical water temperature (647.14 K), Pc is
the critical water pressure (22.064 MPa), and τ = 1/T − Tc. Thus, a simplified version of
Equation (3) is Equation (6):

W =
A
P
+ B (6)

Referred to here as Section 2.2, ASTM D1142 Method 2 is included in ASTM Test
Method 1142-95 (2021). The coefficients A and B (referenced to Tb = 520 R and Pb = 14.7
psia) are listed as a function of temperature in Table 2 for dew point temperatures ranging
from −40 ◦F to 440 ◦F. Although not explicitly stated in temperature due to the temperature
dependence of A and B, the corresponding dewpoint temperature can be solved iteratively
given the water content. Although conveniently simplistic, neither ASTM method considers
the actual gas composition. Furthermore, the range of data available for the specific volume
of saturated water vapor (ASTM D1142 Method 1) or for the coefficients A and B (ASTM
D1142 Method 2) is somewhat limited.

2.3. Method Used by the Portable Moisture Analyzer—PM880

The Panametrics PM880, as shown in Figure 1, is a portable hygrometer manufactured
by Panametrics in Wilmington, NC, USA. It employs an aluminum oxide sensor to assess
the moisture content in liquids and gases. This measurement is based on the temperature
at which condensation occurs under specific barometric pressure conditions.

 
(i) 

 
(ii) 

Figure 1. (i) Sampling system, and (ii) PM880 meter.

The vapor pressure of water and ice, Pv, depends on the dew point in ◦C, DP, and can
be calculated from Equations (7) and (8):

Pvwater = 611.21(
17.502×DP
240.97+DP ) DP > 0 (7)

Pvice = 611.15(
22.542×DP
273.48+DP ) DP ≤ 0 (8)
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The 1958 IGT8 (Institute of Gas Technology research bulletin #8) calculation based on
the dew point value is expressed by Equation (9):

IGT8 = 10(
−1711

DP+273.15+6.687) (9)

The non-ideality of natural gas, B, depends on the dew point in ◦C, DP, and can be
calculated by Equation (10):

B =
IGT8 × Pv

Pvwater
(10)

The total pressure converted to Pascals, PressurePA, is calculated by Equation (11):

PressurePA =
Pressurepsig + 14.697

14.697
× 101325 (11)

The ratio of water vapor pressure to total pressure, Xwater, is calculated by Equation (12):

Xwater =
Pv

PressurePA
(12)

Finally, W is the water content (pounds water/million standard cubic feet natural
gas) at reference conditions Tb (base gas measurement temperature, tb + 400), Pb (base gas
measurement pressure, psia), Equation (13), considering the conversion of lbs/MMSCF to
a fixed value, 106×30.483

(22414× 519.67
491.67 )

× 18.0152
453.59 = 47473.05721.

W = Xgua ×
⎡⎣ 106 × 30.483(

22414 × 519.67
491.67

) × 18.0152
453.59

⎤⎦+ B (13)

For some industrial applications, the expression of moisture in parts per million by
volume of water, ppmv H2O, can be quite useful, as showcased in Equation (14):

ppmv H2O =
Pvice × 106

PressurePA
(14)

To highlight the innovations of this study, we emphasize the comparative advantages
of the proposed method over existing approaches. The temperature range of the ASTM
D1142 test method, approach 1, is limited from 0 ◦F to 100 ◦F, which is completely different
from the Brazilian real samples of natural gas. The ASTM D1142 test method, approach 2,
simplifies the final algorithm to calculate the water vapor content, in addition to not being
appropriate where the dew point is measured in conditions close to the critical temperature
of gaseous fuels. These limitations are not present in the method used by the Portable
Moisture Analyzer—PM880.

2.4. Measurement Uncertainty

The procedure proposed by JCGM 100:2008 [17] for estimating the measurement un-
certainty of a given measurand consists of the following steps: definition of the measurand
and its mathematical model, identification of the most relevant sources of uncertainty;
quantification of these sources of uncertainty; reduction of uncertainties to standard devi-
ation; combination of standard uncertainties and their respective sensitivity coefficients;
declaration of the expanded uncertainty, coverage factor, and degrees of freedom for an ap-
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propriate confidence level, 95.45%, used in this work. The combined standard uncertainties
can be calculated by Equations (15)–(22):

u2
c (Pvwater) =

⎛⎜⎜⎝12888759281487 exp
(

8751×DP
500×(DP+ 24097

100 )

)
500×(100 × DP + 24097)2 × u(DP)

⎞⎟⎟⎠
2

DP > 0 (15)

u2
c (Pvice) =

⎛⎜⎜⎝941902265421 exp
(

11271×DP
500×(DP+ 6837

25 )

)
400×(25 × DP + 6837)2 × u(DP)

⎞⎟⎟⎠
2

DP ≤ 0 (16)

u2
c (IGT8) =

⎛⎜⎝1711ln(10)× 10
6687
1000− 1711

DP+ 5463
20(

DP + 5463
20

)2 × u(DP)

⎞⎟⎠
2

(17)

u2
c (B) =

(
Pv

Pvwater
× u(IGT8)

)2
+

(
IGT8

Pvwater
× u(Pv)

)2
+

(
− IGT8 × Pv

Pv2
water

× u(Pvwater)

)2
(18)

u2
c (PressurePA) = (33775000/4899 × u(Pressurepsig))

2 (19)

u2
c (Xwater) =

(
1

PressurePA
× u(Pv)

)2
+

(
− Pv

Pressure2
PA

× u(PressurePA)

)2

(20)

u2
c (W) =

⎛⎝ 106 × 30.483(
22414 × 519.67

491.67

) × u(Xwater)

⎞⎠2

+ (u(B))2 (21)

u2
c (ppmv H2O) =

(
106

PressurePA
× u(Pvice)

)2

+

(
−Pvice × 106

Pressure2
PA

× u(PressurePA)

)2

(22)

2.5. Measurement Uncertainty in Compliance Evaluation

Based on the information about the measurement uncertainty, it is possible to verify
whether the results obtained are within the specified value. Consequently, it is essential to
have a decision rule that considers the risks associated with an incorrect decision, which is
determined by guard bands, g, that define acceptance and rejection regions (Figure 2).

Based on JCGM 106:2012, the guard band is established to ensure that the probability
of a false acceptance or rejection occurring is less than or equal to a previously defined
confidence level α when a measurement occurs in the acceptance region [18].

Each measurement result’s standard uncertainty, u, is added to the established guard
band value. According to the Eurachem guide [19], a value of 1.64 × u is determined at a
significance level of 5%.

In this study, we considered the risk of the consumer, which is defined as the probabil-
ity of accepting a batch that ought to be rejected.

The histograms illustrated the most likely value, associated uncertainties, guard
bands, and upper acceptance limits. To assess the risk to consumers, Monte Carlo simula-
tions were generated from 100,000 pseudorandom values, ensuring a stability of 0.001%,
for the moisture content in natural gas based on the mean experimental value and its
expanded uncertainty.

Here, it was calculated using the MS-Excel function “=NORM.INV(RAND();yi;uyi )”,
where yi is the mean of the measured value and uyi is its expanded uncertainty for the ith
parameter, considering a Gaussian or normal distribution.
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Figure 2. The guard band tool is used to reduce consumer risk, considering an upper tolerance or
specification limit.

In recent decades, several studies have involved calculating uncertainty in the physico-
chemical properties of natural gas. Using measurement uncertainty, Oliveira demonstrated
the extent to which the variation in molar fractions obtained from these two methods metro-
logically influences the higher calorific value of natural gas. Additionally, it affects the
compressibility factor of natural gas [20]. Brazilian researchers compared five approaches
to assess the uncertainty of natural gas composition by gas chromatography [21].

However, the use of measurement uncertainty in assessing the conformity of these
parameters in natural gas is still very incipient. This is apart from a recent study where
acceptance thresholds were established to ensure no risk of incorrect compliance in the
carbon isotopic analysis of natural gas based on this uncertainty data [22]. On the other
hand, this approach can be highlighted in other areas of knowledge, such as environmental
pollution [23], drug and medicine analysis [24], and microbiology [25].

3. Results and Discussion

This section is divided into three parts. The introductory part compares the results
from the Sections 2.1–2.3. approaches. The second part addresses the calculated uncer-
tainties, while the third discusses using these uncertainties in conformance assessment.
Section 3.2 compares the results from the Portable Moisture Analyzer (PM880) with the
calculations described in Section 2.3.

3.1. Comparing Different Approaches

Although the objective of this study is not to compare different approaches for calcu-
lating moisture in natural gas, we compared three methods described in Sections 2.1–2.3.
for determining the water vapor content based on dew point temperature measurements
to assess any significant disparities.

We considered the water dew point to be 37 ◦F at a pressure of 15.0 psia as input data.
After converting the temperature, 2.7778 ◦C, and the pressure, 0.304055 psig, the water
vapor content could be calculated in pounds of H2O/million standard cubic feet of natural
gas, at a base of 60 ◦F and 14.7-psia pressure, Table 1.
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Table 1. Comparing the approaches from Sections 2.1–2.3.

ASTM D1142 Test Method, Approach 1 ASTM D1142 Test Method, Approach 2 Portable Moisture Analyzer—PM880
342.8 lbs H2O/MMSCF NG 346.1 lbs H2O/MMSCF NG 345.6 lbs H2O/MMSCF NG

In addition to the results of the approach in question, PM880, among others, the
maximum difference found between them is 1%. This is a very interesting scientific result
when considering the possible variabilities of each approach.

3.2. Uncertainty Evaluation

Between 13 September 2024 and 20 September 2024, 10 dew point (◦C) and pressure
(bar) results of natural gas from the Portable Moisture Analyzer—PM880 were collected
to validate the algorithms of the developed MS-Excel spreadsheet. After the pressure
data were converted to psig, the MS-Excel spreadsheet developed, which is attached as
Supplementary Material in this study, calculated the moisture values and their respective
expanded uncertainties, as shown in Tables 2 and 3. In the spreadsheet, the input quantities
in yellow, cells H2 and H3, are the dew point in Celsius degree and the pressure in psig,
respectively, of the natural gas.

Table 2. Moisture results and their respective expanded uncertainties in lbs H2O/MMSCF NG.

Dew Point
(◦C)

Pressure
(psig)

Moisture Calculated
by PM880 *

Moisture Calculated
by the Spreadsheet *

Moisture Expanded Uncertainty
Calculated by the Spreadsheet *

−27.4 1165.91 0.70 0.70 0.14
−38.0 455.37 0.41 0.42 0.08
−47.5 436.37 0.17 0.16 0.04
−32.1 555.30 0.64 0.65 0.12
−23.1 1129.80 1.01 1.02 0.19
−25.3 1121.384 0.84 0.85 0.16
−24.5 1113.99 0.91 0.91 0.17
−30.9 888.31 0.57 0.58 0.11
−41.0 443.62 0.31 0.31 0.06
−39.8 848.28 0.26 0.26 0.06

* lbs H2O/MMSCF NG = pounds of H2O/million standard cubic feet of natural gas.

Table 3. Moisture results and their respective expanded uncertainties in ppmv H2O.

Dew Point
(◦C)

Pressure
(psig)

Moisture Calculated
by PM880 *

Moisture Calculated
by the Spreadsheet *

Moisture Expanded Uncertainty
Calculated by the Spreadsheet *

−27.4 1165.91 6.08 6.1 1.3
−38.0 455.37 2.40 5.0 1.1
−47.5 436.37 1.64 1.7 0.40
−32.1 555.30 7.47 7.8 1.7
−23.1 1129.80 9.42 9.7 1.9
−25.3 1121.384 7.63 7.8 1.6
−24.5 1113.99 8.32 8.5 1.7
−30.9 888.31 5.40 5.6 1.2
−41.0 443.62 3.46 3.6 0.90
−39.8 848.28 2.14 2.2 0.50

* ppmv H2O.

To calculate the expanded uncertainty of moisture, in the conservative approach, the
expanded uncertainties of 2.0 ◦C, cell I2, and 1% of the full scale (300 to 3000 psig), cell
I3, were considered as input data for dew point temperature and pressure, respectively,
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considering a coverage factor, k = 2. These conservative values of uncertainty sources
already encompass other contributing factors, such as fluctuations in ambient temperature
and moisture and long-term sensor drift.

The moisture results calculated by the developed spreadsheet are compatible with
those generated by the portable moisture analyzer PM880 regarding the unit in lbs
H2O/MMSCF NG; however, it presents some discrepancies regarding the ppmv H2O
unit. The expanded uncertainty results, k = 2, with a confidence level of 95.45%, are in the
range of 20%.

Therefore, a significant advantage is that the manuscript explicitly presents the algo-
rithms, whereas commercial software operates as a “black box” without demonstrating the
steps, calculating measurement uncertainty, or assessing compliance.

3.3. Use of the Information on the Measurement Uncertainty in Compliance Evaluation

In the MS-Excel spreadsheet, only the yellow cell H6 corresponding to the upper
specification limit of 60 ppmv H2O, which the Brazilian oil and gas industry is currently
considering (Figure 3), needs to be filled in.

Figure 3. Histogram for 5% significance level, moisture in natural gas.

The guard band was calculated considering a significance level of 0.05 and an upper
specification limit, USL. USL calculated the upper tolerance limit for the moisture in natural
gas minus 1.64 × u.

Figure 3 provided the histogram for the measurement value, the specification, and the
guard band limit, considering p(AU)—probability density at the upper acceptance limit,
AU—upper acceptance limit, and TU—upper tolerance limit.

The natural gas’ measured moisture value, 9.7 ± 1.9 ppmv H2O, was significantly be-
low the upper tolerance limit, suggesting compliance with the specification. Consequently,
this indicates an estimated consumer risk of 0.0% associated with this measurement, as the
upper tolerance limit is 58.4 ppmv H2O.

4. Conclusions

This study developed and validated an MS-Excel spreadsheet for assessing the uncer-
tainty of natural gas moisture based on the Portable Moisture Analyzer—PM880 algorithms.
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In this preliminary study, the sources of uncertainty considered were the dew point tem-
perature and the natural gas pressure.

Even with a measurement uncertainty value of around 20%, there is no risk of false
compliance assessment, as the moisture levels in natural gas are significantly lower than
the upper specification limit.

Regarding future research, it is important to evaluate the impact of sampling variability
on measurement uncertainty, as this factor can influence risk assessment. Furthermore,
the calculations for measuring the dew point and pressure could be elaborated upon by
incorporating more realistic estimates of their uncertainties. The sensitivity analysis on the
uncertainty sources (dew point temperature and pressure) could also be included in cases
where measurement uncertainty can compromise the compliance evaluation. Another area
for future work is comparing the results between different methods.
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Abstract: Preserving historical railway assets presents a complex systems challenge, in
which uncertainties in material performance, structural degradation, and regulatory re-
quirements directly impact long-term reliability and operational continuity. Traditional
maintenance practices often limit the use of modern materials, introducing inefficiencies,
increased lifecycle costs, and higher failure risk due to material ageing and environmental
exposure. This study proposes a reliability-informed preservation framework that sup-
ports the integration of contemporary materials into historical railway infrastructure while
accounting for legal, material, and procedural uncertainties. The framework is validated
through two industrial case studies, each reflecting different regulatory and operational
constraints. The first case demonstrates the successful substitution of timber with certified
PVC cladding on a non-listed signal box, achieving improved durability, reduced mainte-
nance intervals, and enhanced system reliability. The second case explores an unsuccessful
attempt to replace decayed timber gables with aluminium, in which late-stage planning
misalignment, underestimated risks, and uncertainty in approval outcomes led to a signifi-
cant cost increase and reduced reliability regarding delivery. By systematically applying
and evaluating the framework under real-world conditions, this research contributes to en-
gineering asset management by introducing a structured method for mitigating regulatory
and material uncertainties.

Keywords: historical asset preservation; railway infrastructure maintenance; contemporary
materials; listed building consent; planning approval

1. Introduction

The railway system of Great Britain has a long history, starting in the 18th century [1,
2]. After over 300 years of development, its infrastructure asset portfolio and range
have become substantial. The Historical Railways Estate (HRE) has a collection of over
3100 structures and assets that were once part of Britain’s rail network. More than 1450
items have survived from all periods of the railway’s history and are listed as being of
architectural or historic interest—including over 380 station buildings, 639 viaducts and
bridges, 65 tunnels, 67 signal boxes, four hotels, 40 memorials, gates, and clocks, and
over 250 other buildings or structures [3,4], which contribute to social and economic
development through transport and tourism [5,6].

Given the substantial size and age of the asset portfolio, managing and maintaining
these historical assets pose significant challenges. The historical nature of many of these
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structures, combined with the lack of comprehensive records, operational restrictions, and
preservation requirements for repairs and renewals, presents a complex scenario.

Academia and industry [7–12] have made some progress in maintaining historical
assets. For instance, Borges (2020) introduced an indicator-based approach to assess
railway heritage, highlighting systemic preservation challenges [13]. Regarding laws
and regulations [14], the national planning policy framework, Section 12, defined over
1400 railway assets as listed buildings and structures. Nearly all modifications to them
require some form of listed building and planning consent, as detailed in the Planning
(Listed Buildings and Conservation Areas) Act 1990 [15]. In addition, the railway is the only
industry with specific legislation protecting its heritage. The government has introduced the
Railway Heritage Act [16] to enable historically significant artefacts and records operational
within today’s railway industry to be ‘designated’—protected and saved for the nation so
that future generations can understand the railway’s history in Britain. The industry also
has various maintenance standards, such as NR/GN/CIV/100/05 [3]. They stipulate that
short-term solutions or repairs and cosmetic changes likely to cause long-term damage,
such as strengthening, signage, propping, and servicing installations, should be avoided
according to the law and standards.

Nevertheless, real maintenance activities commonly contradict the law and stan-
dards [17,18]. For example, additional installations of modern monitoring systems such as
CCTV can cause physical damage to the fabric of a building as well as produce a visual
eyesore. NR/L3/CIV/023 Work Instruction [19] is another standard for the assessment
of footbridges. As a result of the assessment standard, it denotes the need for immediate
action as soon as a defect occurs, regardless of whether it is listed or not. However, the
study conducted by Network Rail [20] found that all of the reviewed Level 2 assessments
of underbridges demonstrated that the capacity calculated using Level 1 techniques from
the standard can be significantly improved using a different standards analysis. Following
current assessment standards, the analysis involves complex equations that are not always
applied consistently and tend to deliver a low assessed capacity, leading to unnecessary, un-
sightly, and costly recommendations for strengthening works, contradicting planning laws
and the NR/GN/CIV/100/05 standard. It is important to address these contradictions as
early as possible. When high-quality heritage and design advice is received at the beginning
of each project or repair, unexpected costs can be minimised, with a lower risk of lost time
in consultations with local planning authorities or statutory national heritage bodies.

Some research studies have considered ageing materials in heritage structures [21–23].
Iron and steel were frequently used for stations and buildings, incorporating both types
of materials with the addition of timber. However, unlike masonry, iron, steel structures,
and wooden elements are more susceptible to corrosion and stress, which affects their
longevity. The Railway Heritage Trust (RHT) [24] highlights that the materials’ extensive
maintenance requirements and their associated structural and aesthetic deterioration pose
significant issues for railway preservation today. However, only limited studies have been
undertaken to address the replacement of unique or minor elements of original material
construction using modern emerging materials such as polymers [25–28], fibre-reinforced
polymer (FRP), and glass reinforced plastic (GRP) [29–33].

Baxter [24] focused on the history and maintenance requirements of the humble
canopy daggerboard. The study investigated the use of FRP for station canopy fascia
daggerboards. Timber daggerboard is a design element that serves the vital, practical
function of carrying run-off rainwater away from the canopy structure and improving
ventilation inside the canopy. Its ornamental potential was quickly recognised, and it can
now be considered as one of the archetypal features of a traditional British railway station
in the popular imagination. As a result, there are more than one thousand stations on
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the British rail network with canopy fasciae and daggerboards. The boards exposed to
weathering result in the appearance of degradation over time. It can also lead to timber
rotting and material failure, resulting in individual boards falling away, posing a health
and safety risk to both trains and the public. Maintenance work on timber daggerboards
requires tracking ‘possessions’, impacting the infrastructure availability and asset reliability,
incurring considerable costs, and increasing the health and safety risks to which staff are
exposed, both from working at heights and from electrocution from overhead contact
systems. However, such work is frequently deferred or cancelled due to cost and time
implications, resulting in continued deterioration.

Another important consideration is the authenticity or originality of the construction
material of the historic asset. Timber daggerboards have an estimated lifespan of thirty
years. According to the standard, repair and maintenance are required every ten to twelve
years, but it is unlikely that any nineteenth-century timber can survive in a valance canopy.

This highlights another challenge when managing historical assets. Due to the age,
longevity, and period in which many historical assets were designed, constructed, or
manufactured, full and comprehensive asset data are not always available. Renewals
or previous repairs of minor elements are frequently not recorded or available. This
leads to difficulties in predicting how structures and assets with many existing major
structural defects will behave, even under ideal conditions, in which monitoring and
damage prediction remain inherently challenging [34–36]. Network Rail [20] stated that
modelling historic assets is exceptionally complex and prone to inaccuracy, as a combination
of corrosion, weathering, and previous poor-quality materials or repairs compromises
materials. Mcmahon, Zhang, and Dwight [37] identified the main categories of missing
data types in rail systems, applicable to the historical assets found at Network Rail (NR),
such as from the commissioning of a system and from maintaining and operating an asset.
The research proposed, analysed, and discussed AI-led advanced models and algorithms
applied to recover the missed data. This is a good approach and an in-depth study in
filling performance and data gaps for historical assets, although it has not been tested for
specific asset types, materials, or ages. Similarly, Adams et al. [38] understood the impact
of weather events on asset performance and the failure of the historic sea wall at Dawlish.
They produced a multi-hazard risk model with cascading FPW to remove gaps in the
historical data.

The existing maintenance and asset management literature primarily focuses on
isolated asset types or failure mechanisms, often neglecting the broader system-level
considerations associated with historical infrastructure. Recommendations are typically
presented as linear proposals for material strengthening or replacement, with limited
attention to the regulatory uncertainties and planning processes specific to heritage assets.
Moreover, the potential reliability benefits and lifecycle cost reductions associated with the
integration of contemporary materials and design techniques remain underexplored.

This study addresses this gap by evaluating the relationship between material in-
novation, lifecycle cost performance, and the uncertainty involved in securing planning
approvals for changes to historically significant railway assets. A reliability-oriented
theoretical framework is developed to support the strategic preservation of historical rail-
way infrastructure, accounting for material, regulatory, and procedural uncertainties in a
structured and scalable manner.

2. Methodology

The methodology was staged into three parts to understand further the challenges
faced when preserving heritage assets, which were highlighted in the literature review, and
to develop a framework for modern preservation in the future.
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As illustrated in Figure 1, a targeted survey was initially sent to various subject matter
experts and practitioners in the railway industry. The feedback received helped develop
the theoretical framework. It also led to a more targeted set of personal interviews. Then,
the theoretical framework was developed and applied to two industrial case studies via
construction projects delivered by Network Rail UK. The effectiveness of the framework
was investigated via personal interviews.

 
Figure 1. Methodology flow chart.

2.1. Semi-Structured Survey

Given the impracticality of interviewing all employees at NR, a semi-structured
targeted survey was deemed the most effective approach for ensuring a representative
sample while minimising bias. This method was selected to identify existing gaps in
real industrial applications and support the development of a framework to address
contemporary challenges in historical asset preservation. The survey was distributed
through Microsoft Forms (Microsoft 365 Version 2405), and the responses were analysed
using Excel (Microsoft 365 Version 2405).

Ten participants were chosen from key departments relevant to this study, includ-
ing asset management, the technical authority, town planning for listed consent, and
maintenance and project delivery teams responsible for design and implementation. This
multidisciplinary approach ensured that the perspectives captured reflected historical asset
preservation’s practical, technical, and regulatory aspects.

Although this selection does not encompass all roles within NR, it was expected to
enhance the sample’s representativeness and the findings’ reliability. Given the diverse
nature of NR’s asset portfolio and the regulatory frameworks governing historical struc-
tures, comparisons with local planning authorities (LPAs) were also considered valuable for
identifying procedural inconsistencies and best practices in historical asset management.

2.2. Framework Development

Based on the survey results, a theoretical framework has been developed to establish a
strategic approach for repairing and maintaining historical assets. The framework facilitates
continuous improvement, ensuring that buildings and structures retain their functional
and historical significance without becoming static heritage artefacts.

Given the operational demands of historical railway assets, adaptation is essential
for long-term viability. This framework supports sustainable preservation by balancing
historical integrity with contemporary performance enhancements. It provides a struc-
tured methodology for implementing changes that uphold the asset’s architectural and
historical value while optimising performance, standardising data collection, and reducing
uncertainties in the listed consent process.

2.3. Case Study Validation

The proposed theoretical framework was applied to real-world asset management projects
within NR. Two case studies implemented the framework to assess cost/benefit outcomes and
identify inconsistencies in the listed consent process across different local authorities.
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3. Initial Survey Results and Discussion

A semi-structured questionnaire was developed based on gaps identified in the lit-
erature. To process the collected data, responses were categorised into simplified groups,
making it easier to interpret the experiences and challenges faced by participants in the
field. The results were quantified in percentage terms to identify trends and patterns.

3.1. Common Causes of Asset Failure and Implications for Material Substitution

Firstly, respondents were asked about the leading causes of asset failure affecting
listed and historical structures within NR. The responses were analysed and categorised
into overarching failure mechanisms, as visualised in Figure 2.

 

Figure 2. Participants’ response to the survey to establish the leading type of asset failure of histori-
cal assets.

The results indicate that the most significant contributors to asset deterioration are
insufficient and irregular maintenance throughout the asset’s lifecycle and damage caused
by water ingress and weathering, both of which frequently lead to structural failure.

These findings align with the literature [39], highlighting historical assets’ vulnerability
to degradation processes such as corrosion and erosion due to the materials used in their
original construction. Additionally, inadequate maintenance of drainage systems and
protective coatings was identified as a key factor, supporting previous studies, such as
one that suggested replacing station canopy daggerboards of timber with FRP to mitigate
weather-related deterioration [24].

Comparing these responses with participants’ views on material changes, there is
a clear correlation between the elements most affected by weathering, degradation, and
failure and their architectural and aesthetic significance. This shows the importance of
preserving these components to ensure both structural integrity and compliance with legal
protection requirements.

The RHT commissioned a report on using fibre-reinforced plastic (FRP) to replace
station fascia daggerboards, which has significant advantages over traditional wooden
elements prone to material failure. Building on this, the survey included a question seeking
suggestions on which elements of a listed asset would benefit from replacement with
contemporary materials.
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3.2. Identification of Asset Components Suitable for Material Substitution

The responses in Figure 3 identify mainly two elements, glazing systems and timber
elements, that benefit the most. They have several key features that experience rapid or
frequent degradation, primarily due to the inherent properties of their original materials.
This deterioration affects asset performance and leads to increased maintenance frequency
and higher long-term costs. This higher maintenance requirement can be mitigated if
material and manufacturing processes are changed.

 

Figure 3. Participant response to the survey to help establish which elements of an asset could benefit
most from a contemporary change in material or manufacturing process.

3.3. Industry Awareness and Knowledge Gaps

Following this question, the participants were asked whether they perceived a lack
of awareness within the industry regarding contemporary techniques and emerging tech-
nologies. The responses included six “yes” responses, three “no” responses, and one
response indicating “unknown”. Combining the responses from Figure 3 indicates that
most of the participants agreed on which elements of historical assets would benefit from a
material change to improve their preservation. However, there was limited awareness of
the specific contemporary materials and techniques available or previously implemented
in similar contexts. This is a critical gap for which further research and industry focus
could lead to measurable improvements in cost efficiency, maintenance time, and long-term
asset sustainability.

A broader set of questions was included to explore potential correlations between
industry competencies, the lack of comprehensive knowledge regarding contemporary
materials and manufacturing techniques, and the absence of accessible records on previ-
ous successful interventions for historical assets. The absence of such information may
negatively impact the planning approval and consent process.

Additional questions were posed to understand why planning applications proposing
changes to historical assets are frequently rejected. Participants were asked whether they
perceived a connection between proposed modifications and planning rejections. The
survey responses are illustrated in Figure 4. Many of the respondents (four out of ten)
frequently perceive a relationship between proposed material or technological changes
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and the rejection of planning applications. This suggests that stakeholders experience
significant challenges in gaining approval for modifications to historic assets.

 

Figure 4. Participants’ response to the survey to establish relationships between proposed changes
and the success of planning applications.

Additionally, three respondents selected “Sometimes”, indicating that while this issue
is not always a barrier, it occurs often enough to be a concern. The two “No” responses
suggest that, in some cases, proposed changes do not necessarily lead to rejection, possibly
depending on the nature of the modification or the local authority involved. These re-
sponses reinforce the challenges of integrating contemporary materials into historical asset
preservation. The results suggest that planning authorities may have varying acceptance
levels for technological and material updates.

The pie chart in Figure 5 presents responses to the following question: ‘Do you feel
that due to a gap in the Network Rail processes or design documentation, there is a need to
duplicate activity when making a planning application to the local authority when working
on a listed asset?’

 

Figure 5. Participant response to the survey to establish any gaps in NR processes or documentation
and whether activity is duplicated as a result.

The results indicate that the duplication of efforts in regards to planning applications
for listed assets is a recurring issue, though not universally experienced. Eight respondents
stated that duplication occurs in some cases, suggesting that while the planning and
approval process does not always require redundant work, inconsistencies in Network
Rail’s internal processes or documentation gaps can lead to unnecessary repetition.
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A smaller portion of respondents indicated that duplication is a frequent or systematic
issue, implying that inefficiencies exist in aligning Network Rail’s documentation with
local authority requirements. This may be due to differences in design submission formats,
planning application procedures, or coordination between departments. The findings
suggest that a more streamlined and standardised approach to planning applications is
needed to minimise redundant work. Improving the coordination between the rail asset
management body and local authorities could help ensure the design documentation meets
planning expectations. Further investigation into specific cases in which duplication is
required may help identify common factors contributing to inefficiencies in the process.

3.4. Coordination Barriers and Documentation Misalignment in the Planning Process

The misalignment is further reflected in the specific challenges identified by respon-
dents in Table 1. Several key factors contribute to the duplication of work when obtaining
design approval from the railway infrastructure authority and planning consent from local
authorities. These issues primarily stem from inconsistencies in documentation require-
ments, differing expectations between regulatory bodies, and a lack of coordination during
the approval process.

Table 1. Participants’ responses to the survey to provide reasons for why duplication of work has
been performed by industry practitioners, offering initial insights into what needs to be addressed.

What Do You Feel Is the Main Reasoning Behind the Duplication of Work Required to Gain Both Design
Approval with Network Rail and Obtain Local Authority Planning Consent?

Response 1.—Planning authorities do not always like the documents in NR format

Response 2.—Designer does not provide the level of information that a non-designer needs, detailed drawings are not
always required in some cases, so we have to do more submissions, albeit simplified

Response 3.—Rather than simply stating what they will/will not accept, we end up going through multiple versions
of a design until we reach one that they are happy with. Sometimes it takes as many as 5/6 iterations of modifications
to make them happy. This being in spite of them saying they would have originally accepted it.

Response 4.—A lack of understanding of heritage issues by the supply chain.

Response 5.—Approval by NR does not necessarily accord with the approval by the LPA.

Response 6.—It feels like there are a number of layers to obtain consent. In some cases, we needs to obtain
approval/comments from design review panel and heritage trust. Comments can be subjective and even conflicting

Response 7.—Depends very much on the engagement between asset team and town planning team early on in the
remitting/scoping process.

One recurring theme is the misalignment between the design documentation used
within the railway sector and the expectations of LPAs. Several respondents noted that
planning authorities often do not accept documents in the standard format used by the
infrastructure management organisation, leading to additional submissions or modifica-
tions. Similarly, the level of detail required in planning applications varies, with some
submissions requiring highly detailed drawings while others may need more generalised
design information. This discrepancy leads to inefficiencies and additional work to tailor
submissions based on differing requirements.

Another challenge identified is the iterative nature of the planning process, and
approvals are often contingent on multiple revisions. One respondent noted that planning
authorities sometimes fail to provide clear guidelines up front, resulting in multiple design
iterations—sometimes up to five or six revisions—before reaching an acceptable solution.
This lack of clear direction increases the time and effort required for approvals, adding
unnecessary complexity to the process.
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A lack of understanding of heritage-specific issues within the supply chain was also
cited as contributing to additional work. If those involved in the design and approval
process lack sufficient knowledge of historical asset preservation, applications may fail to
address key heritage considerations, leading to further reworks. This is compounded by
the fact that approvals from the railway authority do not always align with those of the
LPAs, creating additional layers of consent that must be navigated.

