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Abstract

Vibroacoustic design is critical in the early stages of product development to detect
and resolve potential issues before the product is put into production, ultimately
reducing development time and costs and improving the final product performance.
A promising tool that has emerged for vibroacoustic design is the Digital Twin
(DT). DTs create high-fidelity virtual replicas of products at a low computational
cost, enabling a thorough design search that leads to optimal and robust designs.
However, the nonlinear and non-smooth nature of vibroacoustic problems, the lack of
interpretability and physics foundation of data-based models, and the data scarcity
at the early stages of design pose challenges for building accurate and affordable
DTs.

In this context, this thesis proposes a novel data-based framework for modeling
DTs of vibroacoustic systems that can speed up system evaluations and improve
product design. The proposed framework relies on Machine Learning (ML) tech-
niques to infer system models based on data obtained from high-fidelity simulations.
The framework combines various learning methodologies to improve the accuracy,
interpretability, and physical consistency of ML algorithms for usage in the vibroa-
coustic domain. Additionally, since acquiring a substantial amount of data in the
early stages of vibroacoustic design is usually prohibitively expensive, this thesis
aims to improve the data efficiency of these algorithms to make their implementa-
tion feasible.

The thesis evaluates different classes of ML methods in vibroacoustic problems
with varying degrees of nonlinearity, non-smoothness, uncertainty, and dimensional-
ity to identify suitable methods. Moreover, a feature engineering approach incorpo-
rates expert knowledge into the ML model by creating new inputs based on existing
physical models to address ML’s accuracy and consistency with the target physical
system. The thesis also employs Global Sensitivity Analysis (GSA) to enhance the
model’s interpretability and physical consistency. The sensitivity analysis provides
a comprehensive understanding of how changes in the input variables affect the
model’s output, facilitating the identification of the most influential variables.

To overcome the scarcity of data at the beginning of vibroacoustic design, a
novel solution is introduced: the use of Transfer Learning (TL) to leverage knowl-
edge from past product generations. The effectiveness of TL in problems with low-
dimensional tabular data under conditional shift was thoroughly examined to assess
the approach’s viability in constructing DTs. This analysis identifies TL methodolo-
gies suitable for constructing vibroacoustic DTs and demonstrates that the proposed
approach significantly enhances data efficiency.

Furthermore, the thesis demonstrates the proposed framework’s use in an indus-
trial application, specifically the early robust optimization of the NVH performance
of gear transmissions. This demonstration showcases how the framework contributes
to modeling DTs of vibroacoustic systems. The developed DT accelerates system
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evaluations and aids in product design. Thus, this thesis provides valuable tools to
overcome the challenges of constructing DTs for vibroacoustic product design.

Keywords: Digital Twin, Vibroacoustic, Surrogate Models, Transfer Learning,
Product Design, Machine Learning, Digital Prototype, Data Efficiency.
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Introduction

Motivation

Structural Dynamics and Vibroacoustics (SD&V) is the study of the dynamic be-
havior of structures under mechanical vibrations and their interaction with acoustic
phenomena. The SD&V design focuses on optimizing mechanical systems to mini-
mize vibrations and noise while maintaining structural integrity. The design process
tries to achieve a well-balanced compromise among these objectives and additional
factors such as product weight, cost, and environmental impact. This comprehen-
sive approach is essential for developing high-performing and competitive products
in multiple industries. However, the ever-shortening design cycles and the neces-
sity to meet strict regulations [1, 2| have made the design of vibroacoustic products
increasingly challenging. Consequently, it has become imperative to address vibroa-
coustic aspects early in development to avoid costly redesigns, saving valuable time
and resources.

In the late 20th century, the introduction of virtual prototyping led by Computer-
Aided Design (CAD) and Computer-Aided Engineering (CAE) revolutionized the
product development process [3|. Virtual prototypes leverage computational simu-
lations to provide an efficient and accurate means of early vibroacoustic design, as it
is less resource-intensive to experiment and conduct tests on virtual models than on
physical machines. Over the past four decades, virtual prototypes have been widely
adopted in vibroacoustic design [4]. However, as requirements continue to increase
and more aspects and parameters must be considered, the cost of extensive domain
exploration using vibroacoustic simulations becomes prohibitive. This is particu-
larly true because vibroacoustic simulations tend to be costly since they are often
broadband, multi-scale, and have high-resolution (space or frequency) requirements.
Furthermore, CAE models fail to incorporate the vast amount of real-world data
collected from existing products in today’s digital age, hindering their ability to cap-
ture the complexities of practical scenarios. Therefore, new approaches are needed
to overcome these limitations and further enhance the effectiveness of vibroacoustic
design methodologies.

A promising solution gaining momentum in virtual prototyping is the concept
of DT. DTs combine physical-based modeling and data-based techniques to create
virtual counterparts of physical products, enabling cost-effective and accurate anal-
ysis that can incorporate real measurements and adapt throughout the product’s
life cycle. While many researchers have emphasized the significance of DTs in the
current digitalization of the industry [5-10|, their potential for vibroacoustics and
their practical implementation still requires further exploration. Additionally, most
existing DTs in SD&V primarily focus on applications in the operational phase of
the product, such as Structural Health Monitoring (SHM) and Active Control, with
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limited research dedicated to their utilization in the product design phase [11].

Less expensive copies of CAE simulations, known as surrogate models, play a
crucial role in implementing DTs for the design process [12]. Previous studies in
SD&V surrogates relied mainly on Response Surface Model (RSM) [13-15], which
approximates the true model using polynomial fitting and fails to capture the arbi-
trary nonlinearities in the system. In contrast, ML models make fewer assumptions
about the function class and stand out for learning complex data relationships and
nonlinearities, making them suitable for constructing vibroacoustic DTs. While
some recent studies have applied ML for this purpose, many challenges remain. The
non-smooth nature of SD&V problems poses difficulties in constructing accurate
ML-based surrogates, as ML methods typically assume the local smoothness of data
[16, 17]. Furthermore, ML methods are often seen as black-box approaches, lacking
interpretability and physical constraints, which raise skepticism in the industry and
in the scientific community regarding their application in applied sciences.

Another challenge with ML-based approaches in vibroacoustics is their data
dependency, requiring a large amount of data for accurate learning of the system’s
behavior. This poses a significant problem, particularly in the early stages of product
development when data is scarce and expensive to acquire. While Active Sampling
(AS) techniques have been explored to select the most informative samples [18-20],
leveraging existing data and physical knowledge to increase data efficiency remains
unexplored, presenting an opportunity to explore TL and Physics-Guided Machine
Learning (PGML) research fields.

The objective of this thesis is to introduce a novel ML-based frame-
work for modeling DTs of vibroacoustic products readily applicable in the
early stages of product development. The framework will apply innovative so-
lutions using ML-based surrogate models and TL to overcome the aforementioned
challenges. Furthermore, the approach should remain versatile and be applicable
to general SD&V problems. By investigating the implementation of DTs in the
vibroacoustic design process, this research aims to establish novel approaches for
efficient and effective product development, where virtual prototypes serve as valu-
able tools for designers and engineers to ensure optimal performance, enhanced user
experience and ultimately achieve cost and time savings.

Research Questions and Contributions

Given the above discussion on the thesis goal and challenges, the key research ques-
tions to be answered by this thesis are:
1. How can data-based DTs’ accuracy, interpretability, and physical consistency
be enhanced for their application in vibroacoustic design?
2. What strategies can be employed to overcome data scarcity in early-stage
vibroacoustic design?
To address these research questions, the proposed DT solutions rely on ML
techniques to infer system models using data obtained from high-fidelity simulations



and on TL to leverage already available data and improve data efficiency. The

contributions of this thesis can be summarized as follows:

1.

Comprehensive review of the applications of ML models in SD& V|, highlighting
the strengths and drawbacks of ML approaches and discussing current trends
and perspectives in the field. The review presented in Chapter 1 is a valuable
guide for structural and vibroacoustic engineers interested in exploring ML
techniques.

Identification of ML algorithms suitable to tackle non-smooth vibroacoustic
problems in Chapter 2, resulting in more accurate and reliable predictions.
The suitability and robustness of the algorithms are investigated through a
study with the Sound Transmission Loss (STL) problem with varying degrees
of complexity, design spaces, and materials.

. Analysis of the use of Physics-Guided Features (PGF) to readily incorporate

expert knowledge into ML models. The findings from Chapter 2 show that
adding PGF can improve the accuracy and physical consistency of the ML
model.

. Implementation of GSA techniques to improve the DT interpretability in

Chapter 3. While classical variance-based GSA and ML-based GSA were suc-
cessfully applied, the ML-based approach is more flexible and accurate than
classical variance-based GSA for scarce data conditions.

. The thesis addresses the issue of data scarcity in early-stage vibroacoustic

design by introducing the exploitation of already available data from pre-
vious generations of the product using TL. In Chapter 4, a viability study
demonstrates the ability of TL to enhance data efficiency in problems with
low-dimensional tabular data by transferring information learned from corre-
lated domains. It was shown that TL enables deeper neural network models
under data scarcity and can significantly reduce prediction errors.

. The real-world effectiveness of the proposed framework is demonstrated in

Chapter 5 for an industrial application: the early robust optimization of the
weight and NVH performance of gear transmission. The DT framework is
applied to perform a multi-objective robust optimization of the gear micro-
and macro-geometries in a fraction of the time from traditional methods. Fur-
thermore, the use of deep TL enables the DT to adapt across different gear
transmission generations.

In summary, this thesis addresses the research questions by exploring different

ML and TL techniques to propose a framework that is an effective tool for imple-

menting DTs in the early stages of vibroacoustic product development. The thesis’

contributions encompass advancements in ML techniques, handling non-smooth vi-

broacoustic problems, incorporating expert knowledge, enhancing DT interpretabil-

ity, overcoming data scarcity through TL, and demonstrating the practical applica-

tion of the framework in an industrial context. The framework’s versatility allows

for easy application to different problems, facilitating its implementation in indus-
trial contexts. Through these contributions, the thesis aims to advance the field of

vibroacoustic design and provide valuable insights for industrial practitioners and
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researchers alike.

Thesis outline

This thesis is structured into six chapters, each addressing different aspects of im-
plementing the proposed DT framework and its practical applications in industrial
contexts.

Chapter 1 presents the concept of DT, its construction based on the merge of
physics- and ML-based models, and its applications and perspectives in SD&V.
The chapter also introduces the fundamentals of ML, specifically focusing on the
most commonly used ML algorithms for surrogate modeling in SD&V, highlighting
their strengths and drawbacks. The chapter also discusses future trends as TL and
PGML. Overall, Chapter 1 provides an overview of the research field of DT in
SD&V design and identifies its research gaps and prospects.

In Chapter 2, suitable ML approaches for handling challenges in vibroacous-
tic problems are investigated through benchmarking. The concept of PGFs is in-
troduced, and its effect on DT accuracy is studied. The canonical vibroacoustic
problem used for these studies is the STL, which is modeled with varying levels
of complexity and non-smoothness, as well as different materials, to evaluate the
performance of ML approaches under different scenarios.

Chapter 3 focuses on describing variance-based and Mean Decrease in Impu-
rity (MDI) methods used for GSA to improve the interpretability of the surrogate
models. The application of GSA methods is showcased using the STL problem, and
a comparison is made between the variance-based and MDI approaches.

Chapter 4 investigates the viability of applying TL with low-dimensional tabular
data under conditional shift. The analyses are performed on function samples from
the Matern kernel, representing a wide range of functions with tunable non-smooth
parameters. The chapter compares the performance of different TL approaches, ex-
amines how TL improvement changes with the distance between source and target
domains, and explores the impact of function smoothness. It also aims to iden-
tify a distance metric between source and target domains that correlates with the
improvement achieved through TL.

Chapter 5 focuses on implementing the inter-generational DT framework for an
industrial application: the Noise, Harshness, and Vibration (NVH) of gear transmis-
sion. The chapter introduces the industrial case, explaining the acoustic mechanism
and its source, the transmission error. It describes the high-fidelity models used and
presents a workflow for applying the proposed framework to the design process. The
DT framework is implemented for the gear transmission problem, which is applied
to the robust multi-objective optimization of the gear micro- and macro-geometry
parameters. Finally, the DT evolves to account for the modifications of the gear
transmission next generation through deep TL.

The final chapter comprehensively discusses the research findings, contributions,
and implications. It summarizes the key insights gained from each chapter and



presents the conclusions drawn from the thesis. This chapter also highlights poten-
tial avenues for future research in vibroacoustic design.

In conclusion, this thesis progresses through chapters that cover the state-of-the-
art, investigate suitable ML approaches, explore GSA, analyze TL, and implement
the DT framework for an industrial application. This comprehensive structure pro-
vides a cohesive and detailed exploration of implementing a DT approach for vibroa-
coustic systems, offering valuable insights and practical applications in industrial
settings.

Mathematical Notation

Scalars are represented by non-bold variables, e.g., x Lowercase, bold variables, e.g.,
x, denote vectors, and uppercase, bold variables, e.g., X, represent matrices in a
Euclidean space. Sets are represented by uppercase, calligraphic variables, e.g., X.
The notation P(-) denotes the probability of a specific event in a given space.

For a given problem, X represents the input space, ) represents the output space,
Z = X x ) is the problem domain, and f : X — ) is the target function. A dataset
with N samples sampled from a distribution D over Z is denoted by S = {zz}f\i 1=
{(mi,yi)}fil, where z; € Z,x; € X, and y; € V. The symbol X represents an
input instance set, i.e., X = {x;,...,xn} € X, and Y represents the corresponding
output instance set, i.e., Y = f(X) = {ys,...,y~n} € Y. The problem domain D
consists of its feature space X' and marginal probability distribution P(X). The
problem task 7 consists of its output space ) and the target function f(-).






CHAPTER 1

Digital Twins and Machine
Learning in Structural Dynamics
and Vibroacoustic

This chapter presents a comprehensive overview of ML and DT in the context of
SD&V prototyping. It covers the fundamental concepts of DT and ML, providing
a thorough understanding of the topics necessary for comprehending the thesis.
The chapter discusses the current state of ML-based surrogates in vibroacoustics,
identifying research gaps and potential ML techniques for the ongoing development
of the DT framework. The chapter emphasizes the role of DTs in enabling design
space exploration, uncertainty quantification, and optimization in SD&V. Lastly,
emerging trends and perspectives in the field, including Physics-Guided Machine
Learning and Transfer Learning, are presented. Overall, this chapter establishes the
foundation for the subsequent methodologies employed in this study.

Part of this chapter was published in the authors’ comprehensive review paper
in reference [11] from the journal Mechanical Systems and Signal Processing.
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Introduction

Digital twins (DTs) are virtual representations of physical systems, integrating mea-
sured data with advanced modeling and simulation techniques. By accurately repli-
cating the behavior and characteristics of their physical counterparts, DTs offer a
powerful platform for monitoring, analyzing, and optimizing the performance of
complex systems. The concept of DTs has gained prominence with Industry 4.0
and the era of digitalization, which has resulted in an unprecedented generation and
storage of information.

However, such a large amount of data requires processing and translation abilities
beyond human capacity. Thus, ML algorithms have become essential to enable the
automatic processing of massive datasets, extracting patterns, making inferences,
and delivering predictions based on available information. In this context, ML plays
a crucial role as an enabler of DTs, augmenting their capabilities and enhancing
their potential: digitalization and connectivity collect raw system data, while ML
translates this data into meaningful insights.

This chapter examines the relationship between ML and DTs in the context of
leveraging digitalization and big data for product design in SD&V analysis. This
overview aids in understanding the current state-of-the-art and identifies appropri-
ate approaches and research gaps in the field. Additionally, this chapter provides
a comprehensive introduction to ML fundamentals and offers guidance on selecting
suitable algorithms while considering crucial factors such as the application objec-
tive, database size, computational resources, problem dimensionality, data nature,
uncertainty management, and system nonlinearity.

This chapter also provides an overview of numerous ML applications in SD&V,
highlighting their various benefits. However, it also acknowledges the presence of
drawbacks, misuses, and challenges of the ML-based methods, indicating the poten-
tial for further advancement in the field. For example, the lack of interpretability
and physical basis raises great apprehension about using ML in SD&V and other
physical sciences. Furthermore, although the behavior of mechanical waves in SD&V
systems encloses frequency information, which is well explored in applications such
as SHM, it also leads to non-monotonic and rough function behaviors, posing chal-
lenges for ML models. The current implementation of ML in the industry is also
hindered by the need for substantial amounts of labeled data required in deep learn-
ing and the cost of ML simulations. Additionally, there is an ongoing debate about
when the usage of ML is justifiable and provides gains in terms of time and preci-
sion with an adequate confidence level. This chapter discusses these issues alongside
relevant references and approaches that have attempted to address them.

Finally, this chapter examines the current trends in ML applications in the con-
text of SD&V analysis, with specific emphasis on two main approaches: PGML
and TL. PGML refers to the integration of physical principles and domain knowl-
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edge into ML models, addressing the concern regarding the lack of interpretability
and physical basis in ML applications. On the other hand, TL methods leverage
knowledge acquired from one task or domain and apply it to another related task
or domain with limited labeled data. TL can potentially enhance the efficiency and
effectiveness of ML models in SD&V, particularly when labeled data is scarce or
costly to obtain.

Section 1.1 defines DTs and outlines their current implementation in SD&V,
along with a discussion of the perspectives in the field. Section 1.2 offers guidelines
for ML usage, highlighting the strengths and weaknesses of various ML algorithms
in SD&V product design. Section 1.2 also introduces the ML algorithms used in
this thesis. Section 1.3 presents the workflow of DT modeling in SD&V prototyping
and reviews its utilization for uncertainty quantification and design optimization.
Finally, Section 1.4 reviews and discusses emerging trends and perspectives, with
specific emphasis on two main approaches: PGML and TL. In summary, this chapter
provides a comprehensive background and future opportunities in the joint research
field of ML and SD&V design, laying the foundation for the methodologies applied
throughout this thesis.

1.1 Digital Twins: Definition and Applications in Struc-
tural Dynamics and Vibroacoustics

1.1.1 Definition of Digital Twins

DT is a time-evolving high-fidelity replica of a product/process with a bidirectional
information connection. The concept was first introduced in 2003 in a presenta-
tion on Product Lifecycle Management (PLM) by Michael Grieves [5], but it only
spread with the famous article by Glaessgen and Stargel [9]. Grieves and Vickers [5]
envisioned DT as an integrated multiphysics and multiscale simulation of the real
system using the best physical models and data available to create a virtual copy
of the system. By doing so, DT is intended to be able to continuously forecast the
system’s health and create plans to mitigate the damage or improve performance
while accounting for the system’s associated uncertainties.

The concept of DT is still evolving as DT enablers are under ongoing develop-
ment, and DT applications are spreading to many sectors, such as buildings [21],
smart cities [22], manufacturing [23|, healthcare [24]. Several articles have focused
on reviewing the characteristics and achievements of the DT [10, 25-37].

According to the existing literature, comprehensive DTs should:

e store and manage product data;

e incorporate data-driven and high-fidelity simulations;

establish a bidirectional live data connection;

evolve throughout the product lifecycle;

[ ]
e integrate multiphysics and multiscale simulation;
[ ]
e associate other DTs within the same fleet;



Chapter 1. Digital Twins and Machine Learning in Structural
10 Dynamics and Vibroacoustic

i Physical Twin
‘k Optimized & Robust Product (Design)
/ | Maintenance Schedule (Usage)
| Real-Time Control (Usage)
} Risk Alarms and (Usage)
| Disposal/Reuse Plan (Retirement)
| Transfer Learning (Retirement/Design)

-( 1
Digital Ltal/l
Instance Aggregate
1 L]
Virtual Twin

Risk assessment
Mission Planning
Optimizations
Data Management
Models Calibration
Integration

Figure 1.1: Digital twin framework: the data from the physical twin is processed by
physics and data-driven methods by the DT, which supports optimized and robust
decisions throughout the product lifecycle.

make inferences from data;

assimilate and adapt to environmental and operational information;
handle physical variability, data uncertainty, and model errors;
provide real-time predictions;

optimize operational parameters;

enhance decision-making processes;

reduce potential risks.

Figure 1.1 serves as a visual representation of a comprehensive DT, showcasing
its components, behavior, and uses across the product lifecycle. However, to the
best of the authors’ knowledge, a DT with all the above functionalities does not
currently exist, and its full implementation may require several decades of further
development, as predicted by Glaessgen and Stargel |9]. Nevertheless, recent im-
plementations have resulted in notable "incomplete" DT that meet some of these
criteria, as discussed throughout this chapter.

According to Gardner et al. [38], the DT is built from components from four main
categories: simulations, which model the physics of the system; the knowledge from
experts and previous experiences about the product and the environment variables;
the available data of the physical twin; and the connectivity which links the other
elements and gives DT the ability to adapt with information. These components
and their interconnections are the building blocks for creating a DT, as illustrated
in Figure 1.2.

Figure 1.2 illustrates that ML can be one component of a DT, although it is
not a mandatory requirement. An example is the DT implemented by Aivaliotis
et al. [39], which incorporates physics-based modeling, virtual sensor modeling, and
automatic calibration of model parameters to provide Remaining Useful Life pre-
dictions without utilizing ML algorithms. Although ML usage is not imperative
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Figure 1.2: Main components and interconnections of a Digital Twin framework as
building blocks. Adapted from: Gardner et al. |38|.

for constructing a DT, their capabilities in extracting valuable insights from large
datasets, handling uncertainties, and making fast predictions with good generaliza-
tion are extremely advantageous. Consequently, ML is considered a core enabler of
DTs [33]. The subsequent discussions will primarily focus on ML-enabled DTs.

1.1.2 Classification and Applications of Digital Twins

DTs can be classified based on the stage of product development [5, 10], as depicted
in Figure 1.3. During the conceptualization or design stage, the DT is called a DT
Prototype. DT Prototypes can rely on CAD, physical, and data-based models to
create a virtual representation of the physical prototype. According to Grieves and
Vickers [5], the DT Prototype should be able to verify and validate the system re-
quirements as predicted and mitigate unforeseen undesirable responses. Thus, the
DT Prototype should enable cost-effective predictions of the system responses, fa-
cilitating the extensive exploration of the design space, system optimizations, and
uncertainty analyses. Therefore, surrogate models for DT Prototyping are one par-
ticularly advantageous type of data-based model, as they accelerate computationally
expensive simulations based on simulated data and can also incorporate measured
data.

Furthermore, the DT Prototype should evolve and be applicable throughout var-
ious stages of the product lifecycle |5, 36, 10, 32, 30|. For example, leveraging the
Digital Prototype’s ability to readily predict the system response, it can be effec-
tively employed in real-time model-based control and SHM. Nevertheless, according
to Jones et al. [10] and as depicted in Figure 1.4, the design phase receives relatively
less attention in DT research. This thesis helps to address this research gap, as it
aims to develop a DT specifically for SD&V product design. Section 1.3 presents a
detailed discussion on this topic.
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Figure 1.3: Digital Twin evolution throughout the product’s life. (Source:Jones
et al. [10]).

During the subsequent phases of the product lifetime, the DT is classified into DT
Instance or DT Aggregate (see Figure 1.3) [5]. A DT Instance replicates a specific
physical counterpart, capturing its unique characteristics and detailed behavior,
such as in [38, 40, 41]. On the other hand, the DT Aggregate represents a group of
related physical instances, incorporating data and insights from multiple products
to approximate the overall expected behavior of the population, such as in [42, 43].
Thus, DT Instances provide detailed information about individual entities, and DT
Aggregates offer a higher-level perspective for system-level predictions, decision-
making, and optimization.

As depicted in Figure 1.4, many DTs implemented in the literature concentrate
on the realization phase, i.e., manufacturing and production processes [23, 44, 45].
However, within the domain of SD&V, the majority of ML-based DTs are predomi-
nantly utilized in the operational stage [11], named as support/use stage in Figures
1.3 and 1.4. At this phase, the DT is employed for various purposes, such as early
failure detection, control strategies, product and environment monitoring, and mis-
sion planning. There exists a vast literature and a diverse range of ML approaches
applied to address these objectives in SD&V that, in general, can be categorized
into SHM and Active Control of noise and vibration. For a comprehensive discus-
sion on ML applications in the operational phase of SD&V systems, please refer to
Appendix A.

An illustrative example of integrating ML and physics-based models in SHM is
presented by [41]. They developed a calibrated DT using measured and simulated
data to identify damage severity and location in a bar structure. The proposed bi-
directional DT allows updating the physical twin’s operation parameters and control
strategies. The DT implemented in [40] also combines data- and physics-based
models to detect Euler buckling failure and assess structural reliability. Zhang and
Sun [46] utilized a Neural Network (NN) guided by Finite Element Method (FEM)
results to improve generality and physical consistency in damage detection.

DT’s damage detection and prediction capability has also been used for mission
planning. Karve et al. [47] presents an exemplary DT applied in ‘what if?’ scenarios.
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Figure 1.4: Research papers on DT distribution across the product life-cycle.
(Source:Jones et al. [10]).

Their DT model incorporates time-evolving dynamics, bi-directional connections,
and a fusion of data-driven and physics-based methods. Their DT facilitates mission
planning strategies that minimize potential damage by accounting for both aleatory
and epistemic uncertainties. Another significant contribution to mission planning
is demonstrated by Kapteyn et al. [48], who implemented a DT framework for
aircraft monitoring and real-time decision-making. Their approach involves an ML-
based classification and a surrogate model selected from a library of physical models
shared by different components. Informed by the estimated damage severity, the DT
dynamically adjusts the planned maneuvers to avoid structural failure, showcasing
the DT’s ability to enhance decision-making processes.

A comprehensive example of DT implementation for active control is demon-
strated by Gardner et al. [38]. Initially, measured data were employed to calibrate
the parameters of the physical model. Subsequently, the outputs of this model were
utilized as inputs for a Gaussian Process Regressor (GPR) technique, which en-
hanced output prediction by accounting for uncertainties and non-modeled physics
through online AS. The methodology is demonstrated in the study case of a three-
storey structure. Remarkably, despite the physical model’s linearity, the DT could
predict the nonlinear behavior arising from the contact between the column and
bumper under specific excitations. Besides that, DT can make predictions steps
ahead of time because it was trained with lagged information and, therefore, is
appropriate for the control of the structure.

DT applications during the middle-of-life stage of a product are diverse and
extend beyond the examples mentioned above. One notable application that has
gained significant momentum is virtual sensing. Virtual sensing leverages the power
of DT to estimate or infer physical measurements without relying solely on direct
measurements from physical sensors, leading to more informative operations and
eliminating the need for additional hardware [49, 39|.

Finally, the DT should also collaborate for the product end-of-life. For instance,
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the ability of certain DTs to estimate the remaining useful life of components plays
a vital role in making informed decisions about end-of-life scenarios, including dis-
posal, reuse, and market value assessment |50, 51]. However, very few studies focus
on the product end-of-life, as Figure 1.4 supports.

Another valuable yet under-explored potential of DTs is their use in leveraging
information gathered throughout the product lifecycle to assist the design of the
product’s next generation. By evaluating components that were over- or under-
designed based on insights provided by the DT, future designs can be optimized
accordingly. Additionally, the DT can aid in investigating the causal factors behind
observed phenomena, enhancing our understanding of complex systems. This thesis
will delve further into using DT to leverage inter-generational information in the
product design employing TL-enabled DT Prototypes (see Section 1.4).

1.2 Overview of Machine Learning Algorithms

1.2.1 Definition and Classification of Machine Learning

An ML algorithm is an artificial intelligence algorithm that makes an inference from
data and experiences without explicit programming. The classical definition by
Mitchell and Mitchell [52] states that ML is a class of computer programs that:
“learn from experience E with respect to some class of tasks T, and performance
measure P, if its performance at tasks in T, as measured by P, improves with expe-
rience E.”

Three key elements can describe an ML algorithm: representation, which de-
fines the hypothesis space H of all possible models h € H considered to represent
the relations or patterns in the dataset S, e.g., Decision Trees, neural networks, hy-
perplane representations; evaluation, which defines the cost function C(S,h) that
assesses the model performance, e.g., accuracy, squared error, K-L divergence; and
the learning algorithm, which is the method to identify h € H that best fits the
training dataset according to the evaluation criterion, e.g., gradient descent, greedy
search, and Bayesian inference.

The ML algorithms can be classified according to the dataset and learning
approach as supervised learning, unsupervised learning, and reinforcement learn-
ing [53]:

e Supervised learning: the ML algorithm learns a function h : X — ) that
maps the input space X to the output space ) based on a training dataset
that comprises a labeled set of input-output pairs S = {(z,y) € X x Y}. The
goal in supervised learning is to use the model fitted with the training data
to predict the output of new unseen inputs x*, i.e., y* = h(ax*). Supervised
models can be categorized as regression models if the outputs are continuous
values or as classification models if the outputs are categories or discrete values.

e Unsupervised learning: given a dataset only with inputs S = {x € X'}, the
goal is to unveil underlying patterns and hidden structures in the data. There-
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fore, unsupervised models can simplify and describe unlabeled data. Popular
classes of unsupervised learning are clustering, used to classify the data into
groups with maximum similarity, density estimation, used to find the data dis-
tribution, and dimension reduction, used to discover lower dimensional space
of latent variables that capture the data essential information.

¢ Reinforcement learning: class of ML algorithms in which an agent interacts
with an environment and learns from the success and errors of these experi-
ences. The agent performs actions A that transform the environment state S,
which generates a direct reward R. The goal is to find a policy 7 : § — A
that maps actions to states to maximize the expected future reward |54].

1.2.2 ML in SD&V: General Guidelines and Algorithms

As stated by the “no free lunch” theorem, no learning algorithm outperforms the
others in any domain [55]. Usually, investigating a good ML algorithm for a given
problem involves trial-end-error experiments. Nevertheless, the algorithms consid-
ered should be selected accordingly to the volume and nature of the data, the re-
sources available, and the purpose of the task. The first step to defining appropriate
ML models is identifying the learning category (supervised, unsupervised, or rein-
forcement) and the analysis purpose, e.g., group data, reduce data dimensionality,
and perform regression. Subsequently, one may consider how the algorithm assump-
tions relate to the many aspects of the data, such as complexity, nonlinearity, input
dimensionality, time-dependency, spatial dependency, continuous or discrete vari-
ables, independent or dependent variables, and uncertainty level. In general, simple
ML models with satisfactory accuracy should be preferred over complex ones be-
cause they tend to generalize better to new data (avoid overfitting), require fewer
data, and be more interpretable [56, 57]. Observing the algorithm’s popular appli-
cations can give a good indication of the circumstances in which an ML algorithm
excels and is suitable.

In the context of SD&V, ML algorithms have been widely applied in SHM, ac-
tive noise and vibration control, and product design. Based on an extensive search
of recent publications in this field using the Scopus database, the authors identi-
fied the most relevant ML algorithms are NN, Support Vector Machine (SVM), and
Gaussian Process (GP)-based models. In the product design application, most ML
algorithms employed are supervised regression algorithms, as the algorithms usually
should predict a continuous system response. In particular, GPR, NN, and Decision
Trees-based models are among the most commonly used for DT prototyping. While
SVM and linear regression models are also popular, SVM is primarily suitable for
classification problems, and linear regression requires predetermined nonlinear com-
binations of problem parameters and has stronger assumptions about the function
class.

Therefore, this chapter will focus on reviewing NN, GPR, and Decision Trees-
based models in Sections 1.2.2.2, 1.2.2.3, and 1.2.2.4, respectively, due to their popu-
larity and suitability to the thesis topic. Section 1.2.2.1 introduces the bias-variance
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trade-off property of ML supervised algorithms, as it is an important concept appli-
cable to the ML algorithms under consideration. Appendix A provides an overview
of other commonly used supervised, unsupervised, and reinforcement learning meth-
ods in SD&V. Additionally, the appendix presents a comprehensive literature review
of ML applied in SHM and active control of noise and vibration.

1.2.2.1 Bias-Variance Trade-off

Supervised learning algorithms aim to discover a prediction model that can gener-
alize well on unseen data rather than fitting a model to a specific training dataset.
Therefore, minimizing the cost function during training is insufficient to ensure a
good predictive model. The true evaluation of the algorithm’s performance should
be based on its predictions on unseen data from a test dataset. This evaluation con-
siders the generalization error, which consists of three components: bias, variance,
and irreducible errors [58].

a-) b-) c-)

* Data o
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Overfitting o/
Best Trade-off

underfitting overfitting

Error

Variance

Error
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Variance

Generalization Error

Model Complexity Number of Data Points Input

Figure 1.5: (a) Bias-variance trade-off on Machine Learning for a given number of
data points. Bias, variance, and irreducible errors sum up to the generalization error.
The optimal bias-variance compromise should minimize the generalization error,
avoiding underfitting and overfitting; (b) Illustration of how the error in the training
dataset Ej; is smaller than the true generalization error E, and how the prediction
accuracy improves with more samples in the dataset for a given model, without
changing model’ complexity; (c) Example of models underfitting, overfitting, and
with an appropriate bias-variance trade-off. Figures adapted from [58].

The bias error measures the level of incorrect hypotheses in the model and tends
to decrease with model complexity. The variance error measures the variability of
model predictions and typically increases with model complexity. Therefore, a high-
bias model oversimplifies the problem, leading to bad predictions in the training
and test datasets (underfitting). In contrast, a low-bias model performs well in
the training dataset but might lead to high-variance error (overfitting). Figure
1.5-a illustrates this bias-variance trade-off for a given number of training points.
Figure 1.5-b shows how complex models with low bias become viable with increasing
database size.
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To address overfitting, regularization techniques can be applied to penalize model
complexity and increase robustness to ill-posed problems. Additionally, selecting
proper hyperparameters for the ML algorithm, either through expert reasoning or
search algorithms, enables a good balance between bias and variance [59-61].

While these principles apply to all supervised ML algorithms, each algorithm has
its specificity, including different hypothesis spaces, evaluation metrics, and learning
algorithms, leading to different advantages and drawbacks. The following sections
provide more details about NN, GPR, and Decision Trees-based models.

1.2.2.2 Neural Networks

NN is a network of artificial neural units inspired by the human brain [62]. Most
Deep Learning (DL) models are based on NN with multiple layers, which enables
high-level feature extraction from raw data. NN-based algorithms are also the most
used ML algorithms in the main applications of SD&V, namely SHM, active control,
and product design. The NNs’ popularity is due to their suitability to approximate
a function without strong assumptions on its format, their flexibility, and their easy
implementation supported by popular libraries.

The vanilla NN architecture is the Multilayer Perceptron (MLP) [63], in which
the neurons of one layer are fully connected to the neurons in the next layer [64].
The connection between each neural unit from layer 7 to each neural unit in the
subsequent layer j is parameterized by the weight w; ;. Additionally, each layer is
parameterized by a bias term b. Each neural unit in the MLP computes the weighted
sum of its inputs given by z; = ). (wj; - 0;) + bj, as illustrated in Figure 1.6-a. This
weighted sum then undergoes an activation function denoted as ¢(+), such as the
sigmoid function, which introduces nonlinearity into the network. The outputs from
one layer serve as the inputs for the next layer in a feed-forward procedure until the
output layer. In regression problems with unbounded outputs, a linear activation
function is typically used in the output layer.

The training or learning procedure consists of optimizing the weights and biases
using algorithms such as gradient descent, aiming to minimize the defined loss func-
tion that represents the prediction error on the training dataset. This optimization
is made possible by the backpropagation algorithm [65]|, which efficiently computes
the gradient of the loss function with respect to the weights and biases using au-
tomatic differentiation [66]. Figure 1.6 illustrated the neural unit and the training
procedure of an MLP.

Once trained, the NN can readily make new predictions as it becomes a system
of algebraic equations. Several factors should be considered to achieve accurate
predictions and good generalization. Proper data scaling is essential for optimal
performance. Regularization techniques, such as weight regularization and dropout,
can help prevent model overfitting [67]. In addition, an essential step in improving
NN performance is tuning its hyperparameters, which are the parameters set before
the learning process, including the number of hidden layers, nodes per layer, and
activation functions. Besides, validation sets are commonly employed to monitor
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generalization during training.

DL architectures can be constructed by stacking several neural layers; in this
way, the DL algorithm can learn higher-level representations of the data at each
layer. DL algorithms have high capabilities of automatically extracting features
and learning complex representations from large amounts of data [67]. Thus, DL
can automate data preprocessing stages and process raw data in a general-purpose
procedure [65]. However, DL models have many parameters to be optimized, being
computationally demanding and prone to overfitting. Consequently, DL became
viable and made a series of breakthroughs with the advent of big data and the
increase in computational resources [68]. Although DL models tend to outperform
shallow ML algorithms if sufficient data and computational power are provided [69],
they have black-box properties, may suffer from convergence problems, and normally
need a large dataset of labeled data [70], which is rare in SD&V applications.

Different types of NN architectures excel at specific tasks. For instance,
Convolutional Neural Network (CNN) are designed to capture spatial patterns, while
Recurrent Neural Networks (RNN) are suitable for sequential data. However, when
it comes to surrogate modeling, which focuses on rearranging inputs to mimic system
transfer functions rather than extracting information from high-dimensional data,
the most commonly applied NN architecture is the shallow or deep MLP. Another
NN architecture choice for surrogate modeling is the Radial Basis Function (RBF)-
based network, which uses the RBF kernel as an activation function and, thus, can
interpolate data by increasing the feature vector dimensions [64]. Probabilistic NNs
[71, 72] are suitable for surrogate applications that require prediction uncertainties.

Although the literature on NN is dense and expands fast, several references cover
the topic in a didactic way. The book in [62| contains comprehensive explanations
of the NN main elements, while the book by Goodfellow et al. [59] has equally good
NN introductions but covers more detailed and advanced aspects. Implementation
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guides are available along with dedicated libraries for NN in MATLAB [73] and
Python [67]|. LeCun et al. [74] discussed practical recommendations for implement-
ing NN. The authors recommend the survey in [75] to get a broad vision of DL, from
their basic concepts to state-of-the-art algorithms, and the publications in [65, 76|
for relevant DL applications and perspectives.

1.2.2.3 Gaussian Process Regressor
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Figure 1.7: In Gaussian process regression, kernel functions define the prior dis-
tribution (left), and the posterior distribution (right) is updated with information
from the observation points using Bayesian inference.

Gaussian process is a stochastic process that assumes a joint Gaussian distribu-
tion over all variables and is, thus, a distribution over functions. In GPR, it is first
determined by a prior probability distribution, which embeds the beliefs about the
unknowns before observing any data. Therefore, for any finite set of inputs z:

m(a:) NN(/"7K)a (1'1)

where p;(z;) is the mean function, and Kj;(z;, ;) is the covariance function, also
known as kernel.

Given the training dataset {z,y} and considering that new input-output pairs
{4, y«} belong to the same joint Gaussian distribution, Equation (1.1) can be rewrit-

bl (] £2)) a

where (K.)ij = K(wi, (24);) and (Ku);; = K((@4)i, (24);)-

During the regression task, the initial belief of the Gaussian Process N (g, K) is
continuously updated as new observations become available. This process involves
conditioning the prior distribution of the Gaussian Process on the observed data y,.
The outcome of this conditioning step is the posterior probability distribution.

Figure 1.7 illustrates updating the prior with observed data leading to the pos-
terior distribution. To account for noisy data, it is common practice to augment

ten as

the prior distribution with Gaussian noise N(0,c?), where o2 represents the noise
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variance. As the GPR depends on the kernel function used to model the prior dis-
tribution, the kernel hyperparameters can be optimized to maximize the marginal
likelihood of the posterior distribution, or a prior distribution over hyperparameters
can be defined for more flexible models [77]. A distinction of GPRs is that they
provide a measurement of the uncertainty of the prediction once they output the
prediction’s mean and variance.

According to the literature review undertaken in this thesis, the GPR, also known
as Kriging, is the most used ML algorithm in the SD&V design process. The GPR
suitability for this application is due to it being a powerful predictor with small
datasets, allowing to embed domain knowledge in the prior, its interpretability, and
mainly because it provides probabilistic predictions used to maximize the infor-
mation gained during sampling, as in the Bayesian optimization framework [78].
Furthermore, while parametric algorithms such as linear regression and NN make
assumptions on the format of the underlying function m(x), GPR makes a much
less strong assumption of a prior probability to every function. However, GPR may
result in poor prediction due to a bad choice of the kernel and problems in the
optimization of the hyperparameters. Additionally, GPR does not scale well com-
putationally with large datasets due to the need to evaluate the kernel at all training
points.

1.2.2.4 Decision Trees-Based Methods

Decision Trees [79, 80| are statistical learning algorithms that apply recursive par-
titions of the space to perform classification or regression and that are the basic
element of ensemble models, such as Random Forest (RF) and Gradient Boosted
Decision Trees (GBT), as depicted in Figure 1.8. There are different Decision Tree
algorithms, with CART (Classification and Regression Trees) being the most fa-
mous. The CART algorithm performs successively binary partitions of the input
feature space using simple rules at each of their branches. Each split at a node n is
defined by a threshold ¢,, applied to an input feature ¢;, and divides the space at
the current branch C into two new subspaces (two new branches):

C (@i tn) = {(a,y) €C: ¢, < tn},

Ct(gi,,tn) = {(q,y) €C:q;, > tn}.
Each node split aims to aggregate samples with similar outputs. Therefore,
during the training process, the pair (g¢;,,t,) that minimizes the splitting error at
node n, also called impurity criterion Gy, (¢, ,tn), is chosen to split the domain. A

common impurity criterion used in regression problems is based on the Mean Square
Error (MSE) of each subspace, defined as

T LTZ(Q—M) T FZ(?J—M) , o (1.3)
yeC— yeCt

Gn(qiﬂﬁ tn) =

where = and p* denote the mean output value of the subspaces C~ and CT,
respectively, and L, L~ and LT are the number of samples in subspaces C, C~
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Figure 1.8: Individual Decision Tree partitions the space minimizing the classifi-
cation/regression impurity (a). Random Forest uses Bagging to ensemble Decision
Trees and gets the final prediction by majority or average voting (b). Gradient
Boosting ensembles Decision Trees in sequence so that the individual prediction of
one Decision Tree is improved by the next and so on (c).

and Ct. The binary divisions of the Decision Tree continue successively until an
established criterion is met, e.g., when the Decision Tree reaches its maximum depth.
At the terminal nodes of regression Decision Trees, a scalar is assigned as output
prediction for each final subspace.

Decision Trees are interpretable, fast, handle heterogeneous data and outliers,
exempt data scaling, implicitly perform feature selection, and are nonparametric,
allowing for models with nonlinear complex relations [81]. However, Decision Trees
extrapolate poorly and are prone to overfitting, leading to high-variance and greedy
solutions [58]. Although pruning is a regularization technique commonly applied
to reduce the overfitting problem [82], it is usually through the combination of
individual Decision Trees in ensemble methods that good generalization is achieved.

Any ML method can be used to create ensemble methods, but ensembles of De-
cision Trees are popular due to their randomized structure and low-cost training.
The most popular ensemble methods are Bagging and Boosting. In Bagging, each
predictor collaborates with a vote in the final prediction, and the predictors are con-
structed independently in a parallelized framework, reducing mainly the variance,
as is the case of RF. In Boosting, the predictors are connected and sequentially or-
ganized, each trying to improve the prediction of the previous one, reducing mainly
the bias, as is the case of GBT. Louppe [81], Chapter 8 by Mehta et al. [58], and
Chapter 14 by Bishop [82] present the theory of ensemble methods and their close
relation with the bias-variance trade-off.

RF is a powerful ensemble model that leverages the Bagging approach to com-
bine multiple Decision Trees, reducing the variance of single tree predictions. For
regression problems, the RF final prediction is the average of the trees’ predictions,
while for classification problems, it is determined through majority voting. To en-
sure improved generalization compared to individual trees, it is crucial that each
Decision Tree within the RF ensemble is unique. This uniqueness is achieved by
training each tree with a distinct subset of the training dataset, obtained through
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random sampling with replacement from the available training data. Additionally,
RF enhances diversity and decreases computational time by randomly selecting a
subset of variables as partition criteria candidates at each node. Compared with NNs
[83], RFs are computationally cheaper during training and prediction, demand fewer
data, and are more robust to missing data and hyperparameters choice. Besides,
RFs intrinsically perform sensitivity analyses, which increases their interpretability
[84-86], as further discussed in Section 1.3.2.

GBT is an ensemble of Decision Trees based on the Boosting technique ([53],
Chapter 16.4). In GBT, Decision Trees are trained sequentially, and each Decision
Tree trains on the mispredicted data of the previous one. Thus focusing mainly
on reducing the predictor bias. As the prediction error is differentiable, it can be
minimized using a gradient descent optimizer.

In a regression problem, the first tree predicts the mean of the data, while
the next tree tries to predict the residuals of the prediction of the first tree while
minimizing the loss function. Therefore, the sum of the prediction of all the trees in
the sequence will minimize the error and the problem complexity in a process called
additive training. There are two main methodologies to implement GBT: XGBoost
(eXtreme Gradient Boosting) [87] and AdaBoost (Adaptive Boosting) [88]. GBT
methods usually outperform RF [67], with the downside that the GB algorithm
cannot be fully parallelized.

1.3 ML-Based Digital Twin Surrogates for Structural
Dynamics and Vibroacoustics Design

In recent decades, advancements in virtual prototyping in SD&V have helped
meet, the ever-growing consumer demands, providing higher quality products and
speeding-up development times. However, with SD&V products becoming more
complex, their design involves solving large optimization problems with many pa-
rameters. Therefore, while restricting the exploration to only a limited subset of
parameter value combinations can result in sub-optimal outcomes, simulating high-
fidelity models for the entire parameter space is impractical, as it requires immense
computational resources. In light of these challenges, surrogate models have emerged
as a crucial tool in prototyping SD&V DTs. Surrogate models offer the advantage
of being significantly faster to simulate and more easily incorporate new data than
traditional CAE models.

One of the primary obstacles in constructing surrogates for SD&V DTs lies in
the intricate behavior of mechanical waves within the underlying physical system.
In numerous studies, the response of the SD&V system has been approximated by
polynomials using the RSM [13-15]. Typically, second-order polynomials are favored
in RSM due to their sampling efficiency and high interpretability. However, these
methods cannot capture nonlinearities that may exist within the system response.
On the other hand, higher-order polynomials are rarely employed due to the costly
surrogate training [89].
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Therefore, in recent SD&V DT prototypes, ML-based surrogates have emerged
as a promising solution. As discussed in Section 1.2, ML models can learn complex
data relationships and nonlinear functions using a set of system observations. Once
trained, ML surrogates demonstrate great computational efficiency when predicting
the system’s output given the input values. Thus, they can enable the straightfor-
ward and fast quantification of output uncertainties concerning the uncertainties in
the physical system. ML surrogates have found diverse applications within SD&V
DTs, including product optimization [90-92], uncertainty analyses [93, 85, 16|, and
knowledge discovery from measured databases [94].

However, two well-known drawbacks of ML surrogates are their poor inter-
pretability and difficulty assimilating long-term historical data [12]. The harsh and
discontinuous behavior of many SD&V analyses, particularly close to the system
resonances, can also hinder the implementation of ML surrogate models [16, 17| as
the local smoothness of the data is one of the main assumptions in ML [56, 58]. For
example, the NN surrogate implemented in [95] showed good overall agreement in
predicting the acceleration response of a structure as a function of the excitation
and geometry but with inaccuracies at peak amplitudes, which usually are regions
of interest in SD&V analyses. The next sections present the workflow for ML-based
surrogate construction, related methods to overcome the above mentioned obstacles,
and the main applications of surrogate modeling in SD&V.

1.3.1 Workflow of ML-Based Surrogate Modeling

Surrogate modeling is a statistical model that mimics the behavior of a true function
f(x) = y. The surrogate models use statistical methods to map the relationship
between a sample of inputs and the corresponding outputs, known as support points
or training data. In this way, the surrogate generates a new approximate function
f(z) =~ f(x) that generalizes the observed behavior of the true function and predicts
outputs for new inputs f (x*) = y*. Thus, the surrogate provides a compromise
between computational cost and fidelity.

Sampling with High

Design of Fidelity Model Database Data ‘ ?urrogate 'I:raining
Experiments XT f(XT) =Yr XT; YT, Preprocessing 3 f(XT) — YT ~Y
\ Adaptive Sampling N
X7 f
. Predictions
f(XNew) - YNew

Figure 1.9: Steps to build a surrogate model: apply the design of experiments to
define supporting points’ location; sample results with the high-fidelity model; pre-
process the data; train the surrogate model; predict new outputs using the surrogate
model. Adaptive sampling is optional and may be applied to select new supporting
points to update the surrogate model in regions of interest or uncertainty.
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Figure 1.9 describes the basic steps to build a surrogate model. The initial
step is to sample informative support points, which can be accomplished using the
design of experiments theory. Commonly employed techniques include Latin Hyper-
cube Sampling (LHS) and quasi-Monte Carlo, known for their favorable space-filling
properties, low computational cost, and ability to capture parameter interactions
[96]. Optionally, AS, also known as Active learning (AL), [97] can be employed
to sample new optimally informative support points to update the surrogate that,
consequently, can achieve good accuracy with fewer points. The selection of these
new support points is guided by an acquisition function, which leverages informa-
tion from previously sampled points to determine the best set of points to sample.
AS can be applied to improve predictions locally where the surrogate may fail, and
it can be framed as a Bayesian optimization approach for design optimization (see
Section 1.3.3).

The next step is the selection of a suitable algorithm for surrogate modeling,
considering various factors outlined in Section 1.2. In SD&V, statistical methods are
commonly used to construct surrogates. These methods include Polynomial Chaos
Expansion (PCE) [98, 99|, RSM [15, 13, 100, 14|, RBF interpolation [101, 102|,
low-rank tensor approximations [103|, and spectral expansions [17].

Additionally, using supervised regression algorithms from ML has gained popu-
larity in SD&V surrogate modeling. Algorithms such as SVM [104], GPR [105, 3§],
NN [106], Decision Trees-based algorithms [107] are increasingly being utilized.
However, unlike many ML applications, surrogate models often learn from small
datasets with low-dimensional inputs that represent the parameters of a physical
system. Hence, feature extraction and selection techniques are less commonly used
in surrogate modeling than in SHM and Active Control applications.

A popular ML algorithms choice for a surrogate is GPR since it has good per-
formance with small and low-dimensional datasets, and its adaptability and prob-
abilistic properties are appropriate for AS. Recently, Liu et al. [108] developed a
methodology for informative power loss measurements in transmissions based on
subset simulation, GPR surrogates, and AS. As discussed in [17], localized surro-
gates as GPR rely on the proximity of the support points and are suitable for in-
terpolating. In contrast, global surrogates like NN extrapolate better but may have
lower local accuracy. Additionally, global approximations with local refinements or
domain-decomposition-based methods are suitable for functions with highly local-
ized behavior in specific regions of the input space, as demonstrated in the analysis
of a damped oscillator by Marelli et al. [17].

The highly localized behavior encountered in SD&V problems presents a signifi-
cant challenge for surrogate modeling. To assess the ability of different algorithms to
capture this non-smooth behavior, the present thesis conducts a benchmark study
of ML algorithms for canonical SD&V problems in Chapter 2. AS approaches have
been proposed in [18-20] to enhance surrogate accuracy in regions with high predic-
tion error or irregular and nonlinear response behavior. Another promising trend to
overcome this issue is PGML [29], discussed in Section 1.4.
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1.3.2 Uncertainty Quantification with ML-Based Surrogates

Uncertainties are an inherent part of every phenomenon and computational anal-
ysis, and their quantification improves the comprehension of the phenomenon and
the analysis’s reliability level. Uncertainty quantification encompasses two key as-
pects: Uncertainty Propagation and Sensitivity Analysis, as indicated in Figure
1.10. Both analyses require multiple evaluations of the system model, making the
use of surrogate models beneficial for reducing analysis time.

Uncertainty
Propagation

Model of the
System
1%

Inputs Sensitivity Outputs %Failure
Distribution Analysis Distribution {Threshold

v

Contributions of the inputs to
the outputs uncertainties

Probability
of Failure

Figure 1.10: Uncertainty quantification framework: the uncertainty propagation
analysis propagates the uncertainties of the input through the system model to
obtain the output distribution, and the sensitivity analysis evaluates the input con-
tributions to the output uncertainties.

1.3.2.1 Sensitivity Analysis

Sensitivity Analysis (SA) is a technique that examines the impact of input uncer-
tainties on output variability. There are two main approaches to evaluating input
influence: local SA, which examines the inputs individually at a specific point in
the input space, and GSA, which captures input interaction effects and individual
influences.

SA enhances the interpretability of surrogate models by revealing the influence
of inputs on the system response. Certain surrogate models have intrinsic properties
to evaluate sensitivity indices. For example, methods such as PCE, low-rank tensor,
and RF [103, 86| provide the sensitivity indexes as a by-product of their training
process. Additionally, sensitivity indices can be evaluated with minimal effort in
NNs [109] and GPR [110].

Cheng et al. [111] presented an overview of GSA evaluated with surrogate mod-
els and compared their performances. Pizarroso et al. [112] listed several methods
to analyze input-output relationships in ML-based surrogates to improve their in-
terpretability. Gradient interpretability has also been studied in [113-115].
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In [116], a GSA framework for surrogates that merge physical and numerical
substructures is presented and applied to a structural dynamic problem modeled
by a PCE-based surrogate. Stender et al. [117] implemented explainable surrogate
models to identify and quantify uncertainties from a dataset of acoustic measure-
ments. The proposed approach helped to find the sources of the measurements’
variability, such as manufacturing and mounting aspects and specimen geometry.
The out-of-bag-based GSA based on RF surrogates was performed by Chai et al.
[85] in a STL problem. Despite the bias and smoothing effects presented by the RF
surrogate, the out-of-bag-based sensitivity indexes agreed with the ones obtained by
Fourier Amplitude Sensitivity Testing (FAST), with the former being more easily
interpretable.

Apart from using SA embedded within the surrogate algorithm, classical SA
approaches can be accelerated by replacing expensive model evaluations with surro-
gate predictions. In Chapter 3, we investigate both approaches, accelerated classical
variance-based GSA and surrogate-embedded GSA, to enhance the interpretability
of the surrogate, comparing their advantages and drawbacks. The MDI [86], a by-
product of RF training, is employed as a surrogate-embedded GSA approach. Ad-
ditionally, SA is applied to perform feature selection, enabling design optimizations
with fewer variables (see Chapter 5).

1.3.2.2 Uncertainty Propagation

Uncertainty Propagation (UP) involves the propagation of input uncertainties
through a model to assess the statistical moments and probability density func-
tion of the system response or failure probability [103]. Spectral stochastic methods
like PCE and direct simulation methods such as Monte Carlo Simulation (MCS)
are commonly employed for uncertainty propagation [118]. However, these methods
often require many model evaluations, leading to significant computational costs.
Thus, surrogate modeling techniques have been utilized to accelerate UP in SD&V.

For instance, Nobari et al. [119] used a surrogate based on polynomial and GPR
to enable UP and GSA of the squeal instability analysis modeled with complex
eigenvalue analysis. Similarly, Diestmann et al. [93] used GPR and PCE-based
surrogates to accelerate the uncertainty quantification of NVH indicators in gear
transmissions.

In the field of reliability and risk assessment, surrogate models can be highly ben-
eficial, particularly in SD&V, where the non-monotonic behavior makes traditional
vertex methods impractical for UP, requiring computationally expensive statistical
methods [16]. Surrogates based on GPR and AS have been vastly applied in the
literature to support these analyses with reduced costs. Cicirello et al. [16] used AS
to build GPR surrogates that predicted the upper and lower bounds of the system
response, reducing the number of true function evaluations required for UP. While
the proposed method has good accuracy and is faster than a sub-interval method,
it may encounter difficulties when applied to more complex analyses with higher
dimensionality. Other studies, such as Guo et al. [120] and Guo et al. [121], also
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employed GPR-based surrogates with AS to improve computational efficiency in
reliability analysis and failure mode SA, respectively.

NN-based surrogates were employed in analyses of structural failure probabil-
ity in [122], where the RBF-based network performed better in cases under static
load, while MLP performed better in nonlinear dynamic analysis. Wang et al.
[123] explored automatic differentiation in an NN surrogate to evaluate its first
and second-order derivatives, which were then used to obtain response bounds us-
ing the subinterval method. Extremum RSM has been effective for nonlinear and
time-varying analysis since just the extreme responses of the system are considered
[124-126]. In some cases, surrogate models replace the entire UP framework by
directly predicting the probability of failure [127].

1.3.3 Design Optimization with ML-Based Surrogates

Design optimization is the process of finding the best design solution within given
constraints. It utilizes mathematical algorithms to explore the design space and
identify the optimal design configuration. The design optimization in the SD&V
domain is commonly made feasible by surrogates, as otherwise, it may be prohibitive
due to the expensive cost of the simulations. In surrogate-enabled optimization,
there are two main approaches commonly used: direct replacement of the system
function within the optimization algorithm and Bayesian optimization.

In the direct replacement approach, a surrogate model is integrated directly
into the optimization algorithm, providing inexpensive evaluations of the system’s
behavior. Various types of surrogate models have been employed to enable opti-
mization in SD&V using this approach, such as quadratic polynomial regression
[15, 100, 128, 13|, RBF-based interpolation [102, 129], GPR [130], and NN [131—
134]. For example, in [135], the acoustic optimization of an electric motor was
tackled through local surrogates replacing FEM, and different ML algorithms were
evaluated as surrogates, namely linear regression, Decision Tree, SVM, and GPR.
Bacigalupo et al. |[92] carried out bandgap optimization of metamaterials supported
by an RBF-based surrogate. GPR-based surrogates were applied to optimize trans-
mission loss in intake systems [91], isolation of metamaterials [136], and vehicle NVH
[130].

An NN-based surrogate was used instead of costly FEM simulations in [131]
to perform parametric optimization of vehicle suspension hardpoints to minimize
structure-borne road noise. The optimization approach used a criterion combining
an up-limit and a matching target to the FRF curve to control amplitudes at spe-
cific frequencies and the frequency shift. The NN-driven optimization allowed good
time-saving and an increase of problem dimensionality in comparison with polyno-
mial and RSM surrogates previously used in [132]. Li et al. [133] used a surrogate
based on Elman NN to minimize the vehicle sound pressure while constraining mass,
side-impact intrusion, and first-order global modal. Instead of using the vehicle pa-
rameters, Tsokaktsidis et al. [134] used time-domain acceleration at the component
level as input of an NN surrogate to predict the sound pressure level in the passenger
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(a) Gaussian Process Regressor (GPR) surrogate model and its
acquisition function used to select new sampling points.
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Figure 1.11: Illustration of adaptive sampling or active learning.

However, sampling expensive-to-evaluate functions across the entire domain to
build an accurate surrogate for global optimization can also be prohibitively ex-
pensive. Bayesian Optimization (BO) [137, 138| is an advantageous approach in
this scenario, as it maximizes sample efficiency for expensive black-box models and,
thus, enables global optimization with minimal function evaluations. BO relies on
the prediction mean and variance to guide the decision-making of new informative
sample locations. Beyond its application in surrogate-based product design [97], a
vast field of research focuses on BO for optimizing expensive black-box models [138].

The acquisition function, often based on the Expected Improvement
function[139], balances the exploration of new regions with high prediction variance
and the exploitation of promising regions where the prediction mean is optimal [138].
This approach helps avoid getting trapped in local optima and facilitates accurate
optimization within identified regions of interest.

One of the first studies applying BO to experimental design was the article “Ef-
ficient Global Optimization of expensive black-box functions” by Jones et al. [139].
Since then, BO has been applied to several optimization problems, such as to mini-
mize disc-pad shape under squeal noise criteria with Efficient Global Optimization
in [140], to optimize the modal characteristics of an engine using adaptive hierarchi-
cal GPR [141], and to optimize a mechanical metamaterial modeled by RBF-based
surrogate in [142]. GPR is often the regressor used in BO as it provides the required
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Figure 1.12: Surrogate based RBDO of a column under compression performed by
Moustapha [89]. Figure (a) shows the optimization path, including the enrichment
points selected during adaptive sampling. Figure (b) shows how the accuracy cri-
terion decreases with optimization iterations to guarantee the surrogate accuracy
near the optimal point. The blue points are admissible; green points are the succes-
sive best points; the red points are unfeasible; cyan points are those around which
enrichment has been done during optimization.

probabilistic outputs and performs well with sparse data. Figure 1.11 illustrates a
GPR prediction with the respective acquisition function.

Surrogate models also play a significant role in Reliability-Based Design Op-
timization (RBDO), as both reliability analysis and optimization tasks involve
multiple evaluations. Moustapha and Sudret [104] presented a complete survey
on surrogate-assisted RBDO with detailed implementation details and several ap-
proaches to tackle the reliability analysis. Fei et al. [143] performed an RBDO of
turbine blade radial deformation under dynamic loads using an extreme SVM surro-
gate and importance degree model. Zhang et al. [144] used a fuzzy multi-extremum
RSM to perform an RBDO of fatigue and creep failures of a turbine blisk and
achieved accuracy similar to the MCS in a fraction of the time.

A Reliability Efficient Global Optimization approach was implemented to op-
timize friction-type tuned mass damper-controlled structures in [145]. PCE-based
Kriging was used to speed up the dynamic simulations in the RBDO of a passive
control device to mitigate vibration [146|. In his thesis, Moustapha [89] used AS with
adaptive accuracy criterion to minimize computational cost and improve accuracy
in the RBDO of the crash analysis of a lightweight vehicle. This methodology was
also applied to the RBDO of the buckling analysis of a column illustrated in Figure
1.12, which aimed to minimize the column cross area while keeping the probability
of failure under 5%. Global approximations with local refinements and domain-
decomposition-based approaches are also used to ameliorate surrogate accuracy in
regions of interest [17].

In Chapter 5 of this thesis, surrogate models are applied to accelerate optimiza-
tion and UP. The surrogates directly replace gear transmission analysis to enable
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robust design optimization of the gear transmission NVH performance. The ap-
proach considers gear teeth manufacturing uncertainties and evaluates the design
robustness through the MCS.

1.4 Future Trends and Perspectives of Digital Twins and
Machine Learning in Structural Dynamics and Vi-
broacoustics

Digital transformation is already a reality and has been changing how to solve
several industrial problems, including virtual prototyping of mechanical systems,
traditionally analyzed solely by physical models. The works referenced in this chap-
ter illustrate how this transformation is taking place and bringing advantages to the
SD&V field. Despite the progress, much should be done to scale and take full advan-
tage of the benefits offered by digital transformation. This section aims to explore
two emerging topics in ML research that can support the implementation of DTs
in SD&V: Physics-guided ML, in which physics knowledge is embedded into data-
driven methods to support the learning of consistent representations; and Transfer
Learning, which make use of existing data from related tasks to enhance accuracy
performance in scenarios with limited available data.

1.4.1 Physics-Guided Machine Learning

The big drawback of ML models, mainly when applied to physical problems, is the
lack of a theoretical foundation and interpretability, raising skepticism by part of
the scientific community. Indeed, ML models may lead to physically inconsistent
results, may fail to generalize to unseen scenarios and depend on the availability of
big data. However, physics-driven models rely on hypotheses and simplifications of
the real boundary conditions and struggle to account for uncertainties and historical
and environmental conditions. PGML is an incipient but fast-growing research field
that suggests merging physics-driven and data-driven models to take the best of
both worlds, as shown in Table 1.1 [147, 148, 29, 149, 150].

Recent reviews in [147, 151, 29, 148, 152| classify and describe PGML works
developed in different domains. The state-of-art of PGML is described here accord-
ing to the configurations in which the physical knowledge is merged with the ML
algorithm, as illustrated in Figure 1.13. Two categories can be defined: Physics
Leveraged by ML, in which ML models are used to improve the results from the sim-
plified physical models; and ML Leveraged by Physics, in which physical laws and
constraints are intrinsically embedded into the ML, guiding it to have consistent
physical results. Willard et al. [29] presented a similar categorization and associ-
ated each PGML configuration with applications for which they are appropriate.

One way ML can leverage the results of physical simulations is when the results
of the latter, and possibly its inputs, are used as ML input, which was named In-
Series Hybrid Model in Figure 1.13. The ML is trained to correct the results of
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Table 1.1: Advantages of PGML distinguishing the contributions of the data-driven
approach and the embedded physics knowledge.

Contributions from data-driven
models to PGML

Contributions from physics em-
bedded in PGML

Improve state-of-the-art  physical
models by comprising unknown
relations;

Computationally cheap to evaluate;
Handle noisy input;
Reduce model order;

Estimate aleatory and epistemic er-
rors bounds;

Improve ML predictions with domain
knowledge and inductive bias;

Provide physically consistent models;
Reduce or end need of data;
Increase interpretability of ML model;

Improve ML generalization for unseen
scenarios;

Mitigate instability issues in time in- | Reduce search space of ML algorithm

tegrators;

Provide lagged predictions to active | Improve long term-forecasting.

control;

Discover governing equations and un-
known physics;

Solve inverse problems and lead to
better parameter identification in the
physical model.

the physical model by using the real system output as the training target [38, 153].
Similarly, in residual modeling, ML learns to model the error of the physics-driven
model, and therefore, the ML can correct the model output or classify its validity,
as in [154-157, 149, 158]. Finally, the ML model can be used just as a sub-process
of the physics-driven model to evaluate one of its parameters [159, 47, 160-163|.