Some respondents also pointed to the complexity of the multi-layered approval pro-
cess, in which additional stakeholders, such as design review panels and heritage trusts,
must provide comments or grant their approval before planning consent is granted. Some-
times, these comments are subjective or conflicting, further complicating the approval
process and requiring additional iterations to satisfy all involved parties.

Finally, the level of early engagement between asset management teams and town
planning teams plays a crucial role in minimising duplication. One response emphasised
that the extent of early collaboration in the remitting and scoping phase can significantly
impact the efficiency of the approval process. Insufficient engagement at the outset may
result in misalignment between design proposals and planning requirements, leading to
delays and additional revisions.

Overall, the responses suggest that improving coordination between regulatory bodies,
standardising documentation requirements, and ensuring early stakeholder engagement
could help reduce duplication and inefficiencies in the planning approval process for
historical railway assets.

4. Development of a Preservation Framework for Historical Railway Assets

A theoretical framework has been developed, as shown in Figure 6, to establish
a structured strategy for repairing and maintaining historical assets. The framework
consists of five iterative stages—Empathise, Define, Ideate, Prototype, and Test—which
together form a continuous improvement cycle. It is designed to facilitate managed change,
balancing preserving historically significant features with the practical requirements of
continued use.

Figure 6. A framework for enhancing preservation through innovation.

Given that structures within the operational railway network must adapt to remain
viable, the framework aims to ensure that any proposed modifications retain key historical
characteristics while simultaneously enhancing asset performance and data collection
processes. This approach reduces uncertainties in the listed consent approval process by
improving the accuracy of recorded information.
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4.1. Empathise

The preservation of historical assets often lacks a standardised process or clear guid-
ance, leading to subjectivity and conflicting opinions regarding proposed changes. This
results in multiple layers of approvals, adding complexity to the consent process. The
absence of documented evidence supporting the benefits of contemporary methods can
further restrict their adoption in maintaining and conserving historical assets.

4.2. Define

When interventions are required for a historical asset, it is essential to review prior
applications of contemporary methods in comparable scenarios and explore existing ma-
terials and techniques used in other industries that could enhance modern preservation
practices and extend the asset’s lifecycle performance [40].

Engagement with independent third-party experts at an early stage of the design
and planning process can help establish a strong foundation for project proposals. By
incorporating lifecycle benefits into the initial submission to LPAs, it becomes possible to
address uncertainties and the lack of supporting evidence, ultimately improving approval
rates for contemporary material applications.

4.3. Ideate

It is recommended that the railway infrastructure authority expand its existing prop-
erty and land database to document historical assets systematically. This database should
incorporate records of successfully completed preservation projects, ensuring that relevant
data are linked to similar assets. By coding these records effectively, the system could
provide a comprehensive reference for projects that have successfully integrated material
changes, facilitating informed decision making in future planning and conservation efforts.

4.4. Prototype

As design approvals required under railway infrastructure standards do not always
align with the approval documents mandated by LPAs, discrepancies often arise due to
differences in documentation formats or a lack of mutual understanding. To address this,
the design submission process should be customised for each historical asset, integrat-
ing the proposed material changes within a format that aligns with LPAs’ expectations.
This adaptation could reduce design and documentation redundancies while increasing
approval rates for contemporary interventions.

To further reduce planning revisions, the framework proposes a repeatable strategy
that includes early engagement with planning officers during the scoping phase and the
use of previously approved cases as reference. By anticipating approval expectations and
tailoring submissions accordingly, it is possible to streamline the approval process and
minimise the likelihood of multiple design iterations.

4.5. Test

As projects incorporating contemporary materials are successfully delivered, these
records should be systematically documented within the historical asset database. Accumu-
lating proven case studies will help eliminate subjective and conflicting opinions regarding
material changes by providing a repository of accepted products with quantifiable benefits
in modern preservation.

The framework is designed to function as a continuous improvement cycle, in which
each completed project contributes to refining material performance strategies for his-
torical assets. By maintaining a loop of iterative enhancement, this approach supports
the progressive integration of contemporary preservation methods, ensuring both regu-
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latory acceptance and improved long-term asset resilience. It supports enterprise-level
decisions by improving the reliability of material planning and reducing uncertainty in the
maintenance of historically significant assets.

5. Case Studies

Two case studies were examined to evaluate the proposed framework’s applicability.

5.1. Case Study 1: Willesden Carr South Signal Box Renovation

A signal box awaiting refurbishment was identified, with an existing repair design
dating back to 2014. The structure exhibited extensive rot in its primary timber structural
members and side panelling, as documented in Figures 7 and 8. The observed deterioration
is consistent with the research findings on common asset failure mechanisms, particularly
the impact of insufficient maintenance and material degradation over time.

  

 

Figure 7. Cont.
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Figure 7. Drawings of details and extent of failed material elements of the signal box.

 

Figure 8. Cont.
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Figure 8. Photograph of the inherited state of the signal box asset with prominent material decay and
failure and the temporary support scaffolding.

A low-load assessment was conducted and confirmed that short-term, inadequately
designed temporary works consisting of scaffolding had been previously implemented
to maintain the asset’s operational status. This approach, frequently employed as a reac-
tive solution, often results in further degradation and unintended damage to historical
railway assets.

The existing repair design requires the following:

• The existing paint finish should be stripped throughout. Renovate or renew all
defective timbers, including (but not limited to) the replacement of the areas indicated
in the drawings. All renewals to the main frame members should be hardwood with a
‘like for like’ section size. Replace main timber members and infill framing. Prepare
and paint all existing and new timber.

• Remove existing cladding. Renovate the timber structure (see item 1.3). Reclad on a
like-for-like basis. North, east, and west elevation: Prepare all cladding for redecora-
tion. Renovate/renew any defective timbers like-for-like (including the replacement of
an area of cladding affected by boring insects at an elevation of W above the landing).
Paint all existing and new timber.

This case study provided an opportunity to apply the proposed framework to an
industrial project in a live railway asset environment. The wider construction industry
offers a broad range of contemporary building materials, many of which have the potential
to enhance asset management within the rail sector.

By applying the framework, a material change could be implemented without full
local LPA approval. A review of the product acceptance standard confirmed that building
materials were outside the scope of this document. Following this review, a reassessment
of the 2014 design was initiated, incorporating wood-grain-effect PVC cladding as an
alternative to traditional timber. As a commercial off-the-shelf product, the PVC cladding
met all necessary British Standards certification and, through an inquiry with the original
equipment manufacturer (OEM), could be customised to match the original RAL colour
scheme of the signal box. The use of substitute materials such as PVC in heritage contexts is
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increasingly supported in international conservation practice [41–43]. This aligns not only
with the findings of the Railway Heritage Trust [24] but also with international preservation
guidance, such as that issued by the U.S. National Park Service (2023) [44], which supports
the use of substitute materials in historic buildings when appropriately matched. The
revised designs for replacing the previous wooden cladding with PVC cladding like-for-
like and implementing the new material on site are illustrated in Figure 9.

  

Figure 9. Cont.
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Figure 9. Drawings of approved repairs for the signal box and on-site application of the new cladding
system.

In contrast, PVC cladding offered significant advantages in both material consistency
and installation efficiency, as illustrated in Table 2. Unlike timber, it did not require
seasonal restrictions for painting, as painting timber can only be undertaken in specific
weather conditions. This requirement extended the overall installation timeline, adding to
project costs. The adoption of PVC cladding eliminated these constraints, streamlining the
installation process and contributing to long-term cost savings in both maintenance and
material performance.

The material change also contributes to a substantial reduction in ongoing maintenance
costs for the asset. According to the OEM’s paint system requirements, shiplap-treated tim-
ber cladding requires the stripping and reapplication of protective coatings every 15 years.
However, due to budgetary constraints, there is no guarantee that these maintenance cycles
are carried out within the specified timeframe. As a result, had timber been used, the signal
box could have deteriorated once again, leading to the same state of disrepair.

In contrast, the PVC cladding provides a 60-year maintenance-free guarantee, elim-
inating the need for four costly and labour-intensive maintenance cycles over the same
period. This ensures the long-term preservation and continued operation of the asset while
significantly reducing lifecycle costs.

The final outcome was aesthetically consistent with the historical asset, successfully
preserving its significant features, as demonstrated in Figure 9. The project also facilitated
the removal of temporary structural supports, effectively extending the operational lifespan
of the asset by 60 years. Following the completion of the works, the RHT was contacted,
and the project has been accepted as a candidate for the National Heritage Awards.

In alignment with the proposed framework, the completed project documentation,
product data sheets, and design details can now be incorporated into NR’s property and
land database. This will serve as a reference catalogue of successfully executed material
changes, enabling data integration for similar assets. By establishing a record of tangible
benefits, this resource will support future proposals for material substitutions, particularly
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for listed assets, reducing subjective objections to contemporary materials and reinforcing
the rationale for selecting alternatives over traditional materials.

Table 2. Cost comparison of the 2014 and 2024 designs.

Cost to Implement 2014 Repair Design
Cost to Implement Design Incorporating Contemporary

Material in 2024

Shiplap treated Redwood
150 mm × 15 mm—134 @

GBP 16
GBP 2144

300 mm × 15 mm Textured
Shiplap Cladding White × 67

@ GBP 39
GBP 2613

Dulux wood primer undercoat
GBP 22.89 for 13.5 m2

coverage—100 m2 in total
GBP 183.12 N/A

Dulux Trade
Weathershield Quick-Drying

Exterior Satin Tinted
Colours GBP 36.84 for 13.5 m2

coverage 100 m2 in total

GBP 294.72 N/A

Fixings and Sundries GBP 350 Fixings and Sundries GBP 124

SX Contractors Silicone × 25
Tubes LMN—Neutral—White

@ GBP 2.75
GBP 68.75

SX Contractors Silicone × 25
Tubes LMN—Neutral—White

@ GBP 2.75
GBP 68.75

Installation costs—3 skilled
men × 24 weeks GBP 112,000 Installation costs—2 skilled

men × 16 weeks GBP 74,000

Total = GBP 115,041 GBP 76,806

5.2. Case Study 2: Stoke-on-Trent Station Gable End Replacement

Another case was initiated in March 2020 in response to the deterioration of two gable
ends at Stoke-on-Trent Station as shown in Figure 10, which posed a significant safety risk
to passengers and train operations. Due to the structural instability, the issue was escalated
to the project team, who conducted an initial cost forecast. The estimated budget was set
at three million GBP, primarily based on a comparable project previously undertaken at
Preston Station. However, this estimate was largely analogous, relying on similarities in
scope rather than a detailed site-specific assessment.

  

Figure 10. Condition of Stoke-on-Trent station gable ends before commencement of the replacement.

One of the significant challenges faced in this case was the discharge of Listed Building
Consent (LBC). During the design development phase, it was initially assumed that an
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aluminium frame would be an acceptable solution, as it had been approved in a similar
project. However, discussions with the planning officer confirmed that only a like-for-like
timber replacement would be permitted, and the proposal to use aluminium would be
rejected. Duguid et al. documented similar regulatory challenges in the Ordsall Chord
project [45].

The asset engineer explored various softwood alternatives, but Accoya® was ulti-
mately selected to maximise design life, as shown in Figure 11. Accoya® is an engineered
timber, for which pine trees are harvested at maturity (approximately 30 years old) and
subjected to an acetylation process using acetic acid. This modification enhances the
dimensional stability and durability of the wood [46].

  

Figure 11. The sections of the Accoya® frame and the new wood frame under construction.

The procurement of Accoya® contributed approximately one million GBP to the total
project cost. Had alternative materials been accepted by the planning officer, significant
cost savings could have been achieved. Additionally, the requirement for a like-for-like
timber replacement resulted in a two-year delay as the design underwent an extended
approval process.

Beyond the material selection challenge, the project also encountered difficulties in
terms of the construction methodology. The original plan proposed lifting the wooden
frame in one piece through a piecemeal approach. However, this method proved to be
infeasible due to site constraints, including overhead line equipment (OLE) and limited
headroom, which prevented the supplier from executing this approach as a cost-saving
measure. These constraints necessitated an alternative construction strategy, further com-
plicating project execution.

The challenges associated with the material change, design delays and modifications,
and the constructability of a single wooden span over an operational railway have resulted
in significant cost implications, as detailed in Table 3. Beyond the initial financial impact,
the long-term maintenance obligations of the wooden frame must also be considered.

The timber structure requires repainting every 15 years, posing the same logistical
and operational challenges as the original installation, particularly due to the complexities
of working over a live railway track. Had aluminium been approved, these maintenance
interventions could have been avoided for 40 years, reducing disruptions, costs, and
long-term risks while ensuring greater asset longevity.
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Table 3. Project cost profile throughout the project from its conception to its current milestone.

September 2023

Authority Granted GBP 3.175m Approved Final Cost GBP 6.755

December 2023

Authority Granted GBP 4.540m Approved Final Cost GBP 7.556m

June 2024

Authority Granted GBP 7.371m Approved Final Cost GBP 7.371m

In summary, the case study review and interviews with the project team led us to
conclude that alternative procurement and town planning strategies could have mitigated
many of the challenges encountered. It was further estimated that an approved final cost
(AFC) of approximately six million GBP could have been achievable with a different ap-
proach, highlighting the potential for cost efficiencies through improved material selection,
planning engagement, and procurement processes.

5.3. Reflections on Material Selection and Planning Challenges in Asset Conservation
5.3.1. Regulatory Challenges in Historical Asset Preservation

Renewal and repair work on historical assets require separate legal consent, particu-
larly when modifications reach a certain degree of change. However, the term “specified
degree” remains subjective, with no clear regulatory framework defining what alterations
are permissible on a case-by-case basis. Approval from local planning authorities (LPAs) is
essential for any modification. Still, the planning system is structured to present multiple
barriers to change, affecting project costs, deliverability, sustainability, and innovation.

A key issue in the preservation of historical assets is the prevailing focus on ensur-
ing that alterations remain “in keeping” with the existing architectural character of an
area. While this principle protects historical integrity, it has negatively impacted material
innovation and design advancements for over 300 years. The challenges identified in
this study align with survey participants’ experiences managing Network Rail’s historical
assets, in which restrictions on material choices often hinder the adoption of modern, more
durable solutions.

5.3.2. Potential of Contemporary Materials in Historical Preservation

Despite these challenges, the research findings demonstrate promising initial results in
adopting contemporary materials to enhance historical asset performance. The case studies
indicate that it is possible to preserve aesthetic and significant historical features while
simultaneously improving total lifecycle costs and aligning with both legal requirements
and governmental sustainability policies.

5.3.3. Improving Technical Communication for Material Substitutions

One of the key challenges in modern asset preservation is the complexity of communi-
cating engineering benefits to decision makers. The case study findings indicate that those
responsible for granting approvals are often not engineers, leading to potential misinter-
pretations of technical data. Overly detailed design drawings and empirical performance
data may fail to convey the practical benefits of material substitutions in a way that aligns
with preservation objectives and continued asset functionality.

The study suggests that documentation similar to that in FRP daggerboard re-
search [24] could effectively demonstrate the viability of contemporary materials in asset re-
newal. Reports endorsed by respected professional organisations can provide the necessary
justification for material substitutions, increasing the likelihood of obtaining LPA consent.
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5.3.4. Case Study 1: A Positive Outcome for Material Innovation

The validation of the framework through Case Study 1 yielded a positive outcome.
The signal box in this case had the advantage of not being a listed asset, although its
historical and operational significance suggests a high probability of future listing. This
status enabled a simplified approval process, allowing the introduction of contemporary
materials without the additional challenges of obtaining LPA consent.

The use of PVC cladding, a widely recognised commercial off-the-shelf product in
the construction industry, provided a practical alternative to traditional timber. This
material meets all relevant product performance, assurance, and accreditation requirements,
ensuring compliance with building regulations. Integrating approved materials from other
industries into railway asset renewal, in line with Network Rail’s design standards, resulted
in improved asset performance and extended preservation through modern techniques.

By applying the framework, the successful implementation of PVC cladding provides
a data-driven case for similar applications in the future. The recorded benefits can now
serve as a reference for other listed assets requiring renewal, improving the likelihood
of LPA approval by reducing uncertainties and offering evidence-based justifications for
material changes.

5.3.5. Case Study 2: A Missed Opportunity for Modernisation

The framework application in Case Study 2 yielded less positive results, with the
project facing significant setbacks due to incorrect assumptions and overconfidence in prior
planning decisions. The unverified expectation that an aluminium alternative would be
permitted—based on its approval for a similar project at Preston Station—was a critical
misjudgement. This oversight stemmed from a failure to properly define the benefits of
the proposed material change and an inability to present clear, substantiated data from the
Preston project to the planning officers. As a result, the project faced underestimated costs
and an overly optimistic delivery forecast.

Additionally, delayed engagement with town planners led to major modifications to
the original proposal, as the LPA only approved a like-for-like material substitution. The
selection of engineered modified timber aligned with the preservation requirements but
significantly increased both implementation costs and future maintenance demands. These
maintenance obligations introduce additional financial and operational burdens, particu-
larly due to the challenges of working over an active railway network. The consequence
of these constraints is that the gables will likely deteriorate more rapidly than anticipated,
ultimately reducing the asset’s lifecycle efficiency.

While some minor positives can be drawn from introducing modified timber and
a high standard of craftsmanship, the overall financial and logistical impact has been
detrimental. The high costs and project delays have strained the budget, diverting resources
from other necessary maintenance projects. This, in turn, increases the risk of accelerated
deterioration in other assets, highlighting a missed opportunity for modernisation.

5.3.6. Key Comparative Findings from the Case Studies

A notable trend identified through comparing case studies is the financial and oper-
ational advantages of eliminating the need for applied coatings. When a contemporary
material can match the appearance of the original construction while delivering superior
performance, the total lifecycle costs are significantly reduced.

Many protective coatings are labour-intensive, with a shorter lifespan than the materi-
als they protect. Their effectiveness is entirely dependent on their frequent reapplication
and strict maintenance schedules. Failure to undertake these maintenance tasks results in
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not only aesthetic deterioration but also material degradation, leading to more frequent
and costly repairs.

This research demonstrates that significant long-term cost savings can be achieved by
replacing traditional materials requiring additional coatings with modern alternatives that
inherently meet colour and aesthetic requirements. Similar benefits have been documented
in the structural engineering literature, in which CFRP and GFRP have been shown to
significantly enhance the flexural strength and stiffness of aged timber elements, indicating
the broader applicability of fibre-reinforced materials in asset renewal contexts [47,48].

6. Conclusions

The presented work demonstrates that applying modern preservation techniques
within a structured, reliability-oriented framework can significantly enhance the longevity,
performance, and cost efficiency of historical railway assets. The proposed framework
provides a practical approach to managing material substitution under regulatory and
system constraints, enabling the introduction of contemporary methods while maintaining
historical and functional integrity.

The research also highlights critical communication barriers in the planning approval
process. Many decision makers involved in authorising changes to heritage infrastructure
lack engineering backgrounds, which introduces subjective uncertainties into approval
outcomes. To address this, the study advocates for a data-driven, system-level strategy, in-
cluding the development of a national asset renewal database to offer quantifiable evidence
supporting the reliability and regulatory acceptance of contemporary materials.

Through the analysis of two industrial case studies, the study reveals both the potential
benefits and limitations of integrating modern materials into railway infrastructure. Case
Study 1 demonstrates how the successful application of PVC cladding, supported by
reliable performance data, can reduce lifecycle uncertainty and improve long-term asset
reliability. In contrast, Case Study 2 highlights how delayed planning engagement and
unvalidated assumptions regarding material approvals can lead to cost overruns, extended
delays, and reduced delivery reliability.

Future research will aim to expand the empirical scope of this study by examining a
broader range of historical asset types and contemporary material applications. Further
case-based validations of successful modern material integration across various heritage
contexts will also help strengthen the practical application of the framework.
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Abstract

The application of tuned mass dampers (TMDs) to high-rise buildings or slender bridges
can significantly decrease the dynamical vibrations due to external excitation, such as wind
or earthquake loads. However, the individual properties of a TMD such as mass, stiffness
and damping have to be designed carefully with respect to the dynamical properties of the
investigated structure. In real-world structures, the influence of uncertain system properties
might be critical for the performance of a TMD and thus the whole structure. Therefore,
the design under uncertainty of such systems is an important issue, which is addressed
in the current paper. For our investigations, we consider linear single-degree-of-freedom
(SDOF) systems, where analytical formulas for the deterministic design already exist, and
linear multi-degree-of-freedom (MDOF) systems, where a time integration and numerical
optimization algorithms are usually applied to obtain the optimal TMD parameters. If the
numerical optimization should be coupled with a sampling-based uncertainty quantifi-
cation method, such as Monte Carlo sampling, the design procedure would require the
evaluation of a coupled double-loop approach, which is very demanding from the com-
putation point of view. Therefore, we focus the following paper on an efficient analytical
uncertainty quantification approach, which estimates the mean and scatter from a Taylor
series expansion. Additionally, we introduce an efficient mode decomposition approach for
MDOF systems with multiple TMDs, which estimates the maximum displacements using a
modal analysis instead of a demanding time integration. Different optimal design problems
are formulated as single- or multi-objective optimization tasks, where the statistical proper-
ties of the maximum displacements are considered as safety margins in the optimization
goal functions. The application of numerical optimization algorithms is straightforward
and not limited to specific algorithms. As numerical examples, we investigate an SDOF
system with single TMD and a multi-story frame with multiple TMDs. The presented
procedure might be interesting for the design process of structures, where the dynamical
vibrations reach a critical threshold.

Keywords: dynamical systems; structural dynamics; tuned mass damper; uncertainty
quantification; robust design

1. Introduction

The application of tuned mass dampers (TMDs) for the reduction in structural vibra-
tions is a well-known procedure that started with the early investigations by Den Hartog [1].
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Typically, high-rise buildings under earthquake and wind excitations require the TMD
technology to reach new heights or to enable the construction under special loading con-
ditions. An overview of existing famous buildings with TMD applications is given in [2].
Early studies for structures subjected to wind loads can be found in [3,4], as well as for
earthquake excitations in [5,6].

Analytical solutions for optimal TMD parameters have been derived by Den Hartog [1]
by simplifying the original structure to a linear single-degree-of freedom (SDOF) system
and consider the TMD as an additional DOF. The optimality criteria were formulated in this
approach in order to minimize the maximum displacements by considering the dynamic
amplification function of the 2-DOF system under harmonic excitation. Additional analyti-
cal design criteria for harmonic excitations are summarized in [7]. Further investigations
on analytical solutions can be found in [8], for harmonic and white noise excitation, and
in [7,9–11], where different design criteria in the time and frequency domain have been
investigated.

The extension for linear and non-linear multi-degree-of-freedom (MDOF) systems
requires in the general case numerical procedure such as time integration to calculate the
performance criteria, which could be maximum displacements, accelerations, inter-story
drift and others. A good summary of the published design criteria and analysis methods
is given in [12]. Numerical investigations on this topic can be found, e.g., for MDOF
systems with a single TMD [13] and SDOF systems with multiple TMDs [14,15]. The
optimal parameters of MDOF systems with multiple TMDs could not be solved analytically
in the general case. Therefore, numerical optimization methods such as Particle Swarm
optimization [16] and genetic algorithms [17,18] and machine learning methods [19,20]
were often used for this task. However, the application of numerical optimization together
with time integration methods could be limited due to the significant numerical effort.

Additional to the optimal tuning of the TMDs, the accurate knowledge of the main
system properties as well as the TMD parameters are essential for an optimal performance
of the TMDs. Therefore, the influence of uncertainties on the TMD performance and re-
liability is a critical issue. The application of Reliability-based Design and robust design
optimization methods summarized in [21] have been published for different types of ran-
dom excitation [22,23] and random system parameters [24]. Recent applications perform
typically numerical time integration methods with random sampling [25,26], which in-
creases the numerical effort even more. Since a coupled robust design optimization would
require the evaluation of the statistical performance measure for every design parameter
combination, the time integration might be the critical bottle-neck in the numerical analysis.
Therefore, approximation methods have been investigated recently for the optimal design
of TMDs considering uncertainties [27,28].

In our study, we will focus on efficient methods for the optimal design of TMD param-
eters for linear SDOF and MDOF systems by considering parameter uncertainty. In the first
step, we will introduce a perturbation approach for the uncertainty propagation, where the
system responses are linearized by a Taylor series expansion with respect to the random
system parameters. This approach is derived and investigated for an SDOF system first,
whereby the optimal parameters are obtained by numerical optimization. As excitation,
we consider harmonic excitation, which could vary within a defined frequency range, and
the maximum value of the corresponding dynamic amplification function is considered as
the design criterion. Here, the amplification function of the displacements is chosen as an
example similar to early studies by Den Hartog. However, other performance criteria could
be considered in the approach in the same manner. We will show that this linearization
works well for individual discrete values of the amplification functions of the main system
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and the TMD relative displacements. Within the optimization objective we consider the
safety margin from the estimated mean and standard deviation within a variance-based
robustness evaluation approach. The linearization approach may consider continuous
scalar random numbers with an arbitrary distribution type, as long as the covariance matrix
is known. However, in the numerical examples we will focus on independent and normally
distributed random numbers. A Latin Hypercube sampling approach [29] is utilized as
a benchmark method to investigate the accuracy of the presented analytical approach.
Additional information on the uncertainty source could be obtained by variance-based
sensitivity measures, which could be estimated for the linearization approach as a direct
post-processing result.

In the second part of the paper, we will focus on linear MDOF systems with multiple
TMDs. The damping of the main system is considered as modal damping, which allows
for a decoupled modal analysis of the individual vibration modes. No further restrictions
are made with respect to the system as long as the mass, stiffness and damping matrix can
be defined. The application of the TMDs with arbitrary varying parameters will not fulfill
the initial assumption of modal damping, and the more general case of viscous damping
has to be considered. In the general case, the displacement solution can be obtained by
a numerically demanding time integration procedure only, which makes the presented
robust design optimization very impractical. For this reason, we will introduce a decoupled
stationary solution of the displacements of the individual DOFs of the main system and
the relative displacements of the TMDs. With the help of this very efficient approach,
the maximum displacements could be obtained for a given range of harmonic excitations
similarly to the SDOF system. The presented approach is of course an approximation, but
in the numerical example, we will show that for the critical excitation frequencies, this
approach agrees very well with the time integration results. Finally, the presented analytical
uncertainty propagation approach based on a linearization of the maximum displacements
with respect to the random system parameters is applied and an optimal design under the
consideration of a defined safety margin could be obtained in a straightforward manner.
As the numerical example, a three-story frame with two TMDs is investigated.

The novelty of the paper is the combination of the efficient uncertainty propagation
method and its extension for linear MDOF systems with multiple TMDs. The definition of
the optimization goals is straightforward and could consider single- and multi-objective
optimization problems with and without constraints. The presented procedure is indepen-
dent with respect to the choice of the optimization algorithms. Therefore, we focus the
paper on the dynamical analysis methods and the uncertainty analysis. The mechanical
model and the dynamical analysis including the uncertainty quantification approach were
implemented in MATLAB R2024b [30] and are freely available as mentioned in the Data
Availability Statement of this paper. As optimization algorithms the simplex Nelder–Mead
method [31] was chosen for single-objective optimization and the Non-dominated Sort
Genetic Algorithm (NSGA II) according to [32] for multi-objective optimization. For both
algorithms the implementation in the Ansys optiSLang 2025R1 optimization software
package was used [33].

2. Materials and Methods

2.1. Single-Degree-of-Freedom System
2.1.1. Mechanical Model

In the following section, we assume an SDOF system, which could be a simplified
mechanical beam model of a pedestrian bridge as shown in Figure 1.
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Figure 1. Mechanical beam model with attached damper and simplification as dynamical 2-degree-
of-freedom system.

If only a single natural mode of vibration is considered in the analysis, the main system
can be modeled as a single-degree-of-freedom (SDOF) system with the following equation
of motion [34]:

mH · q̈(t) + cH · q̇(t) + kH · q(t) = F(t), (1)

where mH , cH and kH are the mass, the viscous damping and the stiffness of the SDOF
system, respectively. q(t) is the corresponding displacement of the simplified degree of
freedom. Assuming a harmonic excitation,

F(t) = F̂ · sin(Ω · t), (2)

where F̂ is the force amplitude and Ω is the circular frequency of the excitation. The
particular (stationary) displacement solution qp(t) for the equation of motion reads [7]

qp(t) = q̂p · sin(Ω · t − ϕ1), (3)

with

q̂p =
F̂

kH
V1, V1 =

1√
(1 − η2)2 + (2ζHη)2

,

η =
Ω

ωH
, tan ϕ1 =

2ζHη

1 − η2 ,
(4)

where V1 is the dynamic amplification function, η is the frequency ratio of the excitation
and ϕ1 is the phase shift between the excitation and system response. Furthermore, the
natural circular frequency of the undamped system and the damping ratio are given as

ωH =

√
kH
mH

, ζH =
cH

2mHωH
. (5)

A performance measure within the design process could be the maximum value of the
dynamic amplification function V1, as it amplifies the ratio of the force amplitude and
system stiffness in the resonance case. Figure 2 shows an example of the amplification
function assuming a damping ratio of ζH = 0.5%.
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(a) (b)

Figure 2. Dynamic amplification functions of an SDOF system with a damping ratio ζH = 0.5%
without TMD and with optimal TMD parameters according to Den Hartog for different mass ratios:
(a) main system amplification VH(η)); (b) amplification of relative displacements VD(η).

If a tuned mass damper (TMD) is taken into account as the second degree of freedom,
as shown in Figure 1, the following equations of motion are obtained:

mH · q̈(t) + cH · q̇(t) + kH · q(t)− cD · ż(t)− kD · z(t) = F(t),

mD(q̈(t) + z̈(t)) + cD · ż(t) + kD · z(t) = 0,
(6)

where mD, cD and kD are the mass, the viscous damping and the stiffness of the additional
TMD, and z(t) describes the relative displacement between the main system and the tuned
mass damper. Assuming a harmonic excitation F(t) on the main system, the stationary
displacement solutions qp(t) for the main system and zp(t) for the secondary system read
as follows [7]:

qp(t) = q̂p · sin(Ω · t − ϕH), q̂p =
F̂

kH
VH ,

zp(t) = ẑp · sin(Ω · t − ϕD), ẑp =
F̂

kH
VD,

(7)

where VH and VD are the dynamic amplification functions of the main and secondary
system and ϕH and ϕD are the phase shifts with respect to the excitation. In [7] the
following equations are given:

VH =

√
b2

1 + b2
2

b2
3 + b2

4
, tan ϕH =

b1b4 − b2b3

b1b3 + b2b4
,

VD =

√
η4

b2
3 + b2

4
, tan ϕD =

b4

b3
,

(8)
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with the coefficients

b1 = κ2 − η2,

b2 = 2ηκζD,

b3 = η4 − η2
(

1 + κ2 + μκ2 + 4κζHζD

)
+ κ2,

b4 = η
[
2ζH(κ

2 − η2) + 2κζD(1 − η2 − μη2)
]
,

μ =
mD
mH

, κ =
ωD
ωH

, η =
Ω

ωH
.

(9)

Additionally, ωD and ζD are introduced as follows:

ωD =

√
kD
mD

, ζD =
cD

2mDωD
. (10)

Decisive parameters in the tuning of the TMD are the mass ratio μ, the frequency ratio
κ and the damping rate ζD of the attached vibration damper.

2.1.2. Optimal Tuning of the TMD Parameters

The optimal frequency ratio κopt and damping rate ζD,opt of a vibration damper with
deterministic properties are usually formulated as a function of the mass ratio μ [7]. The
optimal parameters for minimum displacements are given according to Den Hartog as

κopt =
1

1 + μ
, ζD,opt =

√
3μ

8(1 + μ)3 . (11)

In Figure 2, the amplification functions from Equation (8) for the displacements of the
main system and for the relative displacements are shown for different mass ratios. The
figure indicates that the maximum values of both amplification functions decrease with an
increasing mass ratio.

Alternatively to the Den Hartog formulas, the optimal values can be obtained by
mathematical optimization. If the maximum value of the dynamic amplification function
of the main system VH(η) should be minimized for a given maximum mass ratio μlimit, the
optimization task can be defined as a single-objective optimization problem as follows:

min
μ,κ,ζD

(
max

η
(VH(η, μ, κ, ζD))

)
, subjected to μ ≤ μlimit. (12)

Since an increase in the mass ratio μ always decreases the amplification function values,
the mass ratio can be considered constant as the limit value μ = μlimit and the frequency
ratio κ and the damping rate ζD can be considered as the remaining optimization variables.