In the configurations that physics improves ML, the structure is case-specific
since it depends on the physical equations that govern the system. The most
common approach is physics-guided loss [153, 164-170], in which the loss function
contains penalization terms for non-physical predictions, e.g., an unexpected non-
monotonic behavior. A thorough case of physics-guided loss is the Physics-Informed
Neural Network (PINN) [171-181], in which the loss function is solely composed of
the residue of a partial differential equation formulated in its derivative form. The
equation variables are also the NN inputs, and therefore, the residue, i.e., the loss
function, is minimized by using automatic differentiation 66|, and the equation is
solved with no data needed.

Another popular approach is physics-guided architecture, in which the physical
behavior is incorporated in the ML model architecture, as is the case of sequential
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Figure 1.13: Configurations of physics-guided ML merging data-driven and physics-
driven models. The representations are illustrative and do not show the arrangement
precisely nor include all configurations.

behavior in RNN or spatial perception in CNN. Expected physical behavior can be
embedded through constraints in the weights and biases [182] or intermediate vari-
ables [183, 167] of NN architectures. Zhang et al. [184] used Long Short-Term Mem-
ory (LSTM) and graph-based tensor differentiator to enforce physical constraints
in the architecture and loss-function of metamodels of nonlinear structural systems.
Besides improving the prediction accuracy and robustness, the PGML implemented
in [184] models non-observable latent nonlinear state variables, such as the hysteretic
metric and nonlinear restoring force, delivering a more interpretable surrogate.

Domain knowledge should also be incorporated into GPR by selecting a kernel
that best defines the correlation of the different components of the underlying physics
of the problem. The authors of [185] present a framework to select stationary and
non-stationary kernels based on the characteristics of the domain, such as symmetry
and periodicity. The kernel of a GP can also be designed using knowledge of the
system’s equations of motion, which can lead to more interpretable hyperparameters
and better prediction accuracy compared to non-physics-aware kernels when few
data points are available, as shown in [186]. Other methods to embed physical
knowledge into GP priors for SHM problems are addressed in [187], including using
simple physical models as the prior of the mean function and residual modeling with
GP-NARX [188].

Elements of physics-guided loss and physics-guided architecture are used in
Neural Ordinary Differential Equation (NODE) and energy-conserving neural net-
works. In NODEs, explicit integration steps are performed in each layer of the NN as
one step evaluation of a standard ODE solver [189-193|. In energy-conserving NN,
the structure of Lagrangian and Hamiltonian equations have been embedded into the
NN construction to ensure an energy-conservative behavior, as reviewed by Lutter
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and Peters [194] and implemented in different structures in [195-202, 189, 203|.

The survey by Willard et al. [29] presents other PGML approaches, while Ba
et al. [204] merged several PGML approaches to create an NN able to generalize
well to different mechanical problems. Although it is a new topic, several recent
works employed PGML, underlying its potential. However, most PGML research
concentrates on other fields, e.g., fluids dynamics [155, 205, 206], lake modeling
[207, 167, 164, 165, 153|, climate modeling [208, 209|, and material science [210—
212]. The extensive use of PGML techniques in the SD&V is a burgeoning research
field with emerging opportunities.

For example, NODE and energy-conserving NN can be used as time integration
solvers for modeling SD&V problems, and the physics information could help solve
the difficulties posed by the non-smooth behavior of these problems. Recently, Yu
et al. [213| created a PGML model of a structural dynamic system using an RNN
encoding the equation of motion. The PGML model showed superior results even
for scarce and noisy data, with better generalizability and robustness than solely
data-driven models. Besides, it allowed computational time-saving by applying big
time-steps without facing stability issues from the purely physics-based approach.
NODE and energy-conserving NN are suitable for introducing inductive biases in
dynamic systems. Examples of how this approach can improve ML performance
under high nonlinearities and discontinuities are presented in recent works which
applied energy-conserving NN to improve data efficiency in non-smooth contact
dynamics problems [214, 215].

Yin et al. [216] introduced the APHYNITY framework to augment physical mod-
els with data information applied to dynamics forecasting. The residual modeling
approach takes into account the contributions of both physics and ML models to
the final response. Besides, the developed approach ensures that the ML response
has minimal influence on the final prediction. Therefore the physics-based model
explains as much of the prediction as possible. In addition, the APHYNITY frame-
work applied energy-conserving NN to ensure physical consistency. In problems
such as reaction-diffusion equations, wave equations, and nonlinear damped pendu-
lums, the study demonstrates how APHYNITY outperformed both the simplified
physical-based approach and the solely data-driven approach. Moreover, it improved
the identification of physical parameters.

The PGML techniques hold great potential for enhancing the performance of ML
models in SD&V applications mentioned throughout this chapter. By incorporating
PGML, ML models’ coherence, interpretability, data efficiency, and reliability can
be significantly improved.

In this thesis, we explore the use of domain knowledge to enhance DT modeling
in SD&V by employing PGFs. The PGF approach performs basic operations on
input data using feature engineering techniques, thereby imbuing the ML model
with domain-specific insights. Thus, the approach is an instance of an In-Series
Hybrid Model case of PGML (see Figure 1.13). The simplicity of the PGF approach
allows it to be seamlessly integrated into the DT framework, applicable to different
ML methods and different SD&V problems.
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1.4.2 Transfer Learning in SD&V: Bridging the Data Gap

One of the most significant hurdles faced when utilizing ML in the early stages of
product development is the scarcity of data. Traditional ML algorithms typically
demand substantial amounts of labeled data to perform satisfactorily. However,
acquiring such data can be costly, time-consuming, or unfeasible in many real-world
scenarios. Consequently, exploring alternative solutions to overcome data scarcity
in ML has become an active research area. A prominent solution that has gained
significant attention in recent years is TL, which is also being explored in the SD&V
domain.

TL is a learning framework in ML that aims to use the knowledge acquired
from one or multiple source domains to improve performance in a related target
domain [217]. By leveraging the information learned from the source domain, where
data is relatively abundant, TL reduces the need for labeled data in the target
domain. In recent years, several TL algorithms have been proposed in the literature
[217, 70, 218|, demonstrating their potential to enhance the performance of DL
models that traditionally rely on large datasets, particularly in computer vision and
natural language processing.

In the field of SD&V, TL has shown promise in various applications. For in-
stance, TL has been employed in SHM to transfer damage information and inference
between similar instances within a population, which is also known as Population-
Based SHM (PBSHM) [42, 43, 219-222] and aligns with the concept of DT Aggre-
gates (Section 1.1). PBSHM can be categorized into homogeneous and heteroge-
neous populations [42]. In homogeneous PBSHM, instances are nominally-identical
but are subject to variability in the parameters and in the environmental and op-
erational conditions. For example, [43] utilized GPR to approximate the behav-
ior of a wind farm population with structurally-equivalent wind turbines. In het-
erogeneous PBSHM, instances differ but share certain similarities. Feature-based
TL approaches have been employed in both homogeneous and heterogeneous PB-
SHM to reduce feature distribution discrepancies between source and target domains
[223, 70, 224, 225|. Alternatively, feature-based TL combined with graph represen-
tations, which identify structural similarities between instances, have been used to
transfer information among distinct instances [219, 221, 226].

Another relevant application of TL in SD&V is the transfer of knowledge from
numerical simulations to realistic scenarios, i.e., virtual models generate abundant
numerical data in the source domain, which TL leverages to enhance predictions
based on limited experimental data in the target domain. For example, Ai et al.
[227] used FEM to generate numerical acoustic emission signals and utilized un-
supervised domain adaptation to reduce the distribution difference between the
numerical and the realistic domains. Their results suggest that the proposed ap-
proach can accurately localize acoustic emission signals without labeled training
data, being helpful for damage detection. Similarly, Trinh et al. [228] employed TL
to augment scarce experimental datasets with simulated data. Their approach ef-
fectively integrated experimental measurements with multiscale numerical models,
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enabling accurate prediction of acoustic responses parameterized by microstructural
properties despite the scarcity of experimental data.

While TL has demonstrated success in various applications and the growing use
of ML to create surrogates, few studies are exploring the use of TL to enhance
the creation of DT during product design. Recent developments have shown the
effectiveness of TL for constructing multi-fidelity surrogate models. For instance,
Jiang and Durlofsky [229] successfully applied TL techniques to develop a surro-
gate model for subsurface flow prediction. Their approach involved training an
NN with low-fidelity simulation data and fine-tuning it using a limited number of
high-fidelity simulation data. The resulting surrogate model achieved a remarkable
90% reduction in training simulation costs while maintaining accurate predictions
of subsurface flow.

Another noteworthy study by Geng et al. [230] employed a deep reinforcement
learning algorithm in conjunction with a multi-fidelity surrogate model constructed
using TL to optimize propeller blade design while considering aerodynamic and
aeroacoustic performance. The multi-fidelity surrogate was constructed using sam-
ples from a low-fidelity frequency domain method and a high-fidelity Computational
Fluid Dynamics model in the time domain. TL techniques were leveraged to en-
hance both the multi-fidelity surrogate and the deep reinforcement learning-based
optimization algorithm, demonstrating significant computational cost savings and
noise reduction. Alternatively, Kim and Lee [231]| proposed an instance-based TL
method using modified domain-adversarial NN. This method utilized domain adap-
tation techniques to generate auxiliary target-domain data from a source domain and
selects useful data to improve model accuracy. The proposed method was validated
in study cases for drone surrogate modeling and bearing fault diagnosis, showing
significant improvements in prediction accuracy despite limited data availability.

Despite these developments, a recent survey by Borisov et al. [232] highlighted
the absence of well-established TL methodologies for low-dimensional tabular data,
which is common in most surrogate models. Additionally, there is often a conditional
shift between source and target tasks in surrogate applications, whereas many TL
methods, such as feature-based methods, assume a covariate shift in the data Liu
et al. [233]. These research gaps underscore the need for further exploration of TL
algorithms within the surrogate context, including searching for suitable algorithms
and exploring the viability of new applications, such as the transfer of knowledge
between related product designs.

1.5 Conclusions

This chapter explores the integration of ML algorithms and DTs in the realm of
product design in Structural Dynamics and Vibroacoustics (SD&V) analysis, within
the context of digitalization and big data. It emphasizes the crucial role of ML in
processing and interpreting the vast amounts of data generated in the digital age,
enhancing the capabilities of DT surrogates.
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The chapter first provides an extensive introduction to ML fundamentals and
offers guidance on selecting suitable algorithms for DT surrogates in the SD&V
domain, considering factors such as application objectives, database size, computa-
tional resources, problem dimensionality, data nature, uncertainty management, and
system nonlinearity. Then, it presents how ML algorithms can enhance the perfor-
mance of DT surrogates for SD&V design. At last, it discusses the current trends in
ML applications for SD&V surrogates, focusing on two approaches: Physics-Guided
Machine Learning (PGML) and Transfer Learning (TL).

The current state-of-the-art examination reveals the major challenges when ap-
plying ML to SD&V design. These include the challenge that ML encounters when
dealing with non-smooth behavior, the lack of interpretability and physical con-
straints of ML models, as well as the heavy reliance on big data—often a scarce and
expensive resource, particularly during the first stages of product design.

Consequently, the following chapters address these concerns by leveraging the
relevant techniques identified in this chapter. Chapter 2 explores ML algorithms for
non-smooth behavior, while Chapter 3 improves ML interpretability through clas-
sical and ML-based GSA. Chapter 4 investigates the viability of deep TL in surro-
gate modeling and propose its application to enhance inter-generational knowledge
transfer and data efficiency. Physics-Guided Featuress (PGFs) enhance accuracy
physical consistency and efficiency in all chapters. In Chapter 5, the integration
of these techniques culminate in an inter-generational DT framework, applicable to
practical industrial SD&V projects. The DT serves as a tool to support SD&V
design and overcome major limitations from current ML-based surrogates.



CHAPTER 2
Machine-Learning Based
Surrogates for Canonical

Vibroacoustic Analyses

Surrogate models serve as data-based approximations for computationally expensive
simulations, enabling efficient exploration of a model’s design space and facilitat-
ing informed decision-making across various physical domains. However, employing
surrogate models in the Structural Dynamics and Vibroacoustics (SD&V) domain
poses challenges due to the non-smooth and complex behavior of wave phenomena.
This chapter investigates four ML approaches for modeling SD&V analyses, using
the canonical surrogate Sound Transmission Loss (STL) problem as a study case.
The influence of the STL analyses’ model complexities, materials, and design spaces
are considered. Furthermore, Physics-Guided Featuress (PGFs) are employed to
enhance the ML models’ accuracy and physical consistency. The results obtained
demonstrate that NN surrogates incorporating PGFs outperform other ML mod-
els in accuracy across different STL models. The transferability of the proposed
techniques to other problems within the SD&V domain is discussed, along with an
analysis of potential limitations associated with the models.

A portion of this chapter’s work has been previously published by the authors
in reference [107], Applied Sciences journal, and reference [234], International Con-
ference on Noise and Vibration Engineering.
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Introduction

Surrogate models have been widely used as effective decision-making and risk man-
agement tools in various domains [235-237]. These surrogates allow for the con-
struction of DTs and enable the creation of optimal and reliable designs, online
monitoring, and real-time control.

Recently, surrogates in the SD&V domain have increasingly relied on ML tech-
niques. This shift is mainly due to the improved accuracy and reduced evaluation
times offered by ML approaches compared to traditional methods. However, to en-
sure the soundness of further surrogate-based developments in the SD&V domain
and the reliability of surrogate-enabled solutions, it is imperative to develop guide-
lines for constructing accurate ML-based surrogates considering the particulars of
the domain.

One of the key challenges in constructing accurate ML-based surrogates in the
SD&V domain is the presence of non-smooth response functions. ML methods typ-
ically assume the local smoothness of the data, thus making modeling non-smooth
functions particularly challenging. While several studies have applied ML-based
surrogates in SD&V, there is a lack of comprehensive comparisons regarding the
overall performance of different ML algorithms when dealing with vibroacoustics
analyses.

This chapter has two main objectives. Firstly, we aim to identify effective ML
methods in modeling non-smooth functions within the SD&V domain. To accom-
plish this, we conduct a benchmark analysis of four popular regression ML models
and determine which one is best suited for creating surrogates in SD&V. Our second
objective is to explore techniques for incorporating domain knowledge into SD&V
surrogates, to enhance physical consistency and potentially improve the accuracy of
ML models. To achieve this, we apply algebraic transformations to the system in-
puts, aligning them with existing SD&V physical models. Throughout this chapter,
our investigations are centered around the classical vibroacoustic problem of STL.
By focusing on this problem, we can provide concrete examples and demonstrate
the effectiveness of our approaches in the context of SD&V.

The main contributions of this chapter can be summarized as follows:

1. Series of numerical experiments to assess the accuracy of ML-based surrogates

in effectively modeling non-smooth SD&V problems.
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2. Identification of ML algorithms that are well-suited for different levels of
smoothness and complexity present in the target function.

3. Implementation of physics-guided features to embed domain knowledge into
otherwise black-box ML models.

4. Study of the impact of changing the input space on the performance of ML

surrogates.

The chapter is organized as follows: Section 2.1 presents the methodology and
implementation details of the ML-based surrogates. Section 2.2 describes the STL
phenomena and the various methodologies employed to model them. Benchmark-
ing analyses comparing the performance of ML algorithms to predict diverse STL
problems are covered in Sections 2.3. Specifically, Section 2.3.1 focuses on STL of
infinite plates with different material properties, while Section 2.3.2 compares the
performance of different physics-based models, which result in varying degrees of
non-smoothness in the STL response. The strengths and limitations of each ML
method are discussed, along with an investigation into the effects of incorporating
PGF in the surrogates. In Section 2.3.3, we analyze the influence of design space
size and location on the ML-based surrogate performance. Finally, Section presents
the chapter’s conclusion and discusses the transferability of the findings to other
vibroacoustic problems. The data and algorithms used in this work are available on
GitHub (Accessed 14 June 2023).

2.1 Guidelines for Implementing Physics-Guided ML
Surrogates

A surrogate model is a computationally inexpensive mathematical approximation of
a complex simulation. More formally, let f : X — Y be the simulated function. The
surrogate model can be defined as a function f : X — Y, where X C X is the set
of interest for the surrogate model, and Y is the associated codomain. The relation
between the simulated function and the surrogate is given by:

f@i) =i = fla;) + &, Vo € X, (2.1)
where &; is the surrogate’s prediction error. The predictor f (x) is fitted with N
input/output pairs {z;,y;} sampled from the simulated function to minimize the
error g; for all inputs in the set of interest. In the following, the steps for constructing
the ML surrogate models are illustrated in Figure 2.1.

2.1.1 Sampling Methods

The first stage in designing a surrogate model is to define informative supporting
points using an adequate sampling strategy to keep the number of samples N small
due to the high computational cost of evaluating f(x). In random sampling, all
points in the interval of interest have an equal probability of being drawn. Although
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Figure 2.1: Workflow of ML-based surrogate models.

having low bias and being easy to deploy, random sampling can lead to gaps in the
input domain. Thus, we employ LHS to define the supporting points for the training
of the surrogates. The LHS approach segments the input space into M intervals
along each dimension, and randomly samples from each interval, better depicting
the target function’s input domain [235].

2.1.2 Physics-Based Ground Truth Function

A physics-based function f(z) provides the physical guidance to train the surrogate.
Therefore, it should provide a close representation of the physical problem. In
the literature, different physical-based models capture the complex behavior of the
STL problem with distinct levels of detail [238]. This chapter implements four
STL methodologies described in Section 2.2 to evaluate the ML-based surrogate
capabilities.

2.1.3 Data Preprocessing and Physics-Guided Features

The accuracy of data-driven models can improve significantly with the proper op-
erations over the feature set. Here, features refer to the different dimensions of the
input data x € X. In feature engineering, domain knowledge is used to select the
most informative features of an input set and to add PGF's through basic operations
over the raw data to improve the predictor’s accuracy. Feature scaling is another
crucial preprocessing step, especially for ML predictors which are distance-based,
for example, GPR, or gradient-based ones, such as NN. The goal of feature scaling
is to remove the effect of the different range of values in the input so that equal
importance is given to each feature in the fitting of the regressor. In addition, it
guarantees that the gradient descent is updated with similar rates for all features,
improving convergence. Normalization and standardization are the main methods
for feature scaling.

2.1.4 Machine Learning-Based Predictor

The predictor function f (x) can be fitted with different ML models. This chapter
investigates four popular ML regression algorithms that do not impose strong as-
sumptions on the form of the modeled function, namely NN (see Section 1.2.2.2),
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GPR (see Section 1.2.2.3), RF, and GBT (see Section 1.2.2.4). The ML models’

hyperparameters were selected based on a trial-and-error search and are as follows:

NN-based surrogate models. The NN were implemented using Keras with
tensorflow as backend. One regressor was trained to output all STL predictions
at Noutputs frequencies. Standardization was applied to all input features, while the
outputs were scaled in the range [0, 1]. The fully connected NNs had an architecture
with nipputs nodes in the input layer, five hidden layers with 32 nodes each, and
Noutputs N0des in the output layer, where ng,pues is the number of input features.
All hidden layers had the sigmoid as activation functions and an L2 regularization
penalty of 1e~7. The training was performed with batches of 32 samples and 1500
epochs, except for the MS and FEM models, in which the NN trained for 2500
epochs. The Adam algorithm was applied to minimize the average MSE of the STL
curve prediction.

GPR-based surrogate models. The kernel k used to construct the GPR used
a constant kernel k¢, a Matern 3/2 kernel kjs, a RBF kernel krpr and a white noise
kernel k, combined as k(x;, ;) = ko (x4, x5) *kn (24, 25) + krr (T, ;) + ko (24, 25).
The kernel hyperparameters were optimized to maximize the log-marginal likelihood
of the posterior distribution with ten restarts. One GPR predicted the STL at
Noutputs frequencies. The preprocessing of the inputs and outputs was the same as
the NN-based surrogate models.

RF-based surrogate models. An RF was trained to output the STL for the
analyzed frequency range. The RF was made up of 200 CARTs without a depth
limit. The impurity criterion was the mean of the averaged squared error among
the Noutputs outputs.

GBT-based surrogate models. The GBT predictor comprised 125 decision
trees with a maximum depth of 10 nodes. The learning rate of the training was set
to 0.05. A different GBT predictor was trained for each predicted output willing to
minimize the MSE.

2.2 Case Study: Sound Transmission Loss (STL) - Defi-
nition and Methodologies

When an acoustic wave hits a plate, it is partially reflected in the incident acoustic
field and partially absorbed by the plate itself. Most of the absorbed portion excites
the plate, making it vibrate and radiate noise in both the incident and transmitted
fields, as illustrated in Figure 2.2. The STL is defined by the ratio between the
incident sound power P; and the sound power transmitted through the plate Pr,
being usually evaluated in decibels as

P2

T

(2.2)
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The transmitted noise is inversely proportional to the system effective
impedance, which is the sum of the mechanical impedance of the plate and the fluid-
loading impedance [239]. The effective impedance depends on the fluid properties,
the incident 6 and azimuth ¢ angles of the incident wave, the material, dimensions,
and boundary conditions of the plate. At frequencies below the first natural fre-
quency of the plate, the plate dynamics influence on the STL is negligible, and the
STL is controlled mainly by the plate bending stiffness D.

When the driving frequency is close to the first natural frequencies of the plate,
the resonant behavior of the plate governs the STL. As the frequency increases and
the resonant behavior attenuates, the plate behavior approaches that of a limp mass,
and thus, the STL depends solely on the surface mass density

m = hp, (2.3)

where h is the thickness and p is the density of the plate.

The STL can be approximated by the mass law at this frequency range, as
demonstrated in [239]. The limp mass assumption and the mass law approximation
are valid for thin plates in frequencies where the bending stiffness is irrelevant.

With the increase in frequency, the coincidence phenomenon occurs, and the
mass law is no longer valid. The coincidence happens when the trace velocity of the
acoustic wave projected in the plate is equal to the velocity of its natural bending
wave. These waves superpose and create a scenario of minimal impedance, maxi-
mizing sound transmission. The coincidence frequency wepine in which the trace and
the bending wavenumbers coincide is evaluated by:

2
cg |ph
Weoine = sin 0 D’ (24)

where cg is the characteristic sound speed, and p is the plate density. The minimum

frequency in which coincidence occurs is for grazing incidence (6 = 90°) and is called
critical frequency weri+, where the plate damping controls the amplitude of the valley
in the STL. Above the critical frequency, the coincidence phenomenon occurs for
gradually smaller incidence angles, and the STL is controlled by the plate bending
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Figure 2.3: Typical STL curve of an isotropic plate as a function of frequency. The
stiffness, resonance, mass, and coincidence regions are represented.

behavior. Figure 2.3 illustrates the typical STL curve of an isotropic plate and its
influence regions.

Four different methodologies with increasing complexities will be considered to
model the STL of a plate. The higher the complexity, the higher the expected level
of non-smoothness, allowing for the evaluation of ML performance with increasingly
challenging levels. The first and simplest methodology considered is the analytical
STL solution for an infinite plate, for which different material properties are con-
sidered, namely isotropic, orthotropic, and sandwich materials. As the unbounded
infinite plate is not affected by the resonances, the STL in low frequencies relies
mainly on the surface density mass. To account for the plate width a and length b,
the radiation efficiency of a finite plate may be considered instead of the radiation
efficiency of the infinite plate. Spatial windowing and Rayleigh-integral-based tech-
niques can be used for this purpose, resulting in a correction factor applied to the
infinite transmission transparency [238] that modifies mainly the results below the
critical frequency, where the plate modal behavior determines the sound radiated.

However, detailed STL evaluation of finite plates must account for its structural
response under forced vibrations. The current work implements Modal Summa-
tion (MS) and the FEM to fully model the vibroacoustic phenomena in the STL
of an isotropic finite plate with simply supported boundary conditions. In these
approaches, the STL has a highly rough behavior as the STL is controlled by the
plate modes’ natural frequencies and radiation efficiencies control. Furthermore, in
practical scenarios, only the overall STL behavior defines the plate design; thus,
the band-averaged STL can be considered. Therefore, the results obtained with MS
and FEM are also evaluated in one-third octave frequency bands. In summary, this
study employs various physics-driven models of STL using four different methodolo-
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gies and considers three different materials as the basis for establishing the accuracy
of surrogate models, as enumerated below:

1. Analytical solution for infinite plates (Section 2.2.1) with:
(a) isotropic materials,
(b) orthotropic materials, and
(c) sandwich materials.

2. Correction factor approach for STL of finite isotropic plates (Section 2.2.2).

3. Analytical MS approach of finite isotropic plates (Section 2.2.3)
(a) without band average, and
(b) with band average.

4. Numerical FEM of isotropic plates (Section 2.2.4)
(a) without band average, and
(b) with band average.

The following sections describe the above methodologies conform to the nota-
tion in Figure 2.2. The plate is in the plane z = 0, separating the source field
P|.~¢ and the transmission field P|,o, both filled with a light fluid with density
po and characteristic sound speed cy. Considering that a harmonic plane wave with
wavenumber vector

w
k= (ks ky kz)T = —(sinficos¢ sinfsing cos H)T (2.5)
€o
impinges the plate with incident angle 6 and azimuth angle ¢, the resultant incident
acoustic pressure field is

P’z>0 — PI + PR _ plei(wtszxfkyyszz) _i_pRei(wt*kzﬂ?*knyrkzz)? (26)

where p; is the amplitudes of the incident wave in the incident field P;, and pg is
the amplitude of the wave reflected by the plate, which forms the reflected field Pg.
The plate vibration also radiates a plane wave of magnitude pr in the transmission
field Pr, for which acoustic pressure is given by:

P’z<0 _ PT _ pTei(wt—kzx—kyy—kzz)_ (27)

The structural-acoustic coupling equation states that there must be continuity
of acoustic and mechanics velocities at the interface of the plate with the acoustic

fields:

oP )
= 2.
82 Z=0i pow w’ ( 8)

where w = W(az,y)e(i“’t) is the plate transverse displacement. For the sake of
brevity, the factor e(®? will be omitted from the equations hereafter. Therefore,

the coupling equations in the source and transmission side are, respectively:

ikz(PR — P]) = powgw, (2.9)
—ik, Pr = pow?w, (2.10)



2.2. Case Study: Sound Transmission Loss (STL) - Definition and
Methodologies 45

from which the following relationship between the pressure fields’ amplitudes is
obtained:

Pr = P; — Pr. (2.11)

By definition, the acoustic transparency 7 is the ratio between transmitted and
incident sound intensity, where the sound intensity can be written as:

_ AP

I = |P; - v ,
PoCo

(2.12)

where the subscript ¢ indicates the acoustic field, which can be the incident, trans-
mitted, or reflected field, and v; is the local fluid velocity. Therefore, the acoustic

transparency is:
Pr|?
T(QZS, 07 (.U) = |5

B (2.13)

The acoustic transparency for a diffuse field 74(w) is the weighted average transmis-
sion coefficient of all possible incident and azimuth angles:

2m 0”/2 7(¢, 0, w) cos O sin OdOd¢

Ta(w) = =2
0% 071'/2 cos 0 sin 0dfdo

(2.14)

The STL is the inverse of the acoustic transparency measured on the dB scale
(Equation (2.2)). To find the relationship between the pressure field amplitudes in
Equation (2.13), the constitutive equation of motion of the plate should be solved
combined with Equation (2.11).

2.2.1 Analytical Approach for Infinite Plates with Different Mate-
rials

The plate constitutive equation can be formulated as a function of the plate
impedance Z as

iZuww=F = Py — Pl._o+ (2.15)
= (P; — Pg) — (Pr) (2.16)
— 2(P; — Pr), (2.17)

Combining Equations (2.10) and (2.15), it is possible to find the relation:

Pr <Z0089 >_1
— +1 , 2.18
Pr 2poco (2.18)

which is straightforwardly applied in Equation (2.13) to find the acoustic trans-
parency for a plane wave. As Equation (2.14) does not have a close analytical
solution, it is numerically evaluated to output STL for a diffuse field.
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2.2.1.1 Isotropic Thin Plate

The constitutive equation of motion of an isotropic thin plate can be written as:
DV*w — w?*mw = ¢, (2.19)

where ¢ is the external force per unit area, D is the the isotropic plate’s bending
stiffness,

p—_ B (L), (2.20)

C12(1 — 2
FE is the elastic modulus, v is the Poisson’s ratio, and n is the damping loss factor
of the plate.

For the case of an infinite isotropic plate proposed by Cremer [240] and imple-
mented in accordance to Christen et al. [241], the plate response is independent of
¢. Therefore, one can write:

V= o= ik = —i;d—o sin 0, (2.21)

and Equation (2.19) is rewritten as:

o
<D4 sin? 6 — mw2> w = q. (2.22)
o

Thus, the radiation impedance of the finite-size plate reads as:

w2D

Z(w,0) = <1 -— sin 9) iwm. (2.23)
0

As observed in [239], while the first term of Z(w, 6) in Equation (2.23) is dom-
inated by the plate inertia, the second term is stiffness-controlled. The natural
propagating wavenumber of the thin isotropic plate is the bending wavenumber

1/4
kp = # / [239]. Therefore, its coincidence frequency occurs at

2 |ph
wcoin,t(e) = sin% 9 5 (224)

2.2.1.2 Orthotropic Plate

An orthotropic plate has different properties in the x and y directions. Therefore,
the plate response depends on the wave azimuth direction ¢. Thus the structural
impedance of an infinite orthotropic plate in the STL problem is given by [242]:

Z(w,0,¢) = (1 — wQD(qi) sin’ 0) iwph, (2.25)

mcy
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where D(¢) is the heading bending stiffness of the plate and is defined as
D(¢) = Dy cos ¢ + 2D,y sin® ¢ cos® ¢ + D, sin ¢

h3(1 41
== (E(E COS4 Qs + Q(Eyvmy =+ 2ny) Sin2 ¢ C052 ¢ + Ey Sin4 ¢) ( + “7) .
12 (1 — By )
Ey "xy
(2.26)

In Equation (2.26), the sub-indices correspond to the direction relative to each
material property, and G, is the in-plane shear modulus.

The behavior of the plate-bending wave on an orthotropic plate varies according
to the wave’s direction. Thus, the coincidence frequency occurs at different azimuth

' B & | ph
Wcmn,o((ba 0) ~ sinZg D(d)) . (227>

Two special cases of Equation (2.27) are important in the STL analysis of or-

angle ¢, and is given by

thotropic plates, namely the critical frequencies corresponding to the directions z
and y, i.e., when ¢ = 0° and ¢ = 90°, respectively, and are calculated as

2 /ph 2 [ ph
Werit,e = Cp %x and Werit,y = Cp %u (228)

2.2.1.3 Sandwich Panels

Sandwich structures are composite structures composed of two thin and stiff plates,
the skin layers, interspersed with a thick layer of lightweight material, the core layer,
and are widely used due to their good stiffness-weight ratio. Sandwich material can
be designed to shift the critical frequency to higher frequencies and increase the
transmission loss at coincidence due to the dampening effects of the core layer.

As the core layer is thick, its transverse shear deformation must be considered.
To include these effects, the constitutive equation of motion of sandwich plates
becomes [243, 242]:

N

where N represents the transverse shear rigidity of the plate. Consequently, the

DF?
Dk — puw? <1 + l“) w = gq, (2.29)

structural impedance of the sandwich plate can be described by the following equa-
tion:
D D
Z(w,0) = imw [1 + <2 sin? @ — —— (1 + in) sin* 9) w2] . (2.30)
Ncg mc
In the proposed formulation in [242], the bending stiffness and damping contri-
bution are given by the skin layers, and the shear stiffness contribution by the core
layer. Thus, for an isotropic sandwich material with a honeycomb core, the bending
stiffness can be written as:

hs\ 2
D = E,h2h, <1 - h) (1 +in), (2.31)

Cc
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and the shear stiffness is given by [243]:

2
N = Gch, <1 + hs) , (2.32)
he

where G, is the shear modulus of the core. The subindices ¢ and s relate respectively
to core and skin. When the shear stiffness approaches infinity, this formulation
simplifies to that of a thin plate.