As optimization algorithms, gradient-based approaches such as Quasi-Newton meth-
ods [35] as well as gradient-free methods can be applied without special adjustments.
In this study an extended Nelder–Mead method [31] from the Ansys optiSLang 2025R1
optimization software package [33] is used, which is very efficient for a small number of
optimization variables.

The advantage of an optimization approach compared to the analytical formulas
according to Den Hartog and others [7] is that additional constraints such as the maximum
relative displacement between the main system and the TMD can be considered in a
straightforward manner. In the first example in Section 3.1, the amplification function
obtained with the optimum parameters according to Den Hartog is compared to the results
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of a single-objective optimization. For this purpose, different formulations of the objective
function are investigated.

However, if we want to minimize the mass ratio of the vibration damper and the
maximum values of the amplification function VH simultaneously, the optimization task
can be solved either by gradually adjusting the limit for the mass ratio within a single-
objective problem or as a multi-objective problem using Pareto optimization. The objective
functions of the Pareto optimization can be formulated as follows:

min
μ,κ,ζD

(
μ, max

η
(VH(η, μ, κ, ζD))

)
, (13)

where μ, κ and ζD are the optimization variables. In case of conflicting objectives, no
unique optimal solution exists and the optimal designs build a so-called Pareto frontier as
shown in Figure 3. In our study, we use the Non-dominated Sort Genetic Algorithm (NSGA
II) according to [32] as the Pareto optimization algorithm. This algorithm is available in
the Ansys optiSLang 2025R1 optimization software package [33] and is used in this study
without modification. The NSGA II algorithm uses a sorting of the Pareto dominance as
the performance criterion as shown additionally in Figure 3. In Section 3.1 the results of
the Pareto optimization are investigated in detail for an SDOF system.

(a) (b)

Figure 3. Pareto optimization: (a) Pareto optimal designs on the Pareto frontier for two conflicting
objectives; (b) basic principle of the non-dominated sort approach used in the NSGA-II algorithm.

2.1.3. Uncertainty Propagation and Quantification

When the propagation of uncertainty should be analyzed, it is advisable to assume
the basic variables of the system as scattering variables since their variation can usually
be determined directly. This means that the mass and stiffness coefficients as well as the
damping ratios of the main system and the TMD are considered as random numbers, which
could be assembled in a random vector

X = [mH , kH , ζH , mD, kD, ζD]. (14)

Each random number Xi can be defined as a scalar random variable by a distribution
function and statistical moments, such as the mean value and standard deviation. For
normally distributed variables, a linear correlation between the random input parameters
can be represented with the Gaussian copula in closed form

fX(x) =
1√

(2π)p|CXX|
exp

[
−1

2
(x − X̄)TC−1

XX(x − X̄)

]
, (15)
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where fX(x) is the joint probability density function of random vector X and X̄ is the corre-
sponding mean vector and CXX the covariance matrix. p is the number of scalar random
variables assembled in X. The Nataf model [36] can be used to extend the Gaussian correlation
model to non-Gaussian distribution types. Further details on correlation models can be found
in [37]. In our study we consider independent normally distributed random numbers.

The resulting values of the amplification functions according to Equation (8) for dis-
crete values of the excitation frequency ratio ηi are defined in the following as scalar
random numbers:

VHi(X) = VH(ηi, X),

VDi(X) = VD(ηi, X).
(16)

The statistical properties of the amplification function values can be investigated by
sampling methods such as the Monte Carlo Simulation [38], where a certain number of
random samples is generated according to the defined distribution of the input param-
eters. In our study, an improved Latin Hypercube sampling (LHS) according to [29] is
applied, where the marginal distributions are represented with respect to the probability
contribution, and spurious correlations between the inputs are minimized accordingly as
shown in Figure 4. In our study the LHS implementation of the MATLAB R2024b software
package [30] is used to generate discrete samples of the random input vector X from a
given mean vector X̄ and a covariance matrix CXX.

(a) (b)

Figure 4. Improved Latin Hypercube sampling: (a) representation of the input marginals with equal
probability classes; (b) minimized spurious correlations.

The statistical properties of the amplification function values could be analyzed by
histograms and the estimates of statistical moments. Additional to the properties of a single
output, the dependence with respect to the random input parameters might be interesting.
A quite common approach for such a sensitivity analysis is the global variance-based
method. In this method, the contribution of the variation in the input parameters with
respect to the variation in a certain model output is analyzed. For further details the
interested reader is referred to [39].

Since the scatter of the random response values, e.g., the maximum amplification
function value, for a given nominal design of the input parameters should be considered in
an outer optimization loop, the sampling-based estimation of the response scatter might
be numerically demanding. Therefore, a more efficient analytical approach is used in
this study, where the individual amplification function values are linearized with respect
to the random input parameters using a Taylor series expansion at the nominal values.
The corresponding mean values and the variance of the linearized response values can
be estimated in closed form. By assuming the optimal deterministic parameter values as
mean values
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X̄ =
[
m̄H , k̄H , ζ̄H , m̄D, k̄D, ζ̄D

]
, (17)

the random amplification function values in Equation (16) can be linearized as follows:

VHi(X) ≈ Vlin
Hi (X) = VHi(X̄) +

(
∂VHi(X)

∂X

)T
∣∣∣∣∣
X̄

(
X − X̄

)
. (18)

Based on this linearization, the mean value and the variance of each amplification function
value can be obtained from the standard deviation σXk and the correlation coefficients ρkl

of the p random inputs Xk as follows:

V̄lin
Hi = VHi(X̄),

σ2
Vlin

Hi
=

p

∑
k

p

∑
l

∂VHi(X)

∂Xk

∂VHi(X)

∂Xl
σXk σXl ρkl .

(19)

The required derivatives in Equation (18) are obtained in this study by the central difference
method. In case of uncorrelated inputs, Equation (19) simplifies as follows:

V̄lin
Hi = VHi(X̄), σ2

Vlin
Hi

=
p

∑
k

(
∂VHi(X)

∂Xk

)2

σ2
Xk

. (20)

2.1.4. Optimization Under Uncertainty

By considering uncertain input parameters in the optimization task, we have to
distinguish between purely random inputs and design variables, which could be random
as well [21]. Let us consider the design variables for the SDOF system similar to the
deterministic optimization with the nominal values of μ, κ and ζD

d = [μd, κd, ζD,d]. (21)

The corresponding random numbers for the TMD coefficients are

XD = [mD, kD, ζD], (22)

where the mean values are adapted by the design variables

m̄D = μd · m̄H , k̄D = μd · κ2
d · k̄H , ζ̄D = ζD,d. (23)

The standard deviation of each parameter could be assumed either as a constant value or
could be obtained from the current mean value and a given Coefficient of Variation (CoV)

σmD = m̄D · CoV(mD), σkD = k̄D · CoV(kD), σζD = ζ̄D · CoV(ζD). (24)

The statistical properties of the pure random parameters of the main system

XH = [mH , kH , ζH ] (25)

remain constant during the optimization.
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In Reliability-based Design optimization, the objective function is usually formulated
in terms of the deterministic design variables d. Statistical constraints are introduced to
consider certain quality requirements [21]

min
d

f (d), subjected to PFi = P[gi(XD, XH) ≤ 0] ≤ Ptarget
Fi

, (26)

where gi(XD, XH) are limit state functions depending on the joint set of XD and XH . PFi

is the corresponding failure probability, which must not exceed a given target value. In
Figure 5 a single random response Y is shown with an indicated limit Ylimit.

Figure 5. A random response with indicated limit and corresponding exceedance probability and the
safety margin between the mean value and the limit.

The limit state function can be formulated in this case as follows:

gY(X) = Ylimit − Y(X). (27)

The evaluation of the failure probability PF requires an integration of the joint probability
density function fX over the failure domain

PF = P[g(X) ≤ 0] =
∫

· · ·
∫

g(X)≤0

fX(x)dx, (28)

which might be numerically very demanding for the general case [37].
Within the Design-for-Six-Sigma approach, the optimization constraints are typically

formulated in terms of the safety margin of the random output [40]

Ȳ + α · σY ≤ Ylimit, (29)

which is usually defined as the standard deviation times a required sigma level α. Different
procedures for this so-called robust design optimization (RDO) are discussed in [41] and
more recently in [21]. Typically, a double-loop approach is necessary, where the outer
loop performs the optimization and an inner loop estimates the output mean values and
standard deviations with respect to the current nominal values of the design variables.

For the optimization of the TMD parameters, we will apply the linearization approach
to estimate the mean value and the standard deviation of the individual amplification
function values VHi and VDi. If a certain limit for the dynamic amplification is given, the
optimization task can be formulated in terms of a minimization of the nominal TMD mass
ratio as follows:
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min
d

μd, subjected to max
i

(V̄Hi + α · σVHi ) ≤ Vlimit
H

max
i

(V̄Di + α · σVDi ) ≤ Vlimit
D ,

(30)

where the constraints could be formulated alternatively in terms of the maximum dis-
placements by using Equation (7). If no limit values for the amplification function or
displacements are defined, we could either minimize the mass ratio and the maximum
amplification values within a multi-objective optimization

min
d

(
μd, max

i
(V̄Hi + α · σVHi )

)
, (31)

or the mass ratio could be kept fixed and the maximum amplification values are minimized.
The scaling factor α, which defines the safety margin in terms of the standard deviation,
is chosen in this study according to the probability levels for the serviceability limit state
β ≤ 2.9 and the ultimate limit state β ≤ 4.7 according to the European design code [42].

2.2. Extension for Multi-Degree-of-Freedom Systems
2.2.1. Mechanical Model

The equation of motion for a linear multi-degree-of-freedom (MDOF) system reads in
matrix-vector notation as follows:

MH · q̈H(t) + CH · q̇H(t) + KH · qH(t) = f(t), (32)

where the mass matrix MH , the viscous damping matrix CH and the stiffness matrix KH

correspond to an initial main system without a TMD. f(t) is the external force vector
acting on the individual DOFs. The displacement vector qH(t) contains the displacements
of all degrees of freedom of the original main system. For the free vibration mode of
the undamped system, the natural circular frequencies ωHi and the corresponding mode
shapes φφφi can be obtained by solving the following eigenvalue problem:(

KH − ω2
Hi

· MH

)
·φφφi = 0. (33)

The mode shapes are orthogonal to each other

φφφT
i · MH ·φφφj = 0, φφφT

i · KH ·φφφj = 0 ∀ i �= j, (34)

and could be normalized arbitrarily. In our study, we assume a modal damping according
to [43]

φφφT
i · CH ·φφφj = 0 ∀ i �= j, φφφT

i · CH ·φφφi = c̃i, (35)

which leads to decoupled equations of motion in the modal space

φφφT
i MHφφφi · ¨̃qHi (t)+ φφφT

i CHφφφi · ˙̃qHi (t)+ φφφT
i KHφφφi · q̃Hi (t) = φφφT

i f(t),

m̃i · ¨̃qHi (t)+ c̃i · ˙̃qHi (t)+ k̃i · q̃Hi (t) = f̃i(t),
(36)

where m̃i, c̃i and k̃i are the modal mass, modal damping and modal stiffness for the mode
shape φφφi, and f̃i(t) is the corresponding excitation force. The displacement solution in the
n original degrees of freedom can be obtained by a superposition of the decoupled modal
solutions as follows:

qH(t) =
n

∑
i=1

φφφi · q̃Hi (t). (37)
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If we extend the MDOF system by several tuned mass dampers, which are coupled
directly to certain degrees of freedom of the initial main system, we get a coupled damping
and stiffness matrix in the equation of motion[

MH 0

0 MD

]
·
[

q̈H(t)
q̈D(t)

]
+

[
CH + CDH CDC

CT
DC CDD

]
·
[

q̇H(t)
q̇D(t)

]

+

[
KH + KDH KDC

KT
DC KDD

]
·
[

qH(t)
qD(t)

]
=

[
f(t)

0

]
,

(38)

where CDH , CDC and CDD as well as KDH , KDC and KDD are sub-matrices which represent
the damping and stiffness coefficients of the tuned mass dampers and their association to
the coupled degrees of freedom of the main system. qH(t) is the displacement vector of
the original DOFs of the main system and qD(t) are the displacements of the additional
DOFs of the TMDs. The excitation force vector is assumed to act only on the main system
DOFs. This extended equation of motion covers arbitrary structures with symmetric
mass, damping and stiffness matrices of the original structure, including the TMDs. The
corresponding DOFs are ordered with respect to the main system DOFs and additional
DOFs of the TMDs. Since the TMDs are coupled to the original structure only by viscous
damper and spring elements, the mass coupling between the main system and the TMDs is
zero as indicated by the zero off-diagonal mass sub-matrices.

For arbitrary values of the TMD coefficients, Equation (38) does not necessarily fulfill
the assumption of modal damping and a decoupled solution could not be obtained in
the general case of viscous damping. Therefore, time integration methods such as the
Newmark-Beta approach [43] are necessary to solve Equation (38). However, this procedure
is very demanding from the computational point of view. Especially, if the maximum
amplification function of a certain degree of freedom should be considered in the objective
function, a sweep over the excitation frequency has to be considered.

2.2.2. Approximated Decoupled Stationary Solution

In order to decrease the numerical effort, we assume a decoupled influence of each
TMD by designing it only for a single vibration mode of the main system. For example, if we
would assume a tuning for the first mode shape, we would approximate the displacement
solution as the super position of a 2-DOF system for the first mode and several SDOF
systems for the higher modes as illustrated in Figure 6.

The stationary displacements of the original DOFs can be assembled for this assump-
tion as follows:

qp,H(t) =
n

∑
i=1

φφφi · q̃p,Hi (t), (39)

where the decoupled solution of an individual vibration mode reads in case of an applica-
tion of a TMD

q̃p,Hi (t) =
ˆ̃fi

k̃i
· VH,i · sin(Ω · t − ϕH,i). (40)

The modal stiffness k̃i corresponds to the main system and the force amplitude ˆ̃fi results
from a harmonic excitation as follows:

f̃i(t) = φφφT
i f̂ · sin(Ω · t) = ˆ̃fi · sin(Ω · t). (41)
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The amplification function VH,i and the phase shift ϕH,i have to consider the modal mass
and modal damping as well as the corresponding undamped circular frequency of the
main system for the calculation according to Equation (7)

VH,i = VH(ηi, μi, κi, ζHi , ζDi ), ηi =
Ω

ωHi

,

ϕH,i = ϕH(ηi, μi, κi, ζHi , ζDi ), κi =
ωDi

ωHi

, μi =
mDi

m̃i
.

(42)

The corresponding mode shape φφφi has to be normalized with respect to the DOF, where the
TMD is applied. For the other vibration modes, where no TMD is applied, the decoupled
stationary displacement solution reads

q̃p,Hj(t) =
ˆ̃f j

k̃j
· V1,j · sin(Ω · t − ϕ1,j), ∀ j �= i, (43)

where V1,j and ϕ1,j are the amplification function and the phase shift of a standard SDOF
system without a TMD according to Equation (4)

V1,j = V1(ηj, ζHj), ϕ1,j = ϕ1(ηj, ζHj). (44)

No special normalization is necessary for these mode shapes without TMDs. The maximum
stationary displacements of the orginal DOFs can be obtained from the assembled stationary
displacements according to Equation (39) for one vibration period while considering the
individual phase shifts in Equations (40) and (43). The relative displacements of the TMDs
with respect to the coupling DOFs result in the decoupled stationary solution similar to the
main system as

zp,Di (t) =
ˆ̃fi

k̃i
· VD,i · sin(Ω · t − ϕD,i), (45)

with
VD,i = VD(ηi, μi, κi, ζHi , ζDi ), ϕD,i = ϕD(ηi, μi, κi, ζHi , ζDi ). (46)

In the second example, we will show that the approximated displacement solution agrees
very well with the results from a time integration and can be used to estimate the maximum
displacements for the full excitation frequency range very efficiently.

Figure 6. Superposition of the displacements of an MDOF system with a single TMD optimized for
the first vibration mode.
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2.2.3. Uncertainty Quantification

For the uncertainty quantification, we introduce the maximum stationary displace-
ments of the original DOFs qHn and maximum relative displacements of the TMDs zDi for
a discrete value of the excitation frequency Ωk as scalar random outputs

QHn,k (X) = max
t

(|qHn(t, Ωk, X)|), ZDi,k (X) = max
t

(|zDi (t, Ωk, X)|), (47)

where the linearization approach with respect to the random input vector X can be applied
similarly to the SDOF system

QHn,k (X) ≈ Qlin
Hn,k

(X) = QHn,k (X̄) +

(
∂QHn,k (X)

∂X

)T
∣∣∣∣∣∣
X̄

(
X − X̄

)
. (48)

The variance of these outputs can be directly estimated using Equation (20). The random
input vector contains the random inputs of the main system XH , which define the scatter of
the MDOF system itself, and the random properties of the m TMDs

X =
[
XH , mD1 , kD1 , ζD1 , . . . , mDm , kDm , ζDm

]
. (49)

2.2.4. Optimization Under Uncertainty

As design variables within the robust design optimization, we consider the nominal
values of the mass ratio μDi , the nominal circular frequencies ωDi and the nominal damping
ratio ζDi of each TMD

d =
[
μD1,d, ωD1,d, ζD1,d, . . . , μDm ,d, ωDm ,d, ζDm ,d

]
. (50)

The choice of design variables is based on the investigations in [44] and is more suitable
than the basic mass, stiffness and damping coefficients in the equation of motion.

The objective functions within the robust design optimization are defined similarly
to the SDOF system, but the total mass of all TMDs and the safety margin of specific
displacements of the main system could be considered for an arbitrary discrete set of
excitation frequencies Ωk

min
d

(
m

∑
i=1

mDi , max
k

(Q̄Hn,k + α · σQHn,k
)

)
. (51)

Additional constraints with respect to the TMD relative displacements could be formulated
in a straightforward manner.

3. Results

3.1. Single-Degree-of-Freedom Example
3.1.1. Deterministic Optimization

In the first example we investigated an SDOF system with a TMD as shown in Figure 1.
The parameters for the main system have been chosen as examples and are given in Table 1.
Additionally, the optimal parameters according to Den Hartog are given for a mass ratio
of μ = 2.0%. In the first step we performed a single-objective optimization with the
objective function

min
κ,ζD

(
max

η
(VH(η, μ = 0.02, κ, ζD))

)
.
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The parameter bounds for the optimization variables κ and ζD are given in Table 1. In
Figure 7 the objective function is shown within the parameter bounds. The figure clearly
indicates a unimodal objective function with a single optimum. As the optimization
algorithm, the simplex method [31] from the Ansys optiSLang 2025R1 software package [33]
was utilized. The optimizer converged within 55 model evaluations. Further details
including the full optiSLang projects with the optimization settings and all the results can
be found in the accompanying data set. The obtained parameter values of the optimal
design agree very well with the optimal values according to Den Hartog as shown in Table 1.
The corresponding amplification functions drawn in Figure 8 show very good agreement.

(a) (b)

Figure 7. Objective function for the single-objective optimization: (a) minimizing max(VH(η));
(b) minimizing VH(η = 1.0) with indicated optimal values according to Den Hartog (red dot).

(a) (b)

Figure 8. Amplification function for the optimal values from single-objective optimization with
different objective functions and according to Den Hartog: (a) main system amplification VH(η));
(b) amplification of the relative displacements VD(η).
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Table 1. SDOF system with TMD: reference and optimization bounds and results of the single-
objective optimization of min(max(VH(η))).

Parameter Unit Reference
Den Single-Objective Multi-

Hartog Bounds Optimum Objective

mH kg 104 104 104 104 104

kH kN/m 103 103 103 103 103

ζH - 0.005 0.005 0.005 0.005 0.005

μ - - 0.020 0.020 0.020 0.00–0.20
κ - - 0.980 0.70–1.20 0.979 0.70–1.20

ζD - - 0.084 0.00–0.40 0.087 0.00–0.40

In the second step, we investigated a different objective function by considering the
amplification value at the resonance frequency only

min
κ,ζD

(VH(η = 1.0, μ = 0.02, κ, ζD)).

The obtained amplification function is shown additionally in Figures 7 and 8. As indicated
in the second figure, the optimized SDOF+TMD system has two significant resonances
which have an amplification close to the original SDOF system. Thus, a different excitation
frequency would lead to similar displacements as those without a TMD. Even the relative
displacements of the TMD with respect to the main system would be very large compared to
the values obtained with the Den Hartog parameters. From this finding, we can summarize
that the consideration of a single specific excitation frequency might not lead to optimal
amplification functions. Therefore, we consider the maximum amplification function as an
objective in the following investigations.

In the next step, a multi-objective optimization was performed with two objective functions,

min
μ,κ,ζD

(
μ, max

η
(VH(η, μ, κ, ζD))

)
,

by considering the parameter bounds given in Table 1. The NSGA-II method [32] of the
Ansys optiSLang 2025R1 software package was used with 50 generations, each having a
population size of 50 in order to assure a good convergence. Further details including the
optimization settings and results can be found in the accompanying data set.

Figure 9 compares the resulting Pareto front of both objective functions and the results
of several single-objective optimization runs with the optimal values according to Den
Hartog. The relationship between the optimal mass ratio μ and the corresponding values
of the frequency ratio κ and the damping ratio ζD is particularly interesting. The scatter
in the parameter values results from the stochastic nature of the NSGA-II. The optimal
damping ratio according to Den Hartog is visibly lower than that of the optimizations,
whereby the maximum values of the magnification functions hardly differ. As a result
of the multi-objective optimization, a suitable choice for the mass ratio could be made:
the range of about a 2% to 5% mass ratio represents a good compromise between the
conflicting objective functions. The relationship between the maximum values of the
relative displacement is analogous to that of the main system. However, a limitation of the
installation space and thus of the maximum displacements could be considered directly as
a constraint in the single-objective and multi-objective optimization.
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(a) (b)

(c) (d)

Figure 9. Results of the multi-objective optimization, several single-objective optimization runs
with different mass ratios and the corresponding optimal parameters according to Den Hartog for
the SDOF example: (a) maximum amplification VH , (b) maximum amplification VD, (c) optimal
frequency ratio κ and (d) optimal damping ratio ζD dependent on the mass ratio μ.

3.1.2. Uncertainty Quantification

In the next step, uncertain input parameters were investigated for the given SDOF
system. The input parameters were assumed to be independent and normally distributed
as given in Table 2. The mean values were assumed as the optimal Den Hartog parameters
for a mass ratio of 2% as given in Table 1. First, an improved Latin Hypercube sampling [29]
with 1000 samples was generated as the reference with the MATLAB R2024b software
package [30] and the corresponding amplification functions for each sample were calcu-
lated. The frequency ratio was discretized with 200 equidistant values within the interval
η ∈ [0.8; 1.2]. The samples and corresponding amplification function values are available
in the accompanying data set.
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Table 2. Statistical properties of the scattering input parameters for the SDOF example with mean
values according to the Den Hartog parameters.

Parameter Unit Mean Value
Coefficient of

Variation
Distribution

Type

mH kg 104 1.0% Normal
kH kN/m 103 2.0% Normal
ζH - 0.005 5.0% Normal

mD kg 200.0 1.0% Normal
kD kN/m 19.22 2.0% Normal
ζD - 0.084 5.0% Normal

Figure 10 shows the first 100 samples which indicate a significant scattering of the
magnification function in the range of the two maximum values corresponding to the
natural frequencies.

(a) (b)

Figure 10. The 100 Latin Hypercube samples of the amplification functions of the SDOF example
compared to the deterministic functions according to Den Hartog for a nominal mass ratio of μ = 2.0%:
(a) main system amplification VH(η); (b) amplification of the relative displacements VD(η).

In Figure 11 the sample estimates of the mean value and standard deviation for
each amplification value VHi and VDi calculated for every frequency ratio ηi are shown.
Additionally, the estimated mean and standard deviation of VHi and VDi using the analytical
linearization approach are plotted. The derivatives required in Equation (18) have been
estimated using the central difference method, which required only 12 model calls for the
six input parameters. The corresponding derivation interval has been chosen as 1% of the
nominal parameter values. The figure indicates very good agreement of both approaches,
which indicates a sufficient representation of the scatter of the individual random response
values VHi and VDi by the linearization for the single-degree-of-freedom system.
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(a) (b)

(c) (d)

Figure 11. Mean values and standard deviation of the amplification function values for a nominal
mass ratio of μ = 2.0% estimated from 1000 LHS samples and by using the linearization approach:
(a) mean values of VH(η), (b) mean values of VD(η), (c) standard deviation of VH(η) and (d) standard
deviation of VD(η).

Additionally, the linearized variance contribution
(

∂VH(ηi ,X)
∂Xk

)2
σ2

Xk
of the input param-

eters for the individual amplification values was estimated using Equation (20) and is
plotted in Figure 12. The figure indicates a significant influence of the stiffness values for
the values with the maximum scatter. The influence of the damping of the main system is
negligible and the damping of the TMD is mostly significant where the contribution of the
mass and stiffness scatter is smallest.
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(a) (b)

Figure 12. Variance contribution of the input parameters for a nominal mass ratio of μ = 2.0%
estimated with the linearization approach: (a) with respect to main system amplification VH(η);
(b) with respect to amplification of relative displacements VD(η).

3.1.3. Optimization Under Uncertainty

Finally, the TMD for the SDOF system was optimized considering uncertain input
parameters. As the objective function, Equation (31) was considered, whereas the nominal
values of κ and ζD were taken as the optimization variables and the nominal mass ratio
was kept as μ = 2.0%. The input scatter was defined by the Coefficients of Variation given
in Table 2. The mean values and the standard deviation of the individual amplification
function values were estimated by the linearization approach. Figure 13 shows the corre-
sponding maximum values of the mean and standard deviation as a function of the nominal
values of κ and ζD. The figure indicates that a decreasing standard deviation correlates
with an increasing mean value. Thus, a combination of both measures forms a compromise
between the nominal outputs and the scatter of the results. Similar to the deterministic
case, the optimization was performed with the simplex method using Ansys optiSLang
2025R1. Further details including the optimization settings and results can be found in
the accompanying data set. The α-factor for the standard deviation in Equation (31) was
assumed with α = 2.9 and α = 4.7. Figure 13 shows the optimal values obtained for both
cases in comparison to the deterministic solution. It is clearly recognizable that for a higher
weighting of the scattering, the optimal parameters tend towards higher damping values.

The amplification function values from the deterministic optimization and the 4.7σ

optimum are compared in Figure 14, where the mean value curves and the mean
values + 4.7 times the standard deviation are plotted. The figure clearly indicates an in-
creased maximum mean value of the 4.7σ optimum compared to the deterministic solution,
but the scatter is significantly smaller and thus a reduction in the statistical limit is possible.
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(a) (b)

Figure 13. (a) Maximum mean value and (b) standard deviation of VH(η) as a function of the
optimization parameters κ and ζD, including the deterministic optimum (red dot), the 2.9σ optimum
(green dot) and the 4.7σ optimum (yellow dot).

(a) (b)

Figure 14. Estimated mean values (solid line) and mean values plus 4.7-fold standard deviations
(dashed line) for the deterministic optimum and for a safety margin of α = 4.7: (a) for the main
system amplification VH(η); (b) for the amplification of relative displacements VD(η).

As the final investigation for the SDOF example, the single-objective robust design
optimization was performed for different nominal values of the mass ratio μ and different
safety margins α by using again the simplex method. In Figure 15 the obtained maximum
values for the mean and standard deviation as well as the corresponding nominal values for
κ and ζd are shown, whereby, for α = 0.0, the nominal values correspond to the determinis-
tic solution presented in Section 3.1.1. The figure indicates that, with an increasing safety
margin, the mean values increase, but the standard deviation decreases. Furthermore, the
damping ratio increases. This effect is most dominant for small mass ratios, where the
influence of the uncertain input parameters is most critical.
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(a) (b)

(c) (d)

Figure 15. Optimized maximum mean value and standard deviation of the amplification function
values for an increasing nominal mass ratio μ and different safety margins α: (a) maximum mean
values of amplification function VH(η), (b) maximum standard deviation of amplification function
VH(η), (c) optimal frequency ratio κ and (d) optimal damping ratio ζD.

3.2. Multi-Degree-of-Freedom Example with Multiple Tuned Mass Dampers
3.2.1. Deterministic Analysis

In the second example, a multi-degree-of-freedom system as shown in Figure 16 was
investigated. The deterministic values for the stiffnesses, masses and damping ratios have
been taken according to the mean values in Table 3. The damping was assumed as modal
damping as explained in Section 2.2.1. The three natural circular frequencies of the main
system are ωH1 = 4.451

s , ωH2 = 12.471
s and ωH3 = 18.021

s and the corresponding mode
shape are shown in Figure 17. The amplification functions for a harmonic excitation F(t) are
plotted in Figure 18. The peak values decrease for the larger natural frequencies due to the
higher damping ratios. The TMDs have been designed for the first and second vibration
mode and are coupled to the DOF 3 and 1, respectively, which have the maximum value of
the corresponding mode shape. Both mode shapes φφφ1 and φφφ2 were normalized with respect to
the coupling DOFs qH3 and qH1 as shown in Figure 17, which results in the modal masses of
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m̃1 = m̃2 = 18411.7 kg. The optimal parameters for the nominal mass of the TMDs are taken
according to Den Hartog as μ1 = μ2 = 0.027, κ1 = κ2 = 0.974 and ζD1 = ζD2 = 0.097, which
results in the nominal stiffnesses given in Table 3. The corresponding amplification functions
for the first and second modes including the TMDs are shown additionally in Figure 18.

Table 3. Statistical properties of the input parameters for the MDOF example.

Parameter Unit Mean Value
Coefficient of

Variation
Distribution

Type

m1,m2,m3 kg 104 1.0% Normal
k1,k2,k3 kN/m 103 2.0% Normal

ζH1 - 0.010 5.0% Normal
ζH2 - 0.015 5.0% Normal
ζH3 - 0.020 5.0% Normal

mD1 kg 500.0 1.0% Normal
mD2 kg 500.0 1.0% Normal
kD1 kN/m 9.386 2.0% Normal
kD2 kN/m 73.69 2.0% Normal
ζD1 - 0.097 5.0% Normal
ζD2 - 0.097 5.0% Normal

Figure 16. MDOF example with 3 main DOFs and 2 TMDs.

Figure 17. Mode shapes of the initial 3-DOF system with ωH1 = 4.45 1
s , ωH2 = 12.47 1

s and
ωH3 = 18.02 1

s .
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In a first step, the accuracy of the approximated displacement solution using the
decoupled stationary approach according to Section 2.2.2 was investigated. A harmonic
excitation at DOF qH3 was assumed as F(t) = 1kN · sin(Ω · t). As the benchmark method,
the Newmark time integration was used for the full 5-DOF system including the TMDs
within a time range of 100 excitation periods and a time step of 1

200 of the smallest free
vibration period of the initial main system. Figure 18 shows the displacements of DOF qH3

for the first 25 excitation periods with Ω = 4.35 1
s . The figure indicates very good agreement

of the approximated stationary solution with the Newmark results in the steady state.

(a) (b)

Figure 18. (a) Amplification functions for the 3-DOF system with and without TMDs and (b) approxi-
mated stationary displacements for an excitation frequency of Ω = 4.35 1

s .

This analysis was repeated for different excitation frequencies, and the maximum
amplitudes of the Newmark results have been extracted from the last 25 out of 100 excitation
periods. In Figure 19 the vibration amplitudes in the steady state are compared for the
displacements of all DOFs of the main system as well as for the relative displacements
zD1 and zD2 of the TMDs. Additionally, the maximum values of the drift displacement
at the second floor qH3 − qH2 are plotted. The figure indicates very good agreement for
the main DOFs. Small deviations could be observed for the drift displacements. The
relative displacements of the TMDs are represented very well for the corresponding first
and second vibration resonance, but larger deviations could be observed at the additional
peaks for the other resonances. This is the case since no interaction of the TMDs with the
other vibration modes was considered in the stationary approach. However, the maximum
relative displacements could be approximated sufficiently.

3.2.2. Uncertainty Quantification

In the next step the uncertainty propagation was investigated for the MDOF exam-
ple by using 1000 Latin Hypercube samples and the linearization approach according to
Equation (48). The samples were generated again with the MATLAB R2024b software
package [30]. The random input parameters are assumed as normally distributed inde-
pendent random variables with mean values and the CoV according to Table 3. As model
responses, the maximum displacements of the three original DOFs and the maximum drift
qH3 − qH2 between the second and third DOF were evaluated. The estimated mean values
and standard deviations are compared for both approaches depending on the excitation
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frequency in Figure 20 for the original DOFs and in Figure 21 for the maximum drift. The
figure indicates very good agreement in the range of the first two natural frequencies,
where the TMDs are active. Larger deviations could be observed in the range of the third
natural frequency. The variance contribution of the inputs indicate a significant influence
of the stiffness and mass coefficients of the main system as well as the modal damping ζ3

on this displacement variation. However, the scatter of the TMD coefficients is significant
only for the variation in the drift displacement for an excitation frequency around the first
and second natural frequency.

3.2.3. Optimization Under Uncertainty

In the final analysis, a robust design optimization was performed with different
displacement measures. First, the total mass of both TMDs was minimized and the mean
value and standard deviation of the maximum displacements at the third main DOF
QH3,k (X) = max

t
(|qH3(t, Ωk, X)|) were considered in the second objective:

min
d

(
mD1 + mD2 , max

0<Ωk≤15 1
s

(Q̄H3,k + α · σQH3,k
)

)
.

The evaluated discrete excitation frequency values were limited to the range of 0 < Ωk ≤
15 1

s to consider only the first two resonance frequencies in the tuning of the TMD pa-
rameters. The maximum displacements for the third resonance frequency remain almost
constant if the TMD parameters are modified within the optimization. In Figure 22 the max-
imum mean values and standard deviations of the displacements are shown, dependent
on the total mass of the TMDs for the deterministic optimization with α = 0 and for the
optimization under uncertainty assuming α = 4.7. As in the SDOF example, a significant
reduction in the scatter can be observed for the RDO case while the mean values are slightly
increased. The TMD tuned for the second vibration mode gets more mass in the RDO case
since the scatter of the displacements around the second resonance is larger than for the
first resonance frequency as shown in Figure 23.

Second, we considered the maximum drift in the upper floor

DH2−3,k (X) = max
t

(|qH2(t, Ωk, X))− qH3(t, Ωk, X))|)

in the second objective

min
d

(
mD1 + mD2 , max

0<Ωk≤15 1
s

(D̄H2−3,k + α · σDH2−3,k
)

)
.

In Figure 24 the obtained mass distribution of the TMDs is shown with the mean values and
standard deviations depending on the excitation frequency. The figure indicates that the
TMD for the second vibration mode obtained much more mass as in the first investigated
case. The mean values and the scatter of the maximum displacements are significantly
reduced for the considered frequency range while the values around the third resonance
remain almost constant. For the robust optimum obtained with α = 4.7, the scatter of the
maximum drift displacements are significantly reduced compared to the solutions of the
deterministic optimization.
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(a) (b)

(c) (d)

(e) (f)

Figure 19. Approximated maximum stationary displacements of the MDOF example compared with
the Newmark results: (a) for the DOF qH1 , (b) for the DOF qH2 , (c) for the DOF qH3 , (d) for the
second-floor drift qH3 − qH2 , (e) for the TMD relative displacements zD1 and (f) for the TMD relative
displacements zD2 .
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(a) (b)

(c) (d)

(e) (f)

Figure 20. Estimated mean values and standard deviations of the maximum displacements of the
three main DOFs estimated from 1000 LHS samples and by using the linearization approach: (a) mean
value DOF qH1 , (b) standard deviation DOF qH1 , (c) mean value DOF qH2 , (d) standard deviation
DOF qH2 , (e) mean value DOF qH3 and (f) standard deviation DOF qH3 .
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(a) (b)

(c) (d)

(e) (f)

Figure 21. Mean values and standard deviations of the maximum drift max(qH3 − qH2 ) estimated
from 1000 LHS samples and by using the linearization approach and linearized variance contribution
of the input parameters: (a) mean values, (b) standard deviation, (c) variance contribution of masses,
(d) variance contribution of stiffness, (e) variance contribution of damping ratios and (f) variance
contribution of TMD parameters.
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(a) (b)

(c) (d)

Figure 22. Optimized maximum mean values and standard deviations of the maximum displacement
of qH3 for an increasing mass of the TMDs and different safety margins α for the MDOF example:
(a) optimized maximum mean values, (b) optimized maximum standard deviations, (c) optimal mass
of TMD 1 and (d) optimal mass of TMD 2.

(a) (b)

Figure 23. Cont.
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(c) (d)

Figure 23. Mean values and standard deviations of the maximum displacements qH3 for an increasing
mass of the TMDs dependent on the excitation frequancy and the safety margin: (a) mean values for
α = 0, (b) standard deviation for α = 0.0, (c) mean values for α = 4.7 and (d) standard deviation for
α = 4.7.

(a) (b)

(c) (d)

Figure 24. Cont.
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(e) (f)

Figure 24. Optimized maximum mean values and standard deviations of the maximum drift displace-
ment of the third floor qH3 − qH2 for an increasing mass of the TMDs and different safety margins:
(a) optimal mass of TMD 1, (b) optimal mass of TMD 2, (c) mean values for α = 0, (d) standard
deviation for α = 0.0, (e) mean values for α = 4.7 and (f) standard deviation for α = 4.7.

4. Discussion

4.1. Single-Degree-of-Freedom Systems

The deterministic optimization of the TMD parameters is straightforward if the maxi-
mum value of the dynamic amplification function for the main system displacements is
considered as the objective function. Further constraints could be the maximum relative
displacements of the TMD, which would just limit the design space. The single- and
multi-objective optimization lead to similar results; therefore, a subsequent single-objective
optimization with defined mass ratios seems to be the most promising approach.

The presented analytical uncertainty quantification approach could estimate the mean
value and the standard deviation of individual amplification function values with suffi-
cient accuracy for the design process. For the final design, a sampling-based proof of the
estimates should be considered. The TMD parameters were assumed within the investi-
gated examples to be independent and normally distributed. Theoretically, the variance
estimation is independent of the distribution type as long as the covariance of the random
number is available. Here, further investigations for other distribution types and correlated
inputs might be necessary.

The definition of the safety margin as the optimization goal or constraint is straight-
forward and could be directly considered by standard optimization algorithms, such as
the simplex Nelder–Mead. However, the calculation of the failure probability itself would
require more information, like the definition of a limit state function. Nevertheless, the
obtained robust design shows significantly less scatter in the critical values of the ampli-
fication function than the pure deterministically optimized design. The optimal nominal
parameters changed slightly; especially, the TMD damping is larger than that obtained by
the deterministic optimization or the Den Hartog formulas.

4.2. Multi-Degree-of-Freedom Systems

In the MDOF example, we could show that the decoupled stationary solution in
the modal space results in similar estimates for the maximum displacements as the time
integration approach. For the robust design procedure, this approach seems sufficiently

140



Appl. Sci. 2025, 15, 9329

accurate. Nevertheless, the final design should be analyzed with a full time integration for
verification purposes, especially since the interaction of the TMDs with the other modes
is not represented in the decoupled approach. This may be critical if several natural
frequencies of the original system are close to each other.

The implementation of the uncertainty quantification approach is straightforward,
whereby the linearization is realized directly for the maximum displacements of the original
DOFs and the investigated maximum relative displacements for each discretized excitation
frequency. However, the estimated standard deviation shows significant deviations for
the higher-resonance frequencies without TMD tuning. Within the design optimization it
is necessary to limit the considered frequency range in order to focus on the investigated
resonances damped by the TMDs. Within this region, the estimated standard deviation
was sufficiently accurate for all the investigated displacement values.

Similarly, as for the SDOF system, the application of the optimization algorithms is
straightforward and does not require special attention in the investigated simple example.
However, this statement can not be generalized to more complex structures without further
investigations. Additionally, the definition of a limit state function and a final reliability
analysis might be necessary to proof the robustness of the obtained optimal design. Never-
theless, the results showed a clear difference in the obtained optimal parameters and mass
distribution between the robust and the deterministic design. Additionally, the standard
deviation of the investigated displacement values could be significantly reduced while the
mean values have been increased slightly.

5. Conclusions

The presented uncertainty quantification method seems to be an efficient approach to
avoid the typical double loop in sampling-based robust design optimization methods. Since
the accuracy of linearization is very sensitive to the investigated structural response values,
it should be applied to the individual amplification function or displacement values as
presented in the paper. However, an extension for non-normally distributed and dependent
input parameters might be the focus of future research. For a large number of random
inputs, the central difference approximation of the derivatives may limit its efficiency, and
sampling-based methods might be more suitable.

The underlying structural analysis is limited to linear SDOF and MDOF systems with
modal damping, which enables the decomposition of the displacement solution in the
modal space. For non-linear models and other damping models, the presented decomposi-
tion approach might be not suitable anymore and further research would be necessary.

However, the presented approximation could be considered during the robust design
optimization to avoid numerically demanding simulation runs. For the final design, a full
time integration of the structural system including TMDs should be performed in any case
to validate the approximated results. So far, we could show that the procedure itself works
for rather simple systems. In further studies, the presented approach should be applied for
more sophisticated structures, such as high-rise buildings and pedestrian bridges.
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RDO Robust Design Optimization
SDOF Single Degree of Freedom
TMD Tuned Mass Damper
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Featured Application

The proposed BowTie-based reliability framework provides a structured approach for exam-
ining and enhancing wind turbine resilience. It brings together preventive and mitigative
pathways, enabling decision-makers, such as asset managers, to pinpoint critical barriers,
prioritise maintenance, and evaluate the benefits of redundancy or redesign strategies.
The methodology can also be applied to other critical infrastructure, particularly where
critical processes are involved and defence-in-depth and quantitative risk justification are
crucial. This makes the framework a practical decision-support tool for balancing multiple
attributes, including safety, reliability, and cost, within complex engineered systems.

Abstract

Ensuring reliability and safety is essential in complex energy systems such as wind turbines,
where failures can trigger unexpected downtimes, severe incidents, and significant costs.
This study proposes a hybrid BowTie-based reliability framework that integrates Fault
Tree Analysis, Reliability Block Diagrams, and BowTie methodology to quantify risk and
evaluate the effectiveness of safety barriers. The framework employs key reliability metrics
including availability, probability of failure on demand, and probability of failure per hour,
and supports scenario-based sensitivity analyses to explore redesign options. A simulation-
based case study of a wind turbine generator subsystem is presented, using parameter
values drawn from published reliability data. Results highlight that protective relays and
automatic trip systems represent critical single points of defence, while improvements
such as enhanced oil analysis and redundant dashboards reduce consequence frequency
from 2.912 × 10−17 to 8.257 × 10−19 failures/h (a 97.16% reduction, nearly two orders
of magnitude). Compared to conventional models, the proposed framework introduces
explicit defence in depth modelling, improves computational compactness, and provides a
practical decision support tool for asset managers by balancing safety and reliability. At this
stage, the study should be regarded as a proof of concept that demonstrates feasibility and
sets a foundation for future research and application to larger, more complex infrastructures.

Keywords: reliability modelling; minimal cut set analysis; defence-in-depth
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1. Introduction

Reliability analysis is an essential method in engineering that concentrates on the
design, operation, and maintenance of complex systems, guiding maintenance strategies
to improve asset performance. Traditional methods, such as Fault Tree Analysis (FTA)
and Reliability Block Diagrams (RBDs), remain prevalent, offering structured approaches
to identify failure logic and assess system performance. FTA, a top-down approach,
uses Boolean logic to estimate failure probability, while RBD offers a complementary
view at the system level, illustrating how components and subsystems interact through
series and parallel configurations to ensure system functionality. Both techniques have
proven effective in safety-critical fields such as nuclear power, aerospace, and energy
infrastructure. Despite their long-standing usefulness, each has notable limitations when
used alone [1,2]. FTA, although straightforward and rigorous, can become unwieldy in
large systems due to combinatorial complexity and is limited by its static nature, which
hampers its ability to model repair processes, time-dependent phenomena, or conditional
interactions [3]. Conversely, RBD allows quick system-level insights but relies on binary
assumptions, making it challenging to represent multi-state, dependent, or sequential
behaviours. These constraints are particularly problematic in modern critical infrastructure,
such as wind turbines (WT), where systems operate under dynamic conditions and exhibit
interdependent failure modes.

Recent studies have attempted to overcome these limitations by hybridising FTA, RBD,
and related methods. For example, Rivera et al. [4] suggest an integrated method that
combines FTA, RBD, the Analytical Hierarchy Process (AHP), High Reliability Organisation
(HRO), and Learning from Failures (LFF) tools to analyse long-term patterns of small to
medium chronic failures in an Oil and Gas (O&G) organisation. However, this unified
framework increases complexity and is sensitive to expert bias. Conversely, Kabir et al. [5]
address individual limitations by assigning large, mainly series or parallel segments to a
modularisation technique using Binary Decision Diagram (BDD) and Markov models. This
approach can reduce the size and complexity of the embedded FTA, preventing the exponential
growth of cut sets. Still, it requires advanced solvers and can make model traceability across
modules challenging. Cheng et al. [6] share a similar viewpoint in their study on unified
approaches, connecting FTA logic to a Hierarchical Belief Rule Base (BRB). They manage to
mitigate issues related to excessive indexes and avoid combinatorial explosion [4], but the
framework’s scalability remains unvalidated, and it has a limited domain focus.

Recent work has also explored hybrid frameworks that combine the BowTie method
with probabilistic reasoning to overcome its static nature and expand its analytical capabili-
ties. For example, Khakzad et al. [7] mapped a BowTie model into a Bayesian network to
perform dynamic safety analysis. They noted that the BowTie approach remains popular
for accident modelling but is limited by its static representation and inability to represent
conditional dependencies. By translating the BowTie to a Bayesian network, probabilities
can be updated in response to new information and causal relationships. Similarly, de
Barnier et al. [8] introduce a possibility-based BowTie to quantify uncertainties in barrier
performance. Another dynamic risk-assessment study [9] emphasises that BowTie is a
visual method for depicting event progression from causes to effects, while a Bayesian net-
work captures stochastic relationships. The translation from BowTie to Bayesian network
modifies the representation to include intrinsic uncertainties while maintaining logical
relationships. Although valuable, these unified methodologies often trade clarity for com-
plexity, a lack of redundancy integration, and risk fragmentation in tool support across
different methods [10]. The limitations of hybrid methods could lead to additional design
and verification burdens affecting reproducibility and traceability. A comparative taxon-
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omy of recent hybrid methods is summarised in Table 1, which positions the present work
relative to state-of-the-art contributions.

Table 1. Comparative summary of hybrid reliability-modelling frameworks (2010–2024).

Study and Year Hybrid Methods Application Domain Main Contribution

Rivera et al. (2021) [4] FTA + RBD + AHP + HRO +
Learning-from-Failures Oil and Gas organisation

Multi-criteria framework linking
organisational reliability factors
with classic FTA/RBD models to
analyse chronic failures

Kabir et al. (2020) [5]
Modular dynamic fault trees

using BDD and Markov
models

Safety-critical systems

Hybrid modularisation reduces
state-space explosion in dynamic
FTA, allowing non-exponential
failure distributions

Cheng et al. (2023) [6] FTA + Hierarchical Belief
Rule Base (BRB) Milling fault detection

Links FTA logic to a BRB to
handle uncertainty and avoid
combinatorial explosion

Khakzad et al. (2013) [7] BowTie mapped to Bayesian
network Chemical process safety

Dynamic safety analysis by
mapping BowTie to BN; allows
update of probabilities and
representation of conditional
dependencies

de Barnier et al. (2022) [8] Quantitative BowTie
(possibility-based) Industrial risk assessment

Introduces a possibility-based
BowTie to quantify uncertainties
in barrier performance

Wu et al. (2023) [9] BowTie + Bayesian network Petrochemical risk
assessment

Highlights BowTie as a visual
method and BN as a probabilistic
model; modifies BowTie to
incorporate uncertainties and
maintain logical relationships

This review highlights clear research limitations within existing hybrid methods.
Firstly, conventional models struggle to handle intricate systems due to their inability
to reduce combinatorial complexity. Secondly, although hybrid models may capture
uncertainty, they neglect redundancy and conditional interactions. Lastly, hybrid models
retain domain-specificity that limits generalisation.

To address these limitations, this study introduces a hybrid BowTie-based reliability
framework that integrates FTA’s top-down logical structure with RBD’s system-level quan-
titative features within a barrier-centric architecture. The framework tackles combinatorial
complexity by compressing large FTA subtrees into modular BowTie substructures, where
threats and barriers are organised using RBD configurations (series, parallel, or k-out-of-n).
This modularisation prevents the exponential growth of minimal cut sets and ensures
that barrier interactions remain traceable. Redundancy and conditional dependencies
are explicitly represented, with series and parallel redundancy modelled through RBD
logic, while barrier sufficiency and dependence are quantified using Risk Achievement
Worth (RAW) and Barrier Importance Factor (BIF). Conditional probabilities are assigned
to barriers and propagated through the BowTie logic, overcoming the binary constraints
of traditional RBD models. Finally, the framework is designed to be generalisable, as the
probability inversion and modular substitution techniques are independent of domain
specifics and can be applied to any engineered system with barrier data. This makes the
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approach scalable and transferable beyond a specific case study, supporting wider critical
infrastructures that require defence-in-depth and quantitative reliability justification.

Accordingly, this study is guided by the research question: Which failure scenarios
and corresponding recovery pathways in the system architecture contribute most to overall
risk, and where should redundancy or controls be implemented or redesigned to maximise
reliability and safety? To answer this question, this study outlines measurable outcomes:
(1) ranking of risk contribution (using Risk Achievement Worth); (2) quantified reliability
improvements (reduction in failure frequencies) influenced by implemented strategies;
(3) evidence of greater model efficiency, demonstrated through more streamlined path-
ways compared to conventional reliability model; (4) quantitative justification of barrier
sufficiency, using metrics such as availability, average probability of failure on demand
(PFDavg), and probability of failure per hour (PFH) under mission time. These outcomes are
exemplified through a case study of a WT subsystem in Section 3 to ensure its practicality.

This paper is organised into six sections, including an introduction (Section 1) to
promote a more precise understanding. Section 2 introduces the proposed framework
architecture underlying the research. Section 3 concentrates on implementing the proposed
framework in a case study of WT subsystems. Section 4 examines the results obtained
from the BowTie framework computation. Section 5 discusses the outcomes produced
by the proposed framework. Finally, Section 6 summarises the paper by reflecting on the
significance and contributions of this study within the theoretical context.

2. Proposed BowTie Framework Architecture

This section provides the conceptual and methodological foundation of the study. The
unified BowTie framework adapts several core components from traditional BowTie analy-
sis, such as hazard, TE, threat, consequence, barrier, and escalation factor. Standard BowTie
analysis employs two main methods: FTA as the threat pathway and Event Tree Analysis
(ETA) as the consequence pathway, as shown in Figure 1. Unlike traditional methods
discussed in this paper, the BowTie model includes human and socio-technical factors, thus
extending beyond purely mechanical systems. Its dual representation allows risks to be
quantified and risk-informed in decision-making for safety and performance improvement.

 

Fault Tree Analysis Event Tree Analysis 

Figure 1. Standard BowTie diagram.

The proposed method enhances traditional BowTie by integrating RBD features, such
as series, parallel, and k-out-of-n architectures, to arrange threat, barrier, and consequence
positioning and sequencing, thereby offering a more flexible and scalable model. This integra-
tion follows a sequential workflow, as shown in Figure 2. First, FTA is initially developed to
define threats and their causal structures, identifying logical combinations of basic events that
lead to the TE. At this stage, it provides initial threat frequencies, λthreat,i. Next, the barriers,

147



Appl. Sci. 2025, 15, 10902

such as PFDavg, PFH, Human Error Probability (HEP) or conditional probability, Pconditional,
are collected and converted into equivalent failure probability, Pfail, using standardised rules
as presented in Table 2. This ensures consistent reliability representation and resolves unit
mismatches between FTA probabilities and RBD reliability functions. Then, these barriers
are organised in RBD, with AND gates represented as series chains and OR gates as parallel
structures, preserving the logical relationships from FTA. These outputs are integrated into
the BowTie framework, where the prevention side aims to avert threats, and the mitigation
side manages the consequences if the TE occurs. This combination calculates the TE frequency,
λTE(t), and the associated consequence frequencies, fC(t). The findings based on λTE(t) and
fC(t) metrics are evaluated to observe the model’s effectiveness.

Figure 2. The workflow of FTA, RBD, and the BowTie integration framework.

Table 2. Illustrative of the Barrier Catalogue and conversion rule.

Barrier Input Type Barrier Expression Type Unit Dimension Conversion Rule

PFDavg Low demand Probability
λb = −ln(1 − PFDavg)/T

Pfail = 1 − e−λbt

PFH High demand/Continuous Failure/hour λb = PFH
Pfail = 1 − e−λbt

HEP Human reliability Probability Pfail = 1 − (1 − HEP)n

F(t) Passive device reliability Probability Pfail = F(t)
Pconditional Human + machine reliability Probability Pfail = Pconditional

Figure 3 shows the detailed process flow in the proposed model to explain how it
functions before exploring the following subsections.

2.1. Data Collection and Preprocessing

To advance the process, one should gather the data and preprocess it to achieve a
consistent domain. The process starts with a list of threats derived from the basic event
of FTA, which must be established beforehand, based on IEC 61025 [11]. The list should
include the threat’s name, a unique identification code, and a description to facilitate
easy tracking and identification. Each threat is then quantified with annual failure rates
obtained from an established maintenance record, such as a Computerised Maintenance
Management System (CMMS).
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Another important tool in the proposed BowTie is the barrier’s information, also called
the barrier catalogue. This catalogue includes details about preventive actions that stop
threats from occurring. It contains the barrier name, barrier input type, expression type,
unit dimension, role, input value, data sources and conversion rule, as illustrated in Table 2.
Operational data such as annual demands, proof test dates, and repairs must be included
in the catalogue.

Figure 3. The proposed unified Bowtie framework architecture.

Furthermore, it is important to note that before normalising input values into the same
domain, the mission time, T, must be chosen, as each barrier may operate over different
time intervals. Once T is selected, all input values of barriers are normalised into the
same domain, such as converting failure rates into probabilities; this improves calculation
accuracy. If the historical data are inconsistent across reporting years or incomplete,
median values are used. Otherwise, if the data are missing, the values are supplemented
by peer-reviewed literature or standard reliability databases. After data collection and
normalisation are complete, the process moves on to the preventive chain side, as illustrated
in Figure 3.

2.2. Preventive Pathway

The proposed framework’s preventive chain represents the left-hand side of the
BowTie structure, where threats or basic events are systematically determined and con-
trolled by proactive barriers before they escalate into the TE. Each barrier is selected from
the barrier catalogue, which specifies its function, type and performance metric as demon-
strated in Table 2. These quantitative metrics depend on barrier type, as outlined by the
Centre for Chemical Process Safety (CCPS) [12]. Table 3 shows the mapping of barrier types
and their corresponding quantitative metrics, along with descriptions.
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Table 3. Barrier Types and Their Quantitative Metrics.

Barrier Type Description Quantitative Metrics

Behaviour Human actions, operator compliance HEP
Socio-technical Organisational and systemic safeguards Pconditional

Active hardware Components that must act on demand PFDavg
Continuous hardware Barriers that operate continuously PFH

Passive hardware Inherent design features that require no intervention F(t)

Each barrier is characterised by its attributes, as documented in the barrier catalogue.
The proposed framework utilises RBD features by arranging barriers in series when there
is a sequential dependence, or in parallel if there is redundancy, depending on the system
architecture. For the preventive pathway, all equations are based on failure probability,
similar to FTA. However, there is a slight difference when applying equations for series
and parallel structures compared to the RBD and FTA theory models.

Within the BowTie model, regardless of whether the configuration is series or parallel,
all barriers must fail for a TE to occur. As a result, both configurations have the same
equations as follows:

Pall_fail,pre,i(t) = ∏j∈Bi
Pfail,pre,ij(t) (1)

where j ∈ Bi means that each preventive barrier j belongs to the set of preventive barriers,
Bi. Pfail,pre,ij(t) is the failure probability of each preventive barrier j within threat i by
time, t, and Pall_fail,pre,i(t) is the prevention path failure probability for threat i when all
barriers have failed by time t. The derivation of Equation (1) differs from conventional
RBD and FTA methods. In FTA and RBD, a series system requires all components to
work, so a single failure causes system failure. Conversely, parallel systems need only
one component to operate; for instance, the system fails only if all components fail. In the
BowTie approach, these logics do not apply because barriers act as sequential safeguards.
For the TE to happen, every barrier in the chain must fail, regardless of how the barriers are
arranged. Although the equation appears similar, the model still incorporates redundancy
or parallelism to enhance reliability. From Pall_fail,pre,i(t), the TE frequency, λTE(t), for each
threat or basic event can be derived, as explained in Sections 2.3 and 2.4.

Establishing barriers within the BowTie framework follows a few guiding principles,
as recommended by CCPS [12]. First, the placement of barriers, whether triggered first
or last, depends on the chronological sequence of their effect. This means preventive and
mitigative barriers should be positioned logically based on their intended function. Second,
active barriers, aside from those mentioned in Table 3, must incorporate elements of Detect-
Decide-Action (DDA). Third, barriers’ properties should be independent, effective, and
auditable. These principles are crucial for ensuring their proper functionality. Finally, to
prevent common-mode failure, it is advisable to use more than one type of barrier on each
pathway. Having multiple barrier types can compensate for the limitations of others and
reduce the risk of simultaneous failure caused by a common cause.

2.3. Aggregate Top Event

At this stage, the goal is to compute the time-dependent aggregated TE frequency,
λTE(t), by summing the contributions of all initiating threats. Each threat’s contribution
is calculated as the failure rate of the basic event multiplied by the probability that the
entire preventive pathway fails, Pfail,pre,ij(t). The resulting λTE(t), is then used to determine
the frequencies of potential consequences, fC(t). Table 4 represents a snapshot of the
computation for each threat.
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Table 4. Illustrative of each threat computation given barrier value and failure rate.

Threat Failure Rate (λthreat,i) Barrier Input Value Pfail,pre,ij(t) Pall_fail,pre,i(t) λTE,i(t)

Threat i Failure per hour

Behaviour HEP
Conversion from

input value to Pfail
for each barrier

ni

∏
j=1

Pfail,pre,ij(t)
λthreat,i ∗

Pall_fail,pre,i(t)

Socio-technical PConditional
Active hardware PFDavg

Continuous hardware PFH
Passive hardware F(t)

From Table 4, specific rules of the framework need to be adhered to obtain barrier failure
probabilities from the input value. First, if the input value given is PFDavg, it must be inverted
numerically to determine an equivalent barrier failure rate, λb, by using the following:

PFDavg = 1 − 1 − e−λbT

λbT
(2)

Equation (2) is solved numerically for λb using an initial guess λ0 ≈ 2·PFDavg/T. Then

Rb,ij(t) = e−λbt (3)

Pfail,pre,ij(t) = 1 − Rb,ij = 1 − e−λbt (4)

where Rb,ij is the reliability of each barrier j within threat i by time, t. Given that “t” is a
mission time, T. Therefore, Pfail,pre,ij(T) = 1 − e−λbT .

Second, if the input value given is PFH (failures per hour), then PFH = λb. Therefore,
Equation (4) can be used to determine Pfail,pre,ij(t). Otherwise, if the input value given is
HEP (per-demand), then,

Pfail,pre,ij(T) = 1 − (1 − HEP)n (5)

In this case, n represents the number of demands during mission time, T, assuming the
HEP remains constant. Lastly, if the input value is a conditional probability, Pconditional

(socio-technical) or the probability of failure, F(t) (passive hardware), they are treated as
per-mission Pfail,pre,ij(t) (constant),

Pfail,pre,ij(t) = Pconditional OR F(t) (6)

It is worth noting that for time series plots, the study uses Pfail,pre,ij(t) as a vector over time,
while HEP, Pconditional, and F(t) remain constant.

Next, in the proposed BowTie logic, a TE occurs only if all preventive barriers for threat i
fail. When this happens, the individual Pfail,pre,ij(t) values for each preventive barrier in the
threat are obtained, and Equation (1) is applied to multiply these Pfail,pre,ij(t) values together.
This product equals Pall_fail,pre,i (t). The Pall_fail,pre,i (t) is then used in the following formula:

λTE,i(t)= λthreat,i × Pall_fail,pre,i(t) (7)

λTE,i(t) is the TE frequency of threat i, and λthreat,i is the failure rate of threat i. Equation (7)
calculates the individual threat contribution of TE intensity, λTE,i(t), by considering the
probability of failure when all barriers are failed within that threat i. Each calculated λTE,i(t),
based on the individual threat i is then aggregated together using the following formula:

λTE(t)= ∑i λTE,i(t) (8)

The λTE(t) value is then used in Section 2.4 to determine the consequence frequency, fC(t),
in the mitigation pathway.
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2.4. Mitigation Pathway

The mitigation pathway on the right side of the BowTie represents mitigative barriers
that reduce the likelihood of a TE leading to a particular consequence. This study computes
time-dependent mitigation reliabilities, Rmit,ck(t), combines them based on the system’s
architecture, and determines how frequently consequences occur over time. The analysis
process for the mitigation pathway closely resembles that of the prevention pathway, where
the barrier input value from the barrier catalogue must be converted into Pfail,mit,ck(t), as
shown in Table 4. From Pfail,mit,ck(t), the mitigation pathway is translated into reliability,
Rmit,ck(t), reflecting the probability of the system successfully preventing the consequence.
Combining these success probabilities in series or parallel yields the overall mitigation
chain reliability Rchain,mit,c(t).

Apply the same conversion rules used for prevention. If the input value is PFDavg,
after solving Equation (2) to find λb, use the reliability formula as follows:

Rmit,ck(t) = e−λbt, k ∈ Mc (9)

where, k ∈ Mc means each mitigative barrier, k, belongs to the set of mitigative barriers,
Mc. Rmit,ck(t) is the mitigative barrier reliability, k, at each consequence, c. If the input value
is PFH, it is considered equivalent to λb (λb = PFH). Subsequently, Equation (9) is used to
compute Rmit,ck(t). In case of HEP value for behavioural barrier, after solving Equation (5)
and obtaining Pfail,mit,ck(t), then

Rmit,ck(t) = 1 − Pfail,mit,ck(t) (10)

Equation (10) also applies to the input values of F(t) (passive barrier) and Pconditional (socio-
technical barrier).

This study’s mitigation logic topology follows the defence-in-depth principle, where
the consequences can be prevented if at least one mitigation measure succeeds. Conversely,
the outcome only occurs if all mitigation layers fail. The defence-in-depth principle does
not apply to FTA, ETA, and RBD, because, whether in series or parallel arrangements,
both topologies require at least one mitigative barrier to prevent the effect. Therefore, to
determine Rchain,mit,c(t), both cases use the same equation as follows:

Rchain,mit,c(t) = 1 − ∏k∈Mc
(1 − Rmit,ck(t)) (11)

Given the aggregated TE frequency, λTE(t), obtained from Equation (8), the time-dependent
consequence frequency, fC,c(t), is

fC,c(t)= λTE(t) · Pr{mitigation chain fails at t} (12)

Under defence-in-depth,

fC,c(t)= λTE(t)× (1 − Rchain,mit,c(t)) (13)

If the BowTie framework includes several mitigation pathways resulting in multiple conse-
quences, then Equation (13) can be reformulated as follows:

fC(t)= ∑c=1 fC,c(t) (14)

The computations above are then evaluated, and their outputs can serve as decision-
support tools.
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2.5. Barrier Parameterisation and Time-Dependent Mapping

In this study, time dependence is obtained directly from the exponential reliability
model. The mission time is set to T = 8760 h (1 year), consistent with the typical annual
operation and maintenance cycle of wind turbines and the reporting horizon of failure
statistics in CMMS datasets. This choice ensures that the derived reliability metrics are
directly aligned with industry practice and planning intervals. For any barrier characterised
by PFDavg (low demand) or PFH, the framework first maps the input to an equivalent
constant failure rate λb, then computes the time-varying failure probability Pfail(t) over the
mission horizon [0 until 8760] [0.8760] h with a 1 h step. When PFDavg is specified over the
mission time T (here T = 8760 h), λb is obtained via Equation (2). When PFH is provided,
the computation sets λb = PFH. In both cases, once λb is known, Equation (4) yields

Pfail(t) = 1 − e−λbt, t = 0, 1, 2, . . . , 8760 h.

These time series are then propagated through the BowTie logic to produce the top-event
rate λTE(t) and consequence frequency fC(t), making the results explicitly time-dependent
rather than single point values. This yields time-dependent results without imposing
additional solver assumptions and relies only on the standard exponential form.