The coincidence frequency for a thick isotropic sandwich plate is given by [244]
is given by:
cgm

= 2
Dsint 0 (1 _ anze))

Weoin,s (6) (2.33)

2.2.2 Correction Factor Approach for Isotropic Thin Plates

Based on the Rayleigh-integral method, Atalla et al. [245] propose to apply a cor-
rection factor to the acoustic transparency of the infinite plate 7., to account for
effects of the plate size, such that the acoustic transparency of a finite plate could
be approximated by:

Ttin = (0OR €08 0)Too, (2.34)

where the radiation efficiency op is given by

or(0,¢,a,b) = %(me;gf;j 2 (2.35)

The structural impedance Zy;, is evaluated as:

S

where S designates the surface of the panel, and G is the half-space Green’s function.
Rhazi and Atalla [246] proposes analytical simplifications, so that o simplifies into:

Zfin:jpow//€_i(k””x+kyy)G(:E,y;xl,y/) X e_i(k“urkyy/)dmdydx'dy', (2.36)
SJS

a

b 1
on(0,6.0.0) = 1o [ SP0.u0).0.bdn (2.37)

where p = (4¢/m — 1). This equation can be evaluated using Gaussian numerical
integration. The function F'(6, u(¢),a,b) and the details of its derivation are found
in [246]. Although the correction factor approach is simplified, the resultant modified
STL curve is coherent with experimental curves with band average [238].

2.2.3 Modal Summation Approach for Isotropic Thin Plates

An analytical solution of the fluid-structure iteration problem of a simply supported
plate can also be obtained by modeling the plate displacement w in terms of a modal
summation [247, 248|:

w(x,y,z) = Zam,ng’m,n(%y)a (2.38)

m,n
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where »°, . is the short format for 377", >77% |, the subindices m and n indicate
the mode index, o, is the coefficient of the contribution of each mode for the
displacement field, and ¢, ,(z,y) (Equation (2.39)) is the modal function that
satisfies the simply supported boundary conditions (Equation (2.40)).

. /mmzT\ . (NTY
‘pm,n(l'?y) = slﬂ( a ) s ( b ) ’ (2'39>
0%w 0w
= w2 Vg =0 fore=ta/2, (2.40)
2 2
w 0 w+V(9 w =0, fory=+b/2.

o2 e

Using the 2D Fourier Transform, each pressure field P; can also be described as
a modal summation:

Pi(x,y,z) = Zpim,n(pmﬂ(xay)eikzza (241)

m,n

where the signal of the exponential function depends on the propagation direction
of the plane wave in the field, and in which the coefficient of the contribution of the
pressure field p;,, ,, reads as:

4 b ra i
Pimmn = ab/o /0 pi€ Z(k”:“”’“yy)gonm(:lc,y)almdy. (2.42)

Substituting Equations (2.38), (2.41) and (2.42) into Equation (2.19) and ap-
plying the weighted residuals method:

A

DV4 Z am,n@m,n - w2m Z am,n()@m,n_
m,n m,n (2.43)

Z 2 (plm,n - me,n) Pmon | Pmndrdy = 0.

m,n

As the modal functions have orthogonal properties {¢;x}? M{pp,} = 0 for
j # hor k # g, Equation (2.43) reads as

f(f f()a [V4‘Pm,n] Omndrdy
D
f(f foa Om,ndrdy

if inter-modal coupling is neglected. The integrals on the first term can be analyti-

m,n

— Qnqw?m = 2 (P — PTmn) =0 (2.44)

cally evaluated, and the relation from Equation (2.9) is used, resulting in:

' 2
2 2 | o WPoc

Wi — W p—; O = Eplm’"’ (2.45)
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where wy,, are the natural frequencies of the simply supported plate, and pr,, ,
can be analytically evaluated by solving the integrals from Equation (2.42). Finally,
the solution of the system of equation in Equation (2.45) provides the coefficients of
modal participation au, , and, consequently, the displacement w (Equation (2.38)).
The coefficients pr,, ,, are evaluated with Equation (2.10), and the acoustic trans-
parency is obtained by:

Zm,n ’me,nP

T7(0,0) = .
( (b) Zm,n ‘pfm,n‘Z

(2.46)

2.2.4 Finite Element Method Approach for Isotropic Thin Plates

The numerical solution of the STL problem was implemented in COMSOL
Multiphysics® software [249] using FEM. The plate was modeled by homoge-
neous shell elements with simply supported boundary conditions, while the receiver
acoustic field was modeled by 3D finite elements with perfectly matched layers in
its external interfaces to simulate the free-field condition. The FEM model does
not include the acoustic field on the source side, but an equivalent pressure load
is applied to the plate to account for the fluid load. The fluid pressure is modeled
as the summation of 200 components in random directions to simulate the diffuse
field. The frequency domain formulation is used to solve the coupled plate consti-
tutive equation and acoustic wave equation. The incident and transmitted power
are then calculated as the integral of the incident and transmitted intensity on the
plate surface, respectively. Details on the theory and numerical implementation can
be found in [250].

2.3 Benchmarking ML Surrogates for Modelling STL in
Plates

2.3.1 Infinite Plates with Material Variability

This section compares the accuracy of NN, GPR, RF, and GBT-based surrogate
models with and without PGF in predicting the STL for infinite plates with different
material properties such as isotropic, orthotropic, and sandwich structures. To
generate the datasets, LHS was used to sample up to 500 input-output pairs from
the physics models described in Section 2.2.1, considering the diffuse field as the
incident acoustic field. The training of the ML models was performed using 80%
of the dataset, while the remaining 20% was used as a test dataset to evaluate the
surrogate performance using the Root Mean Square Error (RMSE) obtained with
five-fold cross-validation as the evaluation metric. The computations in this and
following chapters were conducted on a desktop with a hexa-core 3.1 GHz processor
and 32 GB of RAM. Python was used as the primary programming language, and
Matlab functions provided the analytical STL solutions.

The selected design spaces have a broad variation range to train surrogates
suitable for design exploration. For the isotropic thin plate case, the design space
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Table 2.1: Design space considered for the isotropic thin plate analyses.

Inputs h E v p n
Units mm GPa -  ki/m* %
Lower Bound 7 55 0.20 2300 0.1
Upper Bound 8 8 035 3300 1

Table 2.2: Design space considered for the orthotropic plate analyses.

Inputs h E,. v p n E, Gy

Units mm GPa - ki/m> % GPa GPa
Lower Bound | 3.25 190 0.25 1300 0.1 ) 50
Upper Bound | 4 260 0.35 1800 1 10 65

Table 2.3: Design space considered for the sandwich plate analyses.

Units mm GPa MPa k/m? mm kim® %
Lower Bound 1 55 0.10 2300 15 60 0.1

Inputs hg Eg G Ps h. Pe n

Upper Bound 2 85 0.70 3300 25 120 1

encompassed a wide range of aluminum grades and is presented in Table 2.1. The
investigations of the STL for an orthotropic plate considered a unidirectional fiber-
reinforced composite plate in which carbon fibers are oriented along the x axis
with resin as matrix material, resulting in different Young modulus in the in-plane
directions. Table 2.2 provides the orthotropic plate properties ranges. The sandwich
plates considered consisted of thin aluminum skin layers and a thick honeycomb core,
and the design space for this case is provided in Table 2.3.

Figure 2.4 illustrates the results of the benchmarking study, showing the RMSE
of the ML-based surrogate predictions without the use of PGFs, represented by
dashed lines (===-). All four ML algorithms achieve satisfactory accuracy in pre-
dicting the STL, even with relatively small datasets. However, the NN and GPR
models outperform the RF and GBT models in accuracy.

The prediction errors for isotropic thin plates are smaller than those for the
sandwich and orthotropic plates. This disparity can be attributed to the lower di-
mensionality of the isotropic problem, which involves fewer variables. Additionally,
the phenomena being predicted for the sandwich and orthotropic cases are more
complex, with coincidence phenomena occurring in multiple directions for the or-
thotropic case and transverse shear phenomena considered in the sandwich case.
Despite the more significant errors in the sandwich case, the NN and GPR-based
surrogates trained with 500 supporting points maintain an average RMSE of ap-
proximately 0.25dB across all frequencies, which is satisfactory.
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Next, we investigate the influence of Physics-Guided Featuress (PGFs) on ML
prediction performance. The selection of PGFs should be based on the underlying
physics of the problem. For the isotropic thin plates, two PGFs were considered:
mass density m and the real part of the bending stiffness Dy from Equation (2.20).
Similarly, for the orthotropic plates, the PGFs included mass density m and the
coefficients of the heading bending stiffness, D,, D,, and D, from Equation 2.26.
In the case of sandwich plates, in addition to mass density and the real part of the
bending stiffness from Equation (2.31), the shear stiffness given by Equation (2.32)

and the geometric term
B\ 2
g= <1 + h) , (2.47)

were included as PGFs. According to STL theory, the mass density m controls
the STL in the mass region, the bending stiffness has a significant influence on
the coincidence region, and the shear stiffness influences the coincidence frequency
[239, 243].

The results of the ML models’ predictions with PGFs are depicted by the dotted
lines () in Figure 2.4. A comparison of the prediction errors with and without
PGFs reveals that including PGFs improves ML accuracy, particularly for RF and
GBT algorithms. The results with and without PGFs show similar performance for
NN and GPR models.

2.3.2 Isotropic Plate Modeled with Different Complexities

In the previous section, we established that ML-based surrogate models provide
accurate predictions for the STL analysis of infinite plates. This section aims to
extend the analysis by comparing the performance of NN, GPR, RF, and GBT
models in terms of accuracy and training time when predicting the STL of both
infinite and finite thin isotropic plates with increasing complexity. As complexity
rises, the non-smoothness degree of the analysis increases, allowing us to assess the
ML models’ robustness in the face of the challenges that arise in SD&V.

The benchmarking study covers the four STL physical modeling approaches
described in Section 2.2. This analysis allows us to evaluate the robustness of ML
surrogates’ accuracy in capturing non-smooth behavior. Additionally, we discuss
the elapsed time required for training the ML models and examine the influence
of the selected design space and the PGF. The database used in this section has
2000 supporting points sampled with LHS from the design space of Table 2.4. The
design space encompasses a wide range of aluminum grades and aluminum matrix
composites.

Figure 2.5 shows the RMSE of each surrogate’s prediction for all six STL mod-
els at different dataset sizes. The results reveal that the surrogates’ performance
improves considerably when datasets of up to 1000 samples are used. However, the
improvement is reduced for large dataset sizes, suggesting that sampling additional
points may not justify the increase in accuracy.
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Table 2.4: Design space with the set of interest used to sample supporting points.

p E v 7 h a b

ke/m* GPa - % mm m m
min 2000 60 025 0.1 5 03 03
max 3000 150 035 20 7 06 0.6

Among the ML models, the NN-based surrogates consistently achieve better
accuracy when big datasets are used. This can be justified because NN can produce
a better fit on non-smooth functions than other ML approaches [251]. The GPR
model, widely used for constructing surrogates, performs well for the infinite plate
and correction factor models and struggles with highly non-smooth models due to
its reliance on spatial correlation of input features [252].

Furthermore, we analyze the influence of PGFs on the surrogate models’ per-
formance. The mass density m and the real part of the bending stiffness Dp are
included as PGFs for all STL approaches. For the cases with finite plate, the non-
smoothness of the modal behavior poses difficulties for the ML models. Therefore,
we also include the resonance coefficient term

D

= (2.48)

as a PGF in the surrogate model for the MS and FEM analyses. The resonant term
R is the coefficient of the first term of Equation (2.45) and relates with the simply
supported plate natural frequencies and, thus, its modal behavior.

As observed in Figure 2.5, the addition of PGFs consistently produces more
accurate models. The improvement obtained due to the PGFs in the NN-based
surrogate performance is not as significant as for the other ML models, highlight-
ing NN’s ability to learn complex representations of the data even without expert
guidance. Except for the FEM model, the NN-based surrogates of all STL models
achieved RMSE below 3 dB, which are satisfactory results since measurements errors
in STL experiments usually also go up to 3 dB. The RMSEs for the FEM model are
higher due to the overall more complex simulation and stochastic excitation, which
renders the data less reliable.

In addition to accuracy, training time is an important consideration when se-
lecting a surrogate model. Figure 2.6 presents the training time for each ML model.
RF and GBT surrogates are significantly faster to train than the other two methods
since the training of decision-tree-based models scales loglinearly with the dataset
size [253|. As no efficient multi-output implementation of GBT is available, it was
required to fit one GBT model for each input frequency, increasing the overall train-
ing time compared to the RF model. On the other hand, GPR is computationally
expensive to train for large datasets as its operations scale as O(N3) [254]. It is
worth noting that GPR, GBT, and RF provide sensitivity analysis as a by-product,
making them more interpretable than NN. However, NN and GPR exhibit better
extrapolation capabilities compared to decision-tree-based methods.
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Figure 2.5: Benchmark of ML-based surrogate regarding the accuracy in relation to
the dataset size for different model complexities. = Neural Network; — Gaussian
Process Regressor; =— Random Forest; — Gradient Boosting Trees; without ----

and with = =+ Physics-Guided Features.

To visually assess the accuracy of the predicted STL curves, Figure 2.7 shows an
example of the predicted STL curve for each STL model using the most accurate sur-
rogate which is the NN model with PGFs trained over 2000 supporting points. The
predicted curves are remarkably similar to the simulated ones, indicating that NN-
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Figure 2.6: Benchmarking of ML-based surrogate regarding the training time in
relation to the dataset size: —— Neural Network; — Gaussian Process Regressor;
— Random Forest; — Gradient Boosting Trees.

based surrogates can capture the non-smooth behavior of vibroacoustic problems.
Figure 2.8 provides a deeper look into the NN-based surrogate model errors for each
STL model, additionally indicating the Mean Absolute Error (MAE) and the Mean
Maximum Error (MME). For instance, the MME indicates high localized errors in
MS and FEM models without band average. Therefore, although these surrogates
adequately predict the overall STL behavior, they may considerably mispredict local
maxima and minima of a rough response signal.

Overall, the developed surrogate models perform satisfactorily for most studied
cases. Even highly discontinuous and rough functions could be adequately pre-
dicted. Although the ML algorithms’ performance is problem-specific, they usually
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Figure 2.8: Mean absolute error (MAE), mean maximum error (MME) per STL
design, and RMSE of the NN-based surrogate model with physics-guided features.

perform well in related tasks; therefore, the benchmarking provides insights into the
suitability of the ML methods to model vibroacoustic problems with non-smooth
behavior.
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2.3.3 Influence of Selected Design Space on the ML Prediction
Performance

To further explore the performance of NN-based surrogates, an investigation was
conducted to evaluate their accuracy regarding the set of interest X. Four design
spaces were considered: the standard design space D from Table 2.4, the smallest
design space D, and the two largest design spaces Df and D;’ . The design spaces
D and D have the same size but are located in different places in the domain X,
as illustrated in Figure 2.9. The range of damping, Poisson’s ratio, and the width and
length of the plates remained consistent across all design spaces, following the values
specified in Table 2.4. Figure 2.9 shows the resulting range of critical frequencies.

For each design space, 500 supporting points were sampled using LHS for the
STL models of the infinite plate, correction factor, and MS with and without one-
third octave band average.
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Figure 2.9: Range of the input variables used for each design space considered
(a—c), the volume of the design spaces relative to the volume of the standard design
space D (d) and the range of critical frequencies resulting from each design space

(e).

Figure 2.10 presents the accuracy obtained with an NN-based surrogate model
trained with physics-guided features for each set of interest and the STL method.
The results indicate that the surrogate error tends to increase with the design space
size, especially for the infinite plate and correction factor models. However, for the
MS model without band average, the difference in the surrogates’ accuracy is not

relevant.
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Figure 2.10: NN-based surrogate accuracy for the design spaces D, D, D] and Dy
when modeling the STL problem with different approaches:

Furthermore, it can be observed that a considerable difference in accuracy is
obtained for design spaces Df and 2?2+ , although they have the same size. This is
because the samples from D; have, on average, a simpler behavior than the samples
from Dj, once many of them present critical frequency higher than 2500 Hz, which
is above the frequency range modeled by the surrogates. Thus, the location of the
design space can have more of an effect on surrogate accuracy than its size.

2.4 Conclusions and Discussion

This chapter focused on investigating the use of ML-based surrogate modeling in
the context of SD&V systems, specifically for STL analyses. The surrogates were
evaluated for different material properties and at varying complexity levels, including
analytical and numerical approaches.

The ML-based surrogates demonstrated their ability to achieve satisfactory ac-
curacy for STL predictions, even in the presence of highly non-smooth behavior.
However, as the complexity and irregularity of the system response increase, these
surrogates require additional support points to maintain accuracy.

Among the four ML methods studied, NN and GPR surrogates outperformed
RF and GBT-based surrogates for the infinite STL analyses of thin isotropic plates,
orthotropic plates, and sandwich plates. However, when considering more complex
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scenarios, such as STL of finite plates, NN models outperformed GPR, RF, and
GBT, while the Decision Tree-based algorithms (RF and GBT) exhibited notably
faster training times.

Furthermore, including domain knowledge through PGFs generally improved the
surrogate performance, highlighting the importance of incorporating physical under-
standing into the ML modeling process. The influence of PGF was less significant
for simpler problems and NN-based models.

The surrogate errors are also shown to be proportional to the design space size
for the surrogate with less complex STL models but do not change significantly with
the design space size for the STL with high non-smooth responses. On the other
hand, the location of the design space in the input domain has a relevant impact on
the accuracy in all cases.

Although the results were generated for the case of STL, some conclusions can
be generalized to guide the implementation of accurate surrogates for other SD&V
problems with similar behavior. The capability of the ML-based surrogate, espe-
cially the NN-driven, to predict non-smooth behavior observed in STL analyses
indicates their potential effectiveness in other SD&V analyses.

Therefore, this chapter presents good practices and methods to create ML-based
surrogate models for SD&V problems with improved accuracy, and physical guid-
ance, increasing confidence in the model. The vibroacoustic surrogates can serve as
informed and efficient decision-making tools, particularly suitable for constructing
the DT Prototype proposed in this thesis.



CHAPTER 3

On the Interpretability of Digital
Twins Using Global Sensitivity
Analysis

Although ML-based DT have shown promising results in accurately speeding up
vibroacoustic simulations, the lack of interpretability and physics foundation inhibit
the widespread usage of these models by the scientific community. Therefore, this
chapter aims to enhance the interpretability of these ML-based DTs. To achieve
this goal, we employ GSA and PGF to improve the interpretability and physical
consistency of ML-based simulations for the STL problem across various plate ma-
terials, model complexities, and incident fields. Computationally efficient sensitivity
analysis is obtained via the MDI, which is the byproduct of the training of the RF
surrogate models. The resulting sensitivity indices were similar to the traditional
Sobol indices and more accurate than FAST for small datasets. Moreover, intro-
ducing basic expert knowledge into the ML inputs helped interpret the physical
meaning of sensitivity indices throughout the frequency spectrum. The GSA also
assists in dimension reduction and, thus, surrogate accuracy.

The authors have previously published a part of this chapter’s content, referring
to [107] in the Applied Sciences journal, as well as [234] presented at the International
Conference on Noise and Vibration Engineering.
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Introduction

Recently ML has enhanced SD&V analyses by, for example, detecting and pre-
dicting failures with high accuracy [255] and speeding up costly simulations [135].
These methods, however, are classified as “black-box”, meaning that the causal re-
lationship between the model’s inputs and outputs is not explicitly determined. As
understanding the underlying physics of the model is crucial in product design to
support decision-making and to advance innovation, the adoption of ML in SD&V
has been lagging. This chapter addresses this limitation by employing SA and PGF
to enhance the interpretability of ML-based surrogates for STL.

SA assesses the importance of each input parameter to determine the output vari-
ability of a system [256] and, thus, it is widely used to improve the interpretability
of models and phenomena. Local SA, commonly used in the SD&V domain [257—
259, assesses the effects of individually varying the inputs at a given point in the
design space. On the other hand, GSA methods, such as FAST [260| and Sobol’s
method [261], provide sensitivities indices that can capture interaction effects and
nonlinearities and are valid for a broad input variation range [256]. The drawback
of GSA is that it usually demands a specific sampling method and numerous eval-
uations [262]. In vibroacoustic studies, GSA has been applied to investigate panel
sound absorption levels [263], vehicles’ interior noise [264|, and STL [242, 265|.

In the context of ML model interpretability, both classic SA and ML-specific
techniques are utilized [266, 267]. Mean Decrease in Accuracy (MDA), also known
as permutation feature importance, is an ML-specific technique that measures global
first-order sensitivities of ML models by assessing the impact of randomly permuting
feature values on model accuracy. Additionally, specific ML algorithms incorporate
sensitivity indices as a post-processing step during training [268, 269]. An example
is MDI, a by-product of RF that provides sensitivity indices similar to Sobol’s total
sensitivity indices [270, 86].

This chapter contributes to developing interpretable ML models by applying
classical variance-based GSA and MDI together with PGF. The methodology is
evaluated using various STL cases, and the results are compared with the STL sen-
sitivity analyses in [242, 271]. The presented methodology applies to other engineer-
ing problems and experimental setups, enabling system identification and scientific
discoveries. In summary, the main contributions of this chapter are:

1. Comparative analysis of MDI indices with Sobol and FAST indices regarding

their formulation, accuracy, flexibility, and time elapsed.

2. Demonstration of how MDI and Sobol, combined with surrogates, enhance
interpretability and understanding of physical phenomena with negligible ad-
ditional computational cost.

3. Demonstration of the methodology’s effectiveness through a comprehensive
analysis of various model approaches, incident fields, and material properties
in the context of the STL problem.

4. Showcase the effectiveness of PGF in enhancing surrogate accuracy and inter-
pretability.
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5. Utilization of GSA for screening, reducing problem dimension, and improving

surrogate accuracy.

This chapter is structured as follows: In Section 3.1, we introduce variance- and
ML-based GSA theory, including Sobol’s, FAST methods (Section 3.1.1), and MDI
(Section 3.1.2). Section 3.2 presents GSA results for STL analyses. A comparison
between FAST and MDI is in Section 3.2.1, while MDI sensitivity results and PGF
influence are discussed in Sections 3.2.2 and 3.2.4, respectively, for STL with different
materials and modelling approaches. The effects of dimension reduction via GSA
are demonstrated in Section 3.2.4. Conclusions appear in Section 3.3.

3.1 Global Sensitivity Analysis Methodology

3.1.1 Variance-Based Sensitivity Analysis

In the variance-based SA, the importance of each input and input interaction is
assessed by their contribution to the output variance. Sobol’s decomposition of
variance states that the total variance of the output of a model ¥V = f(x) =
f(z1,22,...,2p) can be represented as the sum of the individual effects of each
input x;, denoted as V;, and the higher-order effects from the interactions between
a set of inputs as long as some conditions are met [261, 272]. That is:

D D D
VarlY] =V =3 "Vi+> > Vij+---+Viz_p. (3.1)
i=1

i=1 j>i

Following [261, 272], the first-order Sobol sensitivity indices or main effect indices
of the input variable z; can be expressed in terms of conditional expected values as

Vi Bel (Y7

Si )
|4 \%

(3.2)
where x.; denotes the set of all variables but z; and the numerator of S; is equivalent
to the expected average reduction of the output variance when z; is fixed [273|. The
total contribution of the variable z; to the variance output, including the effects
caused by its interactions with other variables, is measured by the total sensitivity
index [256]:

g 1 Vare (Ba(Y]x-)
! Vv
The total sensitivity indices can be interpreted as the remaining variance when
all terms but z; are fixed [274]. The sum of the total sensitivity indices is equal
to or greater than one. When equal to one, the function is additive, i.e., only the

(3.3)

first-order terms contribute to the variance, and there is no effect of the interaction
between any parameter, what read as St, = .S;.

Evaluating variance-based sensitivity indices involves sampling and uncertainty
quantification stages usually based on Monte Carlo or quasi-Monte Carlo integral
methods, which are computationally intensive. A popular and less costly technique
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to evaluate variance-based sensitivity indices is the FAST, developed by Cukier
et al. [260] to evaluate the main effect indices. The FAST method was extended
by Saltelli et al. [275] to include the computation of the total effects and is now
integrated with Sobol’s indices. FAST uses a particular period sampling approach
to define the multiple Fourier series expansion approximating the function f(x).
As the Fourier series expansion can be decomposed as an Analysis Of Variance
(ANOVA)-like decomposition, the components of the model variance can be modeled
in terms of the Fourier coefficients [274]. The FAST and Sobol methods assume
uncorrelated and independent variables. Otherwise, they lead to biased results if
specific methodologies for correlated and dependent variables are not applied [267].

3.1.2 Mean Decrease in Impurity

Besides being efficient and able to approximate complex models, RF's are relatively
interpretable ML models. They provide different ways to access feature importances
that relate to sensitivity indices. One is the MDI approach, a by-product of RF
training. The principle of MDI is that the contribution of each input feature to
reduce the impurity error is a measure of its importance. Given an RF with ®,; trees,
k = 1,...,T and following the notations at Section 1.2.2.4, the MDI importance
can be defined as |79, 86]:

1 L
MDI(¢:) = D> e, = Qz‘)Lt tAGn(Qinatn)a (3.4)
K=1ned, °

where 1(g;, = ¢;) is one if ¢;, = ¢; and zero otherwise. The impurity Gy, (¢, ,tn) is
defined according to Equation (1.3). The term AG,(q;,,t,) denotes the change in
impurity at node n € ®,. This change is weighted based on the fraction of samples at
this node in relation to the total training size, denoted as ﬁ Therefore, similarly
to how the total Sobol indices can be interpreted as the effect of one input variable
in the output variance decrease, the MDI indices are the effect of the input feature
in the RF impurity decrease. Indeed, Scornet [276] proved that, for the case of
additive functions with independent variables, the MDI of a decision tree provides
a decomposition of the output variance. In the presence of interactions, consistent
MDI can be obtained via RF, i.e., by averaging the MDI of several decision trees
[276]. Scornet also showed that the MDI is biased towards positively correlated
variables.

MDA is also often applied to evaluate the SA of RF models. Jaxa-Rozen and
Kwakkel [270] compared MDI and MDA indices with Sobol and Moris metrics for
different study cases and highlighted that both MDI and MDA meet the criteria
of an "ideal" sensitivity metric, i.e., "suitable for global sampling projects, indepen-
dent of model structure, relatively easy to implement numerically, stable across all
sample sizes and bootstrap resamples and applicable with generic input sampling and
heterogeneous input types”. Nonetheless, MDI and MDA do not provide the direct
effects of inputs on output variance, but their relative importances. The direct ef-
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fects can be assessed by applying traditional SA approaches to the fitted RF-based
surrogate.

3.2 Results and Discussions

3.2.1 Comparison of Variance-Based and Mean Decrease in Impu-
rity Sensitivity Analyses

In this section, the total importances obtained with the variance-based SA using
Sobol and FAST are compared with the MDI results regarding accuracy and com-
puting time. The Salib library [277] was used to obtain the sensitivity indices with
Sobol and FAST approaches, while the RF models were instantiated and trained
using sklearn. One RF with 100 trees is trained for each of the N, outputs and
15% of the database is used to assess the RFs accuracy. The same RF architecture
is used in the remaining sections of this chapter. The following comparison was
made for the STL of isotropic infinite thin plates impinged by a diffuse field. The
five-dimensional design space considered is presented in Table 2.1.

The MDI indices are comparable with the variance-based total effect indices St
but on different scales, as the MDI indices sum up to one, while ), Sz, >= 1. Thus,
to enable a prompt comparison between MDI indices and Sr, the importances will

be scaled as St, = ZgT" MDI and FAST accuracies were evaluated having as a

reference model R the Sobol analyses with 24576 evaluations, which was determined
after a convergence test. The accuracy error of the sensitivity indices from analysis
A in relation to the reference R is evaluated by

N, D
1 A -
(4, R) = D§ > 157 = SR (3.5)

Figure 3.1 shows the comparison between the performance of FAST and RF.
The MDI indices are more accurate with few evaluations, while the FAST method
is slightly more accurate for large databases. The elapsed time for the same number
of samples is similar for both methods since sampling is the most time-consuming
stage of both approaches. Recently Chai et al. [271] showed good agreement be-
tween FAST and MDA importances obtained with RF-based surrogates for an STL
analysis. However, the approach did not prove advantageous due to the extra cost
of MDA and its lack of mathematical foundation.

The scaled total sensitivity importances calculated with the three approaches
are shown in Figure 3.2 for visual comparison. MDI and FAST importances were
computed using 1280 evaluations, being that the RMSE of the surrogate evaluated
in the test dataset was 0.40 dB. Figure 3.1a and Figure 3.2 indicate that there is a
good agreement among the sensitivity indices calculated by all approaches and that
the MDI indices obtained with RF-based surrogates are suitable indicators of input
importance when few samples are available. Besides that, the RF can be trained
based on a generic sampling strategy, while FAST requires a particular sampling
scheme and can not reuse previous model evaluations.
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Figure 3.1: Comparison of Sensitivity Analyses approaches.

Furthermore, once a surrogate model is trained, it can quickly perform many
forwarding analyses and be applied for classical sensitivity analysis. To illustrate
this application, the NN-based surrogate trained in Section 2.3.1 with 500 supporting
points was used to replace the true STL model in the calculation of Sobol’s sensitivity
indices with 24576 evaluations. While the elapsed time using the true model was
1867s, the analysis using the NN-based surrogate took 16s, i.e., around 116 times
faster. At a previous stage, the sampling and training of the NN-based surrogate
took 140s.Figure 3.3 presents the first-order Sobol’s sensitivity indices calculated
with both the true model and the NN surrogate model, from which the similarity
of the results can be observed.

The advantage of the Sobol approach compared to MDI is that it allows for
separately evaluating first and total order indices, therefore, facilitating the iden-
tification of input interactions or additive behavior. Figure 3.4a shows the total
order of Sobol’s indices, indicating that the interactions between inputs only occur
around 1800H z, i.e., at the critical frequency range. Moreover, the higher order
sensitivity indices indicated in Figure 3.4b represent only the importance due to
these interactions, clarifying which inputs are interacting.

3.2.2 Sensitivity Analysis of STL Surrogate Models with Different
Materials

Surrogate-based sensitivity analysis can approximate expensive GSA and bring in-
terpretability to the surrogate model, a constant demand from the scientific com-
munity regarding black-box models. Interpretability is also a prerequisite for the
"explainable AI" field, which is critical for legal purposes as societies leverage Al.
This section analyzes the STL for different materials and incident acoustic fields
through surrogate models and the MDI sensitivity analysis. It should be noted that
the MDI results depend on the selected design space, as is the case for every GSA,
and thus, the results cannot be generalized to other input ranges. The analytical
STL models and designed spaces used in this section are the same from Section
2.3.1. Each surrogate model was trained with 500 supporting points.
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Figure 3.2: Total sensitivity indexes of the STL analyses for isotropic plates.

3.2.2.1 Isotropic Plates

According to the theory of STL for infinite thin isotropic plates [239], two response
regions are expected: the inertia-controlled region, in which the mass law can ap-
proximate the STL, and the stiffness-controlled region. These regions correspond to
the region where the first and second terms of the structural impedance of the plate
in Equation (2.23) predominate, respectively.

The MDI sensitivity analysis performed for a plane wave with § = 60° depicted in
Figure 3.5 clearly shows both regions, the inertia controlled, where the variance in p
and h defines all the output variance and goes up to around 2000 Hz, and the stiffness
controlled region where E and h play major roles. The transition frequency range
between these regions matches the range of the coincidence frequency for this space
design, which ranges from approximately 1680 Hz to 2680 Hz. According to STL
physics, the amplitude of the STL valley at the coincidence frequency is controlled
by the plate damping 7, which importance slightly rises at this frequency range in
Figure 3.5. As noted by [242], when a set of interest rather than a specific plate
design is considered, the location of the coincidence frequency dip is more relevant
for the STL result than its amplitude, explaining why the damping importance is
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smaller than expected.
In the case of an incident diffuse field (Figure 3.2), the coincidence phenomenon
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Table 3.1: Main MDI importances at different regions of STL of isotropic plates.

w<we, Atwcw. w>w
Plane Wave p,h p,h, B, n E. h
Diffuse Field p,h E.h n

occurs at the frequencies above the critical frequency, which varies approximately
between 1400 and 2000 Hz. This range coincides with the range of critical frequencies
calculated according to Equation (2.4) and shown in Figure 3.6 for the design space
considered. In this frequency range, the importance of the inputs E and h, related
to the stiffness, predominates. At higher frequencies in the coincidence region,
the damping importance increases because for each frequency w > w. there will
be a component of the diffuse field with an angle 6 such that wepinc(d) = w, and
the amplitude is again the significant aspect of the STL. Thus, predicting the dip
location is essential to minimize the error at the critical frequency range, while
the STL amplitude is more important in the coincidence region. These results are
summarized in Table 3.1 and corroborate that the RF-based surrogate is physically
consistent and interpretable.