2.6. Evaluation, Decision Support and Framework Outputs

This section outlines the comparison framework and decision-support outputs used to
assess BowTie scenarios. After calculating time-dependent reliability and availability metrics,
as detailed in Sections 2.2–2.4, the study ranks barriers and threats using key measures such
as BIF, and RAW. The framework also assesses design modifications like adding redundancy,
reducing failure probabilities, and implementing process improvements through scenario
comparisons. These evaluation results are summarised in tables and plots and integrated into
a decision-making process that connects reliability improvements to practical interventions.
This method facilitates transparent prioritisation of prevention and mitigation measures.

2.6.1. Importance Measures

Importance measures determine how each barrier influences overall system risk and
aid in guiding design, testing, and investment decisions. This study uses two complemen-
tary measures, which are:

• Risk Achievement Worth (RAW) measures the increase in λTE(t) if a particular barrier
completely fails (Pfail,ij(t)= 1). It assesses a barrier’s risk significance by comparing the
baseline scenario to a scenario where the barrier is entirely failed. The RAW formula
for barrier i is expressed as,

RAW (Bi ) =
λTE(new total when Bi removed)

λTE(baseline total)
(15)

λTE(t) states that the TE frequency occurs with all barriers modelled as designed. On
the other hand, λTE(new total when Bi removed) defines that the TE frequency occurs when
barrier i is assumed always to fail (Pfail,ij(t) = 1). If RAW ≈ 1, this means barrier i has
no significant influence on λTE(t), and removing it barely changes them. Otherwise,
if RAW ≥ 1, barrier i is highly risk significant and its failure leads to a substantial
increase in λTE(t). Therefore, RAW shows how much the risk affects the system if the
barrier completely fails.
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• The Barrier Importance Factor (BIF) identifies which barriers significantly reduce
λTE(t). It measures how much λTE(t) could be lowered if these barriers were perfect.
This concept offers a straightforward, quantitative method to prioritise improvements
or actions for redundancy. The formula of BIF can be presented as follows:

BIF (Bi ) =
TE0 − TEi

TE0
× 100% (16)

TE0 represents the baseline λTE(t) with all barriers modelled as usual. Conversely, TEi

is the λTE(t) if the barrier, Bi, is considered perfect (Pfail,ij(t) = 0). A high BIF suggests
that the barrier is crucial, and making it perfect could significantly lower the overall
impact of λTE(t).

All significant measure results are displayed and visualised using a bar chart, clearly
illustrating the significance of the findings.

2.6.2. Sensitivity Analysis Workflow

This study adopts a structured, scenario-based sensitivity analysis workflow to evalu-
ate potential design and operational improvements. It begins by establishing a baseline that
represents the current system setup. From this baseline, it develops alternative scenarios re-
flecting proposed barrier upgrades. Each scenario is characterised by explicit modifications
to barrier parameters, such as reducing oil system failure probability. Multiple parameter
changes can also be combined into scenario sets, allowing the assessment of joint effects.

For each scenario, the reliability parameters are recomputed using the exact inversion,
as described in Sections 2.2–2.4. This avoids potential hidden biases that may arise if
baseline conversions are reused without modification. Finally, the comparison results are
plotted over time, t, using λTE(t) and fC(t) as performance indicators to analyse the trend.
The comparison framework is shown in Figure 4.

 

Figure 4. The comparison workflow for comparing baseline and alternative scenarios.

2.6.3. Model Efficiency

Model efficiency assesses computational and representational performance by com-
paring the BowTie aggregation to explicit ETA/FTA enumeration. This framework reports
the minimal cut-set counts and sizes, and the total number of explicit event-tree sequences,

NET = ∑Nthreats
i=1 2nmit,i (17)

Each TE with the number of mitigation, nmit, would branch per TE = 2nmit,i . The number of
sequences the BowTie avoids representing explicitly is shown as follows:

Navoided = NET − Nrep (18)
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where Nrep indicates the number of sequences explicitly represented by the BowTie. Ad-
ditionally, to validate the efficiency of the BowTie model, this framework compares the
runtimes of calculating the consequence frequency, fC(t), using the BowTie model versus
explicit ETA enumeration. It also performs a numerical comparison of outcomes from both
methods, ETA and BowTie, using the following formula:

Δ f = ‖ fC,bow(T)− fC,ET(T) ‖∞ (19)

This value is then reported to assess whether it lies within tolerance.

3. Case Study

This section demonstrates how the proposed BowTie-reliability framework can be
applied through a real case study. The study referenced here is conducted initially by
Ozturk [12], who examines WT failures using reliability methods and Machine Learning
(ML). Ozturk focused solely on identifying criticality, modelling reliability, and predicting
WT failure. However, this paper sees potential to expand the scope further, motivating the
application of the proposed BowTie framework using Ozturk’s foundational information.
Although their study addresses many reliability issues related to WT, it does not aim to
reduce failure risks, prevent the TE, or mitigate failure consequences—areas prioritised
here. As a result, this work develops two common reliability models, the FTA and RBDs,
based on Ozturk’s data and additional insights from related studies. From this foundation,
the BowTie model is constructed, assessed, and discussed.

3.1. Background of the Case Study

Wind energy is widely regarded as a leading renewable resource among alternative
energy sources. Its environmentally friendly and sustainable qualities have driven rapid
growth in its deployment. As the failure rate of WT increases significantly, the focus has
shifted toward enhancing their reliability and availability to ensure continuous power
generation. The study led by Ozturk, part of the Scientific Measurement and Evaluation
Programme (WMEP) in Germany, is a key component of a government effort to analyse
onshore WTs from 1989 to 2006. It compiled 64,000 maintenance and repair reports from
1500 turbines, representing over 15,000 years of operational data. Ozturk’s findings provide
valuable insights into WT reliability, aiding the development and validation of a reliability
modelling framework.

This study focuses on the generator as a key subcomponent of the WT system, selected
based on its criticality in prior research. Both Ozturk [13] and Parnon et al. [14] identify the
generators as the highest-ranked subsystem in their criticality analyses, though derived
from different frameworks. This finding is also supported by Pulikollu et al. [15], who
consistently identify generators as the most vulnerable and costly assets, with failures
such as imbalance, cracking, or lubrication deficiencies leading to sudden breakdowns,
extended downtime, and high replacement costs. While the generator’s annual failure
rate falls within the range of 1% to 4%, its downtime may lead to significant production
losses and unplanned repair costs, estimated at around $100,000 to $225,000 [15]. Owing
to this criticality, the generator is selected for developing the FTA and demonstrating the
proposed framework. The following section provides further details on the development
of both approaches.
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3.2. Development of Reliability Modelling

This section illustrates the development of the FTA and RBDs based on a study
conducted by Ozturk [13] and other studies [16–18]. It starts with comparing several
established FTA diagrams created by Novaković et al. [16], Márquez et al. [17], and
Kang et al. [18]. To produce an FTA based on these established studies, a screening
criterion is specified as follows:

• Include if:

• Mentioned in ≥2 literature sources OR
• Found in the dataset OR
• Has a significant impact

As stated in Section 3.1, this study focuses on the generator as a subcomponent of
the WT that requires evaluation. Consequently, Figure 5 illustrates an FTA diagram of the
WT generator, developed based on the referenced studies [16–18] and screening criteria.
Table 5, furthermore, showcases the list of TEs, intermediate events, and basic events with
sources of references.

 

Figure 5. FTA diagram of WT generator for the case study.

Table 5. Logic gates and principal events of the WT generator.

Logic Gates Codes Basic Events Codes

Generator failure G5 Bearing Imbalance L6
Bearing Failure G9 Bearing Crack L7

Rotor and Stator Failure G10 Broken rods L8
Failed Synchronisation L9

The RBD model, in Figure 6, is derived from the FTA diagram in Figure 5, based
on studies by Ozturk [13], Einarsson et al. [19], and Linsday et al. [20]. Afterwards, the
minimal cut set equation is formulated to construct the BowTie model.

 

Figure 6. RBD model of WT Generator.
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Based on the FTA and RBDs, a minimal cut set can be formulated to determine the
smallest set of subcomponent failures needed to cause the entire system to fail. The logic
operator in Figure 5 consists solely of OR gates, which correspond to the arithmetic “+”
sign in accordance with IEC 61025 [11]. Using this convention, the minimal cut set formula
can be derived as follows:

Fail state = G5 (20)

G5 = G9 + G10 (21)

G9 = L6 + L7 (22)

G10 = L8 + L9 (23)

Derivation involving Equations (20)–(23) generates the final minimal cut set equation:

Fail state = L6 + L7 + L8 + L9 = {L6, L7, L8, L9} (24)

L6, L7, L8, and L9 constitute the primary first-order minimal cut sets that need to be
emphasised in the BowTie model.

3.3. Development of BowTie Model

The BowTie model, clarified in Section 2 with an illustrative diagram in Figure 1 consists
of several components, including the hazard, TE, the preventive pathway (left), the mitigation
pathway (right), and the associated barriers. This subsection describes how the BowTie model
is developed using a case study centred on the minimal cut set identified in Section 3.2.

Section 3.2 of this study reveals that L6, L7, L8, and L9 are the fundamental events
of the developed FTA model in Figure 5. As first-order events, their states are highly
susceptible to failure and need focused improvement. To convert information from FTA
and RBD into the BowTie model, the minimal cut set is directly identified as threats. The
consequences or effects of the TE follow the taxonomy of Ozturk [13]. Barriers, preventive
and mitigative, are selected from the literature and industry practice to address each threat
and consequence. The full BowTie diagram is presented in Figure 7.

 

Figure 7. The proposed BowTie model for the WT generator.

To ensure transparency and reproducibility, this study provides supporting materials
alongside the BowTie model, including the assumption table listing modelling assumptions
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and units and quantitative data, such as failure rate and probability. The calculation
methods have been presented in Section 2, from Equations (1)–(19). This information
is summarised in tabular form, where Table 6 exhibits the modelling assumptions and
metrics, Table 7 presents BowTie core elements, while Tables 8–12 detail the preventive
and mitigative barriers associated with specific threats and consequences, supported by
quantitative evidence from prior studies. The assumptions in Table 6 are adopted for
demonstration purposes to keep the case study tractable; they are not rigid requirements of
the framework and can be relaxed or adjusted depending on the application context.

Finally, the results and discussion sections include model validation. The validity of
key modelling assumptions, as mentioned in Table 6 is implicitly tested through scenario-
based sensitivity analysis in Sections 2.6.2 and 3.4. By systematically varying barrier
parameters, this analysis provides analytical insights into how deviations from baseline
assumptions influence λTE(t) and fC(t).

Table 6. The modelling assumptions and metrics.

Item Assumption Notes

Time basis Steady-state reliability with constant failure rate. h

Barrier independence Barriers are assumed to be independent unless noted;
common cause failure is negligible. −

Threat failure rate Taken directly from the literature survey. Failures/h

Mission time, Tmission Use 8760 h = 1 year. h

PFH Continuous failure rate measure. Failures/h

PFDavg Demand frequency is assumed annually. Probability/demand

Pfail Point probability of the component failure. dimensionless

Pconditional
Conditional probability that monitoring fails to detect
the threat. dimensionless

HEP Derived from human reliability analysis
(THERP/SPAR-H) Probability/event

Maintainability The repair rate is assumed to be negligible; The renewal
function is used (part replaced “as good as new”) −

Table 7. The proposed BowTie core elements.

Element Type Element Name Failure Rate (Failure/h) Sources

Hazard Mechanical and electromagnetic excessive load in
power generation − [13]

TE Generator failure − [13]
Threat (L6) Generator bearing imbalance 5.85 × 10−6 [18]
Threat (L7) Generator bearing crack 1.17 × 10−6 [18]
Threat (L8) Broken rods 2.10 × 10−7 [18]
Threat (L9) Failed synchronisation 3.61 × 10−6 [18]

Table 8. Preventive barriers by threat (L6).

Barrier Category Type Input Value Sources

Routine bearing check and manual report Behavioural HEP 1.10 × 10−1 [21]
CBM with time trends and alarms Socio-technical Pconditional 3.00 × 10−2 [21,22]
Trigger automatic machine trip Active hardware PFDavg 6.20 × 10−6 [23]
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Table 9. Preventive barriers by threat (L7).

Barrier Category Type Input Value Sources

High-fatigue-resistance bearing material
and crack-arrest coatings Passive hardware Pfail 2.40 × 10−2 [24,25]

Oil-analysis and contamination
monitoring program (CMMS alerts) Socio-technical Pconditional 7.20 × 10−1 [26]

CBM dashboard with trending and
alarm escalation Socio-technical Pconditional 1.00 × 10−1 [27]

Table 10. Preventive barriers by threat (L8).

Barrier Category Type Input Value Sources

Deploy soft starter or VFD (Variable
Frequency Drive) to limit inrush and
thermal stress

Continuous hardware PFH 3.50 × 10−6 [28]

Online electrical signature analysis Active hardware PFDavg 3.00 × 10−2/demand [29]
Improving lubrication practice (grease spec
and intervals) Behavioural HEP 3.00 × 10−3 [30]

Align rotor dynamic balancing per IEC 60034 Behavioural HEP 1.00 × 10−3 [30]

Table 11. Preventive barriers by threat (L9).

Barrier Category Type Input Value Sources

Modern IEDs (Intelligent Electronic
Device) or synchroscopes with live
sync data

Socio-technical Pconditional 1.70 × 10−2 [31]

Enforce strict synchronisation tolerances
and procedures Behavioural HEP 3.00 × 10−2 [21,30]

Install dedicated sync-check relays Active hardware PFDavg 1.80 × 10−6/demand [32]

Table 12. Mitigative barriers by Consequence (C04).

Barrier Category Type Input Value Sources

Automatic Vibration Monitoring and Alarm Active hardware PFDavg 1.20 × 10−3 [33]
Constrained-layer Damping Retrofit Passive hardware Pfail 2.00 × 10−2 [34]
Elastomeric/Vibration Isolators at Mounting
Interfaces Passive hardware Pfail 3.00 × 10−2 [35]

Periodic ISO/IEC–based Vibration Survey
and Trend Review Behavioural HEP 1.00 × 10−2 [30]

3.4. Sensitivity Analysis

As outlined in Section 2.6.2, a sensitivity analysis is conducted to evaluate the robustness
of the model by systematically varying key barrier parameters. Each manipulation represents
a distinct scenario to observe the resulting trends in both λTE(t) and fC(t). In this case study,
there are four scenarios, with one baseline for comparison purposes. Table 13 summarises these
scenarios, where each represents modifications in barriers such as redundancy, reduction, and
frequent proof-test frequency, as well as combined improvements across multiple barriers.

Each scenario is analysed and evaluated using the outlined workflow in Figure 4. The
findings are then explained in Section 4.4.
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Table 13. Sensitivity analysis scenarios.

Scenario Barrier Modified Parameter Adjustment

Baseline None Reference value
Oil analysis improved Oil lab protection Pfail reduced from 0.72 to 0.20
Redundant dashboard Dashboard Addition of a 2nd independent dashboard
Faster auto-alarm proof-test Auto-alarm PFDavg halved

Oil analysis and dashboard applied togetherCombined (Oil + Dashboard) Oil lab protection, dashboard

4. Results

This section highlights the analysis results from the BowTie model applied to the WT
case study. The outcomes emphasise WT’s reliability performance and the strategies for
preventing and mitigating major failures. Findings are organised according to the research
question outlined in Section 1, focusing on four key measurable aspects: risk contribution
ranking, quantitative assessment of barrier adequacy, reliability improvements through
scenario-based sensitivity analysis, and overall model efficiency.

Using Equation (1) through (19) with the provided information from Tables 6–12, the
results are shown in Table 14, which addresses four measurable aspects of outcomes. The
inversion of PFDavg values into λb is implemented using the built-in fzero function in
MATLAB R2025a Update 1 (Version 25.1.0.2973910). Initial guesses for λb are taken from λ0

≈ 2·PFDavg/T, where T = 8760 h represents one year of operation. Convergence is accepted

when the absolute residual of the inversion equation, ε = 1 − 1−e−bT

λbT − PFDTarget
avg , is less

than 1 × 10−10, where all results are well within tolerance between 10−12 and 10−14, as
presented in Table 15. However, if the residual is unable to achieve within the specified
tolerance, the λb value is taken from the approximated equation, 2·PFDavg/T.

Table 14. Summary of BowTie outcomes.

Preventive Barrier Pall_fail,pre,i(t) λTE(t) Contributions (Failures/h)

Threat L06:

2.046 × 10−7 1.197 × 10−12Routine bearing check and manual report
Condition-based monitoring with time trends and alarms
Trigger automatic machine trip

Threat L07:

1.728 × 10−3 2.022 × 10−9High-fatigue-resistance bearing material and crack-arrest
coatings
Oil-analysis and contamination monitoring program (CMMS
alerts)
Condition-based monitoring dashboard with trending and
alarm escalation

Threat L08:

5.380 × 10−9 1.130 × 10−15
Deploy soft starter or VFD to limit inrush and thermal stress.
Online electrical signature analysis.
Improving lubrication practice (grease spec and intervals).
Align rotor dynamic balancing per IEC 60034.

Threat L09:

1.836 × 10−9 6.628 × 10−15Modern IEDs or synchroscopes with live sync data.
Enforce strict synchronisation tolerances and procedures.
Install dedicated sync-check relays.

Total λTE (sum of contributions) 2.023 × 10−9 failures/h
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Table 14. Cont.

Mitigative Barrier Pall_fail,mit,c(t) fC (t) Contributions (Failures/h)

Consequence C04:

1.439 × 10−8 2.912 × 10−17
Automatic Vibration Monitoring and Alarm
Constrained-layer Damping Retrofit
Elastomeric/Vibration Isolators at Mounting Interfaces
Periodic ISO/IEC–based Vibration Survey and Trend Review

Total fC(t)(Product of total λTE(t) and total Pall_fail,mit(t)) 2.912 × 10−17 failures/h

Table 15. Validation of PFDavg-to-λb inversion for selected barriers (mission time T = 8760 h).

Barrier (Type) Target PFDavg λb Residual

L06 (PFDavg) 3.100 × 10−5 7.078 × 10−9 −5.151 × 10−14

L08 (PFDavg) 3.000 × 10−2 6.990 × 10−6 −4.038 × 10−14

L09 (PFDavg) 1.800 × 10−6 4.110 × 10−10 2.077 × 10−12

Mitigation (PFDavg) 1.200 × 10−3 2.742 × 10−7 −1.823 × 10−14

4.1. Risk Contribution Ranking

RAW analysis, as described in Section 2.6.1, assesses barriers’ contribution to λTE(t)
assuming they fail completely. Figure 8 indicates that most barriers have relatively low
RAW values, such as the CBM dashboard, routine checks, and oil analysis. This suggests
that their absence would only slightly raise λTE(t). However, a few barriers show very
high RAW values, notably the sync-check relays and trigger auto trip, which exceed 104.
Additionally, rotor balancing, lube practice, and modern IED are also highly critical. These
barriers act as vital single points of defence, with their effectiveness significantly controlling
the likelihood of avoiding a hazardous outcome.

 

Figure 8. Barrier RAW analysis, including mitigation outcomes.

The pattern also demonstrates the defence-in-depth approach of the BowTie model.
Barriers relying solely on human action, like lubrication practices, or static hardware, such
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as a soft starter, provide additional protection. However, active barriers, such as auto-
trip triggers or check relays, play a more significant role in the RAW distribution. This
suggests that while barriers not aligned with DDA elements can help mitigate hazards,
those fulfilling DDA criteria are primarily responsible for protecting the system.

From a decision perspective, RAW analysis indicates that prioritising investment in
maintaining and testing high-RAW barriers is crucial, since their failure could lead to
exponential increases in system risk. Conversely, for barriers with lower RAW values, the
model suggests they still contribute to system resilience but may need optimisation or
streamlining, ensuring safety remains unaffected.

4.2. Barrier Importance Factor

The BIF measures how much each preventive barrier helps prevent λTE(t). A higher
BIF shows that improving these barriers can significantly reduce λTE(t). Figure 9 displays
the BIF results from the BowTie model.

 

Figure 9. Barrier Importance Factor with respect to λTE(t).

Figure 9 clearly shows that all three preventive barriers under threat L07 collectively
contribute 100% to the λTE(t). This implies that the effectiveness of preventing the TE from
happening is dependent on maintaining these barriers at their proper functioning level.
Furthermore, these results also highlight that L07 is fully controlled by its associated barriers,
meaning any failure or removal of these barriers would directly lead to an increase in
λTE(t). Unlike other threats, where barrier contributions barely emerge and are distributed
unevenly, L07 requires rigorous monitoring and maintenance.

4.3. Barrier Quantitative Assessment over Time

This section shows the trends of λTE(t) and fC(t) over mission time, T. The goal is to
observe how barrier systems behave along with their threats and consequences as time
progresses. Figures 10 and 11 display the λTE(t) and fC(t) over a year, or 8760 h. As
explained in Section 2.5, in all cases, barriers parameterised by PFDavg (over T = 8760 h) or
PFH are mapped to an equivalent constant rate λb, and their time-varying failure probability
is computed using Equation (4). This gradual increase in Pfail(t) over t explains the near-
linear growth of λTE(t) under constant λthreat and λb from approximately 2.02 × 10−9 to
2.023 × 10−9 failures per hour during the mission, as shown in Figure 10. Although the
increase is monotonic, the change remains minimal, indicating that barrier degradation is
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slow and the preventive configuration sustains a consistently low top-event rate across the
operating horizon.

 

Figure 10. The λTE(t) pattern over mission time, T.

 

Figure 11. The fC(t) pattern over mission time, T.

Figure 11 illustrates how fC(t) evolves over time, showing a rapid increase from
0 to 2000 h during the early mission phase. After this period, it gradually stabilises
around 10−18 failures per hour. This effectively prevents the escalation of TE into serious
consequences. The data suggest that, within a defence-in-depth framework, the occurrence
of severe outcomes remains very low.

The combined reliability analysis shows that although λTE(t) continues to rise over
time because of barrier wear-out, the mitigation measures keep the impact of TE very low
(≤10−17/h). This indicates the long-term effectiveness of the defence-in-depth strategy.

4.4. Scenario-Based Sensitivity Analysis Outcomes

Section 4.4 assesses the impact of barrier modifications on system reliability using a
series of what-if scenarios outlined in Section 3.4. The findings are presented in tabular
format in Table 16 and graphically in Figures 12 and 13 to enable a quantitative and visual
evaluation of barrier performance.

Table 16. The outcomes of scenario-based sensitivity analysis outcomes.

Scenario λTE(t) fC(t) % Reduction vs. Baseline Notes

Baseline 2.023 × 10−09 2.912 × 10−17 − Reference inputs
Oil -Analysis Improved 5.628 × 10−10 8.101 × 10−18 72.18 Oil Pfail 0.72 → 0.20
Redundant Dashboard 2.034 × 10−10 2.034 × 10−18 89.95 Dashboard Pfail 0.10 → 0.01

Faster Auto-Alarm
Proof-Test 2.022 × 10−09 2.911 × 10−17 0.03 PFDavg halved

Combined (Oil +
Dashboard) 5.736 × 10−11 8.257 × 10−19 97.16 Both improvements applied
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Figure 12. The baseline vs. scenarios of λTE(t).

 

Figure 13. The baseline vs. scenarios of fC(t).

Table 16 shows that the baseline case results for both λTE(t) and fC(t) are 2.023 × 10−9

failures per hour and 2.912 × 10−17 failures per hour, which serve as the reference point
for comparison. Both tabular and graphical results display this as the highest frequency,
emphasising the system’s vulnerability under the current barrier effectiveness.

In the initial alternate scenario, the failure probability of the oil analysis barrier de-
creases from 0.72 to 0.20. As a result, fC(t) drops sharply to 8.101 × 10−18 failures per hour,
marking a 72.18% reduction. This notable decline is clearly shown in Figures 12 and 13,
where the curve for this scenario diverges significantly from the original baseline.

Focusing on the redundant dashboard scenario, it significantly benefits by reducing
89.95% of fC(t), equating to 2.034 × 10−18 failures per hour. Figures 12 and 13 show these
findings, with the dashboard curve positioned well below the baseline and oil-analysis
curves, highlighting the substantial impact of redundancy in operator interface barriers.
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In contrast, cutting the proof-test interval of the auto-alarm in half did not influence
λTE(t) because the proof-test modification applies to a mitigation-side barrier, which affects
the fC(t). Therefore, no distinct curve appears in Figure 12. However, this approach slightly
reduced failures, fC(t), to approximately 2.911 × 10−17 per hour, or roughly 0.03%. The
results are consistent with the plots in Figure 13, where the new curve overlaps with
the baseline, indicating that this scenario does not contribute significantly to overall risk
reduction. This behaviour can be explained by the fact that halving PFDavg would reduce
the proof-test interval by half. When both parameters are halved, the underlying dangerous
failure rate λb remains unchanged. Consequently, the function fC(t) remains unaffected by
this change, affecting only the time profile (which resets at each proof test) rather than the
entire one-year outcome.

Lastly, the combined improvement between oil analysis and dashboard redundancy
achieved the most significant outcome by lowering the fC(t) to 8.257 × 10−19 failures per
hour, approximately 97.16% reduction. Figures 12 and 13 display this curve positioned at
the lowest point across the mission time, T.

Table 16 and plotted curves, Figures 12 and 13, consistently show the most effective
scenarios for oil analysis and dashboard barriers. Additionally, cutting the proof test period
in half does not significantly reduce the auto-alarm proof test interval and has a limited
impact. Using multiple approaches together can provide the most significant benefit, with
a reduction of nearly two orders of magnitude.

4.5. Model Performance Comparison

This section assesses the effectiveness of the proposed BowTie model, as outlined in
Section 2.6.3. It examines this assessment through minimal cut sets, runtime performance,
and model compactness. The traditional FTA yields four first-order minimal cut sets,
as derived in Equation (24). This equation suggests that these single basic events alone
could potentially trigger TE, indicating that their presence makes the system highly fragile.
Conversely, the proposed BowTie-based analysis expands the FTA model beyond Boolean
logic. It captures the interaction of barriers across both pathways. In this case study, the
proposed model identifies four dominant cut-sets of order four or higher, which are 4, 4,
5, and 4, as displayed in Figure 14. This chart illustrates that multiple barriers must fail
together for TE to propagate, reflecting more realistically the defence-in-depth principles
embedded in engineered systems. While this illustrates the usefulness of BowTie in
demonstrating resilience, this study acknowledges that the observed difference is specific
to this case, and outcomes may differ for other subsystems or system architectures.

Another key feature of the BowTie model is its computational advantage, which is
clear when comparing runtimes. Figure 15 shows that the BowTie aggregation method
completes the task in around 0.0009 s, whereas full ETA enumeration takes 0.0729 s. This
demonstrates that the framework can achieve efficiency gains while retaining analytical
rigour. Although this case study involves a single subsystem, the results highlight the
model’s potential for scaling to more complex systems where state-space growth poses
a challenge.

Ultimately, the proposed BowTie model showcases its capability through its compact
representation. As per Equations (18) and (19), the explicit ETA requires 64 distinct states
to capture event sequences. In contrast, the BowTie model achieves the same analytical
outcome using just 21 states, thereby eliminating 43 redundant states, as illustrated in
Figure 16. This simplification of the BowTie model does not compromise analytical rigour,
as evidenced by the value of Δf = 0.0000. While the state reduction achieved here is a
clear advantage, the study notes that efficiency gains must always be balanced with the
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preservation of critical dependencies. In this case, the framework successfully maintained
accuracy while improving compactness, underscoring its potential as a reliable yet efficient
alternative to exhaustive enumeration.

 

Figure 14. The number and size of the cut-set of the BowTie model.

 

Figure 15. A runtime comparison between the BowTie model and ETA.

Another aspect of model comparison is the performance difference between the TE
probability, PTE(t) estimated using the proposed BowTie framework with the conventional
FTA (threat-only) approach. Figure shows the FTA curve (orange, dashed) rises sharply
during the initial phase and quickly stabilises around 10−2, reflecting the fragility implied
when threats are modelled as direct precursors to the top event. In contrast, the BowTie
curve (blue, solid) remains several orders of magnitude lower, stabilising in the range of
10−6–10−7 over the mission time. This outcome demonstrates the defence-in-depth effect: a
top event occurs only when all associated preventive barriers fail, resulting in significantly
reduced probabilities compared to the threat-only representation.

166



Appl. Sci. 2025, 15, 10902

 
Figure 16. Compactness comparison between BowTie and the ETA model.

5. Discussions

The study answer the research question via four measurable outcomes: (i) risk contri-
bution ranking using RAW and BIF (Figures 8 and 9), (ii) quantified reliability improve-
ments from scenario redesigns (Table 13; Figures 12 and 13), (iii) quantitative evidence of
barrier sufficiency over mission time (Figures 10 and 11), and (iv) streamlined analysis
relative to ETA/FTA (Figures 14–16). The discussions presented in this section aim to
interpret the main findings related to the research question in Section 1 and highlight their
implications for system reliability and asset management.

5.1. Criticality of Barriers and Risk Contributions

The RAW findings in Section 4.1 emphasise significant variability in how individual
barriers contribute to λTE(t). This inconsistency is clearly evident in key system compo-
nents, such as sync-check relays and automatic trip triggers, which serve as single points of
defence; their failure can directly cause system breakdown. Conversely, barriers like CBM
dashboards and routine operator checks show a relatively low risk contribution to λTE(t).
This suggests that removing these barriers would not significantly increase the λTE(t).
Therefore, high-RAW barriers require strict routine maintenance, regular proof testing,
and consideration of redundancy, while low-RAW barriers are optimised or rationalised
depending on circumstances, such as operational costs.

Another important aspect of barrier contributions is the findings from BIF. It is essen-
tial to highlight that BIF analysis assumes barriers can either be perfected or improved.
This implies that the probability of failure is negligible. According to BIF’s findings, all
barriers at threat level L07 could significantly lower λTE(t), contradicting the conclusions
reached by RAW. There are several fundamental differences between the BIF and RAW
analyses. BIF focuses on the advantages of enhancing a barrier, while RAW evaluates
the potential damage that would occur if the barrier fails. A barrier that performs well
(with a low Pfail) may have a low BIF (indicating limited room for improvement) but a
high RAW (suggesting severe consequences if compromised), and the reverse can also be
true. In practice, maintenance managers can use RAW to identify which barriers need
maximum protection, while BIF helps justify investments by estimating the return on risk
reduction [36]. For example, improving the oil analysis programme reduces the probability
of failure from 0.72 to 0.20 and lowers λTE(t) by more than 70%, providing a clear business
case for enhanced monitoring. By contrast, halving the proof-test interval for the automatic
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trip barrier has a negligible impact on risk, suggesting that resources would be better
spent elsewhere.

These insights bridge the gap between technical analysis and financial decision-
making. High-priority barriers (those with a high RAW) should be allocated greater
inspection and testing budgets, as their failure would lead to prolonged outages and expen-
sive repairs. In contrast, low-priority barriers may be grouped or de-scoped to save costs.
BIF-driven improvements, such as upgrading vibration alarms or adopting more advanced
oil-analysis sensors, can be compared against their implementation costs to evaluate the
return on investment. This aligns with the broader reliability engineering literature, where
risk-based inspection (RBI) and reliability-centred maintenance (RCM) frameworks are
utilised to allocate maintenance resources based on both risk and cost considerations [36].

5.2. Reliability Improvements Through Barrier Redesign

The scenario-based sensitivity analysis in Section 4.4 reveals that not all preventive
or mitigation strategies yield proportional gains. While redundancy and lowering barrier
failure rates lead to significant reductions in system risk, as shown in Table 13, simply in-
creasing proof-test frequency yields minimal additional benefit. In this case study, halving
the auto-alarm proof-test interval reduced fC(t) by ≈0.03% (Table 13), indicating minimal
marginal benefit versus redundancy or Pfail reduction. This outcome is consistent with
modern reliability engineering and barrier management principles, which emphasise target-
ing the most influential safeguards rather than applying uniform maintenance escalation.
For example, Yuan et al. [37] present a dynamic risk-informed safety barrier management
approach where barrier interventions are prioritised based on current performance and
risk contribution rather than scheduled intensification. Their method demonstrates that
optimising high-leverage barriers yields more risk reduction per unit cost than blanket
increases in inspection or testing intervals. Likewise, in the risk-based maintenance litera-
ture, Leoni et al. [38] compare various RBM methods and show that prioritisation based
on probability × consequence offers more efficient resource allocation than across-the-
board maintenance increases. Hence, the results of this study, where proof testing offers
little marginal gain while barrier redesign and redundancy deliver considerable benefits,
align with the principle of maintenance prioritisation by risk importance, reinforcing that
strategic intervention wins over intensification. This prioritise-by-influence result mirrors
risk-based barrier management and RCM guidance, which favour targeting high-leverage
safeguards over blanket escalation of proof-testing or inspection intervals [39–42].

5.3. BowTie Modelling and Scalability

One of the key benefits of the proposed BowTie framework is its ability to simplify
reliability modelling without compromising accuracy. This can be seen through the minimal
cut set analysis, where the BowTie model can produce higher-order cut sets (size 4–5),
requiring multiple barriers to fail to escalate the TE. In contrast, conventional FTA in
Figure 5 generates first-order cut sets, suggesting that a single failure of basic events is
enough to cause a catastrophic event. This difference indicates that the BowTie framework
better reflects the defence-in-depth strategies used in practice, which capture the system’s
resilience rather than exposing single-point vulnerabilities. Additionally, the BowTie model
can reduce computational states compared to ETA enumeration without losing crucial
detail. This means the proposed model has a high potential for scalability, making it suitable
for larger or more complex systems where combinatorial explosion is a significant concern.
This pattern is consistent with defence-in-depth guidance, where layered safeguards raise
the minimum failure-combination order required for escalation.
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5.4. Barrier Sufficiency over Mission Time

Investigating barrier sufficiency quantitatively shows that λTE(t), increases linearly
but remains nearly constant over the mission period due to its small slope effect. The
consequence frequency, fC(t), on the other hand, remains at negligible levels, approximately
10−17/h. These findings provide strong evidence that the barrier configuration in the case
study is sufficient to maintain reliability over the operating horizon. In practice, the
defence-in-depth strategy ensures that even with gradual wear-out and ageing effects, the
probability of escalation to severe consequences is effectively controlled and minimised,
strengthening confidence in current operational practice.

5.5. Practical Implications and Generalisability

From an asset management perspective, this study highlights the benefits of a risk-
informed approach to barrier design and maintenance prioritisation. The comparison
in Figure 17 reinforces this point, as relying solely on FTA tends to overstate system
fragility by overlooking the role of barriers. Incorporating preventive and mitigative
defences through the BowTie framework demonstrates that the likelihood of generator
failure is drastically reduced by several orders of magnitude over the mission duration.
For example, the combined oil-analysis + dashboard scenario reduces fC(t) by 97.16% to
8.257 × 10−19 h−1 (Table 16), illustrating the material impact of diagnostic upgrades on
consequence frequency. For asset managers, this distinction is crucial because it clearly
shows the value of barrier design and maintenance investments. Measures like trip relays,
dashboards, and oil analysis directly lead to lower top-event risks. This approach thus
supports risk-informed decisions, helping identify where resources should be focused and
illustrating how defence-in-depth strategies offer meaningful improvements in reliability.

 

Figure 17. The performance difference of PTE(t) estimated using the proposed model and FTA.

The proposed BowTie model thus offers decision-makers a structured approach to
effectively balance safety and reliability by quantitatively ranking barriers, assessing the im-
pacts of redesign, and verifying sufficiency. This approach aligns with risk-based inspection
(RBI) by focusing maintenance resources on critical equipment while optimising inspection
schedules to reduce operational costs without compromising safety [39,40]. Concerning
the WT paradigm, the findings of this study indicate the importance of emphasising diag-
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nostic redundancy and hybridisation, which lead to the most significant decrease in failure
rates. Regarding the importance of barriers, critical protective relays, and automatic trip
triggers significantly enhance overall system reliability when properly maintained. On
the other hand, barriers that have a minimal impact can be optimised or streamlined to
prevent unnecessary waste of resources. This viewpoint aligns closely with the principles
of reliability engineering, which emphasise the importance of achieving the optimal level
of system reliability by balancing risk reduction with economic practicality throughout the
asset’s lifecycle [41].

Aside from the WT domain, the suggested BowTie methodology can also be applied to
various critical infrastructures where a defence-in-depth approach is necessary to prevent a
major incident. Yang et al. [42] showcase this approach by combining BowTie analysis with
a Bayesian network to improve risk management in oil storage facilities. This enhances
emergency response strategies and supports operational decision-making.

5.6. Limitations and Future Research

Several limitations of this study should be noted. First, the case study is limited to the
generator subsystem of a WT, which constrains the generalisability of the findings; apply-
ing the framework to other subsystems or different infrastructures would provide broader
validation. Second, the analysis relies on the assumption of constant failure rates for threats
and barriers, without accounting for repair, degradation, or ageing effects. Similarly, HEPs
and conditional probabilities are treated as fixed values, overlooking potential variability
due to factors such as operator experience, fatigue, or context. Third, the data sources span
multiple years and industries, including technical reports and cross-sector studies, which
may introduce inconsistencies and reduce direct transferability to wind energy systems.
Fourth, barrier independence is assumed, with dependencies and common-cause failures
not explicitly considered. Fifth, the framework is presented deterministically, without quan-
tifying uncertainty or providing error bounds for the reported results. Finally, efficiency
gains over ETA are demonstrated for a single subsystem only; additional benchmarking on
larger and more complex systems is required to substantiate scalability. In this paper, these
assumptions are partially probed via scenario-based sensitivity, as explained in Sections 3.4
and 4.4, to observe directional robustness of λTE(t) and fC(t) under barrier redesign.

Future research should build on this work by extending the framework to multiple
subsystems and other critical infrastructures, incorporating non-constant failure behaviours
such as repair and ageing, and refining the treatment of human and conditional proba-
bilities to capture contextual variability. Explicit modelling of barrier dependencies and
common-cause failures, together with validation against field data, would further enhance
robustness. In addition, integrating uncertainty propagation techniques, such as Monte
Carlo simulation or Bayesian inference, would enable the reporting of confidence intervals
or error ranges, thereby strengthening interpretability. Finally, systematic benchmarking
across larger case studies is needed to evaluate trade-offs between efficiency and accuracy,
and to confirm the framework’s scalability for complex engineered systems.

6. Conclusions

This research has illustrated the BowTie framework based on reliability, which de-
livers a practical and effective method for quantifying system reliability, ranking barriers,
and validating the adequacy of defence-in-depth measures. The framework provides a
transparent and computationally efficient alternative to traditional reliability models, such
as FTA, ETA, and RBD, by incorporating key metrics, including RAW and BIF, alongside
cut-set analysis and scenario-based sensitivity evaluations. The findings indicate that
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high-risk barriers, such as protective relays and automation triggers, play a significant role
in escalation pathways. In contrast, low-impact barriers exert only a marginal influence on
overall system reliability. Furthermore, the higher-order cut sets generated by the proposed
BowTie model provide a more realistic representation of the resilience of WT systems
compared to the single-point vulnerabilities identified by conventional FTA.

The study also demonstrates significant efficiency gains: the BowTie model reduces
runtime by approximately 40 times compared to ETA enumeration (0.0009 s vs. 0.0729 s) and
compresses state requirements from 64 to 21 without loss of fidelity. These improvements
highlight its potential for a scalable application. Nevertheless, several limitations remain.
The current analysis is restricted to a single subsystem, assumes constant failure rates
and barrier independence, and does not explicitly address common-cause failures or
repair processes.

Future research should address these limitations by validating the framework across
multiple WT subsystems and other infrastructures, incorporating non-constant failure be-
haviours (repair, ageing, degradation), and explicitly modelling dependencies between bar-
riers. Large-scale benchmarking against conventional reliability techniques is also needed
to assess scalability, computational trade-offs, and accuracy in complex engineered systems.
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The following abbreviations are used in this manuscript:

AHP Analytical Hierarchy Process
BIF Barrier Importance Factor
BRB Belief Rule Base
CBM Condition-based Monitoring
CCPS Centre for Chemical Process Safety
CMMS Computerised Maintenance Management System
DDA Detect-Decide-Action
DFT Dynamic Fault Tree
ETA Event Tree Analysis
FTA Fault Tree Analysis
HEP Human Error Probability
HRO High Reliability Organisation
IED Intelligent Electronic Device
LFF Learning from Failures
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ML Machine Learning
O&G Oil and Gas
PAND Priority-AND
PFDavg Average Probability of Failure on Demand
PFH Probability of Failure per Hour
RAW Risk Achievement Worth
RBD Reliability Block Diagrams
ROI Return on Investment
SPAR Standardised Plant Analysis Risk
TE Top Event
THERP Technique for Human Error Rate Prediction
VFD Variable Frequency Drive
WMEP Scientific Measurement and Evaluation Programme
WT Wind Turbine
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Abstract

Quantitative reliability evaluation is essential for optimizing control policies and maintenance
strategies in complex industrial systems. While Reliability Block Diagrams (RBDs) are a
natural formalism for modeling these hierarchical systems, modern applications require
highly efficient, online reliability assessment on resource-constrained embedded hardware.
This demand presents two fundamental challenges: developing algorithmically efficient
RBD evaluation methods that can handle diverse custom distributions while preserving
numerical accuracy, and ensuring platform-agnostic performance across diverse multicore
architectures. This paper investigates these issues by developing a new version of the librbd
open-source RBD library. This version includes advances in efficiency of evaluation algorithms,
as well as restructured computation sequences, cache-aware data structures to minimize
memory overhead, and an adaptive parallelization framework that scales automatically from
embedded processors to high-performance systems. Comprehensive validation demonstrates
that these advances significantly reduce computational complexity and improve performance
over the original implementation, enabling real-time analysis of substantially larger systems.

Keywords: reliability block diagrams (RBD); symmetric multi-processing (SMP); single
instruction-multiple data (SIMD); reliability curve; reliability evaluation; software libraries

1. Introduction

Quantitative reliability evaluation enables actionable insights that inform decisions-
support systems with different aims, including, e.g., control policy synthesis, system
architecture design, and maintenance planning that may involve contrasting measures
and trade-offs. As systems become increasingly complex and highly integrated across
various industrial sectors, the challenges in reliability assessment intensify. In highly
integrated systems, component failures can cascade through interconnected subsystems,
causing widespread disruptions that are difficult to isolate and mitigate. This integration
trend, while offering significant functional benefits, demands more sophisticated and
computationally efficient reliability assessment approaches capable of supporting online
evaluation in resource-constrained environments. Reliability is defined as “the ability of
a system or component to perform its required functions under stated conditions for a specified
period of time” [1]. In probabilistic terms, reliability represents the probability that a system
successfully performs its required functions during the time interval [t0, t) given correct
operation at time t0 [2]. This probabilistic definition forms the basis of reliability evaluation
theory, enabling systematic quantitative assessment of system dependability.
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Modern industrial applications increasingly require these evaluations to be performed
online on embedded processors and low-power industrial controllers, where computational
efficiency becomes a critical constraint rather than merely a performance optimization goal.

These challenges are widely recognized in the reliability engineering community. For
instance, Hollander and Peña [3] introduced non-parametric methods to derive reliabil-
ity curves for censored data through the survival function, while Xing [4] proposed a
framework that simplifies network reliability assessment using Reduced Ordered Binary
Decision Diagrams. Green and Vishakha [5] further explored computational efficiency
by developing and comparing two parallel computation strategies—batch parallelism
and pipeline parallelism—for non-sequential Monte Carlo simulations on multi-core ar-
chitectures. Additionally, Nelissen et al. [6] proposed the deployment of inline run-time
monitoring to realize run-time verification and ensure the required safety properties.

Recent industrial applications have further intensified these challenges, particularly
in domains requiring real-time or quasi-runtime reliability assessment:

• Developing efficient and expressive modeling techniques for complex Cyber–Physical
Systems and their reliability evaluation [7–9].

• Optimizing software rejuvenation scheduling in distributed environments through
the reliability assessment of their software subsystems [10–12].

Our recent industrial case studies on software reliability monitoring and rejuvena-
tion [13] and proactive maintenance [14] have further demonstrated scenarios requiring
intensive library usage for quasi-runtime reliability assessment in embedded maintenance
systems, revealing critical performance bottlenecks when deployed on resource-constrained
hardware. These combined insights from the literature and our practical experience moti-
vated three research questions:

RQ1 How can the system’s reliability be efficiently analyzed in presence of components with arbitrary,
non-parametric (i.e., numerical) failure distributions?

RQ2 How can computational complexity be reduced for RBD evaluation while preserving numeri-
cal accuracy?

RQ3 Can modern multicore architectures—from embedded processors to high-performance systems—
be effectively leveraged to achieve platform-agnostic performance improvements?

To address RQ1, we previously released librbd [15], an open-source library supporting
RBD-based reliability evaluation. librbd was specifically created for the numerical computa-
tion of reliability curves for all basic RBD blocks with multiplatform compatibility, thereby
fully addressing our first research question. This paper presents significant algorithmic and
architectural advances addressing all three RQs. We introduce a novel optimized recursive
strategy for evaluating complex KooN models, combined with parallel computation tech-
niques that provide substantial performance gains across diverse hardware platforms. To
the best of our knowledge, no existing open-source implementation provides this level of
algorithmic efficiency, platform portability, and computational generality in a lightweight
C library suitable for deployment in resource-constrained industrial environments.

The remainder of this paper is organized as follows: Section 2 provides a brief overview
of existing methodologies to reliability evaluation; Section 3 presents the mathematical
foundations of RBD reliability evaluation and introduces our algorithmic contributions for
reducing computational complexity; Section 4 details the enhanced librbd 2.0 features and
validates computed reliability curves through comparison with SHARPE [16,17]; Section 5
describes the experimental methodology and hardware platforms used for performance
evaluation; Section 6 presents comprehensive performance results demonstrating the
effectiveness of our approach across diverse system configurations.
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2. Reliability Evaluation Methodologies

Since reliability evaluation is a fundamental step for the assessment of an industrial
system, several modeling formalisms have been developed for reliability assessment,
broadly classified into four categories:

• Combinatorial models exploit the assumption of statistically independent com-
ponents, i.e., a failure of one component does not impact the failure rate of other
components, to efficiently evaluate the reliability [18,19]. These models include Re-
liability Block Diagrams (RBDs) [20,21], Fault Trees (FTs) [22,23], Reliability Graphs
(RGs) [24,25], and Fault Trees with Repeated Events (FTREs) [23,26].

• State-space-based models leverage Markov Processes that allow them to model
statistical, temporal, and spatial dependencies among failures at the cost of state-space
explosion [18,19]. These include Continuous Time Markov Chains (CTMCs) [27,28],
Stochastic Petri Nets (SPNs), and extensions such as Generalized Stochastic Petri Nets
(GSPNs) and Stochastic Timed Petri Nets (STPNs) [29–32], Stochastic Reward Nets
(SRNs) [33,34], and Stochastic Activity Networks (SANs) [35,36].

• Hybrid models augment combinatorial models with time-dependent relationships
through state-space-based models [18], including Dynamic RBDs (DRBDs) [37,38] and
Dynamic FTs (DFTs) [39–41].

• Hierarchical models employ divide-and-conquer strategies by combining different
formalisms across system layers [13,18,42–44], exploiting the benefits of both combina-
torial and state-space-based approaches while mitigating their respective limitations.

Hierarchical models represent the state-of-the-art approach for reliability evalua-
tion [18], particularly for highly integrated systems where component interactions signifi-
cantly influence overall system behavior. As system complexity increases, decomposition
into subsystems and components becomes necessary for tractable analysis, making RBDs
a natural formalism for modeling hierarchical system architectures due to their intuitive
graphical representation and computational efficiency.

3. Reliability Block Diagrams

In Section 3.1, we recall the definition of an RBD together with the mathematical
formulas used to compute the probability that a block is correctly operating, i.e., its state
is equal to success. In Section 3.2, we introduce notable tools used for the RBD modeling
and evaluation, detailing their core capabilities. In Section 3.3, we analyze the recursive
algorithm that is widely used to evaluate the reliability of KooN blocks with generic com-
ponents, together with its main limitations. In Section 3.4, we propose novel mathematical
formulas that can be successfully used to overcome such limitations. Finally, in Section 3.5,
we propose novel mathematical formulas also for the computation of Bridge blocks.

3.1. RBD Definitions

An RBD is a graph showing the decomposition of a system into components that
may independently fail, plus the logical connections needed for the correct working of the
system [15,18–20,45]

Definition 1. An RBD model is a Block Diagram that is used to evaluate the reliability of a system,
or sub-system, through the definition of the logical connections needed for its successful operation.

Definition 2. A basic block, for simplicity also called block, is the building unit of an RBD
model. A block provides the basic logical connections needed to define an RBD model by aggregating
other blocks.
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A block has only two states, i.e., success and failure. An RBD modeling a system represents
the success state of the system by means of success paths, that is, connections of the success states of
its components.

Basic blocks come in five kinds, recursively defined as follows:

• Singleton. A component is a part of the physical system that is considered atomic w.r.t.
failures. A physical component is visually represented inside the RBD model by a Singleton
block. Singletons can be considered as the elementary bricks of the recursive structure of an
RDB model. The state of a Singleton block is equal to success if and only if the associated
component is working correctly. An example may be a stand-alone Power Supply.

• Series. This block is composed by N (sub-)blocks, and its state is equal to success if and only if
all its sub-blocks are in success state. Examples are systems in which the single failure of any
component produces the failure of the system.

• Parallel. This block is composed by N blocks, and its state is equal to success if and only if
at least one of its sub-blocks is in success state, or, dually, a failure state of a Parallel block
occurs if and only if all its blocks are in failure state. An example is a redundant Power Supply
system with current sharing.

• K-out-of-N (KooN). This block is composed by N blocks, and its state is equal to success if
and only if at least K blocks out of N are in success state. An example is a Triple Modular
Redundancy computing system (TMR).

• Bridge. This block is introduced in order to model the possibility of an alternative success path
in a parallel/series structure. As shown in Figure 1e, the block in the middle is used as a bridge
between two parallel success paths, rerouting success to the other path in case of failure of one
block. Typical examples can be found in network infrastructures.

Definition 3. We denote as pi the probability that the state of the i-th component is equal to success,
and as qi = 1 − pi the probability that the state of the i-th component is equal to failure.

Definition 4. A generic block uses heterogeneous components, also called generic components, i.e.,
∃ i �= j such that pi �= pj. An identical block uses homogeneous components, also called identical
components, i.e., pi = pj = p ∀ i, j.

Figure 1 provides the graphical representation of the five kinds of basic blocks, visualizing
the success paths among the related sub-blocks, together with the mathematical formulas that
are used to perform the reliability analysis of each block according to [18,20]. In particular,
Moskowitz [20] defines the formulas for computing the reliability as a probability of series
and parallel models, also demonstrating the factoring theorem for simplifying the bridge
model, and Trivedi and Bobbio [18] present the formulas for evaluating the reliability curve
for series, parallel and KooN models, covering both the general case of generic components
and the simplified case of identical components. More specifically, the formula in black is the
one that can be used to evaluate blocks built with generic components, while the formula in
red is the simplified one that can be used to evaluate blocks built with identical components.

For the sake of simplicity, the presented formulas express reliability as a probability.
Nevertheless, the same formulations can be straightforwardly generalized to determine
the time-varying reliability function. The correct probabilistic analysis of an RBD model
requires that a failure probability function is associated to each Singleton block, reflecting
the estimated failure probability of the modeled physical component. The Singleton
blocks are statistically independent, i.e., given two Singletons A, B such that A �= B, the
probability of failure of A, P(A), is not related with the probability of failure of B, P(B),
i.e., P(A|B) = P(A) ∀ A, B | A �= B.
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Throughout the remainder of this paper, for simplicity of description, we consider
RBD models composed of N Singleton blocks aggregated into a single system-level block.
Also for clarity and simplicity, we refer to the Singleton blocks as components, and to the
system-level block simply as block.

(a)

(b)

(c)

(d)

(e)

Figure 1. Layout of RBD blocks and mathematical formulas used to perform the respective reliability
analysis under the generic case (black text) and under the identical case (red text): (a) Singleton.
(b) Series. (c) Parallel. (d) KooN. (e) Bridge.

3.2. Existing RBD Modeling and Evaluation Tools

To facilitate the accurate definition and evaluation of RBD models, various supporting
software tools have emerged. We can mention:

• Isograph Reliability Workbench: this commercial tool supports the hierarchical
definition and analysis of scalable RBD models by means of submodels. It also
supports the minimal cut-set analysis of the RBD model [46]. With respect to RQ1, this
tool does not support the computation of the reliability curve.
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• Relyence RBD: this commercial tool allows the definition and evaluation of series,
parallel, and standby configurations, providing the reliability curve using analytical
formulas or through Monte Carlo simulation [47]. With respect to RQ1, this tool only
supports a set of parametric distributions for its input blocks.

• ALD RAM Commander—RBD Module: this commercial tool allows the definition
and evaluation of series, parallel, and KooN configurations, providing the reliability
curve using analytical formulas or through Monte Carlo simulation [48]. With respect
to RQ1, this tool only supports a set of parametric distributions for its input blocks.

• SHARPE: the Symbolic Hierarchical Automated Reliability and Performance Eval-
uator (SHARPE) tool supports the definition of hierarchical stochastic models of
dependability attributes, including reliability, availability, performance and performa-
bility, and the analysis of such models [16,17]. This tool supports several formalisms to
define reliability models, including RBDs, and it supports time-dependent reliability
analysis. With respect to RQ1, this tool only supports a set of parametric distributions
for its input blocks.

• PyRBD is an open-source tool particularly effective to model and evaluate commu-
nication networks that employs a methodology that generates RBDs from network
topologies and decomposes the diagrams for faster processing, with a core focus on
utilizing minimal cut-sets and Boolean algebra to compute the steady-state availabil-
ity [49,50]. With respect to RQ1, this tool does not support the computation of the
reliability curve and it only supports a limited set of parametric distributions for its
input blocks.

• PyRBD++ is the optimized evolution of PyRBD. While maintaining the same charac-
teristics of its predecessor, it introduces a novel iterative conditional decomposition
method to improve scalability performance [51,52]. As its predecessor, this tool does
not support the computation of the reliability curve and it only supports a limited set
of parametric distributions for its input blocks.

This comparative analysis highlights that no single existing tool fully satisfies the
requirements of RQ1: specifically, the capability to compute the reliability curve using
arbitrary, non-parametric input distributions. Therefore, we made the strategic decision
to further enhance librbd, ensuring it uniquely provides the necessary computational
foundation for our specialized research projects involving reliability modeling.

3.3. Quantitative Evaluation of KooN Blocks—Traditional Approach

The probability of success of a KooN block can be computed through the application
of a divide and conquer recursive algorithm based on the formulas shown in Figure 1.

The recursive formulation is derived by conditioning on the state of the N-th compo-
nent [15]. We denote as pN the probability of the N-th component being in success state,
and as qN its probability of being in and failed state. If we consider the N-th component
as correctly operating: for a KooN system to be correctly working, we need at least K − 1
operating components out of the remaining N − 1. If, on the other hand, the N-th compo-
nent is failed, we need at least K operating components out of the remaining N − 1 to have
a correctly operating KooN system. The formulas that we report also below include two
boundary cases that limit the domain of K and N to significant values and that are used as
stop conditions for recursion.

p0ooN = 1 ∀ N > 0

pKooN = 0 ∀ K > N

pKooN = pN · p(K−1)oo(N−1) + qN · pKoo(N−1) ∀ 0 < K ≤ N

(1)
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This approach can be modeled using an incomplete binary recursion tree since leaf
nodes can be found at different depths due to the following two reasons: a node is a
leaf node when one of the stop conditions is met, which can occur before the maximum
reachable depth N; the initial value K affects the reachability of the stop conditions, with
the worst case scenario occurring when K = N/2. The theoretical upper limit to the number
of recursive calls is given by a complete binary tree, i.e., ∑i≤N

i=1 2i = 2N+1 − 1. Figure 2
shows this recursive approach over a 3oo5 block, where the the two numbers in each node
represent, respectively, the two parameters K and N, magenta nodes are leaf nodes and
cyan nodes are the internal ones.

Figure 2. 3oo5 block evaluated through the recursive approach shown in Equation (1). Magenta
nodes are the leaf nodes and cyan nodes are the internal ones.

This recursive approach, albeit simple and suitable to analyze KooN blocks with a
limited number of components N, soon suffers from exponential blow-up of the number of
recursive calls due to the following two reasons:

• The presented approach has trivial stop conditions that exponentially increase the
number of leaf nodes, thus increasing the computation time. More specifically, it does
not detect trivial KooN configurations such as Series (NooN) and Parallel (1ooN);

• Several different internal nodes with equivalent input parameters K and N are vis-
ited during the recursion tree. More specifically, in the example shown in Figure 2,
two different nodes with the same parameters K = 2 and N = 3 are evaluated.

3.4. Quantitative Evaluation of KooN Blocks—Novel Approach

We propose novel mathematical formulas for the computation of KooN blocks with
generic components that allow to reduce the computational complexity and, as a direct
consequence, to decrease the computation time. Starting from Equation (1) and keeping in
mind its main limitations, we propose two novel sets of mathematical formulas that can be
successfully used to reduce the complexity of the already presented recursive algorithm.
The first formula reduces the number of recursive calls for the analysis of trivial RBD blocks,
hence the reliability of a KooN block can be computed as:

p1ooN = pparallel = 1 −
I

∏
i=1

(1 − pi) ∀ N > 0

pKooN = pseries =
I

∏
i=1

pi ∀ K = N

pKooN = pN · p(K−1)oo(N−1) + qN · pKoo(N−1) ∀ 1 < K < N

(2)

Figure 3 shows this recursive approach over the same 3oo5 block using the same
notation. It can be easily observed that, by avoiding the analysis of series and parallel
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blocks, the number of visited nodes decreases drastically with respect to the recursion tree
shown in Figure 2.

Figure 3. 3oo5 block evaluated through the recursive approach shown in Equation (2). Magenta
nodes are the leaf nodes and cyan nodes are the internal ones.

The other novel formula derives from the simplification of Equation (1) under the
assumptions that K > 2 and K ≤ N − 2. In such case, the reliability of a KooN block can be
computed as:

pKooN = pN · pN−1 · p(K−2)oo(N−2)+

+ (qN · pN−1 + pN · qN−1) · p(K−1)oo(N−2)+

+ qN · qN−1 · pKoo(N−2)

(3)

Using Equation (3), we can decrease N by 2 instead of 1, thus reducing the number of
recursive calls. Furthermore, the two different recursive sub-trees with parameters (K − 1)
and (N − 2), i.e., the first one for which component N is in failed state and component N − 1
is in success state and second one for which component N is in success state and component
N − 1 is in failed state, collapse into a unified sub-tree. By using Equation (3) for all nodes
such that K > 2 and K ≤ N − 2, the recursion tree ceases to be a binary tree and becomes a
ternary tree.

The number of different internal nodes with equivalent input parameters K and N
that are visited during the recursion tree achieved through the usage of Equation (3) can be
further reduced by iteratively applying the same idea. In particular, let h ∈ N+ such that
K − h > 1 and N − h ≥ K, then the reliability of a KooN block can be computed as:

pKooN =
h

∑
i=0

⎛⎝ (h
i)

∑
j=1

⎛⎝ ∏
l∈C(h,i,j)

pl · ∏
m/∈C(h,i,j)

qm

⎞⎠⎞⎠ · p(K−i)oo(N−h) (4)

where (h
i) is the binomial coefficient and C(h, i, j) is the function that returns the j-th unique

combination of i working components out of h.
Increasing the value of h results in more identical sub-trees whose computation can be

factorized (see the two sub-trees with root (2, 3) in Figure 3), leading to a reduction in the
total number of recursive calls. Hence, to maximize the benefits of Equation (4), we need
the maximum value h such that K − h > 1 and N − h ≥ K:

h = min(K − 1, N − K) (5)

where h is computed for each recursive call. Let H be the maximum of all h values
computed. The recursive unfolding of Equation (4) follows a recursion tree with degree
H + 1. Figure 4 shows this recursive approach over the same 3oo5 block using the same
notation. It can be easily observed that the number of visited nodes decreases drastically
with respect to Figure 2. This reduction is caused by the node (3, 5), which is the only
one, for this simple RBD model, that benefits from the new algorithm. Furthermore, this

181



Appl. Sci. 2025, 15, 11397

mathematical representation allows to reduce the number of visited internal nodes with
equivalent input parameters K and N.

Figure 4. 3oo5 block evaluated through the recursive approach shown in Equation (4). Magenta
nodes are the leaf nodes and cyan nodes are the internal ones.

3.5. Quantitative Evaluation of Bridge Blocks—Novel Approach

As already pointed out, we propose novel mathematical formulas for the computation
of Bridge blocks with both generic and identical components that allow us to reduce the
computational complexity and, as a direct consequence, to decrease the computation time.

To reduce the complexity of Bridge blocks with generic components, we start from the
generic equation shown in Figure 1e: after all occurrences of qi have been replaced with
1 − pi, i ∈ [1, 5], we obtain the following formula that avoids the explicit computation of
unreliability and maximizes the reuse of intermediate values:

val1 = (p1 + p3 − p1 · p3) · (p2 + p4 − p2 · p4)

val2 = p1 · p2 + p3 · p4 − p1 · p2 · p3 · p4

pbridge = p5 · (val1 − val2) + val2

(6)

To reduce the complexity of Bridge blocks with identical components, we start from
the identical equation shown in Figure 1e: after rearranging the order of operations, the
computation of the Bridge block can be further simplified to the following formula that
avoids a sum, hence it slightly reduces the computational complexity:

pbridge = p · (1 + q · (q · (q2 − 2) + p · (2 − p2))) (7)

4. RBD Computation Library—librbd 2.0
As already stated in Section 1, the purpose of this work is to enhance librbd [15,53],

ensuring that the following original design requirements are fully preserved:

• to support the most common OSes, that is, Windows, MacOS and Linux;
• to support the numerical computation of the reliability curve for all RBD basic blocks;

please note that this requirement is necessary to satisfy RQ1;
• to be available as a free software.

Section 4.1 briefly describes the design choices and features that were already inte-
grated in librbd and that have been kept, while Section 4.2 provides the new requirements
added to address RQs(2) and (3), also providing the detailed description of the new features.
Finally, Section 4.3 shows the process used to validate librbd 2.0 and the obtained results.

4.1. Design Choices Already Present in librbd

The following design choices and features, which were already present in librdb [15],
have been kept in librbd 2.0:

• The implementation of the resolution formulas for series, parallel, KooN, and bridge
RBD blocks over time, up to 255 components per block.

182



Appl. Sci. 2025, 15, 11397

• The availability of librbd on the majority of currently available OSes, i.e., Microsoft
Windows, Linux, and MacOS.

• The implementation of librbd in C language for higher performance, introducing spo-
radic conditional compilation when interaction with the OS is deemed necessary [54].

• The availability of librbd as both a dynamic and static library.
• In order to minimize the numerical error, all computations use double-precision

floating-point format (double) compliant with binary64 format [55].
• The implementation of formulas for RBD blocks both with generic components and

with identical components.
• The implementation of several optimizations for the KooN RBD block computation,

e.g., the minimization of computation steps when N − K > K − 1 for blocks with
identical components.

• The adoption of the Symmetric Multi-Processing (SMP), that can be enabled or dis-
abled at compile time. When disabled, librbd is built as a Single Threaded (ST) library.

4.2. New Design Choices Introduced in librbd 2.0

This section details the significant enhancements and new requirements implemented
in librbd 2.0, which extend the library’s capabilities to meet emerging computational chal-
lenges. Specifically, our primary contributions focus on performance optimization to
address RQs (2) and (3):

• Algorithmic Complexity Reduction: To address RQ2, we implemented novel algo-
rithms aimed at substantially reducing the computational complexity of KooN and
Bridge blocks (detailed in Section 4.2.1).

• Cross-Platform Parallel Computation Techniques: To Address RQ3, ensuring opti-
mal performance across diverse hardware architectures and OSes, this requirement
necessitated several key developments:

– Vectorization (SIMD): the addition of native support for the Single Instruction,
Multiple Data (SIMD) paradigm for computation acceleration (Section 4.2.2).

– Multi-Core Parallelism (SMP): the optimization of cache utilization within the
SMP paradigm (Section 4.2.3), together with the addition of native SMP support
for the Windows OS (Section 4.2.4).

4.2.1. Optimization of Algorithms for KooN and Bridge Blocks

The main limitation of librbd was its lower performance when computing the reliability
of a KooN block with generic components when N is high and K ≈ N/2. The low perfor-
mance was due to the fact that both algorithms implemented in librbd, i.e., the iterative and
recursive one, were trivial and not optimized.

We propose a new version of the recursive algorithm, shown in Algorithm 1, that
drastically reduces the number of recursive calls, hence decreasing the computation time.
The first and second if statements are used to detect, respectively, series and parallel blocks
and to treat them as such without using recursion, as shown in Equation (2). The innermost
statements, i.e., the computation of h variable and the subsequent if statement, implement
the optimized recursive algorithm as described in Equations (4) and (5). Finally, the last
three statements, including the return, implement the classic recursive algorithm shown in
Equation (1).