3.2.2.2 Orthotropic Plates

In the case of orthotropic plates, the coincidence phenomena occur in multiple direc-
tions, leading to multiple coincidence frequencies for each incident angle. To these
phenomena, the STL’s sensitivity indices of orthotropic plates were evaluated for
incident plane waves with 8 = 80°, close to grazing angle, and with azimuth angle
¢ equals 0°, 45°, and 90°. The results are depicted in Figures 3.8a to 3.8c. It is
noted that, regardless of the direction of the incident wave, the low-frequency region
is controlled by plate inertia. Nonetheless, the behavior of the MDI indices in the
high-frequency region differs for each wave direction.

The results for ¢ = 0° are similar to the ones for the isotropic plate (Figure 3.5),
where h and FE, are the most important variables. Besides that, the small peaks
of damping and stiffness importances coincide with the beginning of the theoretical
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Figure 3.7: Histogram of the critical frequencies from the STL orthotropic plate
designs in the set of interest from Table 2.2.

range of w., (Equation (2.27)), which ranges from approximately 1500 to 3000Hz,
as depicted in Figure 3.7a. Similar peaks are identified for the results with ¢ = 45°
at higher frequencies, indicating where the coincidence phenomenon starts. The
in-plane shear modulus G, has considerably more influence when ¢ = 45°, which
aligns with the expected physical behavior for a highly orthotropic material. Finally,
for ¢ = 90°, the bending stiffness in the y direction becomes the most important
variable at high frequencies, and the coincidence peak also coincides with the start
of we,y range, which goes from around 8 to 16 kHz (Figure 3.7b).

Figure 3.8d presents the MDI indices for the diffuse field analyses, where there
is a remarkable increase in £, and £, importances in the regions of w., and we.y
ranges, respectively. In both regions, h also had increased importance. In the
entire coincidence region, the damping importance is primordial. The findings for
the MDI indices of the orthotropic plates are summarized in Table 3.2. Generally,
for STL with an incident plane wave, the STL at w > Wepinc is controlled by the
corresponding stiffness. For STL with the diffuse field, the importance of variables
related to stiffness increases at the critical frequencies, while the coincidence region
is damping-controlled.

Table 3.2: Main MDI importances at different regions of STL for orthotropic plates.
Results were obtained for plane wave (PW) cases with incident angle § = 80° and
variable azimuth angle ¢, and for the diffuse field case.

w<We, WRW, W, <w<We, WNW, w > we,
PW: ¢ =0° o, h p, hEyxm E., h E.h E.h
PW: ¢ =45° o, h o, h ps h,Geym Ey.Gey, b Ep,Gey, h
PW: ¢ =90° o, h p,h p,h p,h, Eyn Ey,, h

Diffuse Field o, h E., h n E,, n n
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Figure 3.8: MDI indices of the STL analyses of orthotropic plates.

3.2.2.3 Sandwich Panels

The MDI indices were assessed for the STL using an incident plane wave with an
angle of § = 80° (see Figure 3.10a) and the STL with a diffuse field (see Figure
3.10b). Notably, similar to the damping coefficient 7, the out-of-plane core shear
modulus G does not significantly affect the STL response to a plane wave. However,
its importance becomes significantly higher at high frequencies in the case of a
diffuse field. Additionally, the core thickness h. plays a crucial role in determining
the coincidence region, as it influences the plate’s bending stiffness. Once again, the
change in behavior of the MDI indices in the diffuse field aligns with the range of
critical frequencies calculated using Equation (2.33), as depicted in Figure 3.9

Table 3.3 summarizes the main MDI importances obtained for the sandwich
plate analyses.
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Figure 3.10: MDI indices of the STL analyses of sandwich plates evaluated with
RF-based surrogate.

Table 3.3: Main MDI importances at different regions of STL of sandwich plates.

w < We At w = w, W > We
Plane Wave  ps,hs E, hg., peakinnand G FEg hs., G
Diffuse Field ps,hs FE,hse, peakinnand G n,G, hs

3.2.3 The Impact of Physics-Guided Features and Feature Screen-
ing on ML Interpretability and Accuracy

Chapter 2 showed that including PGF during surrogate training can enhance pre-
diction accuracy. This section evaluates the impact of PGFs on the surrogate’s
interpretability and sensitivity indices. Furthermore, the information from sensi-
tivity indices allows us to identify the most relevant features and perform feature
screening, i.e., remove unimportant features to reduce the problem dimensionality.

The investigation is based on the MDI analyses for isotropic, orthotropic, and
sandwich plates with an incident diffuse field. The PGF are the same used in Chap-
ter 2 and presented in Table 3.5. The RFs are retrained with the same databases
used in previous sections, and therefore, the time elapsed to perform the following
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analyses is negligible. The feature screening procedure excluded features with aver-
age importance smaller than 5% and maximum importance for individual outputs
smaller than 20%. Table 3.4 shows the PGF added for each analysis and underlines
the selected relevant features.

Table 3.4: Physics-guided features included and important variables selected under-

lined.
STL Variables Physics-guided features
Isotropic Plates h,E,v,p,n m, D
Orthotropic Plates h, E;, By, Gyy,v,p,1 m, Dy, Dy, Dy
Sandwich Plates  h,, E. G, ps. he, pe. 1] m,D.N,Y

Figure 3.11 shows the MDI indices for the plate materials considered. Four
general aspects are noted:
e In the mass-controlled region, the variance is entirely defined by m.

e The regions of critical frequencies are preceded by an increase in the impor-
tance of densities p with a subsequent increase in the stiffness related to the
vibration mode of the coincidence phenomenon.

e In the coincidence regions, the STL variability is composed mainly of the
effects of damping 7 and, for the sandwich case, core shear modulus G.

e Input interactions occur mainly at the critical frequency range.

The results show that the variable effects can be better represented within the
added physical-guided terms. For example, the original analysis of the isotropic
case (Figure 3.2c) showed a contribution of h both at low and high frequencies,
while in Figure 3.11a, these contributions are encompassed by m and D at low
and high frequencies, respectively. However, it should be stressed that the PGFs
depend on or correlate with other input variables, and the MDI indices may be
biased towards them [276]. Therefore, the MDI indices of Figure 3.11a can help
identify the contributions of complex physical terms in the system output, but they
should not quantitatively determine their importance. In addition to assisting the
interpretation of MDI analysis results, the addition of the engineered features guides
the RF model to follow the known physics. In this way, the PGFs increase the
physical consistency of the black box and improve its accuracy, as seen in Table 3.5.

3.2.4 Sensitivity Analysis of STL Surrogate Models with Different
Complexities

This section investigates the interpretability and consistency of the ML-based surro-
gates with different physics-driven models of STL presented in Section 2.3.2. MDI-
based sensitivity analysis reveals the importance of each parameter in the system
response, rendering the surrogate more interpretable. Additionally, the addition of
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Figure 3.11: MDI indices of STL analyses with addition of PGF and carrying out
feature screening.

PGF to the RF models, namely mass density m, the real part of the bending stiff-
ness Dp, and the resonance coeflicient term R, is evaluated together with reasoning
on the physical insights from the GSA analyses.

For all cases, the critical frequencies for this design space range between ap-
proximately 1000 and 2500 Hz, as shown in Figure 3.12. One RF regressor with
200 decision trees was trained for each frequency of interest to obtain the features’
importance of the outputs.

0
500 1000 1500 2000 2500
Critical Frequency [Hz]

Figure 3.12: Histogram of the critical frequencies from the STL designs in the set
of interest from Table 2.4.
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Table 3.5: Accuracy of the RF-based surrogate with and without Physics-Guided
Features (PGF) in terms of the RMSE.

Accuracy without PGF  Accuracy with PGF
and Feature Screening and Feature Screening

Isotropic Plates 0.50 dB 0.35 dB
Orthotropic Plates 0.27 dB 0.23 dB
Sandwich Plates 1.10 dB 0.88 dB

Figure 3.13a,b show the MDI-based sensitivity index obtained with the infinite
plate models with and without using PGFs, respectively. The same observations
made in Section 3.2.2 for the isotropic case stand here, i.e., distinctly mass-controlled
and stiffness-controlled regions and the increasing importance of damping at higher
frequencies. Furthermore, including the PGFs improves the surrogate accuracy from
an RMSE of 0.21 +0.00 dB to 0.12 £+ 0.01 dB.

h h
1r 1 I
p p
E E
508 v % 08 v
= =
S n = n
206 2 0.6 m
2 2 Dy
204t Z 04
(3 3
v 2]
0.2 0.2

O DA S X0 DO, SO SO A s T Y SN N P G
RINE AN PPETH T S P RTR

Frequency [Hz] Frequency [Hz]
(a) (b)

Figure 3.13: The mean decrease in impurity (MDI)-based sensitivity indices of the
STL with the analytical infinite plate model: (a) the inputs of the surrogate only
consist of the STL variables (RMSE = 0.21+0.00 dB); (b) m and Dp are included
as PGFs for the surrogate (RMSE = 0.12 £+ 0.01 dB).

The MDI-based sensitivity indices change considerably when the model consid-
ers the structural dynamics of the finite plate and its resonant modes, as for the
STL results with MS and FEM approaches in Figures 3.15 and 3.16, respectively.
Overall, the sensitivity indices of the MS and FEM approaches are similar, indicat-
ing that they model the vibroacoustic phenomena with analogous considerations.
The bending stiffness and the plate dimensions have a considerably high sensitivity
index throughout the frequency range. Therefore, the behavior of the finite plates
under analysis diverges from the one of a limp mass, an assumption held by the mass
law and considered in the mass-controlled region of both the analytical approach
for infinite plates and the correction factor approach for finite plates. Indeed, the
mass density importance is negligible in the resonant region, and its influence in the
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Figure 3.14: MDI-based sensitivity of the STL of finite plates evaluated with the
correction factor: (a) the inputs of the surrogate only consist of the STL variables
(RMSE = 0.36 £0.01 dB); (b) m and Dp are included as PGFs for the surrogate
(RMSE = 0.25+0.01 dB).

middle-frequency range is not predominant.
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Figure 3.15: MDI-based sensitivity of the STL of finite plates evaluated with modal
summation: (a) the inputs of the surrogate only consist of the STL variables
(RMSE = 3.38 £0.03 dB); (b) m and Dpg are included as PGFs for the surro-
gate (RMSE = 3.24 £ 0.02 dB).

The sensitivity indices of STL of finite plates based on the correction factor ap-
proach (Figure 3.14) differ from the infinite plate indices only in the low-frequency
region. This result is coherent with the methodology, which applies a correction fac-
tor in the low-frequency range to account for the plate dimensions and comprehend
its resonant behavior. Although the plate stiffness would theoretically also impact
the resonant modes of the structure, the STL evaluated by the correction factor is
insensitive to this feature in the resonant region of Figure 3.14. Once more, the
RMSE decreases from 0.36 dB to 0.25 dB with the inclusion of PGFs.

The achieved surrogate accuracy with PGFs is 3.24 4+ 0.02 dB for the MS-based
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Figure 3.16: MDI-based sensitivity of the STL of finite plates evaluated with FEM:
(a) the inputs of the surrogate only consist of the STL variables (RMSE = 5.76 +
0.06 dB); (b) m and Dpg are included as PGFs for the surrogate (RMSE = 5.60 +
0.06 dB).
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Figure 3.17: MDI-based sensitivity of the STL of finite plates including mass density
m, the real part of bending stiffness Dy and the resonance coefficient term R as PGF:
(a) sensitivity indices from MS dataset (RMSE = 2.67 £+ 0.02 dB); (b) sensitivity
indices from FEM dataset (RMSE = 4.86 £ 0.05 dB).

results and 5.60 £ 0.06 dB for the FEM-based results. The high complexity and
non-smooth behavior of the STL response with ML and FEM approaches lead to
relatively poor surrogate accuracy even when m and D are used as PGFs, compro-
mising the sensitivity analyses’ accuracy. In particular, at high frequencies, the even
distribution of the sensitivity indices among the features indicates higher complexity
and possibly higher inaccuracies. As the modal behavior of the plate is posing diffi-
culties for the surrogate model, the resonance coefficient term R (Equation (2.48)),
which relates to the plate natural frequencies, is included as another PGF for the
surrogates of the FEM and MS models.

Figure 3.17 shows that the resonance coeflicient feature controls the STL in the
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Figure 3.18: MDI-based sensitivity of the 1/3 octave band average STL of finite
plates evaluated by modal summation (MS):(a) the inputs of the surrogate only
consist of the STL variables (RMSE = 2.194+0.05 dB); (b) m and Dpg are included
as PGFs for the surrogate (RMSE = 2.01£0.02 dB);(c) m, Dgr and R are included
as PGFs for the surrogate (RMSE = 1.49 £+ 0.02 dB).

low-frequency range. Although the accuracy improved to 2.67+0.02 dB for the MS-
based results and to 4.86 + 0.05 dB for the FEM-based results, it remains elevated.
Additional improvements in the accuracy could be obtained by feature selection, as
performed in the previous section.

Finally, the MDI-based sensitivity index is evaluated with one-third octave band
average STL with MS and FEM, as shown in Figures 3.18 and 3.19, respectively.
Once again, the stiffness and dimensions of the plate play a major role in all fre-
quencies. The surrogate models that include the three PGFs have the best accuracy,
which is RMSE = 1.49 + 0.02 dB for the MS model and RMSFE = 1.63 + 0.03 dB
for the FEM model.
ing smooths the STL curve while keeping the information valuable for practical

These surrogates have better accuracy as the band averag-

purposes.

The results presented in this section show evidence of the physical consistency
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Figure 3.19: MDI-based sensitivity of the 1/3 octave band average STL of
finite plate evaluated by FEM: (a) the inputs of the surrogate only con-
sist of the STL variables (RMSE = 223 + 0.02 dB); (b) m and Dg
are included as PGFs for the swrrogate (RMSE = 2.09 + 0.02 dB);
(c) m, Dg and R are included as PGFs for the surrogate (RMSE = 1.63 + 0.03
dB).

of the surrogate models, as the STL sensitivity indices have a behavior coherent
with the literature of each STL physics-driven model. Furthermore, the sensitivity
indices of the width and length of the plate are consistently equivalent in all analyses,
as expected for isotropic materials. Physical inconsistencies could indicate regions
where the ML model is not accurate. The investigation also demonstrates that PGFs
can be readily included to improve surrogate accuracy and lead to a more apparent
distinction of STL regions in the sensitivity analysis. However, interpreting the
resulting feature’s importance is not straightforward when PGFs are included, as
the input features are no longer independent.

3.3 Conclusion

Interpretable and physics-guided RF-based surrogate models were implemented for
the STL analysis through MDI sensitivity analyses and physics-guided features.
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The MDI-based sensitivity indices showed good accuracy related to the reference
Sobol’s total sensitivity indices even for a small number of function evaluations.
The MDI method proves to be potentially advantageous over FAST since it does not
depend on a minimum number of evaluation points and specific sampling methods,
furthermore, its performance was superior to or close to FAST performance for
the same number of evaluations. However, it should be highlighted that the MDI
accuracy depends on the RF’s accuracy. The inclusion of physics-guided features
was beneficial for surrogate accuracy. Furthermore, the combined use of MDI with
feature engineering allows to explore the importance of user-defined terms, clarifying
the physical relationships of the analyses.

These capabilities were illustrated for the STL analyses performed, which eluci-
dated different aspects of the STL.Therefore, physics-based interpretations enabled
by the methods implemented can increase the level of confidence in the surrogate and
allow an in-depth comprehension of the physical phenomena with the potential to
boost scientific discovery supported by data. In summary, the MDI-based sensitiv-
ity analyses presented in this chapter are a cheap-to-evaluate method that improves
the surrogate interpretability and reliability and allows for the use of data-based
information to deepen physical discussions on variable importance and interactions.



CHAPTER 4
Deep Transfer Learning for
Inter-Generational Digital Twin

Prototyping under Data Scarcity:
A Viability Study

This chapter investigates the viability of using Transfer Learning (TL) for early
Digital Twin (DT) construction under data scarcity, particularly in the context of
surrogate models. Previous chapters have shown that Neural Network (NN) algo-
rithms are suitable for constructing DT in vibroacoustic problems, albeit with a
significant demand for data. In response to this data-demanding nature, we pro-
pose using TL techniques to harness information from previous product generations,
thereby mitigating the need for extensive new data. Notably, there is a research gap
in the well-established use of TL for applications with tabular data and conditional
shifts, as is the case for surrogate models. To investigate the effectiveness of TL
in this context, we evaluate various TL approaches, assessing their performance in
transferring information between functions with controlled correlation. This chapter
complements the previous chapters by addressing the issue of data scarcity in the
development of accurate DT for vibroacoustic problems. It also sets the stage for
applying DT in industrial settings where data availability is limited.
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Introduction

DTs play a key role in supporting information management and data leverage for
Product Lifecycle Management (PLM). In real-world PLM scenarios, the experience
accumulated from past product generations significantly contributes to the design of
new products, leading to more efficient and effective product development processes.
However, knowledge maintenance heavily relies on the expertise of product designers
and lacks systematic approaches to ensure information continuity across different
product generations. This chapter aims to bridge this research gap by investigating
the application of TL to automate and systematize the data leverage from previous
product generations. By doing so, the chapter seeks to allow DTs to evolve across
different product generations in a data-efficient manner, reducing the reliance on
individual expertise and on the acquisition of new data at each new generation of
products.

While traditional ML approaches learn a task from scratch, TL takes advantage
of knowledge gained from previous ML problems (Ds, T;), the source problems, to
improve the performance of the predictive function hp(-) in a related target ML
problem (Dy, T;), where either Dg # Drp or Tg # Tr, or both [278, 217| (Figure
4.1). When the source and the target problems are related, the leverage of latent
knowledge from the larger source dataset can potentially minimize the requirement
for abundant high-quality data in the target problem, thereby improving data effi-
ciency and model accuracy [217]. The main challenge in TL lies in alleviating shifts
in the input feature space (heterogeneous TL) or data distribution (homogeneous
TL) between the source and target domains [279].

Source ML Source Data Source Model 3 Source Task
Problem 9(-)(.5:73/.5‘) € Xs x Vs E hs(-) = fs(-) fs:Xs = Vs

Knowledge Transfer

Target ML , Target Data Target Model Target Task
Problem _)(XT,YT) € Xr x Vr > hr() ~ fr() > friXr—Vr

Figure 4.1: Transfer Learning representation.

The TL literature encompasses a wide range of techniques that offer significant
benefits, especially for DL models, as TL reduces the model’s reliance on large
datasets [217, 218, 279]. TL’s success has been remarkable in various fields, including
autonomous driving systems, natural language processing, recommendation systems,
and computer vision [218, 278|.

In the field of SD&V, TL has gained significance, particularly in its application to
Population-Based SHM (PBSHM) [42, 43, 219-222]. PBSHM focuses on transferring
damage inference and damage-sensitive features within a population of structures
or machines. This transfer can occur between nominally identical instances exhibit-
ing variations in parameters, environmental conditions, and operational conditions
(homogeneous PBSHM) or between distinct instances that share certain similarities
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(heterogencous PBSHM) [42]. In both homogeneous and heterogeneous PBSHM,
feature-based TL approaches have mainly been used to address feature distribution
discrepancies between the source and target domains [223, 70, 224, 225, 11]. Ad-
ditionally, TL combined with graph representations has been employed to identify
structural similarities between instances, facilitating the transfer of information in
heterogeneous PBSHM (219, 221, 226].

Another relevant application of TL in SD&V is the transfer of knowledge from
simulated to real domains. In this context, virtual models generate abundant nu-
merical data in the source domain, which TL leverages to enhance predictions based
on limited experimental data in the target domain. For instance, Trinh et al. [228]
addressed scarce experimental datasets by applying TL to augment them with sim-
ulated data, enabling accurate prediction of acoustic responses parameterized by
microstructural properties despite the scarcity of experimental data. In damage
detection, Ai et al. [227] employed domain adaptation to transfer information from
acoustic emission signals generated using FEM simulations to real-world scenarios,
accurately locating the source of acoustic emission signals even in the absence of
labeled experimental data. Furthermore, TL from simulated to real environments
has been employed to reduce training costs in reinforcement learning for robotic
control [280, 281].

Despite TL’s promising outcomes and the increasing use of ML-based surrogate
models, the combination of TL and ML-based surrogates remains relatively unex-
plored in the literature. Most existing studies focus on applying TL to construct
multi-fidelity surrogate models. For example, Jiang and Durlofsky [229] applied TL
techniques to develop a subsurface flow prediction surrogate model. They trained
an NN with low-fidelity simulation data and fine-tuned it using a limited amount
of high-fidelity simulation data, achieving a remarkable 90% reduction in training
simulation costs while maintaining accurate predictions. Geng et al. [230] utilized
TL with a deep reinforcement learning algorithm to construct a multi-fidelity sur-
rogate model of a propeller blade and optimize its aerodynamic and aeroacoustic
performance. They leveraged TL techniques to improve both the surrogate model
and the optimization algorithm, leading to significant computational cost savings
and noise reduction. Introducing an instance-based TL method, Kim and Lee [231]
used a modified domain-adversarial NN to transfer information between the surro-
gate models of distinct designs. They augmented target-domain through domain
adaptation techniques and subsequently selected helpful data, resulting in improved
predictions for drone surrogate modeling with limited datasets.

To the best of the authors’ knowledge, no prior research has explored the ap-
plication of TL to transfer knowledge between different product generations. This
study introduces a novel use of deep TL to aid in DT prototyping by leveraging
data from previous product generations. We assume that since previous and cur-
rent generations share similarities and are governed by the same physical principles,
their domains are inherently related, enabling the transfer of valuable information
between them.

However, this application involves applying TL to a conditional shift regression
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problem with relatively low dimensionality, while most TL studies, especially in deep
TL, focus on high-dimensional classification problems with covariate shift. Notably,
Borisov et al. [232] highlighted the absence of well-established TL methodologies
for tabular data, and Liu et al. [233] and Chen et al. [282] emphasized the lack of
studies on conditional shift regression problems. Therefore, our first objective is to
examine the viability of deep TL methods under conditional shift with tabular data
and evaluate the best approaches considering the discrepancy between the source
and target domains. We also evaluate the impact of TL under different degrees of
non-smoothness to ensure applicability in the SD&V domain.

The main contributions of this chapter can be summarized as follows:

e Introducing TL as a valuable approach to leverage data from previous genera-
tions of DT prototypes, ensuring continuity of valuable knowledge and insights
to enhance future DT prototypes and their corresponding physical counter-
parts.

e Developing a synthetic function to evaluate TL performance, considering con-
trolled relatedness between functions and controlled degrees of smoothness.

e Investigating the performance of deep TL with low-dimensional tabular data,
focusing on regression problems with conditional shifts between source and
target domains.

e Providing insights into the viability of deep TL for inter-generational surrogate
modeling with different relatedness between the source and target domains.

e Evaluating deep TL performance across different smoothness levels to assess
its applicability for SD&V problems.

e Identifying suitable parameter-based deep TL approaches that can be inte-
grated into the proposed DT framework to enable accurate DL surrogate mod-
els with scarce data.

e Bridging the research gap in the evolution of DT prototypes across different
product generations.

This chapter is organized as follows: Section 4.1 presents the methodology and
implementation details of the deep TL techniques. Section 4.2 describes the method-
ology for generating functions sampled from GPs with controlled smoothness and
relatedness between source and target domains. This set of functions is instrumen-
tal in evaluating the performance of TL. Section 4.3 investigates the effectiveness
of different deep TL approaches for knowledge transfer in surrogate modeling. The
analyses also assess the effects of TL hyperparameters, target dataset size, and func-
tion smoothness on TL performance. Finally, Section 4.4 discusses and concludes
the chapter.

4.1 Transfer Learning Methodology
This study proposes an approach to transfer information from a previous product

to a new product generation using deep TL techniques. Although the previous
and new products are related and share the same governing equations, changes in
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the system’s boundary conditions and constitutive relations will alter the system
response function, therefore fs(-) # fr(:). From a probabilistic perspective, this
mismatch can be expressed as a conditional shift P(Ys|Xg) # P(Yr|Xr) between
the source and target problems. Additionally, while the design space X and the
asymptotic marginal distribution limy_.o P(X) remain the same for both product
generations, the empirical marginal distribution between them will differ. This
deviation is influenced by the accuracy and representativeness of the data collected,
which depends on the sample size N. This difference introduces a covariate shift,
meaning that the marginal distributions P(Xg) and P(X7) are not exactly equal,
even though they are closely related.

Origin domain v|E|’ —)|E| LR
Origin domain Destination domain
) ¥ ’

Transfer

r

.
A |
Destination domain > | > .-
(a)
(c)

. — Origin domain
g N -
/ Newdataset D —> Origin label
/ ° \
[ ) \ ..
Mappin . ‘*
ppi q . ® PR Q
* .. ¢ O 10 1O @ |10 |0 |O--- Domain label
N e, o/ ’
\ /
. — > Adversarial Iayer

D —>Destination label

l

Destination domain

®) (d)

Figure 4.2: Categories of deep TL: (a) instance-based, (b) mapping-based, (c)
parameter-based and (d) adversarial-based. Source: [278|

According to Tan et al. [278], deep TL methods can be categorized into four main
approaches: instance-based, mapping-based, adversarial-based, and parameter-
based, as depicted in Figure 4.2. Instance-based TL involves selecting and re-
weighting instances from the source domain based on their proximity to the tar-
get domain, allowing their utilization in the target domain. Mapping-based TL,
also known as feature-based TL [217]|, maps instances from both domains into a
latent space encompassing shared features. Adversarial-based methods leverage ad-
versarial techniques to extract domain-invariant features by training the network
to learn indistinguishable features between the source and target domains. Finally,
parameter-based or network-based TL involves reusing and fine-tuning pre-trained
NN parameters from a source domain to a target domain.

However, as highlighted by Liu et al. [233], instance-based and adversarial-based
methods may not be well-suited for addressing conditional shift problems. Addition-
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ally, most metrics from mapping-based methods are primarily designed for adapting
marginal distributions. Therefore, our study employs parameter-based approaches
for TL, as they can effectively handle both conditional and covariate shifts when
the source and target domains exhibit similarity and can be easily integrated into
the DT framework.

Parameter-based TL methods are commonly used in deep TL applications, es-
pecially for high-dimensional classification problems. These approaches reuse and
fine-tune the weights and biases from the source model in training the target model
instead of training a new model from scratch. This methodology aims to expe-
dite learning and enhance the model’s performance on the target task by improving
the starting point of optimizing NN parameters. The underlying assumption of
parameter-based TL is that networks for similar tasks share common parameters
[233].

Furthermore, parameter-based deep TL usually assumes that the initial layers
of a deep NN model capture general low-level representations. In contrast, the top
layers learn more domain-specific higher-level features. For instance, in a CNN, the
initial layers identify low-level spatial features such as edges and basic shapes, while
later layers learn more task-specific features such as the shape of specific objects.
Therefore, the first layers should share more parameters between the source and tar-
get tasks. However, this assumption has mainly been studied for high-dimensional
classification problems [283|. Further research is needed to determine if NN-based
surrogates also learn transferable general-domain representations and if these rep-
resentations are learned in the first layers of the NN.

There are two main methods of parameter-based deep TL: fine-tuning TL and
feature extraction. In fine-tuning TL, the pre-trained source model is fine-tuned on
the target dataset. This method considers the optimal weights and biases obtained
from the pre-trained source model sub-optimal for the target domain. Therefore,
they are used as starting points for optimizing NN parameters during training. This
process enables the model to adapt to the specific characteristics of the target task
while leveraging prior knowledge acquired from the source domain. On the other
hand, feature extraction TL utilizes the representations learned from the pre-trained
source model as inputs for a new model trained on the target task. In this approach,
the top layers of the pre-trained model are discarded, and the output of the base
layers, known as frozen layers or backbone layers, serves as input for a new model
trained on target domain data. By reusing the pre-trained model’s learned features,
the target model can benefit from the underlying knowledge captured in the first
layers from the source model.

In this study, we investigate the performance of four different deep TL configu-
rations described below:

1. Fine-tuning: The entire pre-trained model is fine-tuned in the target domain

with a small learning rate.

2. Gradual: Fine-tuning with a depth-dependent learning rate. The entire pre-

trained model is fine-tuned with a learning rate that increases with the NN
depth. This approach aims to preserve the low-level representations in the
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initial layers while adapting the domain-specific higher-level features at the
top layers more quickly.

3. Frozen: The weights and biases of the base layers from the pre-trained source
model are kept frozen in the target domain. The parameters of the pre-trained
model’s top layers are discarded and restarted with random parameters, which
are then trained in the target domain.

4. Unfrozen: This configuration follows the same procedure as the Frozen con-
figuration. However, after training the top layers in the target domain, the
backbone layers are unfrozen, and the entire model is trained in the target
domain with a small learning rate.

To assess the impact of TL, we compare the results obtained with deep TL to a
baseline model trained solely in the target domain without TL. The relative RMSE
between the TL model and the baseline quantifies the improvement in prediction:

RM S Eyith 1,
RM S Eyithout TL

A smaller value indicates a more significant reduction in prediction error due to TL.

(4.1)

4.2 Methodology for Generating Correlated Functions
to Evaluate TL Performance

In order to investigate the feasibility and benefits of using deep TL in low-
dimensional surrogate models in SD&V, it was essential to have a test function
that could represent a wide range of functions while allowing for controlled smooth-
ness and, most importantly, controlled relatedness between the source and target
tasks. To address this need, we employed a synthetic data generation approach
based on a Gaussian Process (GP) with a kernel prior k(z, z’) and zero mean m(x).
The definition of the kernel allows to set the desired prior information on the data
distribution.

The methodology involved drawing samples from a GP according to the follow-
ing:

Y = f(X) ~ N(m(X) k(X, X)). (4.2)

4.2.1 Functions with Controlled Smoothness

For generating input-output pairs in an n-dimensional input space X', we employed
the Matern kernel due to its ability to control the smoothness of the generated
functions. These synthetic functions allowed us to assess the robustness of TL in
SD&V scenarios. The Matern kernel prior can be defined as [252]:

W 227 (Ve -2\ (Veullz -2
ky(z,x') = 0‘2F(V) ( 7 ) K, <€> , (4.3)

where || — @'|| is the Euclidean distance between two points « and «’, K, is a
modified Bessel function of the second kind, and I' is the gamma function. The
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parameters ¢, o2, and v can be adjusted to fit the specific characteristics of the
spatial process being modeled as follows:

1. The variance parameter o controls the overall magnitude of the function. A
larger variance means that the function has a higher range of values.

2. The length scale ¢ controls the distance over which the function varies. A
larger length scale means that the function varies more slowly, resulting in a
smoother function.

3. The smoothness parameter v controls the smoothness of the function. A
smaller value of v leads to a rougher, more wiggly function.

-2 -1 0 1 2
(a) Matern kernel. (b) Functions draw from the GP.

Figure 4.3: Effects of varying ¢. Examples with constant v = 2.5 and — ¢ = 1.0;
{=0.5; — £=0.25 or — ¢ =0.1.

-2

-2 -1 0 1 2
X

(a) Matern kernel. (b) Functions draw from the GP.

Figure 4.4: Effects of varying v. Examples with constant ¢ = 0.5 and — v = 5.0;
v=25—v=15or—v=0.75.

The tuning of the length scale ¢ and smoothness v parameters allows to control
the domain variability and smoothness, as depicted in Figures 4.3 and 4.4 for a one-
dimensional example. Therefore, the proposed methodology can be used to generate
domains with controlled different degrees of smoothness to evaluate TL’s robustness
for applications in the SD&V domain.
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Figure 4.5: Illustrations of the synthetic functions generated with controlled relat-
edness for an example with n =1, £ = 0.5, and v = 2.5.

4.2.2 Controlling Relatedness between Functions

The previous approach allows sampling functions with controllable smoothness in
n input dimensions. However, to introduce controlled relatedness between these
functions, an additional dimension, denoted as d, represents the "distance" between
them. The relationship between the functions in the d dimension is established using
a RBF kernel. The RBF kernel is defined as follows:

d— dl 2
ba(d &) = o exp (14241 (1.4
205
where the parameters o4 and ¢4 are kept constant as o4 = 1 and ¢4 = 1.
We define a kernel with n 4+ 1 dimensions to sample different n-dimensional
functions related to each other according to d. It can be formulated as follows [284]:

kni1(z1, 7).z, 2, d,d) = ky (21, 2] .20, 7)) X kg(d,d'). (4.5)

Thus, one realization sampled from a GP with the k,, 1 kernel results in a domain
fed : X, D — Y. Defining constant values in the d dimension creates the original
domain space cross-sections. The cross-section with d = 0 is the source domain,
and the cross-sections with d = dp are the target domains. Hence, the correlation
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between a target domain at d = dpr and the source domain at d = 0 is given by
kq(0,dr).