We state that the performance achieved using this new recursive algorithm is com-
parable to the one achieved with the iterative algorithm that was described in [15] when
K is close to either 1 or N. Hence, the iterative algorithm, together with the heuristic
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used to select the proper algorithm, has been removed from librbd 2.0 to reduce source
code complexity.

Algorithm 1: Computation of KooN block with generic components.
Input: Minimum number of working components k
Input: Total number of components n
Input: Array R of reliabilities, where R〈i〉 is the reliability of i-th component
Function R_KooN_Recursive(k, n, R)

if k = n then
# Evaluate noon block, i.e., Series block
res = 1;
for i ∈ [1, n] do

res = res · R〈i〉;
return res;

if k = 1 then
# Evaluate 1oon block, i.e., Parallel block
res = 1;
for i ∈ [1, n] do

res = res · (1 − R〈i〉);
return 1 − res;

# Compute the best value h (see Equation (5))
h = min(k − 1, n − k);
if h > 1 then

# Compute the reliability of koon (see Equation (4)) and store the result
over res variable

res = 1;
for i ∈ [0, h] do

# Compute ∑
(h

i)
j=1

(
∏l∈C(h,i,j) pl · ∏m/∈C(h,i,j) qm

)
(see Equation (4)) and

store the result over step variable
step = 0;
for j ∈ [1, nCi] do

# Compute ∏l∈C(h,i,j) pl · ∏m/∈C(h,i,j) qm (see Equation (4)) and store
the result over tmp variable

tmp = 1;
for l ∈ [1, h] do

if l ∈ C(n, i, j) then

tmp = tmp · R〈l〉;
else

tmp = tmp · (1 − R〈l〉);
step = step + tmp;

res = res + step · R_KooN_Recursive(k − i, n − h, R);
return res;

# The value h is equal to 1, use traditional recursive formula (see Equation (1))
res = R〈n〉 · R_KooN_Recursive(k − 1, n − 1, R);
res = res + (1 − R〈n〉) · R_KooN_Recursive(k, n − 1, R);
return res;

The key indicator of the performance of a recursive algorithm is the number of
calls to the recursive function, which, for a KooN block, depends on both parameters
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K and N and, given N, it reaches its maximum when K = N/2. Let F1(K, N), F2(K, N),
and F3(K, N) be the functions used to compute the recursive calls using, respectively,
Equations (1), (2) and (4), defined as follows:

F1(K, N) =

⎧⎨⎩1 if K = 0 or K > N

1 + F1(K − 1, N − 1) + F1(K, N − 1) otherwise
(8)

F2(K, N) =

⎧⎨⎩1 if K = 1 or K = N

1 + F2(K − 1, N − 1) + F2(K, N − 1) otherwise
(9)

F3(K, N) =

⎧⎨⎩1 if K = 1 or K = N

1 + ∑h
i=0 F3(K − i, N − h) otherwise, with h = min(K − 1, N − K)

(10)

Figure 5 shows the trend, in logarithmic scale, of the number of recursive calls for
the functions F1(N/2, N), F2(N/2, N), and F3(N/2, N), where N/2 is the integer division, in
particular for (a) N up to 20 to easily observe the benefits of the different algorithms and
(b) N up to 255—the maximum number of components that can be grouped into a single
block with librbd 2.0—to analyze the behavior at a larger scale.

(a) (b)

Figure 5. Number of recursive calls F1(N/2, N), F2(N/2, N), and F3(N/2, N): (a) with N ≤ 20. (b) with
N ≤ 255.

We speculate that the observed trend at these two scales can be also extended for
increasing values of N. We can observe that, as expected, the recursive algorithm described
in Equation (1) is the one that maximizes the number of recursive calls and that this
number follows, for the worst case K = N/2, an exponential function w.r.t. the parameter
N. The usage of Equation (2) decreases the number of recursive calls, thus reducing the
computational complexity as expected, but the trend is still exponential. Furthermore,
for N values up to 20, we can observe that, for a given n ∈ N+, the following holds true:
F1(n/2, n) = F2(n/2 + 1, n + 2). Finally, the usage of Equation (4) massively decreases the
number of recursive calls and the trend is no longer exponential. The number of recursive
calls required to analyze a 10oo20 block using Equation (4) is lower than the one needed to
analyze a 6oo11 block using Equation (2). The non-exponential trend is due to the different
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increment patterns that occur for each N ≥ 3 when N is either even or odd. For odd N, the
function exhibits a linear progression, i.e., F3(N/2, N) = F3(N−1/2, N − 1) + 1. Conversely,
for even N, the number of recursive calls is marked by a sharp increase, yet the overall
number of recursive calls grows sub-exponentially.

For what concerns the computation algorithms of bridge blocks, we propose updated
versions both for generic and identical components, which introduce the following benefits:

• they slightly reduce the complexity, hence they decrease the computation time;
• they can be easily implemented with the SIMD paradigm;
• they require a lower number of temporary variables/vectors and hence they decrease

the computation time.

Algorithm 2 shows the computation of RBD bridge blocks with generic components,
which exploits Equation (6).

Algorithm 2: Computation of Bridge block with generic components.
Input: Array R of reliabilities, where R〈i〉 is the reliability of i-th component
Function R_Bridge_Generic(R)

# Compute val1 and val2 variables (see Equation (6))
val1 = (R〈1〉+ R〈3〉 − (R〈1〉 · R〈3〉) · R〈2〉+ R〈4〉 − (R〈2〉 · R〈4〉));
val2 = R〈1〉 · R〈2〉+ R〈3〉 · R〈4〉 − R〈1〉 · R〈2〉 · R〈3〉 · R〈4〉;
# Compute reliability of Bridge block (see Equation (6))
return R〈5〉 · (val1 − val2) + val2;

Algorithm 3 shows the computation of RBD bridge blocks with identical components,
which exploits Equation (7).

Algorithm 3: Computation of bridge block with identical components.
Input: Reliability R of each component
Function R_Bridge_Identical(R)

# Compute unreliability U of each component
U = 1 − R;
# Compute reliability of Bridge block (see Equation (7))
return R · (1 + U · (U · (U · U − 2) + R · (2 − R · R)));

4.2.2. Single Instruction, Multiple Data (SIMD)

To further increase performance, the Single Instruction, Multiple Data (SIMD)
paradigm has been introduced. SIMD is a type of parallel processing that allows the
microprocessor or, in some architectures, a co-processor, to execute the same instruction
over multiple data, by means of “SIMD extensions”. The SIMD extensions allow for the
execution of a single instruction over vectors of data of different size, e.g., 64, 128, 256, and
512 bits. Since a 64-bit vector is able to host a single double-precision floating-point, our
interest is placed on SIMD extensions capable of operating on vectors whose size is at least
128 bit. On one hand, the SIMD paradigm offers a parallelism which can greatly decrease
the execution time; on the other hand, several considerations that may cause disadvantages
must be taken into account:

• Usage of vectors requires large register files that increase the required chip area and
the power consumption. Due to the power consumption increase, which causes
higher CPU temperatures, Dynamic Frequency Scaling techniques may automatically
decrease the CPU frequency.
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• The implementation of an algorithm with SIMD instructions requires human effort
since compilers typically do not generate SIMD instructions.

• Several SIMD extensions have restrictions on data alignment, thus increasing the
complexity of the program. Even worse, different data alignment constraints may
apply to different SIMD revisions or different processors of the same manufacturer.

• Due to the increased parallelism, a higher stress is put on the memory bus since a larger
data flow is processed. This stress is further increased on multi-threading applications
since different threads perform different but “concurrent” memory accesses.

• Specific instructions, like Fused Multiply-Add (FMA), are not available in some SIMD
instruction sets.

• SIMD instruction sets are architecture-specific and some architectures lack SIMD
instructions entirely, so programmers must provide a generic non-vectorized imple-
mentation and a different vectorized implementation for each covered architecture.

Table 1 presents the list of SIMD extensions that have been implemented in librbd 2.0,
together with their respective vector size and the support to FMA instructions. The SIMD
functionality can be enabled or disabled at compile time.

Table 1. SIMD extensions implemented in librbd 2.0.

Architecture SIMD Vector Size (Bits) FMA Support

x86 SSE2 128 no

amd64
AVX 256 no
FMA 256 yes

AVX512F 512 yes
AArch64 NEON 128 yes

4.2.3. Optimization of Cache Usage with SMP

One of the main difficulties with SMP programming is the subdivision of the entire
task, which is responsible to process the whole dataset, into multiple batches, each one
responsible for the processing a portion of the original data. librbd splits the entire data,
i.e., the input reliability curves, into contiguous and non-interleaved batches. This trivial
subdivision of the data into batches is affected by a performance issue that has been
aggravated with the introduction of newer CPUs with an increased number of cores.

On older CPUs, the limited number of homogeneous cores were clocked at the same
frequency. On modern CPUs, the increased number of cores are subdivided into two het-
erogeneous groups, the Performance Cores (P-Cores) and the Efficient Cores (E-Cores):
P-Cores and E-Cores are, in general, clocked with different frequencies.

The performance issue of librbd is caused by the cache usage when SMP is used: the inner
cache level, which is in general specific of a single core, contains a subset of a specific batch,
while the outer cache levels, which are in general shared between multiple cores, contain data
from different batches. When multiple threads need to concurrently access new data, i.e., data
not available into the outer cache level, the accesses on the memory data bus are serialized,
thus creating a bottleneck which reduces the performance. Due to this data organization
of batches, and considering the clocking characteristics of both older and modern CPUs,
the probability of such an event is non-negligible. This performance loss increases with the
number of instantiated threads, thus limiting the benefits of SMP, and modern CPUs with an
increased number of cores are then more penalized with respect to older CPUs.

librbd 2.0 splits the entire data into interleaved batches, i.e., given M threads and T
time instants to be processed, the m-th thread processes the t time instants for which t
mod M ≡ m. With this subdivision, both the inner and the outer cache levels contain data
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which are shared between several threads. Also in this case when multiple threads need
to concurrently access new data, i.e., data not available into the cache, the accesses on
the memory data bus are serialized. The main difference is that, after the first thread has
retrieved the data from the external memory, all subsequent threads can access the spatially
contiguous data from the outer cache levels, thus reducing the latency on memory data
access time and minimizing the bottleneck on the memory data bus.

The introduction of the improved algorithms, already described in Section 4.2.1, and
the optimization of cache usage when SMP is enabled allow us to increment the maximum
batch size from 10,000 time instants to 20,000.

4.2.4. Native Support to SMP on Windows

librbd provided support to SMP through the usage of pthreads, a POSIX-compliant [56]
library that implements the management of threads and is natively available on both Linux
and MacOS.

Microsoft Windows, on the other hand, does not offer a native support to pthreads,
although it is still possible to use it either through pthreads-win32 [57] or through Cyg-
win [58]. To limit the usage of external libraries, which may be not always available, we
decided to refactor the SMP implementation on librbd 2.0 to support, through adequate
conditional compiling, both pthreads and Win32 thread models, thus adding native support
to SMP also on Microsoft Windows OSes.

4.3. Validation

To validate the librbd 2.0 library, we use the same methodology already presented
in [15], i.e., we perform a comparison of the output provided by librbd 2.0 with respect to the
ones provided by SHARPE [16,17]. For each RBD basic block, we generated two different
RBD models, one using generic components and the other using identical components.
During the validation process, we analyzed the 42 RBD models shown in Table 2. The
validation process has been performed as follows:

• We used failure rate data from twenty components with constant failure rate, estimated
according to Telcordia SR-332 [59] and reported in Table 3.

• We evaluated the RBD models for 100,000 h. By setting the sampling period to 1 h, the
resulting reliability curve was determined across 100,000 time instants.

Table 2. RBD models used during validation.

RBD Block Topology Components

Series identical 20 components C1
Series generic 20 components All
Parallel identical 20 components C1
Parallel generic 20 components All
KooN identical Koo20, K ∈ [2, 19] C1
KooN generic Koo20, K ∈ [2, 19] All
Bridge identical 5 components C1
Bridge generic 5 components From C1 to C5

For each evaluated RBD model, we have produced two text output files, one gen-
erated using librbd 2.0 and the other one with SHARPE, that contain the reliability of
each analyzed time instant. Each reliability value has been formatted using scientific
notation with eight decimal places. Please note that the uncertainty of the comparison
operations is limited by the chosen numerical representation, i.e., scientific notation with
8 decimal digits.
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Table 3. Components and their respective failure rate λ.

Component λ (h−1) Component λ (h−1)

C1 0.0000084019 C11 0.0000047740
C2 0.0000039438 C12 0.0000062887
C3 0.0000078310 C13 0.0000036478
C4 0.0000079844 C14 0.0000051340
C5 0.0000091165 C15 0.0000095223
C6 0.0000019755 C16 0.0000091620
C7 0.0000033522 C17 0.0000063571
C8 0.0000076823 C18 0.0000071730
C9 0.0000027777 C19 0.0000014160
C10 0.0000055397 C20 0.0000060697

To perform this validation, we compiled librbd 2.0 as an ST, SISD library.

err(t) =
outlibrbd(t)− outSHARPE(t)

outSHARPE(t)

RMSE =

√
∑max_t

t=0 (outlibrbd(t)− outSHARPE(t))
2

max_t

MAE =
∑max_t

t=0 |outlibrbd(t)− outSHARPE(t)|
max_t

(11)

We decided to employ both RMSE and MAE to evaluate regression model perfor-
mance. While both metrics quantify the mean discrepancy between values produced by the
two tools, i.e., librbd 2.0 and SHARPE, they diverge in how individual errors are penalized:
MAE treats all deviations equally by taking absolute values, whereas RMSE squares the
deviations, thereby penalizing larger errors.

We chose this dual-metric approach for the following reasons. First, the error distri-
bution is unknown a priori, and different metrics perform differently depending on the
tail behavior of the error distribution [60]. Second, using both metrics allowed us to assess
the robustness and stability of the error function: MAE provides an indication of average
error magnitude under equal weighting, while RMSE emphasizes large deviations, offering
insight into worst-case (or large error) behavior.

Finally, for each evaluated RBD block, we extracted both the minimum and maximum
values for the relative error err(t), thus computing the relative error range shown in
Figure 6. For some RBD models, e.g., parallel block, SHARPE, and librbd 2.0 produce the
same reliability curve, hence the relative error is 0.0 for all time instants: this condition is
visually represented in Figure 6 by not showing the relative error range.

We speculate that the relative error, when present, is due to implementative differences
between the two tools, in particular regarding the exact sequencing of floating-point
operations performed. This is supported by the observation that the largest error is obtained
for series block, i.e., the one with reliability close to 0.0 for high values of t. From the analysis
of the obtained results, we can observe that the absolute value of the relative error for all
evaluated topologies is lower than 1.0 · 10−8.

Table 4 reports both the RMSE and MAE values obtained from the validation of librbd
2.0 w.r.t. SHARPE for both generic and identical component configurations. These results
confirm an excellent agreement between librbd 2.0 and SHARPE across all RBD models. For
the parallel, bridge and 2oo20 configurations, both RMSE and MAE values are effectively
zero, confirming that librbd 2.0 reproduces the same reliability curves w.r.t. SHARPE.
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Figure 6. librbd 2.0 validation against SHARPE—relative error range.

Table 4. librbd 2.0 validation against SHARPE—RMSE and MAE.

RBD Model Generic Identical
RMSE MAE RMSE MAE

Series 3.272 · 10−15 1.770 · 10−17 5.840 · 10−16 1.183 · 10−17

Parallel 0.000 · 100 0.000 · 100 0.000 · 100 0.000 · 100

Bridge 0.000 · 100 0.000 · 100 0.000 · 100 0.000 · 100

2oo20 0.000 · 100 0.000 · 100 0.000 · 100 0.000 · 100

3oo20 1.924 · 10−11 3.700 · 10−13 1.049 · 10−11 1.100 · 10−13

4oo20 1.517 · 10−11 2.300 · 10−13 1.225 · 10−11 1.500 · 10−13

5oo20 1.549 · 10−11 2.400 · 10−13 1.265 · 10−11 1.600 · 10−13

6oo20 1.817 · 10−11 3.300 · 10−13 1.549 · 10−11 2.400 · 10−13

7oo20 1.761 · 10−11 3.100 · 10−13 1.225 · 10−11 1.500 · 10−13

8oo20 1.549 · 10−11 2.400 · 10−13 1.378 · 10−11 1.900 · 10−13

9oo20 1.643 · 10−11 2.700 · 10−13 1.549 · 10−11 2.400 · 10−13

10oo20 1.673 · 10−11 2.800 · 10−13 1.225 · 10−11 1.500 · 10−13

11oo20 1.703 · 10−11 2.900 · 10−13 1.483 · 10−11 2.200 · 10−13

12oo20 1.517 · 10−11 2.300 · 10−13 1.265 · 10−11 1.600 · 10−13

13oo20 1.225 · 10−11 1.500 · 10−13 1.140 · 10−11 1.300 · 10−13

14oo20 1.000 · 10−11 1.000 · 10−13 1.000 · 10−11 1.000 · 10−13

15oo20 9.487 · 10−12 9.000 · 10−14 8.367 · 10−12 7.000 · 10−14

16oo20 4.472 · 10−12 2.000 · 10−14 7.071 · 10−12 5.000 · 10−14

17oo20 5.477 · 10−12 3.000 · 10−14 0.000 · 100 0.000 · 100

18oo20 3.162 · 10−12 1.000 · 10−14 3.240 · 10−15 1.500 · 10−17

19oo20 0.000 · 100 0.000 · 100 6.686 · 10−16 8.700 · 10−18

For the other RBD models, the error remains extremely low—on the order of 1.0 ·10−11 for
RMSE and 1.0 · 10−13 for MAE in most cases—indicating negligible numerical discrepancies.
The slightly higher RMSE compared to MAE across all models is consistent with theoretical
expectations, as RMSE magnifies larger deviations due to the squaring of residuals. The
stability of both metrics across varying values of K further suggests that librbd 2.0 maintains
numerical robustness independently of the redundancy level within the system.

In conclusion, the joint analysis of relative error, RMSE, and MAE supports the conclu-
sion that librbd 2.0 achieves numerical equivalence with SHARPE across a wide range of
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RBD models, demonstrating high stability, robustness, and consistency irrespective of com-
ponent heterogeneity. Reporting both metrics provides complementary insights—relative
error showing a well-bounded percentage error, MAE confirming the uniform smallness of
the errors, and RMSE ensuring that no large outliers are present. Our conclusion is that
librbd 2.0 produces, for each implemented RBD basic block, the correct reliability curve.

5. Performance Evaluation Workbench

In this section, we present the methodology used during the performance evaluation
of librbd 2.0. In particular, in Section 5.1, we present the materials, i.e., the PCs and their
characteristics, used to evaluate the performance, while in Section 5.2, we discuss the actual
methodology adopted to evaluate the performance of librbd 2.0.

5.1. Materials

The six PCs listed in Table 5 have been used in order to measure the performance of
librbd 2.0 [53]. Please note that (1) PC1 has been tested using three different combinations
of OS and Compiler to evaluate the performance on the same hardware equipment; (2) the
reported clock frequency corresponds to the maximum frequency: the actual frequency
is, in general, set by the OS and/or the CPU itself based on the current CPU load and
the number of used cores. To investigate the performance of librbd 2.0 also on embedded
platforms, we have included into the set of used PCs two Raspberry Pi computers.

Both librbd 2.0 and test binaries have been compiled and linked using the maximum
optimization level (−O3).

Table 5. PCs used for performance evaluation.

Name CPU Cores/Threads RAM OS & Compiler

PC1a Intel i7-13700K 8/16 @ 5.4GHz +
8/8 @ 4.2GHz 64GB-DDR5 @ 5600MHz Ubuntu 22.04

GCC 11.4.0

PC1b Intel i7-13700K 8/16 @ 5.4GHz +
8/8 @ 4.2GHz 64GB-DDR5 @ 5600MHz Windows 11

Visual Studio 2022

PC1c Intel i7-13700K 8/16 @ 5.4GHz +
8/8 @ 4.2GHz 64GB-DDR5 @ 5600MHz Windows 11

GCC 12.4.0

PC2 Apple M3 4/4 @ 4.06GHz +
4/4 @ 2.57GHz 16GB-LPDDR5 @ 3200MHz Mac OS 14.5

clang 15.0.0

PC3 Intel i7-7700HQ 4/8 @ 3.8GHz 32GB-DDR4 @ 2400MHz Ubuntu 22.04
GCC 11.4.0

PC4 Intel i7-6700HQ 4/8 @ 3.5GHz 16GB-LPDDR3 @ 2133MHz Mac OS 10.13.6
clang 10.0.0

PC5 Broadcom BCM2712 4/4 @ 2.4GHz 8GB-LPDDR4X @ 2133MHz Raspberry Pi OS 12
GCC 12.2.0

PC6 Broadcom BCM2837 4/4 @ 1.2GHz 1GB-LPDDR2 @ 900MHz Raspberry Pi OS 11
GCC 10.2.1

5.2. Methods

The performance evaluation has been conducted using a test application that has
allowed us to measure the execution time needed by librbd 2.0 to analyze the RBD models
shown in Table 6.

We analyzed each RBD model with different time instant configurations, i.e., 1000, 5000,
10,000, 20,000, 50,000, 100,000, and 200,000 time instants. Furthermore, we analyzed each RBD
model with 1607 time instants: this number, albeit apparently random, allows us to validate the
SIMD computation exploiting hybrid vector lengths of 64 (scalar double), 128, 256, and 512 bits.
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Table 6. RBD models used during performance evaluation.

RBD Block N

Series Generic N ∈ [2, 3, 4, 5, 7, 10, 12, 15, 20]
Series Identical N ∈ [2, 3, 4, 5, 7, 10, 12, 15, 20]
Parallel Generic N ∈ [2, 3, 4, 5, 7, 10, 12, 15, 20]
Parallel Identical N ∈ [2, 3, 4, 5, 7, 10, 12, 15, 20]
N/2ooN Generic N ∈ [2, 3, 4, 5, 7, 10, 12, 15, 20]
N/2ooN Identical N ∈ [2, 3, 4, 5, 7, 10, 12, 15, 20]
Bridge Generic N = 5
Bridge Identical N = 5
KooN Generic, ∀ 1 < K < N N = 20
KooN Identical, ∀ 1 < K < N N = 20

To limit external impacts, e.g., the time consumed by the OS, each RBD model with
each time instant configuration has been evaluated 15 times and, after all these 15 experi-
ments were executed, we selected the median time of execution.

The failure rate λ of each component, shown in Table 3, has been chosen using the
criteria already described in Section 4.3.

To further investigate the performance improvements of SMP and SIMD, we repeated
the experiments four times, once for each combination of SMP and SIMD options, i.e., ST
and SISD, ST and SIMD, SMP and SISD, SMP and SIMD.

Please note that, as already stated in Section 4.3, librbd 2.0 has been validated with
respect to SHARPE only when it is compiled as ST and SISD. During this phase, we
compared the output for each produced RBD model with all different optimizations to
validate that librbd 2.0 always produces the same results when changing the optimization
features. Hence, the usage of all combinations of optimization features on the tested PCs
allowed us to almost completely validate all possible versions of librbd 2.0. Please note that,
since AVX512F ISA is not supported by any CPU used, the support to this SIMD extension
is still untested. Nevertheless, the source code used when supporting this ISA is almost
equal to the amd64 FMA one, which has been extensively stressed during the tests.

6. Results

To evaluate the performance of librbd 2.0, in Section 6.1, we present the performance
analysis, while in Section 6.2, we discuss on the obtained results. In Section 6.3, we
present the comparison of performance obtained with librbd 2.0 w.r.t. SHARPE. Finally, in
Section 6.4, we discuss the current limitations that have been identified.

6.1. librbd 2.0 Performance Analysis

The performance analysis has been performed as described in Section 5.2, and the
results are presented in this section as follows:

• For each combination of RBD model, time instants, PC used, and enabled optimiza-
tions, the reliability curve produced by the RBD computation has been stored to a
file. This allows us to quickly compare the reliability curves both between different
architectures and between different enabled optimizations. If the reliability curves for
each modeled RBD are the same for all the sets of all enabled optimizations and the
PC, then librbd 2.0 is fully validated.

• For each combination of modeled RBD, time instants, PC used, and enabled opti-
mizations, the librbd 2.0 minimum, maximum, and median execution time observed
on 15 different executions has been stored on a file. This has allowed us to quickly
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evaluate the performance both between different architectures and between different
enabled optimizations.

6.1.1. Validation with Different Architectures and Enabled Optimizations

Using librbd 2.0 compiled as ST and SISD, we computed the reliability curves on
the eight different architectures already presented in Table 5. We then computed the
absolute value of the relative error between the reliability curve obtained with the reference
architecture, i.e., PC1b since its results were previously validated with respect to SHARPE,
and all other architectures. We observed that only the results obtained with PC5 differ from
the expected ones: by further investigating, we observe that this difference is caused by a
difference of computation of the input reliability curves, implemented through the usage
of exp C library function. We suppose that this difference is caused by different versions of
the C standard library. Nevertheless, across all the evaluated RBD models, the maximum
RMSE and MAE between the reliability curves obtained with PC5 and PC1 are 1.053 · 10−6

and 1.046 · 10−6, respectively, indicating that the resulting reliability curves are essentially
identical. For all other architectures, the reliability curves correspond to the one obtained
with the reference architecture.

For each one of the eight target architectures used, the absolute value of the relative
error computed between the reliability curve obtained with the reference library, i.e., the
one compiled as ST and SISD, and the other three versions, i.e., SMP and SISD, ST and
SIMD, SMP and SIMD, is limited to 1.0 · 10−8; hence, we can state that the result provided
by librbd 2.0 is the same for all the sets of enabled optimizations and PCs.

6.1.2. Performance Analysis with Different Architectures and Enabled Optimizations

In Figure 7, we show the execution time of librbd 2.0 on the different PCs with different
enabled optimizations.

(a) (b)

(c) (d)

Figure 7. Cont.
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(e) (f)

(g) (h)

Figure 7. RBD analysis time over different RBD blocks. (a) Series with 20 generic components.
(b) Series with 20 identical components. (c) Parallel with 20 generic components. (d) Parallel with
20 identical components. (e) Bridge with generic components. (f) Bridge with identical components.
(g) 10oo20 with generic components. (h) 10oo20 with identical components.

The experimental results shown in Figure 7, which constitute a small subset of all
experiments performed and already detailed in Table 6, constitute the worst case exe-
cution time of the performed experiments and hence are useful to correctly discuss the
improvements introduced by SMP and SIMD.

6.2. Considerations on librbd 2.0 Performance

After the analysis of the execution time of librbd 2.0 already presented in Section 6.1,
we can state that, in general, the adoption of SMP and SIMD considerably improves the
performance; however, some exceptions warrant further analysis:

• Considering PC1b, the adoption of SIMD when compiling with Visual Studio 2022
causes a significant loss of performance. This loss of performance may be due to an
incorrect setting of file-specific optimization flags or due to compiler issues that limit
its capability to effectively optimize source code exploiting SIMD intrinsics.

• Considering PC1 in its three different configurations, i.e., OS and compiler, we observe
that, with the exception of the ones involving SIMD and Visual Studio, the variation
in the execution time among the different configurations is small, thus showing that
librbd 2.0 can be effectively considered as a multi-platform library.

• Considering PC6, i.e., the PC with the lowest computational power, we observe
that, in several occasions, e.g., series, parallel, and bridge with generic components,
the introduction of SMP slightly degrades the performance. We suggest that this
phenomenon may be caused by the memory latency, since this PC has very limited
cache memory with a low bandwidth RAM. Despite PC6 being a low-power and
dated embedded platform, its performance is anyway acceptable. Furthermore, its
evolution, i.e., PC5, has performance results comparable with the other tested PCs.
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• Considering the results obtained on all PCs, excluding the ones for 10oo20 blocks,
we observe that, in several occasions, the adoption of SMP slightly degrades the
performance. We suggest that this behavior may be caused by a non-optimized choice,
for such simple models, of the batch size, i.e., the number of time instants concurrently
processed by each thread. As already discussed in Section 4.2.3, the batch size should
be properly tuned: if it is too high, a lower number of threads is instantiated, thus
limiting the advantages of SMP; on the other side, if it is too low, each thread executes
for a negligible amount of time and the overhead introduced by SMP, which includes
the threads creation and termination, context switches, and race conditions on memory
access, negates the advantages of SMP itself.

• With the exception of PC1b, the usage of SIMD extensions with ST library decreases the
execution time. The actual decrease in computation time varies with the complexity
of the analyzed block, i.e., more complex blocks with a higher number of computation
steps per time instant have the greatest benefits.

• With respect to librbd [15], by comparing the results obtained with both librbd and
librbd 2.0, we observe that bridge, parallel, and series blocks librbd 2.0 have, in general,
performance comparable with the one achieved with librbd. This may be due to the
fact that, for these trivial blocks, the benefits obtained with SIMD are, in general,
comparable with the loss of performance due to complexity of the new source code
required for the implementation of the new features. For what concerns KooN blocks,
i.e., blocks characterized by a high complexity and a high number of computations
per time instant, we observe huge benefits for both block with generic and identical
components. For example, let us consider PC3: using librbd, an 8oo15 block with
generic components on 200,000 time instants was analyzed in 2278.303 ms, while librbd
2.0 analyzed the same block in just 22.184 ms.

• Regarding RBDs presenting complex nestings of basic blocks, librbd 2.0 can be used by
applying standard functional composition, that is, if a basic block B is used to compose
basic blocks B1, . . . Bn, if PB(p1, . . . pn) is the function computing its success probability,
the overall success probability is given by PB(PB1(PB11

, . . . PB1k
), . . . PBn(PBn1

, . . . PBnm
)).

Thus, execution time for each basic block adds up linearly.

6.3. Performance Comparison w.r.t. SHARPE

To compare the performance of librbd 2.0 w.r.t. SHARPE, we created series, parallel,
bridge and Koo20, with K ∈ [2, 19], RBD models for the SHARPE tool, both using generic
and identical components, and we performed the reliability evaluation for 200,000 time
instants using PC1 with Windows OS. We then compared the obtained results with the ones
that were already presented in Section 6.1 using PC1c with both SMP and SIMD enabled.
Furthermore, we performed some stress tests to understand how the two different tools
behave with KooN blocks for increasing values of N. In particular, we analyzed 15oo30,
20oo40, and 25oo50 models with both generic and identical components. Table 7 shows the
result of such comparison.

In conclusion, the numerical approach of librbd 2.0 demonstrated a substantial speed
advantage over SHARPE’s symbolic analytical technique for relatively simple RBD models
with exponential distributions, confirming the superior efficiency of numerical solvers.
However, for large and complex generic KooN models, e.g., 25oo50, librbd 2.0 experienced
a severe performance drop. This behavior reflects an intrinsic limitation of its numerical
nature: as detailed in Section 4.2.1, the computational complexity of the numerical evalua-
tion grows sub-exponentially with model size, leading to a significant runtime increase for
highly redundant systems.
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Table 7. librbd 2.0 and SHARPE analysis time in milliseconds (ms).

RBD Model Generic Identical
SHARPE librbd 2.0 SHARPE librbd 2.0

Series 2140.0 0.1 1150.0 0.1
Parallel 2320.0 0.1 1350.0 0.1
Bridge 990.0 0.7 1010.0 0.6
2oo20 2480.0 2.5 1510.0 0.5
3oo20 2590.0 8.1 1640.0 0.7
4oo20 2690.0 16.7 1730.0 0.8
5oo20 2780.0 26.8 1820.0 1.0
6oo20 2910.0 32.6 1900.0 0.9
7oo20 3020.0 35.0 2000.0 1.0
8oo20 3010.0 33.5 2020.0 1.2
9oo20 3110.0 35.8 2070.0 0.9
10oo20 3050.0 33.2 2080.0 1.1
11oo20 3020.0 35.1 2090.0 1.1
12oo20 2970.0 35.0 2030.0 1.0
13oo20 2970.0 32.8 2010.0 1.0
14oo20 2840.0 31.6 1930.0 1.1
15oo20 2810.0 29.9 1900.0 1.0
16oo20 2730.0 25.8 1750.0 0.9
17oo20 2630.0 15.2 1650.0 0.7
18oo20 2410.0 7.3 1490.0 0.6
19oo20 2270.0 2.4 1340.0 0.6
15oo30 4870.0 2024.0 3510.0 1.2
20oo40 7300.0 53,901.3 5450.0 2.1
25oo50 10,150.0 2,277,788.3 7810.0 3.4

Conversely, SHARPE’s analytical methods, which rely on closed-form expressions
when failure rates follow expolynomial distributions, show a comparatively slower and
almost linear growth in computational time as the model size increases. Nevertheless, this
advantage rapidly diminishes when SHARPE must handle reliability curves departing
from the expolynomial assumption. In such cases, e.g., when components follow a Weibull
distribution, SHARPE internally approximates these distributions through expolynomial
(phase-type) representations in order to preserve analytical tractability. This approximation
process, while avoiding the need for simulation, introduces additional computational
overhead and may impact numerical precision.