Figure 4.5 presents an example of one realization sampled from a GP with the
kp+1 kernel, where n = 1, £ = 0.5 and v = 2.5. In Figure 4.5b, seven sampled
functions are displayed, including the source function represented by the yellow line.
As the functions distance themselves from the source function, the line progressively
transitions to a shade of blue. The 3D visualization in Figure 4.5¢ depicts the d
dimension, visually representing how the relatedness between the source function
(d = 0) and the target functions diminishes as d increases.

4.3 Evaluation of Deep Transfer Learning for Surrogate
Models

This section presents the results of an investigation into the performance of deep TL
approaches for knowledge transfer among related NN-based surrogate models. The
surrogate models are constructed using synthetic datasets sampled from realizations
of a GP with the k,1 kernel. The input space for the domains has two dimensions
(n = 2), defined as X = [~2,2]". The parameters for the Matern kernel are 02 = 1,
£ =0.5, and v = 2.5 as standard, which are reasonable values considering the input
range and the properties of the Matern kernel.

Ten different realizations were performed to conduct each analysis, resulting in
ten distinct three-dimensional functions f(z1,z2,d). Each of these functions were
sliced at nine different d positions, yielding nine two-dimensional functions: one
source and eight targets. The distances d between the functions range from 0 (source
domain) to 1.55, corresponding to correlations between the source and target tasks
ranging from 1.0 to 0.30 (Table 4.1). An example of one realization of the GP at
four different cross-section domains is illustrated in Figure 4.6.

The chapter’s analyses encompass multiple scenarios each trained with four dis-
tinct NN initializations and different training data splits for added robustness. Ad-
ditionally, each analysis is conducted for the ten different realizations of the test
functions. Consequently, the final results are derived from the mean of four training
instances for each of the ten function realizations. This approach aims to enhance
the statistical significance of the results by considering multiple training runs and

Table 4.1: Synthetic domains created for each realization of the GP.

Source Target

Domain Domains
Distance d 0 02 039 058 0.78 097 1.16 1.36 1.55
from Source
Correlation 1 0.98 093 084 074 0.63 051 040 0.30
with Source
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Source domain Target domain Target domain Target domain
kq=1 kg = 0.93 ky = 0.63 k=03

d=0 d=0.39 d=097 d=155
P / -

Figure 4.6: Bi-dimensional examples of the Source domain and related Target do-
mains generated with n = 2, £ = 0.5, and v = 2.5.

realizations for a more reliable assessment.

For each analysis, the source training dataset consists of Ng = 1000 samples,
while the target training datasets are limited to Ny = 50 samples, both sampled
using LHS. Twenty five percent of each training dataset is set aside as validation
dataset. The NN models are implemented using the PyTorch library with a fully
connected architecture. The Mean Square Error (MSE) is the evaluation function to
assess model performance, and early stopping is applied to prevent overfitting based
on the MSE computed on the validation set. A separate test dataset containing 100
samples is used to evaluate the performance of each approach. The final assessment
of each NN model is derived by calculating the mean prediction error across the ten
realizations.

A grid search was conducted to determine the best NN hyperparameters, main-
taining a constant reference learning rate of 0.001 for NN training. The best-
identified hyperparameters for the source model were 7 layers and 32 neurons per
hidden layer, resulting in 6465 parameters. This configuration is used for all TL
approaches. In contrast, the target model, trained without TL and with limited
data, achieved optimal results with 3 layers and 32 neurons per hidden layer, total-
ing 2241 parameters. The discrepancy in dataset sizes led to a significant difference
in NN complexity between the source and target models, highlighting that larger
datasets allow for learning more parameters without overfitting.

4.3.1 Viability and Comparative Study of Deep TL Approaches

This section investigates the benefits of employing deep TL with surrogate models of
related functions and evaluates the performance of different TL approaches. The ac-
curacy of Finetuning, Gradual Finetuning, Frozen, and Unfrozen TL configurations
in the target domain are compared with a baseline model without TL to assess the
TL approaches’ effectiveness. In the Finetuning and Unfrozen TL models, a factor
of 0.1 is applied to the reference learning rate. In the Gradual Finetuning model,
this factor increases incrementally from 0.1 to 1 as the NN depth increases. For
Frozen and Unfrozen configurations, the three top layers of the source model are
restarted with random parameters.
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Figure 4.7: Relative reduction on prediction error due to different TL approaches.

The comparison outcomes are presented in Figure 4.7. All TL approaches re-
duce the prediction error compared to the baseline without TL. Both Finetuning
and Gradual Finetuning TL approaches outperform the Frozen and Unfrozen meth-
ods. Among them, Gradual Finetuning exhibits the overall best performance. In
scenarios where the source and target domains are closely related, such as kg = 0.98,
leveraging knowledge from the source domain reduces the error to only 25% of the
baseline error, even when utilizing the Source model without finetuning.

As the correlation between the source and target tasks decreases, the magnitude
of error reduction diminishes. However, even with a small correlation like ky =
0.3, the Gradual Finetuning approach still achieves lower error than the baseline.
Figure 4.8 depicts the results of Gradual Finetuning, including standard deviation,
indicating the statistical significance of the improvement.

A comparison is performed using solely the target dataset for training both the
source and target models to validate that the improvement is due to the transfer of
knowledge and not merely the difference in training steps. The results in Figure 4.9
indicate no significant improvements, confirming that the improvement observed in
Figure 4.7 are a result of knowledge transfer from the source domain. Therefore, this
section establishes the effectiveness of deep TL approaches for knowledge transfer
among related surrogate models with tabular data and conditional shift.

4.3.2 Impact of TL Hyperparameters on Transfer Performance

In this section, we explore the impact of TL hyperparameters on TL performance,
aiming to offer practical insights for parameter selection and a more comprehensive
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Figure 4.8: Relative error reduction, accompanied by standard deviation, achieved
through the Gradual Finetuning approach.
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Figure 4.9: Validation results using TL approaches with the target dataset for both
pre-trained and final model training.

understanding of TL mechanisms. Our investigation delves specifically into the
learning rate factor within the contexts of Finetuning and Gradual Finetuning,
as well as the influence of the number of top layers in Frozen and Unfrozen TL
approaches. Throughout the analyses, we maintain a constant NN architecture to
isolate the effects.

The effects of the number of top layers in the feature extraction TL approaches
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Figure 4.10: Influence of TL hyperparameters in the approaches based in feature
extraction. The legend indicates the number of top layers restarted randomly.

are depicted in Figure 4.10. The outcomes suggest that restarting fewer layers is
advantageous when the domains exhibit close relatedness. Nevertheless, the effec-
tiveness of the finetuning methods continues to be superior.

Figure 4.11 displays the outcomes concerning finetuning approaches, revealing
that the optimal learning rate factor increases as the correlation between target
and source domains decreases. This observation is justified by the necessity for
the NN to undergo more substantial adaptations when source and target domains
are weakly correlated. Additionally, the results reveal the reduced sensitivity of
Gradual Finetuning to the choice of the learning rate factor compared to standard

Finetuning.
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Figure 4.11: Influence of TL hyperparameters.
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Figure 4.12: Comparison of Gradual Inverted TL and Gradual Finetuning with
decreasing and increasing learning rate factors across NN depth, respectively.

An additional aspect of our investigation aims to explore the potential link be-
tween the superior performance of Gradual Finetuning and the depth-dependence
of the learning rate factor. This exploration is grounded in the belief that domain-
general representations primarily emerge in the bottom layers of the NN.To address
this, we evaluated the performance of a Gradual Inverted TL, wherein the learn-
ing rate factor progressively decreases from 1 to 0.1 with increasing NN depth,
in contrast to the incremental increase observed in Gradual Finetuning. The re-
sults, as depicted in Figure 4.12, indicate comparable performance between the two
approaches. This outcome suggests that domain-general representations may not
predominantly manifest in the bottom layers of NN-based surrogates, contrary to
prior findings in the context of high-dimensional classification problems [283].

Consequently, the superior performance of Gradual Finetuning over conventional
Finetuning appears tied to a good choice of learning rate factors but without ex-
hibiting a dependence on NN depth. The gradual change in the learning rate factors
seems to facilitate a balanced compromise between retaining previous knowledge and
adapting to new information across different correlation degrees. Therefore, Gradual
Finetuning is the preferred choice for the subsequent TL analyses.

4.3.3 Effectiveness of Transfer Learning across Varied Target
Dataset Sizes

To evaluate the effectiveness of TL under diverse target dataset sizes, we varied the
number of training points in the target domain from 25 to 200 while maintaining a
constant 1000 training points in the source domain.

The results shown in Figure 4.13 reveal an expected reduction in absolute pre-
diction error as the number of training points in the target domain increases, a trend
evident in both models with and without TL. Notably, the influence of the target
dataset size on NN prediction accuracy is more pronounced in the model without
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Figure 4.13: Absolute prediction error with increasing target dataset size for the
models with and without TL.
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Figure 4.14: Relative improvement in prediction accuracy due to TL with different

target dataset sizes.

TL, as it relies solely on the information from the target dataset. This difference
is particularly evident when compared with TL models in highly correlated target

and source domains.

This disparity leads to a diminishing relative improvement in prediction accu-
racy with TL as the number of training points in the target domain increases, as
illustrated in Figure 4.14. Nevertheless, TL consistently proves effective in enhanc-

ing accuracy across all tested scenarios, even when a reasonable amount of data is
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available in the target domain.

4.3.4 Assessment of the Robustness of TL to Domain Smoothness

In the previous sections, we demonstrated that TL effectively leverages knowledge
from related surrogate models, improving data efficiency. This section extends our
investigation to evaluate TL’s robustness across varying degrees of function smooth-
ness—an essential consideration for its applicability in SD&V.
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Figure 4.15: Effect of function smoothness on TL error reduction.

To explore the impact of function smoothness, we varied the parameters £ and
v of the Matern kernel used to generate the domains. Specifically, we considered
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four distinct values for Z: 1, 0.5, 0.25, and 0.1, while maintaining a fixed smoothness
parameter of v = 2.5, allowing us to observe how TL responds to changes in the
spatial characteristics of the function. Figure 4.15a shows that TL exhibits greater
improvement for functions with slower variations (small /).

Furthermore, we investigated the influence of the smoothness parameter v, vary-
ing it among values of 5, 2.5, 1.5, and 0.75, while keeping the length scale parameter
fixed at £ = 0.5. The results of this analysis are illustrated in Figure 4.4, from
which we can conclude that TL performs better when the tasks exhibit smoother
behavior (larger v). These findings suggest that TL benefits from spatial coherence
in smoother functions, which may lead to improved source domain performance and,
thus, more effective knowledge transfer.

While TL performed better for smoother functions, it also demonstrated note-
worthy reductions in prediction errors for highly non-smooth functions. This con-
clusion underscores TL’s potential benefits in scenarios characterized by erratic or
complex behavior, as is often encountered in the context of SD&V surrogate tasks.

4.4 Conclusion and Discussion

This chapter highlights the effectiveness of deep TL for knowledge transfer among
related NN-based surrogate models in DT prototypes. The analysis encompassed
different deep TL approaches, including Finetuning, Gradual Finetuning, Frozen,
and Unfrozen configurations. Gradual Finetuning consistently outperformed other
approaches, demonstrating its adaptability across scenarios with varying correlation
degrees between the source and target domain. The analysis extended to TL hy-
perparameters, emphasizing Gradual Finetuning’s robustness to the learning rate
factor.

Our investigation also covered TL’s performance across diverse target dataset
sizes, highlighting a decrease in the reliance of new data in the target domain due
to TL. Furthermore, TL consistently enhanced accuracy, even when relatively more
data was available in the target domain. Additionally, TL exhibited robustness
across varying degrees of function smoothness, making it applicable to non-smooth
SD&V problems.

In summary, the leverage of source-domain data through TL effectively improves
NN-based surrogate accuracy, addressing a research gap in the under-explored TL
scenario involving tabular data and conditional shift. This study positions TL as
a promising tool to enhance DT prototype continuity and evolution across product
generations.



CHAPTER b5

Digital Twin Framework:
Development and Industrial
Application

In this chapter, we build upon the data-based methods explored in previous chapters
to develop a comprehensive DT framework for product design in SD&V. Our primary
objective is to seamlessly integrate these techniques, making the DT framework
readily applicable in industrial settings. Furthermore, we explore the interpretability
of the framework’s models for guiding decision-making processes and explore its
capacity to harness historical data, reducing the need for new data. The proposed
framework’s effectiveness is demonstrated through an industrial application: the
design of a lightweight gear transmission with a focus on NVH performance, and
the transfer of knowledge to the next-generation hybrid transmission. Our ultimate
goal is to provide a versatile tool that empowers early product design, streamlining
the decision-making process with fast and informed insights.
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Introduction

Careful design of SD&V systems is paramount to ensuring safety, energy efficiency,
and comfort across various industrial applications. Consequently, the accurate and
efficient modeling of SD&V systems has become the subject of extensive and long-
standing research. Recently, virtual representations of physical systems or products
merging physics- and data-based models, known as DT prototypes, have emerged
as promising tools to facilitate more efficient and reliable system evaluations and
product design. These DT prototypes offer numerous benefits, including reduced de-
velopment cycles and improved decision-making processes. However, implementing
such DT prototypes effectively and efficiently requires a consolidated methodology
yet to be established. We now want to challenge the hypotheses formulated in this
thesis and leverage the concepts, methods, metrics, and frameworks developed in the
past chapters by tackling a complex and realistic design problem in SD&V. The pro-
posed framework tackles ML-based DT’s challenges in SD&V related to non-smooth
behavior, interpretability, and data scarcity.

To demonstrate the capabilities of our DT framework, we apply it to a signif-
icant problem in the SD&V domain: the multi-objective optimization of a gear
transmission under design uncertainties. Gear transmissions play a critical role in
various machines across diverse sectors, and their design is complex due to numerous
variables and conflicting objectives, such as efficiency, weight reduction, noise and
vibration attenuation, and structural reliability. Moreover, the performance of gear
transmissions depends on complex phenomena involving multi-scale, multi-physics,
coupled, and non-linear effects.

The complexity and significance of the gear transmission design challenge have
led to numerous studies addressing it [285-290]. However, most of these studies
have been limited by computational limitations, preventing the consideration of all
relevant aspects simultaneously. For instance, although many studies optimized gear
transmissions concerning their macro and micro parameters, most of them have done
so separately, disregarding potential multi-scale interactions. Moreover, the effects
of uncertainties are often neglected during optimization. Garambois et al. [291]
addressed these aspects, but their approach relied on a simplified model of the gear
tooth and disregarded the housing flexibility effects.

In this chapter, we demonstrate how the proposed DT framework can be ap-
plied to perform well-informed and inexpensive virtual prototyping to address these
limitations and enhance the state-of-the-art SD&V design. To illustrate its real-
world applicability, we apply the DT framework to an optimization study of the
7DCT300, a 7-speed dual clutch transmission developed by Magna International
for use in combustion vehicles. Furthermore, the DT transfers the insights gained
from the 7DCT300 to improve the design of the THDT300, a derivative transmission
designed for hybrid vehicles, illustrating the applicability of the inter-generational
DT in industrial scenarios.

The key contributions of this chapter are two-fold:
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1. Integration of design, ML, and TL techniques to propose an efficient DT pro-
totype framework, which includes:

e Incorporating domain knowledge to enhance NN models using PGF.

e Implementing two levels of surrogate model fidelity for exploratory and
final analyses in the design process.

e Utilizing surrogate-based GSA for feature selection, informed optimiza-
tion strategy, and improved NN model interpretability.

e Applying innovative deep TL to leverage past product data for data-
efficient surrogate training.

2. Demonstration of the DT prototype construction in gear transmission design,
leading to:

e A streamlined optimization process.

e Original multi-objective chance constrained gear transmission optimiza-
tion using a fully coupled model and considering micro and macro pa-
rameters with manufacturing uncertainties.

e Investigation of micro and macro geometry interactions.

This chapter is structured as follows: Section 5.1 provides a concise overview
of the proposed DT framework and its key steps. Section 5.2 presents the gear
transmission design methodology, assumptions, and design parameters. In Section
5.3, we implement a NN-based low-fidelity surrogate model using physics-guided
features, followed by a GSA to define important variables and optimization strategy.
Section 5.4 constructs a high-fidelity DT model with reduced dimensionality, which
is employed in the multi-objective optimization of the gear transmission design,
using chance constrained optimization and Genetic Algorithms. In Section 5.5,
the DT prototype is extended to the hybrid transmission with limited data. Finally,
Section 5.6 summarizes the chapter’s key contributions and highlights advancements
in virtual product design in the field of SD&V.

5.1 Methodology Overview of the DT Framework

The construction of the proposed DT Prototype involves several interconnected
steps that culminate in a flexible, interpretable, and data-efficient model capable of
replicating the behavior of a physical system. The workflow of the DT framework
consists of the six steps summarized below:

Step 0: Construction of the physical problem’s true model f(-).

The initial step involves creating the ground ‘true’ model, denoted as f(-), by im-
plementing an accurate physics-based numerical simulation. This simulation serves
as the foundation for the DT and is used to sample supporting points used for the
training of the ML algorithm.

Step 1: Construction of the low-fidelity NN-based surrogate hy(-).
In this step, a low-fidelity surrogate, denoted as hr(-), is constructed to explore
the system behaviour in the design space A € R™, where ny is the number of
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Figure 5.1: Workflow for constructing the surrogate model of the gear transmission
and the multi-objective optimization with reliability constraint.



5.1. Methodology Overview of the DT Framework 103

parameters considered. The NN-based model Ay () is trained using a small dataset,
{X1,YL}, consisting of Ny, supporting points sampled from the true model f(-). To
enhance the accuracy of the low-fidelity surrogate, physics-guided features g(Xp)
are incorporated, improving the model’s data efficiency and physical consistency.

Step 2: Global sensitivity analysis and reduced design space Xjy.

The low-fidelity surrogate model hy,(-) is leveraged in this step to perform a fast
GSA with the Sobol method. This analysis reveals the most critical variables in
the system. Additionally, Sobol’s indices assess the interactions among the input
variables, allowing for the definition of independent variables that can be optimized
separately. Therefore, this step aids in comprehending and simplifying the problem,
thereby reducing its dimensionality and guiding the selection of an appropriate op-
timization strategy. A reduced design space, Xy € R™# with dimension nyg < np,
can, thus, be defined.

Step 3: Construction of the high-fidelity surrogate model hg(-).

In Step 3, a high-fidelity NN-based surrogate model hy(-) is trained with a
more extensive dataset Xy containing Ny > Np supporting points sampled from
the reduced design space Xy using the true model f(-). Similar to Step 1, physics-
guided features g(X ) are incorporated to enhance the accuracy of the high-fidelity
surrogate.

Step 4: Multi-objective optimization with chance constraint.

Step 4 involves utilizing the high-fidelity surrogate model hz(-) to perform a fast
multi-objective optimization under uncertainties. For each design considered in the
optimization process, uncertainty propagation with MCS is performed to account for
the input uncertainties. Statistical moments, as the response mean, and reliability
criteria, as the probability of failure, can then be used in the objective functions
and constraints to ensure robustness for the optimization process. The optimization
iterates until convergence, resulting in the robust Pareto Front. The multi-objective
optimization with chance constraint is a relevant use of the developed model, as
it is an important procedure to achieve an optimal and robust design, but that
involves several evaluations of the system. Therefore, the DT is critical to enable
this procedure with reasonable computational costs. The optimization presented is
only one of the relevant possible applications, as the DT is flexible and applicable
in other procedures and scenarios.

Step 5: Construction of the next generation DT with TL.

To enable the construction of the DT prototype for the next product generation
under low data availability, Step 5 employs TL, leveraging the knowledge gained
from the current DT prototype. For that, the optimal NN parameters {w, b} opt. Source
from the current high-fidelity surrogate model hg(-) serve as a starting point for the
training process of the new-generation DT hp(-). The new-generation DT hp(-), or
target DT, is then trained with a scarce dataset Xp € R™# with Np supporting
points, which are sampled from the true model of the new system fp(-). This
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approach enables the construction of the new-generation DT using deep learning
despite data scarcity, thereby facilitating the development of an efficient DT for
future iterations and giving continuity to the insights gained during the current
product design.

Figure 5.1 schematizes the steps in the workflow of the DT framework. The
following sections describe each step and its results for the study case of the gear
transmission design. Section 5.2 describes the numeric model used for the NVH
analysis of the gear transmission (Step 0). Section 5.3 shows the methodology and
results of Steps 1 and 2. Section 5.4 presents the optimization procedure methodol-
ogy and the results of Steps 3 and 4. Finally, Section 5.5 applies TL to improve the
DT of the new hybrid gear transmission using the information acquired from the
combustion gear transmission DT.

5.2 Industrial Application: Gear Transmission NVH
Analysis

This section provides an overview of the numerical model implemented in Masta
[292], aimed at simulating the NVH performance of a gear transmission. The
methodology is applied to construct the numeric model for two related automo-
tive gear transmissions: the 7DCT300 and the 7THDT300 designs, both developed
by Magna International for combustion and hybrid vehicles, respectively.

Figure 5.2 shows the Masta model for both designs. Comparing the two, the
THDT300 model incorporates an electric motor and an additional gear pair, distin-
guishing it from the 7DCT300. Consequently, the housing undergoes modifications
to accommodate these new components, thereby altering the overall system stiffness
and dynamic response.

For our analysis, we focus on the third gear pair, highlighted in Figure 5.2,
to assess its NVH performance under various load conditions, specifically at input
torques of 20,40, 60, 80,100, and 120Nm, while considering its macro and micro-
geometric parameters. In addition to the numerical model details, this section also
encompasses the design parameters and the designated design space under consid-
eration.

5.2.1 Numerical Model

Gear whine is a significant NVH issue in gear transmissions, characterized by tonal
and annoying noise originating from the gear meshing process. The main cause
of gear whine is the Static Transmission Error (STE), defined as the difference
between the actual contact position of the output teeth and its theoretical position
in a perfectly conjugated contact [293]. As the gear rotates, the STE fluctuations
act as excitations at the meshing level. These vibrations propagate through gears,
shafts, and bearings until reaching the housing, where the vibrations lead to the
undesirable airborne noise, known as gear whine. To mitigate this NVH issue during
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Combustion
Engine Power

(a) Combustion gear transmission model, (b) Power paths of the 7TDCT300 and gear
7DCT300. pair under analysis.

3rd gear
Combustion pair

Engine Power _

(¢) Hybrid gear transmission model, (d) Power paths of the 7DCT300 and gear
THDT300, successor of 7DCT300 pair under analysis.

Figure 5.2: Industrial gear transmissions under analysis.

gearbox design, we focus on minimizing the amplitude of the source excitation, the
Peak-to-peak Transmission Error (PPTE).

Accurate calculation of PPTE requires a fully coupled model of the gear trans-
mission, considering the system’s elastic deflection that influences mesh misalign-
ments and impacts the contact analysis [294]. Therefore, the Masta model incor-
porates gears, shafts, bearings, and the housing, modeled with FEM (Figure 5.2).
Specifically, the gears and housing are modeled as 3D FE meshes for accuracy, and
dynamic reduction is applied at the connecting points, such as the gear flanks and
bearings, to reduce computational costs while accounting for dynamic behavior.
The shafts are modeled using Timoshenko beam elements. The bearings are repre-
sented with a fully populated [5x5] stiffness matrix that considers coupling among
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Figure 5.3: Ilustration of the tooth contact model with single and multiple
contact points and the resulting load distributions. Adapted from [295].

translational and rotational displacements [294]. In view of that, the non-linear
behavior in rolling bearings arising from factors like non-linear stiffness, Hertzian
contact stresses, and clearance is approximated by a linearized behaviour near the
operational condition.

The STE evaluation initially involves a static analysis to assess the fully coupled
system’s deflection. However, this analysis depends on the mesh stiffness k,,, which
can be derived from the gear set macro-geometry, according to ISO 6336, or can
consider the specified gear micro-geometry, as adopted for the model implemented
in this chapter. Given the mesh stiffness, the system deflection analysis provides
critical information, including mesh misalignment.

Next, the STE A as a function of the input angular position v is evaluated using
the Advanced Loaded Tooth Contact Analysis (LTCA) module in Masta. The LTCA
applies multiple contact points by distributing the static force transmitted F' among
strips ¢ in the contact line. The multiple contact points approach is largely used for
gear contact analysis as it allows to evaluate the load distribution along the tooth
face and account for the actual microgeometry of the gear profile [293, 295|. Figure
5.3 illustrated the difference between single and multiple contact point analyses. In
the Advanced LTCA, a full 3D FE model of the gears is combined with Hertzian
contact equations, to provide accurate and variable mesh stiffness, deformation, and
stress along the tooth face.

Then, at each angular position v, the static load distribution vector p is deter-
mined simultaneously with the STE in an iterative process. The resulting system
of equations is represented as:

{C(wp(w) =A%) — e(y)
Z@' pz(¢) =F
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subject to the constraint that the contact is closed:

{C(d})p(w +AY) >=e(y) (5.2)

pi >=0

Here, e is the vector containing the initial gap between the teeth at each discrete
point, including the effects of the micro-geometric modifications, manufacturing er-
rors, and gear mesh misalignment resulting from the system deflection. C is the
tooth compliance matrix that considers tooth bending and root rotation, Hertz de-
formation, gear and shaft In its formulation, the Advanced LTCA model assumes
constant mesh misalignment, neglects friction in the contact zone, disregards lubri-
cant effects, and assumes contact lines remain in the plane of action [292]. bending,
and bearing deflection. The resulting problem is non-linear since it involves engag-
ing and disengaging contact, with variable number of teeth and contact position,
besides the non-linear Hertzian deformation.

The fluctuations in STE lead to a mesh stiffness fluctuation k(v), which can
now be more accurately evaluated as the derivative of the transmitted load relative
to the STE [291]:

) = 530 (5.9

Once the numerical model was used to sample the database used for the ML
training, a Python code was implemented to load, modify and run the Masta sim-
ulation to ease the sampling procedure. Although the focus of the DT under de-
velopment is minimized PPTE, the model implemented allows analyzing other per-
formance indicators, such as teeth root stress, pressure on the teeth edges, shaft
bending, among many others, that can be included in the DT construction. Finally,
as a subsequent step, one can perform harmonic analysis to evaluate the housing
vibration level and the resulting sound pressure.

5.2.2 Design Parameters and the Design Space

The performance of the third gear pair of 7DCT300 and 7THDT300 is analyzed
concerning its macro and micro-geometries as design variables. We consider three
adjustable macro-parameters (Figure 5.4b): the pinion web thickness hyep, the pin-
ion rim thickness h;j,, and the teeth face width hytn, Which is kept equal for
pinion and wheel. These parameters influence the gear stiffness and, consequently,
the PPTE, but also impact the gear pair mass, and should be adjusted to present
a trade-off. The remaining macro parameters are kept fixed: number of teeth are
Zp =2 and Zg = 2; module equals 2mm; pressure angle is 20°; helix angle is 20°;
addendum coefficient is 1; dedendum coeflicient is 1.25; gears material is steel. The
pinion and gear values are the same.

Furthermore, we consider a comprehensive set of micro-geometry parameters for
both the pinion and wheel gears. These parameters include modifications to the
gear tooth profile in the face width axis, such as lead crowning C3, lead slope Cpg,
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left edge relief Cgr,, and right edge relief Cgg. Additionally, we modify the involute
profile of the teeth with the barrelling C,, involute slope Cp,, and tip relief Cj,.
Figure 5.4a illustrates these modifications and their geometric definitions can be
found in ISO 21771 and ISO 1328-1.

Linear modifications Parabolic modifications
Lead slope Cyg Cp Lead crowning Cs ..  Edge reliefs Cspr G .
P +R . . . .

Face Width
Direction

Barrelling C,, . . Tip relief Cy c,

> as > .

Involute
Direction

(b) Macro-geometry parameters.

Figure 5.4: Gear Parameters.

Lead crowning and barrelling serve essential purposes, ensuring a continuous
contact pattern with improved load distribution, and reducing edge contact stress
[296]. Moreover, crowning and barrelling enhance the gear’s robustness against
manufacturing errors and misalignments [295]. Slope modifications impact gear
engagement, load distribution, and effectively compensate for mesh misalignment
[295]. Tip and edge reliefs promote smooth gear engagement, minimizing the risk of
tooth-to-tooth interference, and also increase the gear’s tolerance to misalignments
[296].

Therefore, in total, seventeen design variables are considered (ny = 17), being
three macro-geometry parameters, and seven micro-geometry parameters for each
gear of the gear pair. The initial design space A7, is shown in Table 5.1 and was
chosen according to typical micro- and macro-geometry values in automotive indus-
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try.

Table 5.1: Design space X7 of the gear teeth micro and macro-geometries. The
micro-geometry ranges apply to both pinion and gear.

Micro-geometry for Pinion and Wheel Macro-geometry

Cﬁ CH,B CBL CBR Ca CHoz Ca htooth hweb hrim

lpm] [pm] [pm] [pm] [pm] [pm] [pm] | [mm] [mm] [mm]
Min 0 -20 0 0 0 -20 0 12 7 3
Max 15 20 25 25 15 20 40 18 12 6

5.3 Exploratory Low-Fidelity Surrogate with Physics-
Guidance and Interpretability

This section carries out the construction and employment of physics-guided NN-
based low-fidelity surrogate hr () of the combustion gearbox model for exploratory
purposes. Section 5.3.1 presents the effects of embedding basic domain knowledge
during training in the surrogate accuracy. Section 5.3.2 employs the low-fidelity
model to perform GSA with Sobol method and provide an deeper understanding of
the system response. The sensitivity results guide the choice of the reduced design
space X € R™ with dimension nyg < ny and of the optimization strategy.

5.3.1 Low-fidelity surrogate training and effects of embedding
physical guidance

The training of the surrogate model follows the methodology presented in Section
2.1. Therefore, the first step uses LHS to sample N, input points X; € X with
good representativeness of the design space variability. The gearbox physical model
is used to obtain the corresponding output pairs, Y7, = f(Xz). The PPTE at six
input torques are the outputs under analysis, thus, Y7, € R?r. Subsequently, the
training data is standardized and the NN model is trained to minimize the MSE
between its prediction and the true output values in this training dataset.

At this exploratory stage, high-precision is not mandatory and a small number
of supporting points Ny = 50 is used to construct the low-fidelity surrogate model.
The elapsed time to sample the training dataset is of 12203s and to train the NN is
of 20.6s.

Knowledge about the physics of the gearbox problem can be used to improve
training performance and data efficiency via PGF (see Section 2.3). Even in the
absence of a known algebraic equation for the PPTE problem, the analysis of nu-
merical solutions reveals valuable insights. Notably, certain profile modifications
from the meshing teeth combine in the mesh plane, resulting in a sum of both the
pinion and wheel modifications. These modifications, which include the lead slope,
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crowning, left, and right edge reliefs, specifically refer to modifications in face width
direction. As a result of this observation, we can sum the contributions from both
the pinion and wheel sides for these four modifications during a data pre-processing
stage, effectively reducing the problem’s dimensionality from seventeen to thirteen
dimensions. Furthermore, since the PPTE will always be positive, we utilize a ReL U
layer at the end of the NN to ensure that the model’s output is strictly positive.

s O Without PGF
0.65 5 O With PGF

0.6 —

RMSE

0.55 J_

0.5

Without PGF With PGF

Figure 5.5: Comparison of low-fidelity surrogate prediction RMSE with and
without physical guidance.

Figure 5.5 shows the comparison between NN prediction errors with and without
incorporating this physical guidance. The comparison was conducted across 40
different random initializations and dataset splits to ensure statistical significance.
The results reveals that the model with physical guidance exhibits slightly improved
predictions with no addition of computational cost.

5.3.2 Global Sensitivity Analysis with Sobol Method

This section presents the GSA with Sobol of the gear transmission PPTE obtained,
employing the NN-based low-fidelity surrogate to speed up the analysis (refer to
Section 3.1.1 for Sobol methodology). The GSA improves the model interpretability
and guides the DT construction by revealing critical variables and their interactions.

While the same design space as outlined in Table 5.1 is used for computing
Sobol indices, the lower and upper bounds for face width modifications are doubled
once the modifications from both pinion and wheel are combined together. The
computational benefit of performing GSA with surrogate model is evident, with only
455 required to compute 28672 evaluations from Sobol analysis, whereas performing
the same analysis without the surrogate would demand approximately 1943 hours.

The resulting Sobol indices are illustrated in Figure 5.6, including first-order
indices Si, higher order indices S ., and total order indices S%_ = Si_ + 51 ., where
the subscript ¢ indicates the input variable and superscript ¢ indicates the load
case. Figure 5.6a depicts the normalized total order Sobol sensitivity indices, and
Table 5.2 presents their average values for the most important features. The results
suggest that the most influential parameters, ranked in order of significance, are the
pinion barreling C,,, the resulting lead slope Crg, the face teeth width hieep, and
the resulting crowning Cj.
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Figure 5.6: Sobol indices for the PPTE of the 7TDCT300.

Exploiting the capability of Sobol analysis to discern first and higher order sen-
sitivity indices, we investigate input interactions across diverse load conditions. As
elucidated in Section 3.1.1, when total order sensitivity indices sum up to one, it im-
plies that output variability is driven solely by individual input factors, with input
interactions having negligible influence. Functions with this attribute are referred
to as additive functions. For instance, an additive relation between variables 1 and
9 can be expressed as:

f(x1,22) = fi(z1) + fa(a2). (5.4)

Consequently, the optimization of functions with additive relations can be parti-
tioned into several distinct, independent optimization sub-problems, each with re-
duced dimensionality.
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Table 5.2: Normalized total Sobol sensitivity indices averaged across all load cases.

Cap CHﬁ hteeth CB CHap Caw CHaW
0.19 0.18 0.15 0.15 0.08 0.06 0.04

Figure 5.6b illustrates total order Sobol indices across different load conditions,
each with sum bigger than unity, indicating significant input interactions. Hence, an
appropriate optimization strategy is selecting relevant variables for joint optimiza-
tion, i.e., variables with significant interaction effects, which can be estimated by
Sobol’s higher-order indices. Thus, our selection criterion designates input variables
whose higher-order indices contribution for output non-additive variability exceeds
7.5% in at least one load condition, that is:

q
if maquiHiq > 0.075, variable ¢ is selected. (5.5)
2.5,

The selected variables and their associated higher-order indices contribution are
tabulated in descending order in Table 5.3, and approximately align with the overall
most important variables in Table 5.2. Thus the new reduced design space X € X,
has ng = 8 dimensions. The variables that did not match the selection criterion
were CaP, Caw, hwebpa CBR7 and CaW-

Table 5.3: Selected variables and their respective maximum contribution for the
higher-order Sobol indices.

Cap CHﬁ C,B CHOtW CHOCP hteeth C,BL h'l’imp
0.29 0.28 0.18 0.14 0.12 0.12 0.09 0.08

Figures 5.6b, 5.6¢, and 5.6d show, respectively, the total, first- and higher-order
Sobol indices for different load conditions. An increase in input interactions can be
noted with the increase of the input torque, likely due to increased misalignment
under heavier loads. However, at the input torque of 60Nm, a peak in higher sen-
sitivity indices emerges together with a decrease in the first-order effects, diverging
from the overall trend and indicating significant interactions at this specific load
condition. The analysis of Figure 5.6¢ underscores that several variables have neg-
ligible individual effects, with their importance arising from interactions with other
variables.

In essence, the GSA employing low-fidelity surrogate model effectively elucidates
the outcomes of the PPTE analysis, providing valuable insights to simplify the design
problem while retaining essential information. These insights guide the reduction
of the design space to important variables that, due to their significant interactions,
cannot be independently optimized. Therefore, this strategic step not only aids in
comprehending and simplifying the DT, but also guides informed decision-making
on the design strategy.
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5.4 High-Fidelity Digital Twin for Efficient and Robust
Product Design Optimization

This section introduces an efficient methodology for effective and robust product
design optimization utilizing a DT prototype. Initially, the high-fidelity data-base
model hg(-) of the combustion transmission is trained in the reduced design space
Xy, as detailed in Section 5.4.1. This DT is then employed in a multi-objective
optimization targeting the third gear pair parameters of combustion transmission.
The optimization seeks to minimize the gear pair mass and PPTE under varying
operating conditions, while accounting for geometric tolerances with chance con-
strains. Section 5.4.2 presents the gear transmission optimization formulation and
outcomes. Refer to Appendix B for the methodology of multi-objective optimization
with chance constrain employed.

5.4.1 High-Fidelity NN model

The high-fidelity NN-based model employs a more extensive dataset denoted as
X, Y, comprising Ny = 250 data points. Input data is obtained through LHS
from a reduced design space Xy, while output values are generated by evaluating
the Masta model. Dimensional reduction, using PGF and feature selection from
the previous section, transforms the original A with n; = 17 dimensions into
the reduced Xy with ng = 8 dimensions, which still presents a relatively high-
dimensional challenge.

Prediction
[\e)

Ground truth

Figure 5.7: Scatter plot of the NN high-fidelity model of the combustion transmission
with RMSE = 0.17um and M AE = 0.12um in the test dataset.

Implemented using PyTorch, a single fully connected NN predicts PPTE values
for ¢ = 6 load conditions. Hyperparameters for the model are optimized through
grid search employing k-fold cross-validation with five folds. The hyperparameters
search process yields the following optimal specifications: five hidden layers, each
containing 128 neurons activated by ReL U, L2 regularization with strength 1 x 1073,



Chapter 5. Digital Twin Framework: Development and Industrial
114 Application

and learning rate of 0.005.

The training procedure involves 32-sample batches conducted over 2500 epochs,
completed in a time of 57s. The achieved accuracy, averaging 0.12um across all load
conditions, is satisfactory for the PPTE problem. The model’s efficacy is visually
depicted in Figure 5.7, illustrating a scatter plot comparing the true values of the
test dataset against the corresponding NN-generated predictions.

5.4.2 Gear Transmission Optimization
5.4.2.1 Problem Formulation

The NVH gear transmission multi-objective optimization with chance constrain is
carried out in this chapter can be defined by its:

Decision Variables: The micro- and macro parameters of the gear pair,
represented by & = [x1,%2,...,Tn,] € Xy € RY,.

Objective Functions: Minimize the mean of the PPTE, §(x) =
Zi]\il 0(x)/M, at ¢ = 6 load conditions, and minimize the mass of the gear

palr, Mgears-

Constraints: The probability of failure should not exceed 5% for all load
conditions analyzed, where failure is defined by § >= 2um.

Formally:

mIIEl}YrIl{ f(il)) = [51 (m)a 52($)7 s ’5q(m)7 mgears] (56)
st. P(oj(x) <2um) <0.05, forj=1,2,...,q
where the mean and probability of failure are evaluated with a MCS uncertainty
propagation with M samples. The mass of the gear pair mgyeqrs is calculated ana-
lytically and do not include the mass of the wheel web.

5.4.2.2 Uncertainty Modeling

The input uncertainties are addressed through MCS with M samples drawn from
the input distributions to assess the system response in terms of both mean and
the probability of failure. The input distributions are characterized by the design’s
nominal value, represented as the mean y = x;, and a standard deviation o derived
from one-third of the manufacturing tolerance A. The input parameters with posi-
tive values are modeled using a gamma distribution, while those with both positive
and negative values follow a normal distribution.

The specific input tolerances employed are documented in Table 5.4. These
tolerance values are derived from the guidelines of ISO 1328 [297] with tolerance
class 7, as common in automotive applications. For parameters not specified by the
standard, we have assumed reasonable tolerance values consistent with the auto-
motive sector. It’s important to note that the tolerances for Cyg, Cg and Cpy, are
duplicated in Table 5.4, as they encompass both pinion and wheel tolerances.
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Table 5.4: Manufacturing tolerances for gear parameters A.

hteeth C,B CH,B Caw Cap CHap CﬁL CHaW hwebp
[mm] [pm] [um] [pm] [um] [pm] [pm]  [pm]  [mm)]
+0.1 45 424 +2  +2  £10 +6 +10 401

5.4.2.3 Optimization Results

The NSGA-II optimisation was carried out in Python using the pymoo library [298]
and the high-fidelity DT prototype of the combustion transmission. The optimiza-
tion was performed with a population size of R; = 30 and was terminated after a
maximum of 500 generations. At each generation, R;/2 offspring individuals are cre-
ated. The initial population was generated using random solutions. The crossover
and mutation distribution index, which affect the spread and diversity of the off-
spring generated, was set to 25.

To incorporate uncertainty propagation and apply chance constraints, we em-
ployed MCS with M = 1000 samples for each design. The system responses un-
derwent normalization to facilitate equitable comparisons during dominance checks,
with PPTE responses being scaled by 1.5um and the mass of the gear pair by 0.5kg,
representing reasonable expected output values.

The entire optimization process, including uncertainty propagation, took only
128.8 seconds. In contrast, the estimated time of the optimization without a sur-
rogate model would have been approximately 37.8 million seconds or 10.5 thou-
sand hours. In other words, the use of surrogate modeling enabled the complex
multi-objective optimization of complete large transmissions under uncertainties by
reducing the elapsed time by around 1 million times.

The optimization results are visually represented in Figure 5.8 for select pairs of
objective functions. Red points indicate infeasible solutions, where the probability
of failure exceeded 5%, blue squares represent feasible solutions, while cyan X’s
indicate the Pareto set in the last generation. The Pareto front solutions may not
always align with the 2D frontier of the objective functions plotted, but they are
non-dominated in at least one other objective from the seven-dimensional solution
space.

Figure 5.8 reveals a trade-off between certain objective functions. For instance,
individuals that yield reduced PPTE at 20 Nm tend to result in increased PPTE
at 60 Nm and 120 Nm, as well as a higher overall mass. Furthermore, a noticeable
trade-off exists between PPTE at 120 Nm and the mass of the gear pair. In contrast,
the PPTE at higher torque conditions, such as 120 Nm and 80 Nm, does not exhibit
conflicting trends.

Figure 5.9 displays the nominal parameter values of individuals from the Pareto
front in the last generation along with their corresponding objective functions. For
comparison purposes, the results of a baseline design with nominal parameter values
described in Table 5.5 are also plotted in red.
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Figure 5.8: Results of all generations of the NSGA-II optimization at different 2D
views of the objective functions. The red points are infeasible, the blue squares are
feasible, and the cyan crosses represent the solutions on the Pareto front.

In Figure 5.9a, it can be observed that the optimal values of the lead crowning
Cp and involute slope in the wheel Crq,,, are well-defined. The other parameters
offer a wide range of potential solutions. Consequently, the final design decision
should be guided by the trade-offs observed across different objectives, as evident
from Figure 5.9b.

In this chapter, our selection of the best design from the Pareto Front is based
on minimizing the weighted sum of all normalized objectives. A weight of one is
assigned to the PPTE responses at each load condition, while a weight of six is
assigned to the gear pair mass. Figure 5.9 displays the selected design based on
this criteria by a green line. Notably, the selected design offers a good compromise
between mass and PPTE across various load conditions, outperforming the baseline
design in all objective measures.

To visualize the impact of uncertainties in our analysis, Figure 5.10 provides two
2D examples of the Pareto front including the min-max response range obtained
with the MCS. These illustrations reveal that PPTE at low torque conditions is
more sensitive to manufacturing tolerances than at higher torques. Moreover, it’s
notable that the robustness of PPTE to micro- and macro-geometry uncertainties
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Figure 5.9: Design parameters and objective values from the baseline design (—),
the individuals in the Pareto set (=), and the selected design from the Pareto set

(—)-

varies among individual designs. This variability underscores the importance of
accounting for uncertainties in the optimization process.

Finally, we conducted validation of the selected optimal design obtained through
the optimization process using the true simulation model. As presented in Table
5.6, the deterministic outputs from the DT surrogate exhibit a satisfactory level of
agreement with the ground true simulation. Specifically, the mean and maximum
PPTE discrepancies across all load conditions are 0.098um and 0.185um. The
validation confirms that the proposed solution achieves the desired design criteria.

In summary, this section utilized the DT prototype of the combustion transmis-
sion for an original multi-objective optimization of gear micro- and macro-geometry
under chance constraints. Surrogate modeling drastically reduced computational
time, enabling this resource-intensive optimization.

The process efficiently produced a set of feasible non-dominant solutions, forming
the Pareto set. These solutions offer a trade-off between different objective functions,
facilitating informed decision-making. Notably, they achieved weight reduction and
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Table 5.5: Nominal values of gear micro-geometry for the baseline design.
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Figure 5.10: Different 2D views of the Pareto front with min-max response intervals
including: Pareto set (—); selected design (—); and baseline design (—).

improved NVH performance for all load conditions compared to the baseline design.
In essence, this approach demonstrates the effectiveness of leveraging the DT to en-
hance gear designs’ performance and robustness amid manufacturing uncertainties.

5.5 Knowledge Continuity: Transfer Learning for Suc-
cessive Digital Twins

In this section, we demonstrate the practical application of the deep TL method-
ology introduced in Chapter 4 in a real-world example of inter-generational DT
prototyping: the transfer of information from the combustion engine-driven gear
transmission, 7TDCT300, to its hybridized successor, the THDT300. In this context,

Table 5.6: Validation of the PPTE prediction of the DT with the ground true
simulation for the selected optimal design.

Load Condition | 20 Nm 40 Nm 60 Nm 80Nm 100 Nm 120 Nm

[pm] [im] [im] [1m] [im] [1m]
DT prediction 0.49 0.65 0.80 0.70 0.64 0.60
Simulation 0.39 0.81 0.71 0.60 0.62 0.68
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the combustion transmission is the initial product generation with relatively abun-
dant dataset, serving as source domain for the TL. The hybridized transmission
represents the next product generation, characterized by limited data availability,
and is the target domain in our TL analyses.

The combustion and hybrid gear transmissions under analysis share many sim-
ilarities, including common-parts, similar assemblies, and analogous power paths
(refer to Figure 5.2). Despite their similarities, the hybrid version introduces an
electric traction motor, a three-gear train connecting the electric motor to the in-
termediate shaft, the corresponding new bearings, and modifications into the hous-
ing to accommodate the new components, including new mounting points. These
changes alter the system’s behavior, affecting the stiffness and, consequently, system
deflection, mesh misalignments, PPTE, and noise radiated.

Therefore, although the similarities suggest shared behavioral traits between
the product generations, the information learned from the initial generation should
adapt to accommodate the modifications introduced in the new generation. Assess-
ing how much of the source information remains pertinent and how to adjust it to
the target domain is a complex task that usually relies on the expertise of the prod-
uct designers. The use of deep TL within the DT framework allows to automatize
this task, adapting the information from the source to the target domain.

Our evaluation of TL performance in this problem involves two distinct config-
urations of the target domain:

1. when the hybrid transmission is driven by the combustion engine.

2. when the hybrid transmission is driven by the electric motor.

It is expected that TL will prove more beneficial in the first scenario, as the power
path remains consistent between the source and target domains, resulting in a higher
degree of correlation. Conversely, the second scenario introduces a shift in the
power path between source and target tasks, exacerbating the disparities between
the domains and, consequently, increasing the complexity of TL adaptation. In both
scenarios the source model is the high-fidelity DT presented in the previous section.

5.5.1 Transfer Learning Results

This section presents the outcomes of the deep TL between the combustion trans-
mission (Source) and hybrid transmission (Target) domains. We assume that com-
bustion and hybrid tasks are related and that the most influential and interacting
variables identified for the source domain (refer to Section 5.3) remain consistent in
the target domain.

The training dataset X, Y, comprises a mere 50 samples from the target domain,
with X7 € Xy. We implement deep TL by using the optimal parameters w, b, g
obtained in the training of the high-fidelity NN model hg(-) for the combustion
transmission as the starting point for constructing the DT for the hybrid transmis-
sion. Four distinct deep TL methods, as presented in Chapter 4, are evaluated:
Finetuning, Gradual Finetuning, Frozen, and Unfrozen. To validate the accuracy
improvement achieved by deep TL, we compare the performance with and without
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TL.

The NN model’s hyperparameters without TL are determined through a five-
fold grid search, leading to a configuration of five hidden layers, each containing
16 neurons, and learning rate of 0.005. The NN models with TL retain the same
architecture as the Source model, as defined in Section 5.4.1. In the case of the Fine-
tuning and Gradual TL methodologies, a learning rate coefficient of 0.1 is adopted.
This choice has proven effective across a wide spectrum of distances between the
source and target domains in the study of Section 4.3.2. Within the Frozen and
Unfrozen TL strategies, the top three layers of the Source model are replaced by
three similar layers with random parameter initialization, which are subsequently
trained from scratch.
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Figure 5.11: Comparing accuracy performance of the hybrid gear transmission’s
DT trained with scarce data: without TL and employing various TL strategies.

Figure 5.11a presents the TL results for the scenario where the input torque
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originates from the combustion engine. Remarkably, all four deep TL methods
outperform the Target model without TL. The Finetuning approach achieved the
best performance, with errors 2.2 times smaller in average than those observed
without TL.

Results for TL in the scenario where the transmission is driven by the electric
motor are presented in Figure 5.11b. Once again, models with TL consistently
yields lower errors than the model without TL. For this scenario, the Gradual ap-
proach leads to the most substantial improvement, with prediction errors reduced
in average 1.6 times compared to the errors without TL. As expected, the extent
of improvement from TL is somewhat diminished compared to the first scenario
due to decreased correlation between the domains. However, these improvements
remain significant even in this scenario where, besides the changes in geometry and
boundary conditions, the power input has changed.

In summary, the proposed deep TL approach for inter-generational DT prototyp-
ing demonstrates successful results in the context of real-world industrial product
design, enhancing data efficiency and accuracy and bridging the knowledge gap
between product generations. By leveraging information from legacy designs to
evolving ones, deep TL for surrogate modeling empowers industries to deal with
the challenges of data scarcity during early product development. Furthermore,
this approach transforms traditional reliance on expert knowledge for information
continuity into a more automated, data-driven process.

5.6 Conclusions and Discussion

In this chapter, our objective was to seamlessly integrate the techniques outlined
throughout this thesis into an inter-generational DT framework aimed at enhancing
early product design in the field of SD&V. To demonstrate the real-world efficacy
of this framework, we applied it to the construction of a DT for a combustion gear
transmission system that also adapts for the next generation of transmissions.

The DT proposed is based on NN surrogate models embed with domain expertise
through PGF, resulting in improved accuracy. Furthermore, the DT framework em-
ploys surrogate-based GSA for feature selection, optimization strategy refinement,
and enhanced NN model interpretability. We introduce a two-level surrogate model
fidelity approach, enabling informed decision-making during the design process by
combining extensive exploration of design variables with high accuracy in the final
model. Remarkably, the DT prototype implemented has negligible computational
cost, making it a cost-effective replacement for resource-intensive simulations. Ad-
ditionally, the framework employs deep TL techniques to transfer and adapt the
knowledge from the current designs to future product generations, promoting infor-
mation continuity and data efficiency.

In practice, we successfully implemented the DT framework for the gear trans-
mission study. This application demonstrates the DT power when applied in the
multi-objective optimization of the transmission weight and NVH performance. Due
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to the minor cost of DT evaluations, we were able to explore both micro- and macro-
geometric aspects of gear transmission design while accounting for uncertainties and
using the coupled transmission model at various load conditions—an achievement
not previously reported in the literature. Moreover, the DT, initially developed for
a combustion gear transmission, has shown its adaptability by accommodating the
modifications from the successor hybrid transmission through deep TL with limited
data in the new task.

In sum, the proposed DT framework effectively addresses the challenges of ac-
curacy, interpretability, and data scarcity that are often encountered in the virtual
modeling and design of SD&V systems. Furthermore, its versatility makes it readily
applicable in different industrial contexts. Ultimately, the DT framework presented
in this chapter emerges as a powerful design tool, offering a promising avenue for
enhancing product design, reducing development cycles, and improving decision-
making processes in industrial applications.



CHAPTER 6

Conclusion and Outlook

This thesis aimed to introduce a Digital Twin (DT) framework integrating physical-
and data-based models for early-stage Structural Dynamics and Vibroacoustics
(SD&V) product design. The proposed DT framework uses Machine Learning (ML)-
based surrogate models to enable cost-effective predictions of the system responses
to support informed and fast decision-making.

The literature review identified gaps in the integration of ML techniques for
SD&V product design, emphasizing challenges such as the non-smooth nature of
problems, interpretability issues, and the demand for substantial data. Furthermore,
it reveals a lack of research on models that explore knowledge continuity through
different product generations. Therefore, this research investigates how to develop
ML-based inter-generational DT that overcomes these challenges.

Benchmarking ML algorithms in Sound Transmission Loss analyses with increas-
ing complexity levels indicate that Neural Network (NN) can accurately predict
non-smooth behaviors, consistently outperforming Random Forest (RF), Gradient
Boosted Decision Trees (GBT), and Gaussian Process Regressor (GPR). Addi-
tionally, integrating domain knowledge through Physics-Guided Featuress (PGFs)
improved model accuracy and data efficiency. Consequently, NN with PGFs was
chosen as the core algorithm for the DT.

To enhance interpretability, global sensitivity analyses, including by-products of
ML methods like Mean Decrease in Impurity (MDI) and classical variance-based
methods like Sobol, were integrated into the DT framework. The MDI analysis
demonstrated advantages over variance-based methods regarding flexibility and ac-
curacy when limited system evaluations are available. In contrast, Sobol analysis
becomes affordable when surrogate models are available, offering further insights
into input interactions. The integration of these sensitivity analyses allowed for an
investigation into the physical consistency of ML models and a deeper understanding
of the physical phenomena. Moreover, the selection of important features revealed
by the sensitivity analysis reduces the problem dimension, contributing to improved
model accuracy.

This study also promotes the adoption of inter-generational DTS, harnessing ex-
isting data from prior product generations through deep Transfer Learning (TL)
techniques. An exploration into the novel application of deep TL for surrogate
models with tabular data, incorporating a conditional shift between source and
target domains, was conducted, underscoring the efficacy of this approach in the
proposed context. Among the deep TL methods examined, Gradual Finetuning
exhibited superior overall performance with more robustness to the degree of relat-
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edness between the domains and to hyperparameter choice. The findings highlight
that inter-generational DTs reduce the reliance on new data, fostering knowledge
continuity in the product development process.

The proposed DT framework’s effectiveness was demonstrated in a real-world
NVH analysis, specifically in the lightweight design of silent gear transmissions.
The DT exhibited predictions with improved accuracy and interpretability and sig-
nificantly expedited the design process. Notably, successful knowledge transfer be-
tween generations of gear transmissions showcased the data-efficient DT modeling
and adaptation capabilities of the methodology proposed.

In conclusion, the developed methodology emerges as a versatile tool with im-
mediate applicability in industrial settings, empowering early product design and
streamlining the decision-making process in SD&V.

Despite the progress made, further advancements are needed to implement a
comprehensive DT, which ideally should evolve throughout the entire product life
cycle and incorporate all available data.

Within the scope of this thesis, our focus has been on the initial design phases,
where only simulated data is available. The next challenge in DT implementation is
the integration of experimental data from the final stages of product design. At these
stages, the DT should self-calibrate to correspond with measured data, ensuring it
accurately represents the real system. Additionally, while the current DT effectively
addresses epistemic errors, the DT enriched with measured data should be able to
address also aleatory uncertainty effects.

Furthermore, the evolution of the DT should extend into the product’s usage
phase. The development of DT for the usage phase is a domain of ongoing and
intensive research, with applications such as failure monitoring, risk assessment,
mission planning, and real-time optimization and control. However, the development
of DTs that span the product’s entire life cycle and evolve across product generations,
integrating models and assimilating information from conception to retirement, is
rare. Therefore, this gap represents a promising avenue for future research.

In summary, the current research contributes to bridging the gap in ML applica-
tion within SD&V product design and introducing inter-generational DTS, providing
a foundation for future advancements in the field. Still, further research is required
to achieve a comprehensive and integrated DT.
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APPENDIX A

Machine Learning in SD&V for
Structural Health Monitoring and
Active Control

This appendix presents a comprehensive literature review focused on the application
of ML techniques in the realm of SD&V, with a specific emphasis on Structural
Health Monitoring (SHM) and Active Control. While the primary focus of the thesis
is on ML applications in SD&V for product design, a significant body of research
within the broader SD&V domain has been concentrated in the areas of SHM and
Active Control. Section A.1 of this appendix provides an in-depth exploration of
SHM, recognized as one of the most developed applications, while Section A.2 delves
into the application of ML in Active Control scenarios. This literature review offers
valuable insights into the advancements, challenges, and trends in ML applications
within these critical areas of SD&V research.

Part of this chapter was published in the authors’ comprehensive review paper
in reference [11] from the journal Mechanical Systems and Signal Processing.

A.1 Structural Health Monitoring (SHM)

SHM is an engineering area that covers detecting and diagnosing recipient fail-
ures and predicting the remaining useful life (RUL) of engineering structures based
on measurements. The benefits of SHM are manifold and well known for struc-
tural reliability and integrity management, as the employment of SHM can help
avoid catastrophic failures and define a maintenance schedule to optimize service
time. The widespread deployment of low-cost connected sensors favors using data-
driven methods over physical-based models in SHM applications [301]. In addition,
physical-based models usually struggle to replicate the operating conditions of com-
plex dynamic systems, and their costly computations are prohibitive for online mon-
itoring [302]. On the other hand, data-driven methods can extract damage-related
knowledge from data while handling its intrinsic uncertainties [301].

Due to ML capabilities of inferring knowledge from data, ML-based SHM has es-
tablished itself as a major research topic, decreasing the dependency on expert judg-
ment and increasing the accuracy and degree of automation on damage detection
and assessment [70, 303]. Furthermore, most SHM methods rely on measurements
of the system’s dynamic response, such as vibration signals and acoustic emissions,
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which can be easily monitored online during operation and are sensitive to dam-
age on a global level, without requiring knowledge of the exact damage location.
Therefore, the joint field of ML and vibration- and acoustic-based SHM is broad
[304, 305], being the most extensive and consolidated use of ML in SD&V.

Although traditional ML algorithms enabled some level of automation in damage
detection compared to knowledge-based approaches, they still heavily rely on hand-
crafted methods to unveil damage-sensitive features [70, 301|. Moreover, the most
informative set of features is often unknown in real-life scenarios, especially for com-
plex cases with little domain knowledge. Because of that, DL has been increasingly
applied to automatically perform high-level feature extraction [306, 65]. Further-
more, Lei et al. [70] states that traditional ML is unsuitable for large datasets, with
which DL generalizes best. Although DL can further automate and improve damage
diagnosis and prognosis, its application is still limited to cases where large datasets
and training time are available. The different workflows of traditional ML and DL
in SHM are illustrated in Figure A.1.
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Figure A.1: Structural Health Monitoring workflow: in the traditional ML approach,
feature extraction and selection are handcrafted and followed by an ML model (a);
Deep learning models perform end-to-end predictions by automating feature extrac-
tion and selection (b).

ML-based SHM faces two major challenges. The first is the limited availability
of labeled data since machines and structures usually operate in healthy conditions,
and labeling abnormal data is costly. The second challenge is the Environmental and
Operational Variability (EOV) that also changes the structural dynamic response,
making it more difficult to identify damage effects on the data [307, 308]. The
different levels of complexity in SHM for rotating machines and bridges illustrate
these challenges. The data availability of rotating machines is usually higher than
for bridges once they are often monitored and have similar counterparts. More-
over, the failure modes of rotating machines are well-defined and well-correlated
with vibration signatures, making it easier to label damage [308]. The operating
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and environmental conditions of rotating machines also are usually more controlled.
Consequently, there are many successful industrial applications of SHM for rotating
machinery, also known as condition monitoring [308, 305, 309]. On the other hand,
bridges are commonly not entirely monitored, have a unique design, and their dam-
aged response is unknown. Additionally, their excitation sources, such as traffic load
and seismic activity, as well as environmental conditions, can vary considerably in
an uncontrolled way.

The difficulty of the SHM problem also increases according to the prediction
goal, as defined by Rytter’s hierarchy [310]:

o Level 1 - Damage Detection: identify the presence of damage.

e Level 2 - Damage Location: locate the damage.

e Level 3 - Damage Assessment: estimate the severity and/or class of damage

1

e Level 4 - Damage Prognosis: forecast health condition, such as RUL.

As the level in Rytter’s hierarchy increases, it is likewise more costly to label the
data, and thus, the datasets are more scarce. Furthermore, the performance of the
higher levels usually depends on the previous levels [311], so the literature is uneven
among the levels.

This section aims to overview ML-based approaches of SHM in SD&V, stating
their merits in face of the challenges and complexity levels. Section A.1.1 defines the
basics of data processing, feature extraction, and feature selection methods suitable
for data of dynamic system response. Sections A.1.2 to A.1.5 review ML approaches
applied to each level of Rytter’s hierarchy. Section A.1.6 introduces current trends
to overcome the scarcity of labeled data. Finally, Section A.1.7 summarises and
discusses the strengths and limitations of the main ML algorithms used in SHM.

For further details on ML-based SHM, the reader is encouraged to consult the
wealth of reviews dedicated to the topic [306, 312-314, 70, 311|. The reviews in
[301, 305, 315] focused on DL-based SHM. An informative overview of SHM based
on monitoring structural vibrations and waves is presented in [308]. The book by
Farrar and Worden [303] hands over in-depth aspects of ML-based SHM, such as
data acquisition, data processing, and ML algorithms. Reviews are also available
for specific applications, such as for rotating machinery [305, 309], civil engineering
[316-319], bridges [320], and earthquake engineering [321].

A.1.1 Data Processing and Features Extraction

The accuracy of the ML damage prediction strongly depends on the quality of the
data provided, so proper data acquisition, signal processing, and feature extraction
and selection are crucial. Even DL algorithms, which may handle raw data, can
improve their accuracy and efficiency with data preprocessing. Many techniques are
employed to improve vibration and acoustic data representation for SHM. The first
step is proper data acquisition, including the definition of sensor type, number, and

!The original Rytter’s hierarchy in [310] only accounts for damage severity at Level 3
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location. Moreover, data should be acquired under the different expected environ-
mental and operational conditions so that the impact of EOV can be statistically
quantified [308]. Since this is often unfeasible, the ML must be designed to be robust
to the EOV. Data normalization techniques also help to mitigate the EOV effects
in the data to a certain degree [322, 307]. Sohn et al. [323| summarize many aspects
of data acquisition and processing in SHM.

In SD&V applications, performing data domain transformation is often helpful
once vibration and acoustic signals are commonly better represented in frequency or
time-frequency domains. Representations on the frequency domain are suitable for
stationary signals and can be obtained with fast Fourier transform, multiple signal
classification, and bispectrum analysis [324-326]. Time-frequency or wavelet domain
is convenient for non-stationary signals and can be obtained with discrete wavelet
transform, wavelet packet transform for noise reduction and adaptive resolution
[327, 328|, Morlet wavelet [329], short term Fourier transform [330], Hilbert-Huang
transform [330], empirical model decomposition [331], among others [332, 326].

Feature extraction can also be performed in the time domain (e.g., root mean
square, skewness, kurtosis, and autoregressive coefficients), in the frequency do-
main (e.g., power bandwidth, harmonics, and spectral skewness), and in the time-
frequency domain [326]. Other feature extraction methods used in SD&V prob-
lems include multi-domain statistical feature [333], compressed sensing techniques
[327, 334| and histogram of oriented gradients for vibration images [335]. As irrele-
vant or redundant features and high-dimensional inputs might worsen the predictor
performance, feature selection is usually performed along or after feature extrac-
tion [70]. ML algorithms for dimension reduction can also be employed to perform
feature extraction and selection [305]. Varanis and Pederiva [336] compared them
in an SHM context and concluded that linear discriminant analysis is suitable for
non-stationary cases, PCA is convenient for stationary signals, and independent
component analysis for problems with combined faults. Some ML algorithms, such
as decision tree-based and LASSO algorithms, implicitly select relevant features
[311].

As DL can automate these stages for large datasets, handcrafted feature extrac-
tion and selection are mainly used by traditional ML. Additionally, unsupervised
DL algorithms can be used to automatically perform feature extraction and dimen-
sion reduction and then be stacked with traditional shallow ML to output the final
prediction. This configuration has been increasingly explored in SHM, either for
unlabeled datasets [337, 338] or labeled datasets [339-342, 328]. Autoencoders and
their variants are the most commonly used algorithms in this framework.

A.1.2 Damage Detection (Level 1)

Damage detection is the most fundamental level of diagnosis for identifying whether
the signal is healthy or unhealthy. In SD&V, the damage is usually assumed to
change the system’s dynamic response, allowing the presence of damage to be iden-
tified by monitoring deviations from normal conditions. This approach can be car-
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ried out using unsupervised learning, making damage detection widely applicable
to real-life problems. Given the data availability in level 1 and its importance as a
foundation for subsequent Rytter’s levels, there is rich literature on damage detec-
tion.