In contrast, the numerical foundation of librbd 2.0 ensures that its computational cost
and numerical precision remain unaffected by the distributional form of the input reliability
functions, providing a unified, accurate, and efficient framework for analyzing systems
with non-expolynomial component behaviors.

6.4. Current Limitations

We have identified the following limitations:

• Limited support to compilers: librbd 2.0, since it exploits compiler-dependent features,
requires the usage of one between GCC, Clang, and MSVC. We consider that this limi-
tation is not important, since MSVC is the primary compiler for Microsoft Windows
OSes, while both GCC and Clang are open-source compilers that are widely available
over different OSes and architectures.

• Limited support to OSes: librbd 2.0 exploits both OS-dependent and compiler-
dependent features to implement the SMP paradigm. As a result, when SMP is used,

196



Appl. Sci. 2025, 15, 11397

only Microsoft Windows, Linux, and MacOS are supported. We consider this limita-
tion negligible, since these three OSes cover the majority of all OSes used nowadays.
Furthermore, since this limitation applies to SMP version only, during compilation
librbd 2.0 automatically detects the target OS and, if it is not supported, it automatically
disables SMP.

• Limited support to SIMD: librbd 2.0 supports only SIMD extensions for x86, amd64,
and AArch64 architectures. We believe that the supported SIMD extensions cover
the majority of commercially available ones. Nonetheless, in future developments,
support to additional SIMD extensions, e.g., PowerPC Vector Scalar Extension (VSX),
could be introduced.

• Untested support to amd64 AVX512F SIMD: the support to AVX512F SIMD extension,
which has been introduced in librbd 2.0, is still untested since the CPUs used during
the performance analysis do not support this ISA. We consider this limitation not
relevant due to the following two considerations: this ISA is supported by newer
server CPUs only; the development of the algorithms exploiting this SIMD extension
leverages the porting of FMA extension to AVX512F-specific intrinsics.

• Scalability limitations of KooN algorithm: the new algorithm designed and developed
for the computation of KooN blocks with generic components is a huge improvement
with respect to librbd, nonetheless its computational complexity is still an issue for
big values of N. We consider this limitation negligible, since librbd 2.0 has shown that
the computation of generic 10oo20 blocks is feasible in reasonable time even using
low-performance PCs and given that this block can be reasonably considered a worse
case scenario in practical RBD usage.

7. Conclusions and Future Developments

This work presented a significant enhancement and validation of librbd, an open-
source library for RBDs computation, called librbd 2.0. librbd 2.0 successfully addresses
the three core RQs posed in this study by introducing novel algorithmic and architec-
tural improvements:

RQ1 Non-parametric reliability analysis. librbd was designed to compute the reliability
of components with arbitrary, non-parametric failure distributions. Our validation
against the established SHARPE tool confirms that librbd 2.0 maintains this crucial
capability, with the absolute maximum relative error between the computed reliability
curves remaining consistently below 1.0 · 10−8 across all models analyzed. This result
ensures that the high numerical accuracy required by RQ1 is fully preserved.

RQ2 Reducing computational complexity through novel algorithms. The primary focus for
reducing complexity was achieved through the implementation of novel mathematical
formulas. Specifically, new algorithms were introduced to efficiently compute the
reliability of the KooN block with generic components and the Bridge block with both
generic and identical components. Performance analysis across various hardware
platforms demonstrated the efficacy of these methods, showing a substantial reduction
in computational complexity. Crucially, these new algorithms enabled the analysis
of complex RBD models—such as large KooN configurations—that were previously
unfeasible using librbd.

RQ3 Leveraging multicore architectures for platform-agnostic performance. To effectively
utilize modern multicore architectures, as stipulated by RQ3, we implemented two key
architectural improvements: an optimized usage of cache memory within the SMP
paradigm, and native support for the SIMD programming paradigm. These tech-
niques successfully increased the throughput of computed data and improved overall
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performance. Performance tests conducted on diverse PCs, CPUs, and OSes con-
firmed that these features contribute to achieving the platform-agnostic performance
improvements necessary for deployment on a wide range of embedded and high-
performance systems.

While the current work successfully addresses the proposed RQs, the following av-
enues for future research and development are identified to further enhance the utility and
robustness of librbd 2.0:

• To promote broader adoption and ease of use, we are currently working on the
definition of an RBD Description Language (RDL) based on the XML format. This
RDL will be leveraged, alongside librbd 2.0, to develop an application for generic
system-level reliability analysis.

• To address the identified threats to validity concerning SIMD extensions (limited
support and untested AVX512F—specific code), we plan to perform a dedicated test
session using server CPUs and to add support for additional SIMD extensions, such
as PowerPC VSX.

• To resolve the observed performance discrepancy when using SIMD with the MSVC
compiler, we plan to investigate the difference in the generated Assembly code be-
tween GCC and MSVC and implement necessary tweaks to MSVC-specific com-
piler options.
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Featured Application: This study shows that working memory training can improve operators’ ability

to react quickly and make decisions in complex or emergency situations, preventing situational

awareness failure and thus improving workplace safety, especially in industries that require high

levels of alertness and accurate judgment, such as mining, aviation, and transportation.

Abstract: The digitization of the instrument control system in monitoring operations makes the
problem of the operator’s situational awareness failure more prominent. In order to better prevent
this occurrence, this paper explores the failure of situational awareness from the perspective of
cognitive function. The subjects were randomly divided into two groups: a working memory
training group and a control group. Working memory measurements and coal mining machine
monitoring simulation system operation tasks were performed before and after training, and the task
performance, situational awareness scale, and EEG index data were recorded. The results showed
that, after the training, there was a significant improvement in the task performance of the monitoring
operation and the scores of the situational awareness scale, and there were different degrees of
activation in the θ, α2, and β1 frequency bands. It was demonstrated that working memory training
could help to improve the rapid reaction and decision-making abilities of operators in complex or
emergency situations, thus preventing the failure of situational awareness. This study provides a
new direction for research on the prevention of situational awareness failure.

Keywords: working memory training; monitoring; situational awareness failure

1. Introduction

In recent years, with the deepening of coal mining operations, the safe and efficient
execution of such operations has attracted widespread attention [1,2]. However, due to
the development of smart coal mines, the obvious problems of human error and unsafe
behavior have been gradually reduced; moreover, with the continuous improvements in
the fault tolerance rates of intelligent systems, safety risks are more likely to arise from
the cognitive processing of operators, in which they cannot accurately understand the
current situation [3,4]. Therefore, the question of how to effectively prevent the failure of
situational awareness is of great significance to ensure the safety of coal mine production.

According to the theoretical model for information processing in situational awareness
proposed by Endsley [5], working memory is an important factor that restricts individuals
from obtaining and interpreting environmental information to form situational awareness.
Limitations in one’s working memory capacity make it difficult for individuals to perceive
and integrate various types of information in a timely and accurate manner, thus reducing
their situational awareness. Individuals with good working memory will also have better
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situational awareness and operational performance [6]. In complex and changeable op-
erating environments, such as flight driving, limited working memory makes it difficult
for pilots to acquire and integrate various types of information in the environment in a
timely manner, resulting in SA failure [7]. In driving tasks, individuals with low working
memory capacity are prone to task maintenance failure due to driving distractions or exter-
nal interference [8]. Empirical studies have further confirmed the positive correlation and
predictive relationship between working memory capacity and SA [6]. Working memory
(WM) is a short-term memory system that stores and manages information and is closely
linked to other cognitive processes [9]. Working memory can be evaluated in various
ways, including the reading span task, number span task, operation span task, N-back task,
etc. The operation span task is a classical measure of working memory. This measure is
based on Baddeley’s concept of working memory, in which individuals process and store
information at the same time, and their final performance on the memory task is used as a
measure of their working memory ability [10].

Working memory training is an effective way to improve working memory. Working
memory-related tasks are usually used for short-term training to improve individuals’
working memory capacity and cognitive abilities, so as to help them to better understand
and process complex information [11]. In other words, working memory has high plas-
ticity, and a certain degree of training can increase the capacity of working memory [12]
and the performance of training tasks [13], as well as affecting other cognitive abilities
related to it [14,15]. The positive effects of working memory training on other higher
cognitive functions have been widely recognized, and some studies have proven the close
relationship between working memory and situational awareness. However, whether the
effects of working memory training can be transferred to practical application scenarios
and prevent the failure of situational awareness is still unknown. Therefore, it is of great
significance to explore working memory training to prevent situational awareness failure
in monitoring workers.

In addition, situational awareness is a complex cognitive process involving multiple
cognitive domains, and its measurement methods are complex and diverse. In previous
studies, situational awareness was mostly assessed by questionnaires [16,17]. However, this
type of measurement has some inaccuracies, as participants may not accurately describe
task completion [17]. In contrast, behavioral and physiological measurements can more
objectively reflect the responses and emotional states of subjects, making the assessment
and analysis of situational awareness more accurate [18]. The recording of brain activ-
ity via physiological signals can simultaneously reflect various sensory inputs, so as to
conduct an in-depth analysis of participants’ physiological responses [19]. Each of the
above measurement methods has its own advantages and disadvantages, and a single
measurement method is insufficient to achieve the accurate measurement of situational
awareness. Therefore, this study combined questionnaire measurements, performance
evaluations and physiological measurements to effectively evaluate the level of situational
awareness among the subjects.

This study used a randomized controlled trial in which the training group received
15 working days of working memory training and the control group received a blank
control. All training and assessments were conducted in the laboratory. This study used
multiple measures of situational awareness for pre- and post-training assessments to
examine the effects of working memory training on situational awareness in monitoring
tasks. This study extends the relevant theory on SA failure prevention to the field of coal
mining and provides suggestions to improve the skills of coal mine monitoring personnel.

2. Materials and Methods

2.1. Objects

G* Power 3.1.9.7 was used to calculate the sample size required for this study. Accord-
ing to existing studies, the Cohen effect size f value for working memory training regarding
the improvement of working memory function is 0.687, which was taken as the effect size
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in this study, and the ratio between the training group and the control group was 1:1. It
was estimated that the sample size for the training group and control group should be at
least 8 cases. A total of 22 participants were randomly selected, including 12 females and
10 males, with an average age of (22 ± 1) years, ranging from 20 to 24 years. All subjects
were non-psychology majors, right-handed, with no physical diseases or mental disorders,
and had normal visual acuity or corrected vision. The subjects were divided into 2 groups
by the random matching method: a training group (n = 10), in which one participant
withdrew from the experiment, and a control group (n = 11). There was no significant
difference in age [F(1, 19) = 0.149, p = 0.863] or gender [χ2 = 0.343, p = 0.842] among the
two groups, with no statistical significance. All subjects voluntarily participated in the
experiment and signed an informed consent form, and they received some remuneration
after the experiment.

2.2. Materials
2.2.1. Working Memory Capacity Detection

In this study, operation span tasks were used to assess the working memory capacity
of the individuals, and the changes in memory capacity before and after training were
investigated. This task was presented by E-prime V.3.0 and was divided into a speech
operation span task and space operation span task.

2.2.2. Working Memory Training Procedures

The working memory training tasks were presented by E-prime 3.0. An adaptive two-
dimensional N-back task was used. First, two stimuli (visual and auditory) were presented
simultaneously for 1000 ms, in which the visual stimulus was a localized picture of the
monitoring interface of the coal mining machine, which appeared in the center of the screen.
The auditory stimulus was the digits 1–9, which were transmitted through headphones;
after an empty screen was presented for 1500 ms, the two stimuli were presented again, and
the subjects were asked to judge whether the current stimulus (visual and auditory) was the
same as the Nth stimulus (visual and auditory) before the current one. The subjects were
also asked to judge whether the current stimuli (visual and auditory) were identical to the
previous N stimuli (visual and auditory). When the visual stimuli were identical, “A” was
clicked; when the auditory stimuli were identical, “L” was clicked. The interface provided
real-time feedback as the subjects responded with keystrokes in order to quickly familiarize
them with the rules and keep them motivated. The ratio of consistent to inconsistent trials
for both visual and auditory stimuli was 3:7, and the presentation was randomized. The
training task was adaptive.

An example diagram for an experiment is shown in Figure 1.

Figure 1. Example working memory training diagram.
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2.2.3. Measures of Situational Awareness

The situational awareness task scenarios were rendered in Python 3.9. Prior to the
experiment, experts provided all participants with unified operational training to en-
sure their proficiency in using the coal shearer monitoring simulation system. With the
MG500/1180-WD coal shearer as the reference model, Jixi Coal Mine Machinery Co., Ltd.,
Jixi City, Heilongjiang Province, China. A coal shearer monitoring and operation simula-
tion platform was built based on Python 3.9. The interface was displayed on a 14.1-inch
computer screen with a resolution of 1920 × 1080 pixels. The experiment utilized the coal
shearer interface of the intelligent coal mine fully mechanized mining control system as the
experimental material, where the anomaly information is marked with a yellow rectangle
and red font, as shown in Figure 2, indicating abnormalities in the right-arm temperature
and gas concentration. During the experiment, the participants were required to monitor
various monitoring systems on the coal shearer interface in real time, and, when abnormal
data or information appeared on the monitoring interface, they were required to respond
to it as accurately and quickly as possible using the mouse. The participants needed to
closely monitor the operating status of the coal shearer, accurately and rapidly identifying
any abnormal states.

 

Figure 2. Example of shearer monitoring simulation task interface.

2.3. Experimental Design

The experiment utilized a 2 (training group, control group) × 2 (pre-test, post-test)
between-subjects design.

In this study, the task performance indicators, situational awareness scale and EEG
indicators were recorded as the evaluation indicators for SA. Among them, the task per-
formance measurement included the reaction time and accuracy rate, which were auto-
matically recorded by the Python 3.9 platform, and the reaction time was the sum of the
reaction time for anomaly recognition in the shearer monitoring task. The accuracy rate
was the percentage of the number of correct responses to the total amount of abnormal
information presented. The situational awareness scale refered to the SAGAT (Situation
Awareness Global Assessment Technique) and 3D-SART (Situation Awareness Rating Tech-
nique) scores. EEG data were collected by eegoTMmylab in 32 channels: F7, FT7, T3, TP7,
T5; FP1, F3, FC3, C3, CP3, P3, O1; FZ, FCZ, CZ, CPZ, PZ, OZ; FP2, F4, FC4, C4, CP4, P4, O2;
F8, FT8, T4, TP8, T6. All electrodes were Ag/Agcl, the recording bandwidth was 0~100 Hz,
and the sampling rate was 1 000 Hz. The positive reactance of the electrode was kept
below 20 kO. GND was set to ground left mastoid A1 as an online reference. We recorded
both vertical and horizontal ophthalmograms. The offline EEG signals were re-referenced
to the average values of the bilateral mastoid electrodes and were analyzed offline us-
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ing the MATLAB R2014a EEGLAB141-1B T tool box. The double reference and 1–30 Hz
bandpass filtering were performed using bilateral mastoid electrodes. Furthermore, an
independent component analysis was conducted, and the ADJUST1.1.1 toolkit was used
for artifact removal.

2.4. Experimental Flow

All participants were required to perform the experimental task for 4 weeks. Before
the experiment, the principal researcher introduced the content and process of the whole
experiment to the subjects, and they conducted sufficient practice experiments to ensure
that the subjects were fully familiar with the task. In the first week of the experiment,
the subjects were required to perform the first working memory capacity detection task
and then the shearer monitoring operation simulation task. In this task, the operation of
the subjects was paused randomly to answer the SAGAT questions, and the SART scale
was filled in after the end of the experiment to collect the SA scale data. After this, the
training was performed for 15 days and lasted about 30 min every day. The control group
used a blank control. In the last week, the subjects repeated the working memory capacity
detection task and the shearer monitoring simulation task; the specific details were the
same as in the first week’s task.

2.5. Statistical Methods

SPSS 27.0 was used for statistical analysis. First, an independent-sample t-test was
used to compare the values of each group before training. A 2 (training group, control
group) × 2 (pre-test, post-test) repeated-measures ANOVA was used to evaluate the effects
of working memory training on the working memory capacity and situational awareness
in the shearer monitoring tasks, in order to exclude the practice effect and placebo effect.
The test level was set at α = 0.05.

3. Results

3.1. Training Task Performance

After 15 training sessions, the training group’s performance in the dual-dimensional
N-back task gradually improved, as shown in Figure 3. In the first 11 sessions, it gradually
increased, and then it was relatively stable, with the highest N number reaching 6.10 and
the average N number was 3.53. In order to further verify the effect of the dual-dimensional
N-back training, the average N value of the training group at the first and 15th instances
was measured repeatedly, and the results showed that the average N value increased
significantly [F(1,9) = 18.409, p < 0.01, η2 = 0.0.672]. It was found that the working memory
ability of the training group was significantly improved.

Figure 3. Training process record.
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3.2. Working Memory Capacity

The working memory capacity measure was divided into the verbal working memory
capacity and spatial working memory capacity; the descriptive results and analysis of
variance are shown in Figure 4. The training group showed an improvement in both their
verbal and spatial working memory capacity [verbal: M1 = 5.70, SD1 = 1.16, M2 = 7.00,
SD2 = 1.05; spatial: M1 = 5.20, SD1 = 1.31; M2 = 6.90, SD2 = 0.99]; the control group did
not show significant changes in their verbal and spatial working memory capacity [verbal:
M1 = 5.55, SD1 = 1.04, M2 = 5.64, SD2 = 0.92; spatial: M1 = 5.46, SD1 = 1.04, M2 = 5.36,
SD2 = 0.81]. Here, M is the mean, SD is the standard deviation, and subscripts 1 and 2 denote
the pre-training and post-training values, respectively.

 
(a) (b) 

*** denotes p < 0.001  

Figure 4. Comparison of working memory capacity before and after training. (a) Verbal working
memory capacity; (b) spatial working memory capacity.

Before training, no statistical difference was found in the memory capacity of the train-
ing group and the control group in the pre-test in the independent-samples t-test [verbal:
T(19) = 0.323, p = 0.750; spatial: T(19) = −0.332, p = 0.743]. A 2 (pre-test, post-test) × 2 (train-
ing group, control group) repeated-measures ANOVA was conducted on the working mem-
ory capacity of the two groups, with a non-significant main effect of the grouping [verbal:
F(1, 19) = 3.490, p = 0.077, η2 = 0.155; spatial: F(1, 19) = 2.615, p = 0.122, η2 = 0.121], a
significant main effect of the time of measurement [verbal: F(1, 19) = 11.320, p = 0.009 < 0.01,
η2 = 0.373; spatial: F(1, 19) = 12.265, p = 0.002 < 0.01, η2 = 0.392] and a significant interaction
between the grouping and time of measurement [verbal: F(1, 19) = 8.554, p = 0.003 < 0.01,
η2 = 0.310; spatial: F(1, 19) = 15.194, p < 0.001, η2 = 0.444]. Further simple effects analyses
showed that there was a significant increase in the verbal and spatial working memory capacity
in the training group compared to the pre-test period [verbal: F(1, 19) = 18.878, p ≤ 0.001,
η2 = 0.498; spatial: F(1, 19) = 26.136, p ≤ 0.001,η2 = 0.579], and there was no significant dif-
ference between the pre-test and post-test in the control group [Verbal: F(1, 19) = 0.102,
p = 0.753, η2 = 0.005; Spatial: F(1, 19) = 0.82, p = 0.777, η2 = 0.004]. Bidimensional N-back
working memory training can effectively improve the verbal working memory and spatial
working memory capacity.

3.3. Situational Awareness
3.3.1. Task Performance

The descriptive statistics and analysis of variance for the task performance measures of
the correct rate and response time are shown in Figure 5. Regarding accuracy, the training
group remained essentially unchanged [M1 = 87.50, SD1 = 5.89; M2 = 88.00, SD2 = 3.44]; the
control group also did not change significantly [M1 = 87.73, SD1 = 3.44, M2 = 82.27, SD2
= 5.64]. Regarding the reaction time, the training group’s reaction time decreased after
training [M1 = 82.27, SD1 = 26.52; M2 = 72.92, SD2 = 19.72], and there was no significant
change in the control group [M1 = 79.12, SD1 = 24.57, M2 = 83.46, SD2 = 12.89].
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(a) (b) 

** denotes p < 0.01  

Figure 5. Comparison of task performance differences before and after training. (a) Accuracy;
(b) reaction time.

Before training, the independent-samples t-test found no statistical difference between
the training group and the control group in terms of the correctness and response time be-
fore training [correctness: T(19) = −0.109, p = 0.914; response time: T(19) = 0.731, p = 0.474].
A 2 (pre-test, post-test) × 2 (training group, control group) repeated-measures ANOVA
was conducted for all task performance indicators; for the indicator of correctness, the main
effects of the grouping, the time of measurement and the interaction between the grouping
and time were not significant [p > 0.05]. Regarding the reaction time, the main effect of the
grouping was not significant [F(1, 19) = 0.018, p = 0.895, η2 = 0.001], the main effect of the
time of measurement was not significant [F(1, 19) = 2.830, p = 0.109, η2 = 0.130], and the
interaction between the grouping and time was significant [F(1, 19) = 9.846, p = 0.005 < 0.01,
η2 = 0.341]. Further simple effects analyses showed that there was no significant difference
between the training group and the control group before and after the training. There was
also no significant difference in correctness [p > 0.05]; however, the reaction time of the
training group was significantly reduced after training compared to that before training
[F(1, 19) = 11.088, p = 0.004 < 0.01, η2 = 0.369], while the reaction time of the control group
was not significantly different before and after training [p > 0.05].

3.3.2. SA Scale Data

The measurement index of the situational awareness scale included two aspects, the
objective measurement of the SAGAT scale and the subjective measurement of the 3D-SART
scale. The descriptive results and analysis of variance are shown in Figure 6. Both the
SAGAT and SART scores in the training group were improved before and after training
[SAGAT: M1 = 6.00, SD1 = 1.10, M2 = 8.10, SD2 = 1.10; SART: M1 = 17.60, SD1 = 5.98;
M2 = 23.70, SD2 = 4.56], while there was no significant change in the control group before
and after training [SAGAT: M1 = 5.06, SD1 = 1.59, M2 = 5.36, SD2 = 2.01; SART: M1 = 14.09,
SD1 = 8.99, M2 = 16.09, SD2 = 5.45].

Before training, the independent-sample t-test found that there was no statistical
difference in the objective and subjective situational awareness scales between the training
group and the control group before training [SAGAT: T (19) = 1.558, p = 0.136; SART:
T (19) = 1.042, p = 0.311]. A 2 (pre-test, post-test) × 2 (training group, control group)
repeated-measures ANOVA was performed on the situational awareness scale scores of
the two groups, and the main effect of the group was significant [SAGAT: F(1, 19) = 10.254,
p = 0.005 < 0.01, η2 = 0.351; SART: F(1, 19) = 5.222, p = 0.034 < 0.05, η2 = 0.216], the main
effect of the measurement time was significant [SAGAT: F(1, 19) = 13.028, p = 0.002 < 0.01,
η2 = 0.407; SART: F(1, 19) = 7.515, p = 0.013 < 0.05, η2 = 0.283], the SAGAT score group
had a significant interaction with the measurement time [F(1, 19) = 7.285, p = 0.014 < 0.05,
η2 = 0.277] and the SART group had no significant interaction with the measurement time
[p > 0.05]. Further simple effects analysis of the SAGAT scale data showed that the training
group exhibited a significant improvement in both context awareness scale scores after
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training compared to before training [F(1, 19) = 18.995, p ≤ 0.001, η2 = 0.500], while there
was no significant difference in the control group before and after training [F(1, 19) = 0.435,
p = 0.517, η2 = 0.022]. Bidimensional N-back working memory training can effectively
improve the SAGAT and SART scores within the situational awareness scale.

 
(a) (b) 

** denotes p < 0.01; *** denotes p < 0.001  

Figure 6. Comparison of differences in situational awareness before and after training. (a) SAGAT
scale; (b) SART scale.

3.3.3. EEG

EEG is usually recorded simultaneously at multiple electrode sites in different locations
on the scalp, which are spread across the frontal, temporal, parietal, and occipital regions
of the brain. All EEG data were segmented and subjected to a fast Fourier transform,
averaging them into six different frequency divisions: δ (1~4 Hz), θ (4~8 Hz), α1 (8~10 Hz),
α2 (10~13 Hz), β1 (13~18 Hz), and β2 (18~30 Hz). Many non-neuroanatomical factors
have adverse effects on the absolute power. In order to facilitate the comparison of the
resting spontaneous EEG power among different categories of subjects and eliminate the
influence of individual differences on the relative power, the ratio of each rhythm to the
full frequency band, i.e., the relative power of each frequency band, was calculated in this
work. Some studies have pointed out that although the relative power is greatly affected
by noise, it still shows better performance than the absolute power. The relative power
is measured as the ratio of each band’s power to the total band power. The descriptive
results for the relative power are shown in Table 1. After training, the relative power of
the θ and α1 frequency bands was increased, while the other frequency bands remained
unchanged. There was no significant change in the control group before and after training.
The spectral topographic map shows the relative power of six frequency bands. In Figure 7,
the data for each band in the two groups are normalized, and the color bar displayed below
the figure is standardized within the range of 0 to 1, where red indicates higher activation.
In the training group, the activation of the α1, α2 bands was more obvious; there was no
significant difference in the control group.

Table 1. Average of each frequency band before and after training.

Frequency Band
Training Group Control Group

Pre-Training Post-Training Pre-Training Post-Training

δ 0.737 ± 0.070 0.699 ± 0.059 0.739 ± 0.065 0.745 ± 0.075
θ 0.113 ± 0.023 0.159 ± 0.025 0.121 ± 0.034 0.118 ± 0.033
α1 0.046 ± 0.017 0.051 ± 0.012 0.047 ± 0.018 0.043 ± 0.012
α2 0.059 ± 0.019 0.051 ± 0.015 0.056 ± 0.022 0.051 ± 0.017
β1 0.024 ± 0.008 0.023 ± 0.007 0.022 ± 0.006 0.023 ± 0.009
β2 0.021 ± 0.040 0.018 ± 0.035 0.018 ± 0.034 0.019 ± 0.038

A 2 (training group, control group) × 2 (pre-test, post-test) repeated-measures analysis
of variance was conducted on the relative power of each frequency band, and the analysis
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results are shown in Table 2. The main effect of the θ band grouping was not significant,
but the measurement time and interaction were significant. Further simple effects analysis
showed that the θ relative power of the training group was significantly increased after
training compared with that before training [F(1, 19) = 15.458, p < 0.001, η2 = 0.449], while
the control group had no significant difference before and after training [F(1, 19) = 0.077,
p = 0.785, η2 = 0.004]. The main effect edge of the α1 band was significant, the measurement
time edge was significant and the interaction was not significant. The main effect of the α2
band group was significant, and the measurement time and interaction were significant.
Further simple effects analysis showed that the relative power of α2 in the training group was
significantly increased compared with that before training [F(1, 19) = 12.963, p = 0.002 < 0.001,
η2 = 0.406], while there was no significant difference in the control group before and after
training [F(1, 19) = 12.963, η2 = 0.406]. [F(1, 19) = 0.033, p = 0.858, η2 = 0.002]. The main
effect of the β1 band group was significant, and the measurement time and interaction were
significant. Simple effects analysis showed that the relative power of β1 in the training group
was significantly increased after training compared with that before training [F(1, 19) = 21.142,
p < 0.001, η2 = 0.527], while there was no significant difference in the control group before and
after training [F(1, 19) = 0.304. p = 0.588, η2 = 0.016]. The main effects of other frequency bands
were not significant.

(a) 

(b) 

Figure 7. Comparison of brain topographic maps before and after training. (a) Working memory
training group; (b) control group.

Table 2. ANOVA for each frequency band.

Norm F p η2

δ

group 2.376 0.140 0.111
measure time 0.426 0.522 0.022

group × measure time 0.781 0.388 0.039

θ

group 2.699 0.117 0.124
measure time 7.047 0.016 0.271

group × measure time 9.220 0.007 0.327

α1

group 3.050 0.097 0.138
measure time 3.293 0.085 0.148

group × measure time 2.519 0.129 0.117

α2

group 4.232 0.054 0.182
measure time 7.459 0.013 0.282

group × measure time 6.152 0.023 0.245

β1

group 7.476 0.013 0.282
measure time 5.287 0.033 0.218

grouping × measure time 6.785 0.017 0.263

β2

group 0.360 0.555 0.019
measure time 0.106 0.749 0.006

group × measure time 0.425 0.522 0.022
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4. Discussion

In this study, the effectiveness of the working memory training process was investigated
through the performance of the double-dimensional N-back training task. Similarly to previ-
ous research, it was found that the working memory capacity is malleable, and the most direct
evidence of the plasticity of working memory comes from the direct training performance [20].

An improvement in working memory capacity is an important manifestation of en-
hanced working memory abilities, which is consistent with the results of previous, similar
studies [12]. In terms of task performance, there was no improvement in the accuracy rate
of the training group compared with the control group. The reason that the training effect
did not transfer to the accuracy rate was probably the simplicity of the shearer monitoring
task, and the accuracy rate had almost reached the maximum before training. In terms of
the reaction time, working memory training effectively improves individuals’ inhibitory
control and attention transfer abilities, thereby reducing their reaction times, which has
been shown in previous studies [21]. In terms of the SA scale, the subjective SART data
showed that the interaction between the group and the measurement time was not sig-
nificant, and the lack of consistency with previous results may be due to the fact that the
participants could not accurately recognize their own states [22]. The objective SAGAT
scale results showed that the SAGAT scores of the training group were significantly higher
than those of the control group after training, indicating that the working memory training
also had a positive impact on SA during the monitoring of the shearer. Previous studies
have confirmed the strong relationship between working memory as measured by the
SAGAT and SA [23]. In addition, EEG indicators showed the significant activation of the θ,
α2, and β1 relative power after training. According to previous studies, the θ, α2, and β1
bands are related to situational awareness and have the potential to characterize SA [24].

This study also concludes that working memory training can prevent the failure of
situational awareness, and several factors may be related to it. Endsley’s information
processing theoretical model emphasizes that attention and working memory are the key
influencing factors that restrict individuals’ access to SA [5]. The dual-dimensional N-back
task involves multiple execution processes [25], including paying attention to the rational
allocation of resources, the rapid updating and storage of memory information, monitoring
the dual-task process at the same time, and inhibiting interference from irrelevant informa-
tion. In addition, the brain has plasticity [26], which means that working memory training
can prevent the failure of situational awareness and effectively improve the SA levels of
individuals. In conclusion, the similar basic cognitive processing between working memory
and SA and the adaptability of the working memory capacity are two important factors for
the transfer of working memory training’s effects to SA.

Nevertheless, there were some shortcomings in this study. First, due to the time limit
during the training, the final time of the training effect is not clear at present. Secondly, there
are many means of SA detection; each has its own advantages and disadvantages, and the
emphasis of each method may be different. The methods selected in this study may not be
complete, and more methods need to be selected to compensate for this. Third, the interval
before and after the experiment was short, no long-term follow-up has been conducted, and
the sustainability of the improvement in situational awareness needs further observation.
These conclusions are for reference only.

5. Conclusions

This study preliminarily proved the effectiveness of working memory training in
preventing the failure of situational awareness. The working memory capacity, operational
performance of monitoring tasks and situational awareness level were all improved after
training, and the θ, α2 and β1 bands emerged as sensitive indices to characterize SA.
Based on this, the following suggestions are made: (1) operators should intentionally
strengthen their memory training on a daily basis to enhance employees’ thinking and thus
develop their resilience in the face of complex decisions; (2) enterprises can design relevant
situational simulations by incorporating accident cases and combining them with actual
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work scenarios in order to perceive the operating environment more efficiently and prevent
situational awareness failures.

This study provides a scientific basis for the improvement of situational awareness in
the operation of monitoring and control equipment, such as among coal miners, as well as
new ideas and directions for the maintenance of good situational awareness in industries
that require a high degree of vigilance and accurate judgment, such as mining, aviation,
and transportation. In the future, we can consider using a variety of data for machine
learning modeling to provide more theoretical support for SA measurement.
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