Anomaly detection algorithms identify outliers or abnormal conditions using
unlabeled data and, therefore, are conveniently used for damage detection. How-
ever, the challenge in anomaly detection is to detect the damage while being ro-
bust to EOV and data noise, which can also be detected as an outlier, leading to
false-positive predictions and unnecessary maintenance (343, 344]. The review in
[345] classifies anomaly detection algorithms as domain-based, e.g. one-class SVM
[346, 347]; distance-based, e.g. k-means and k-nn [348|; probabilistic-based, e.g.
Gaussian mixture model (GMM) [349] and reconstruction-based, e.g. SOM [350],
PCA [343, 344, 349|, and autoencoders [337, 351]. Markou and Singh reviewed
anomaly detection algorithms with a statistical approach [352] and an NN-based
approach [353].

Vos et al. [346] performed anomaly detection based on only-healthy data using a
one-class SVM and reported that the prediction accuracy improved by using features
extracted by LSTM for consecutive time series and statistical features for non-
consecutive time series. In [348|, k-nn was trained with only-healthy data from a
population of centrifugal fans while reducing the dataset size and computational time
by selecting the most representative samples from various operational conditions.
The approach led to an accurate detection of distinct anomalies with an indication
of fault severity. SOM-based anomaly detection using statistical features from only-
healthy data or mixed data was implemented in [350]. When the unlabeled data
include healthy and non-healthy measurements, the problem of inclusive outliers
should be considered [308|. To address this issue, Dervilis et al. [354] introduced a
robust multivariate statistical method to reveal outliers and aid in selecting robust
features.

Many anomaly detection algorithms have also delivered predictions robust to
EOV. Reconstruction-based ML has been found to improve the accuracy of dam-
age detection by isolating structural changes due to damage from EOV effects
[343, 344, 349, 355]. PCA has been applied to consider the linear [343] and nonlinear
[344] effects of environmental changes in the features extracted from a one-year-long
vibration dataset of a bridge. Long-term bridge monitoring was also addressed in
[356] using k-means clustering to identify structural and sensor damage. In [349],
nonlinear PCA and GMM performed better than linear damage detection algorithms
in the long-term monitoring of bridges under unknown sources of variability. Ac-
cording to [352], GMM performs well with limited training data and can be used
in a probabilistic framework but suffers from the curse of dimensionality with high
dimensional feature space. In [355], nonlinear factor analysis was used as an unsuper-
vised NN-based method to learn the latent structure of damage features separated
from EOV effects and to classify damage based on the reconstruction error. Santos
et al. [347] proposed four kernel-based unsupervised algorithms to detect linear and
nonlinear damage in a framed structure considering EOV. The kernel-based models
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were fed in with features extracted from autoregressive models and performed better
than benchmarked algorithms.

DL-based anomaly detection has also been implemented successfully in the lit-
erature. In [357], wind turbine anomalies were detected based on the reconstruction
error of deep autoencoders. Similarly, aircraft fault was detected in [337] by deep
autoencoders using multi-sensor raw time series as the dataset. After detecting
the fault, a clustering algorithm was employed for fault disambiguation. Recently,
Michau and Fink [351] used unsupervised transfer learning in anomaly detection
problems to take advantage of information from other fleet instances whose data
was sampled under distinct environmental and operational conditions. The article
used an adversarial DL architecture to identify domain-independent features and
integrate them with an extreme learning machine to perform anomaly detection.

Supervised algorithms are also applied for robust damage detection. For in-
stance, Laory et al. [358] used supervised algorithms to study structural damage
detection of a bridge with EOV based on the prediction of its natural frequencies.
The study found that including temperature and traffic loads as input of the al-
gorithm improves the accuracy of natural frequency prediction. Additionally, RF
and SVM outperformed MLP, decision tree, and multiple linear regression in this
task. In [359, 360], damage detection in bridges under EOV was performed using
variational mode decomposition to remove seasonal patterns from frequency sig-
nals before applying RNN prediction. The publications in subsequent sections also
perform damage detection, implicitly or explicitly, as the diagnosis of levels 2 to 4
depends on whether the damage was detected.

A.1.3 Damage Location (Level 2)

The second level of damage diagnosis is to locate the damage, enabling better in-
spection and maintenance routines. For this level of diagnosis, supervised learning
is generally required.

Fuentes et al. [308] suggests that acoustic emissions are suitable for non-intrusive
damage location as the difference between time-of-flight of the sensors can be used
to localize the source of the unhealthy signal. This methodology was implemented in
[361], where a GPR was trained to map artificial damage sources while automatically
selecting active sensors. Janssen and Arteaga [324] used acoustic measurements to
locate a plate’s failure and investigated data processing and augmentation methods.
However, this approach requires multiple sensors relatively near the structure.

In non-rotating structures, the damaged structural response is usually studied
by simulations or experiments that consider stiffness reduction, losing connections,
or added mass to represent the damage [317]. According to the review of SHM in
civil engineering in [317], two approaches are more common for damage detection
and location. In the first approach, known as parametric, the natural frequencies
and mode shapes of the structure are used as features for classifiers such as MLP
and neuro-fuzzy system [362, 363|. In the non-parametric approach, PCA or au-
toregressive models perform feature extraction, and a classifier predicts the damage
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location [364, 365].

Papatheou et al. [366] added masses at different panels of an aircraft wing to
simulate damage effects and accurately predicted the damage location with an MLP,
even with test data from real saw-cut damage. Abdeljaber et al. [367| used compact
and fast 1D CNN to enable real-time detection and location of failure at the joints
of a framed structure. In [339], a sparse autoencoder extracted features from the
vibration signals of an induction motor and was stacked with a dropout NN to locate
the damaged component.

A.1.4 Damage Assessment (Level 3)

Damage assessment aims to define the damage severity or the damage mode. Effec-
tive diagnosis of multiple health state classifications is still challenging, especially
as labeled data is rare as it usually requires expert judgment to label. The difficulty
increases with system complexity, sensory data heterogeneity, strong ambient noise,
and working condition fluctuations.

A great part of the literature on damage assessment is applied to rotating ma-
chines, as their vibration signatures are well-known and can correlate with damage
mode and severity. Gecgel et al. [325] compared traditional ML and DL approaches
to classify the severity of gear tooth crack based on simulated-based vibration sig-
nals with added noise. The accuracy of shallow SVM, RF, and decision tree algo-
rithms using handcrafted features was inferior to the prediction accuracy of CNN
and LSTM. Many techniques to encode vibration signals into images were tested
to generate inputs for the CNN, but raw vibration signals reshaped as a 2D matrix
led to the most accurate prediction. On the other hand, Jing et al. [333] trained a
1D CNN to classify gear fault modes and showed that the accuracy improved con-
siderably when the data were in the frequency domain in comparison to raw input
or uni-dimensional time-frequency signals. In addition, the 1D CNN reached higher
accuracy than MLP, SVM, and RF. In [340], a stacked denoising autoencoder and
a softmax layer were employed to classify bearing damage mode under variable op-
erational speed and ambient noise, achieving more accurate and robust prediction
than SVM, RF, and other autoencoder architectures, but requiring longer training
time.

Tao et al. [341] used DBN with unsupervised pre-training and supervised fine-
tuning to classify bearing fault modes. The DBN efficiently adapted multi-sensor
data fusion and provided higher accuracy than SVM, k-NN, and MLP. Similarly,
[368] used the weights of a pre-trained DBN to initialize and fine-tune an MLP,
which outperformed SVM in identifying combined faults from bearings and gears in a
gearbox. In both [341, 368], handcrafted extracted features are used as input for the
DBN. Yu et al. [369] also reported improved accuracy of DBN over traditional ML
when diagnosing sensor faults, actuator faults, and system faults of wind turbines. Li
et al. [328] implemented a method to merge acoustic emission and vibration signals
by extracting the signal features through deep Boltzmann machines and merging
them with an RF, showing improved accuracy in classifying many gearbox damage
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conditions in comparison to other shallow and deep ML algorithms. Booyse et al.
[338] used only healthy vibration data to detect and classify damage and to predict
the health index in rotating machines. Order tracking preprocessing was applied
to normalize the data with respect to rotational speed and the time-synchronous
average over the recording period. GAN and variational autoencoder were employed
during the unsupervised learning, being that GAN presented the best performance.

According to the review in [317], damage assessment for civil structures usually
relies on simulated data to work around the lack of labeled data on damage severity
and mode. In [370], the severity of corrosion on bridges, characterized by the thick-
ness reduction, is predicted with NN trained on data from finite element method
(FEM) impact simulations. Hakim et al. [362] implemented an NN ensemble to
accurately predict damage location and severity in an I-beam structure using the
structure mode shapes as inputs.

A.1.5 Damage Prediction (Level 4)

Health prognosis analyses aim to forecast the degradation curve and the RUL and,
therefore, can potentially enable maintenance schedule optimization with reduced
downtime and safe operational conditions. Reviews on the approaches to evaluate
RUL are provided in [371-373|, mainly focusing on machinery condition monitoring,.
According to Lei et al. [371], health prognosis can be divided into four stages: data
acquisition, health index construction, health stage division of healthy /unhealthy
stages of the health index degradation trend, and RUL forecast, which is defined
generally by a threshold applied to the degradation trend curve. The review also
reveals that NNs and SVMs are the most used ML algorithms in health prognosis
literature, followed by GPR and neuro-fuzzy systems [371].

A big challenge in health prognosis is that run-to-failure data are rare. When
historical degradation data are available, ML algorithms can predict the RUL based
on online-sensor data and operational conditions. Gugulothu et al. [374] proposed
RNN-based algorithms for predicting RUL that do not rely on assumptions on the
degradation trend. Additionally, these algorithms are robust to noisy and missing
data and can capture multi-sensor temporal dependencies. The RNN generates
embeddings for the multivariate sensor signals that are clean from noise and can
be compared to health embeddings to estimate the RUL. For example, an LSTM
was implemented in [375] to predict RUL curves with uncertainties using a turbofan
benchmark dataset, outperforming CNN and other RNN-based algorithms. In their
study, Zhao and Yuan [376] implemented a CNN that detects and classifies bearing
damage and predicts RUL in real-time. To improve the accuracy of the predictions,
the algorithm uses an online adaptive delay correction method. Other examples
of NN-based RUL predictors include semi-supervised algorithms using variational
autoencoder and RNN [377], as well as LSTM with dimension reduction methods
for multi-sensor data [378].

Goebel et al. [379] compared the RUL prediction performance of relevance vector
machine, GPR, and NN for RUL and reported that RUL predictions strongly rely
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on health index predictions, which were significantly different among the algorithms.
Benkedjouh et al. [380] employed nonlinear feature reduction and SVM to perform
online RUL prediction of bearings based on the current health index estimation and
on the degradation model fitted offline. In [381], a hybrid model with NN and GPR
was applied to predict fatigue failure time with adaptive confidence interval. The
adaptability potential of the GPR makes them appropriate for RUL prediction prob-
lems, whereas the dataset is small, as noted in [371]. Neuro-fuzzy systems, which
use engineering knowledge and statistical information from data-driven methods,
have also shown promise as RUL predictors. Chen et al. [382] used an adaptive
Adaptive Neuro Fuzzy Inference System (ANFIS) integrated into a high-order state
space model to predict the probability density function of RUL from a planetary
gear carrier plate.

Stender et al. [383| approaches the acoustic brake squeal problem in two steps:
brake NVH assessment and brake squeal prediction. First, short-time Fourier trans-
form and data augmentation techniques are employed to create an augmented image
database to train a CNN. The CNN accurately classifies brake noise and indicates
when and at what frequency it occurred. In the second task, the problem parame-
ters over time are the inputs of an LSTM that predicts when the squeal will occur.
However, this methodology performed poorly when predicting a different brake con-
figuration. TL algorithms for heterogeneous populations, outlined in Section A.1.6.3,
could be employed to overcome this issue.

Similarity models can be used when run-to-failure data from similar structures
are available [384, 342|. Liao et al. [342| used an enhanced Restricted Boltzmann
Machine algorithm to extract and select features monotonically related to the degra-
dation and a SOM algorithm to aggregate the features into a health index. The RUL
prediction was based on the similarity with other degradation curve patterns. The
authors claimed that the method is suitable for monitoring incipient damages that
can lead to sudden failure. An unsupervised approach to RUL prediction based on
similarity is the encoder-decoder LSTM implemented in [385]. This method predicts
the health index curve based on the autoencoder reconstruction error and estimates
the RUL based on the similarity of the curve predicted with train instances without
making assumptions on the degradation trend.

A.1.6 Current Trends in ML-Based SHM

Recently, some approaches to tackle the lack of labeled data in SHM have gained
prominence, as outlined below. Further discussion on the current and future trends
of SHM is found in [70].

A.1.6.1 Hybrid Models

Hybrid models, also known as grey-box models, integrate physics-based and ML-
based models to decrease the need for data, enable the inclusion of scenarios not
available in the dataset, and increase interpretability while still learning from real
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measurements. Discussion and examples of physics-informed ML for SHM are found
in [302]. Cross et al. [187| recently reviewed physics-guided ML for SHM applica-
tions.

A.1.6.2 Semi-Supervised and Active Learning

In many SHM scenarios, unlabeled data are available, but labeled data are scarce.
Semi-supervised learning is an appropriate approach in these cases, as it takes advan-
tage of both labeled and unlabeled data. Bull et al. [386] implemented probabilistic
damage classification using a GMM trained with labeled data and updated using
the unlabeled data and Expectation Maximisation algorithm, showing improved ac-
curacy compared to solely supervised learning. Yoon et al. [377| performed RUL
prediction in a semi-supervised framework by using the latent variables generated by
a variational autoencoder, which was unsupervised trained with all available data,
as input to the supervised learning of an RNN.

AL is also an appropriate approach when it is possible to actively query and
label samples that maximize the information learned, reducing the total number of
labels needed. Bull et al. [387] initialized the damage diagnosis problem with a one-
class GMM for anomaly detection, and, as new clusters were discovered, the model
adapted to a multi-class algorithm, enabling damage assessment. The probabilistic
output of the model guided the sampling strategy, and the model was updated
with the new labeled data. Alternatively, Bull et al. [388]| proposed a hierarchical
sampling for AL through a cluster-adaptive algorithm and achieved performance
comparable to supervised learning while using only a portion of the labeled data.
The probabilistic AL framework implemented in [389] guided the sampling strategy
to minimize the risk of a decision based rather than maximizing accuracy.

A.1.6.3 Population-Based SHM

Accurate and robust damage assessment and forecast depend on labeled data with
a representative number of samples from different damaged states and environmen-
tal and operational conditions, which is often unfeasible in real-world applications.
PBSHM offers a potential solution to this issue by transferring damage informa-
tion and inference between similar instances of a population [42]. PBSHM assumes
that the information learned in the source domain with labeled data can be reused
in the target domain where labeled data are scarce or unavailable [70], similar to
the concept of TL in Section 1.4.2. The foundations of PBSHM were recently re-
viewed in the series of articles in [43, 219-221|. According to the comprehensive
PBSHM introduction by Worden et al. [42], the applications can be categorized
between homogeneous population, in which the instances are nominally-identical,
and heterogeneous population, in which the instances are different but share some
similarities. Similarly, Lei et al. [70] categorizes TL in SHM as transfer in identical
machines or across different machines.

In homogeneous PBSHM, the structures in the population are pair-wise struc-
turally equivalent but are subject to a degree of variability in their parameters and
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environmental and operational conditions [42, 43|, e.g., a unit of a wind turbine
fleet. According to [42], the entire homogeneous population can be generalized by
a model that approximates the overall expected behavior of the population. GPRs
are well-suited for this purpose because they provide mean predictions, expected
population response, and variance predictions, including the response of the indi-
vidual units of the population [42]. This approach was applied in [43] for similar
structures that have different uncertain parameters and load conditions.

Alternatively, TL can share information from one instance to another, consid-
ering that their data belong to different distributions |70]. Lei et al. [70] presents
approaches to transfer information on aspects shared by source and destination dis-
tributions for both homogeneous and heterogeneous populations. The feature-based
approach, also known as domain adaptation, is the most used to reduce the dis-
crepancies in the feature distributions between source and target domains. This is
achieved by mapping the features into a latent space with shared features [223, 70].
Subsequently, the ML algorithm is trained with source-domain data in the adapted
domain with minimized discrepancies where the ML can also be applied to the target
domain data. The feature-based approaches include transfer component analysis,
joint domain adaptation, deep TL, transfer factor, and subspace alignment, with
recent applications in machinery monitoring reviewed in [70]. Lei et al. [70] also
surveyed applications of GAN-based, instance-based, and parameter-based TL in
PBSHM.

Heterogeneous PBSHM faces the challenge of transferring damaged knowledge
between structures with substantial distribution discrepancies and, in view of this,
has fewer implementations in the literature [70]. In [223], several feature-based
approaches were used for heterogeneous PBSHM to detect and locate damage in
building structures, outperforming a classic classifier. Gardner et al. [226] performed
heterogeneous PBSHM to locate the damage on an aircraft wing using an unlabeled
dataset and transferring damage-location information from another aircraft wing.
They evaluated the structural similarities between the wings by creating graphical
representations to identify common sub-graphs and applied balanced distribution
adaptation to map the target and source domains to the common domain. A k-
nn classifier was trained in the common domain with the source-domain data and
achieved 100% accuracy when applied to the target dataset. Heterogeneous PBSHM
developed from feature-based TL and graph representation that identifies structural
similarities is also analyzed in [219, 221].

A.1.7 On the Merits of ML-Based SHM Algorithms

This section outlined the wealth of ML algorithms and approaches for feature ex-
traction and damage prediction in SHM and SD&V. It is then pertinent to draw
comments on the main algorithms used and their strength and drawbacks in SHM
applications. Generally, the traditional ML approach is convenient for small datasets
and cases where domain experts know an appropriate set of damage-related features.
On the other hand, DL algorithms are more convenient for large-scale data and end-
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to-end prediction with automated feature extraction, reducing the need for expert
knowledge. The complexity of the ML model required typically increases with the
complexity of the problem at hand. Therefore, DL models predominate in the upper
levels of Rytter’s hierarchy. Furthermore, according to this review, the most popular
ML algorithms in SHM are SVM, MLP, CNN, and RNN for supervised learning,
and PCA and autoencoders for unsupervised learning.

SVM is a popular algorithm in SHM due to its ability to excel in data-efficient
classification and its applicability to unsupervised anomaly detection as a one-class
SVM [347, 390]. As SVM maximizes the distance between the healthy and unhealthy
classes, it tends to generalize well even for small datasets and feature space not
thoroughly sampled. However, SVM may not be suitable for large datasets and is
sensitive to the choice of kernel and hyperparameters. A review of SVM applied
to SHM is provided in [390]. Shallow NNs are also widely used in SHM as they
can model complex functions and support supervised and unsupervised training;
However, they may not generalize well for small datasets and have a long training
time. It is worth noting that both SVM and NN are not interpretable.

Conversely, decision trees, naive Bayes classifiers, and k-nn are interpretable and
well-suited to investigate rules and physical meaning in damage diagnosis. These
algorithms also deal better with discrete inputs than SVM, ANN, and DL [305].
However, k-nn requires much memory with large datasets and is sensitive to imbal-
anced distributions [371]. As decision trees usually lead to high-bias predictions,
RF is a popular alternative that improves the generalization capability of decision
trees while sacrificing some of their interpretability. The naive Bayes classifiers are
prone to poor accuracy as they assume independent features. K-means clustering
is employed mainly for unsupervised damage detection and fault disambiguation.
GPR is commonly applied with small datasets and for problems that require an
adaptive model or the prediction of the confidence interval.

Because of their well-known capabilities for extracting spatial features, CNNs are
the most prominent algorithm in vision-based SHM [391, 312]. As time series also
presents a spatial relation, i.e., the position of the data in the temporal dimension
is relevant information, they are also appropriate inputs for a CNN. Many tech-
niques to encode time series to images while preserving their spatial relationships
are used to enable conventional 2D CNN. Examples of encoding techniques include
the omnidirectional regeneration [335], Gramian angular field, Markov transition
field [325], or wavelet transform to provide spectrograms [325, 334]. Moreover, us-
ing 1D CNNs allows time series to be directly processed to perform vibration-based
SHM [391, 392, 333, 393-396]. Besides dismissing data transformation, 1D CNNs
are simpler and smaller than 2D CNN, requiring fewer data and shorter training
time, which enables real-time monitoring [397, 367, 398|. According to [70], ResNet
architectures have similar advantages as CNN in SHM but possibly perform better
for complex and variable operating conditions.

RNNs and their variants are proper candidates for SHM applications as they
are designed to handle sequential data. Furthermore, RNNs were robust to EOV
when applied along data normalization [359, 360]. As RNNs are computationally
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expensive and require more expertise to implement and train, their use is usually
justified for complex SHM problems, especially for damage forecast [375, 377, 378,
383, 385].

Other DL algorithms, such as Deep Boltzmann Machines and DBN, have also
been applied in SHM [369, 399]. These algorithms allow pre-training with unsuper-
vised learning of their layers, followed by supervised fine-tuning [70, 305, 306]. Fu
et al. [399] applied DBN for cutting state monitoring and showed improved accuracy
compared to traditional ML, as well as better data separability performance than
PCA. DBN-based models also performed better than traditional ML and other DL
models in [369, 341, 368]. The pre-training phase allows DBNs to avoid common
problems from backpropagation, such as gradient vanishing and getting stuck with
local minima, but they require large datasets and training time [70].

Unsupervised dimension reduction is applied in all SHM levels, usually as a data
preprocessing step to automate feature extraction and selection. PCA is the most
popular algorithm for linear dimension reduction and is often used to select hand-
crafted extracted features. On the other hand, autoencoders can extract more com-
plex features from raw data and perform nonlinear dimension reduction, but are
data-demanding and can learn unnecessary information [305]. Often the features
extracted by autoencoders and PCA are the inputs for a supervised ML algorithm
that performs damage diagnosis [400, 340]. Furthermore, the reconstruction errors
of PCA and Autoencoders can be used for damage detection solely based on unsu-
pervised data [357, 337|. It was also observed that nonlinear dimension reduction
algorithms, such as autoencoders and kernel PCA, are more suitable for detecting
damage under EOV, as EOC can have nonlinear effects on the system response.

A.2 Active Control of Noise and Vibration

Active control is the area of study that aims to model dynamic systems and de-
sign control mechanisms to guide the system behavior to the desired state. Active
Vibration Control (AVC) of flexible structures is crucial for ensuring the safety,
comfort, and precision of various structures, including vehicles, aircraft, machines,
and buildings[401-403]. Active Noise Control (AVC) or noise-canceling is a subject
of longstanding research that is based on destructive interference to reduce noise
levels [404]|. The growing importance of user comfort, ergonomics, and NVH perfor-
mance during product development [405] increases the efforts to control vibration
and noise. The need for AVC and ANC is higher in low-frequency ranges, where
the application of passive control is limited [406]. As such, this section explores
ML algorithms applied in the active control of noise and vibration, with a focus on
system identification, reduced-order modeling, sensor and actuator placement, and
adaptive control design.

Active control and ML are deeply correlated fields, both of which rely on data-
driven approaches that have been accelerated by the popularization of sensors, IoT
devices, and improvements in signal processing and computational power. In ad-
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dition, ML algorithms can be applied in several stages of the control system, as
analyzed in [407, 205]. An extensive but not exhaustive number of applications of
ML in ANC and AVC is illustrated in Figure A.2. Brunton’s series of videos, named
“Data-driven control with machine learning” [408|, covers overall aspects of ML ap-
plied in active control. The Least Mean Squares (LMS) filter is a basic linear ML
algorithm widely used in active control to estimate the state and controller param-
eters. More advanced ML algorithms, especially NN, are also popular for modeling
and controlling nonlinear systems where linear control theory can fail. However,
when feasible, linear control methods are prioritized because of their shorter re-
sponse time and well-developed linear control algorithms.

Back in the 1990s, many NN applications in active control had already been
identified with three usual configurations [409-411]: NN-based model predictive
control, in which an NN black-box models the forward dynamics of the system
[412]; as an NN-based model-free controller [413]; and in NN-based model reference
control, where NN models the plant and optimizes the controller parameters [414].
The first and third configurations use NN in the system modeling stage, while the
second and third configurations use NN to learn the optimal controller design.

The following subsections outline these and other applications of ML in ANC and
AVC. Section A.2.1 reviews the application in dynamic system modeling, specifically
in system identification and reduced order modeling. Section A.2.2 overviews ML use
in controller design. Finally, Section A.2.3 summarises the merits of ML algorithms
in active control in SD&V.

A.2.1 Dynamic System Modeling with ML

A big part of active control theory relies on model-based control techniques in which
control needs to have a mathematical model of the physical system, as in model
predictive control and linear optimal control [407]. However, in practical situations,
there are two main obstacles:

e The physical model of the system is unknown, or the model parameters which
fit the system equation are unknown. In this case, system identification tech-
niques are required.

e The physical model is known, but its complexity is unfeasible for real-time
control applications. Then, reduced order modeling is needed.

A.2.1.1 System Identification

System Identification (SI) refers to the set of techniques that use measured data
of a system to model the relationship between the input and output of the system.
This description relates to the ML definition of inferring model from data [407, 415].
In fact, some classical SI techniques, such as the eigensystem realization algorithm,
Kalman filters, and linear parameter varying, can be considered an early form of ML
[416]. From this, it can be reasoned that modern ML methods are used for complex
and nonlinear SI.
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Figure A.2: Applications of active control of vibrations and noise powered by ML.
(a) Active control workflow highlighting with red shadow the process that can use
ML; (b) Scheme of ML training in system identification problems; (c) Model pre-
dictive control based on ML-model; (d) Controller design using NN-based inverse
model; (e) Active control using adaptive NN filter to define control parameters; (f)
ML control using heuristic methods to optimize control structure and parameters;
(g) Reinforcement learning applied to active control.
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Nonlinear Autoregressive Exogenous Models (NARX) are widely used to model
stochastic nonlinear dynamic systems in control and can be formulated based on
ML models [417]. ML-based NARX avoids the problem of determining the model
structure faced by classic NARX in the polynomial form [418]|. Ljung et al. [415]
analyzed the similarity of DL and SI concepts and showed that NNs can be described
as NARX models. The sequential dynamic structure of RNNs is also suitable for
being employed as a NARX [419]. Recently, NARX based on dynamic GP [188]
and PCE [420] were developed with the advantage of providing confidence intervals
[418].

Autoregressive models such as NARX are well suited for model predictive control
as they can predict n-steps ahead. Model predictive control uses the predicted
system response, based on the plant model, to optimize the control signal over
a finite-time horizon in relation to the control cost function, using a feedforward
configuration. NN-based predictive control was applied for vibration control of a
tall building using active tuned mass damper [421], combining good aspects of pole-
placement and neuro-fuzzy control. NN-based predictive control implemented for
vehicle active suspension control is found in [422-424].

Several control approaches work with the state-space representation of the sys-
tem, which is usually constructed based on first-principle knowledge of the system
dynamics [417]. Kalman filter is used to estimate state variables in a linear system,
while the variants extended Kalman filter and the unscented Kalman filter are non-
linear state estimators [425]. These state estimators are largely applied in SD&V,
such as for SI in vehicle dynamics [426]. The augmented Kalman filter proposed
in [427] includes the identification of unknown forces in structural dynamics, as
demonstrated in the application to rotor dynamics [428|. Recent developments with
ensemble-based estimators such as ensemble Kalman filter [429] and particle filter
[430] should be considered for non-Gaussian state-space models, as implemented in
[431] for a highly nonlinear mass-spring oscillator.

Nonlinear state-space models can also be obtained by ML black-box models
[432]. For instance, Ljung et al. [415] implemented an LSTM to identify a nonlinear
state-space model. GPRs have been used for joint input-state estimation in linear
[433] and nonlinear [434] systems in SD&V. Reviews on ML-based SI focusing on
kernel-based methods and their capabilities for continuous structure selection over
traditional SI methods are found in [435, 436]. ML algorithms for nonlinear SI in
structural dynamics are discussed in [437, 438|.

Sparse system identification of nonlinear dynamics (SINDy) was proposed by
Brunton et al. [439] to enable the discovery of governing equations in high-
dimensional systems employing sparse regression techniques. SINDy was also ap-
plied to discover the governing nonlinear Ordinarial Diferential Equation (ODE) in
SD&V systems, including studies on systems with geometrical nonlinearities [440]
and the impulsive response of damped oscillator [441]. Different regression processes
and excitations were investigated in [442] to experimentally identify the governing
equation of an oscillator under uncertainty analysis. Other sparse system identi-
fication algorithms with ML are outlined in [435]. The SINDy approach leads to
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interpretable data-driven SI and is used for nonlinear reduced-order modeling.

A.2.1.2 Reduced Order Models and Sensors/Actuators Placement

Reduced order model (ROM) uses lower-rank representations of the system with-
out losing valuable information about its dynamics. In this way, ROMs reduce
response time and memory requirements of full-scale models, being critical to en-
abling efficient real-time control. ML algorithms play a significant role in reduce
order modeling.

One scenario in which ROMs are applied in control is when there is a high-
dimensional numerical model of the system that is computationally expensive for
real-time applications. In such cases, ROMs or metamodels are used to speed up
the simulation of the system prediction in model-based control. Feedback control
might require further reduction in the space-state representation. Component mode
synthesis is used for linear ROM of structures from FEM models, while ROM based
on proper orthogonal decomposition, dynamic mode decomposition, and nonlinear
normal modes can be obtained directly from measured data [443, 205]. Additionally,
the ML-based surrogates presented in Section 1.3 can also create less expensive
models for model-based control.

Proper orthogonal decomposition applies a coordinate transformation from the
physical coordinates to an orthonormal basis formed by the system eigenvectors
and is equivalent to PCA in the nomenclature of the ML field. By selecting only
the main modal contributions, or first principal components, the system model is
represented on a reduced basis, which is convenient to model SD&V problems used
in space-state AVC and ANC [444-448]. Modal basis representations also provide
useful information on the controllability, observability, and stability of the system,
which are key factors in defining the optimal placement of sensors and actuators.
PCA has been employed for this purpose in [449, 445|. The location of sensors and
actuators is a crucial aspect of active control, as it influences the control efficiency,
cost, and stability [403].

Dynamic Mode Decomposition (DMD) extracts simple spatiotemporal coherent
modes from either linear or nonlinear dynamic systems based on data-driven re-
gression [450, 205]. However, unlike PCA, the modes extracted by DMD are not
guaranteed to be orthogonal, which may result in a less compact decomposition.
Nonetheless, as demonstrated in [451], DMD is strongly related to the Koopman
operator theory, which describes a nonlinear system on an infinite-dimensional lin-
ear basis. Thus, it enables the use of well-known linear control methods in nonlinear
systems. Recently, data-driven DMD was applied to extract the modal parameters
from a cantilever beam [452]. Fonzi et al. [453] employed DMD to model fluid-
structure interactions in an aeroelastic morphing wing and used model predictive
control over multiple operating regimes. Moreover, Brunton et al. [205] underlined
the recent effort in control to find nonlinear Koopman coordinate systems by means
of DL algorithms.

Alternatively, Nonlinear Normal Modes (NNM) can be used for SI and as or-
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thogonal bases in ROM of nonlinear dynamical systems [454]. [455] studied the ap-
plication of PCA and asymptotic NNM for ROM of a structure with nonlinearities.
Although the NNM led to a more significant model reduction, the PCA performed
better for large vibration amplitudes and parameter variations. Recently, Worden
and Green [456] proposed an approach based on ML and optimization to find NNM.
The algorithm searches for statistically independent modes and uses a GPR to per-
form the inversion of the modal transformation, allowing the approximation of modal
superposition. In [457], NNMs are obtained by kernel-based independent component
analysis and locally linear-embedding manifold learning in a more straightforward
black-box procedure, requiring less domain knowledge. A novel approach proposed
in [458] employed cycle-GAN to learn forward and backward transformations to
modal coordinates with orthogonality restriction.

Real-time predictive control applies other tools combining ML algorithms with
ROM. The following examples explore these techniques, which can be employed in
online control. Liu et al. [459] developed an automatic updating FEM model using
component mode synthesis and GPR. Simpson et al. [443] used an autoencoder to
obtain the NNM of a framed structure with hysteresis and used it alongside an
LSTM model to predict the system dynamics in near real-time. Using cluster-based
ROM, already explored in fluid control [460] and static structural mechanics [461],
could have potential use in the SD&V field.

A.2.2 ML-Driven Controller Design

Another application of ML algorithms is in the controller design, that is, in opti-
mizing the control signal or control laws regarding the cost function that quantifies
the control performance. While in the last section ML models predict the forward
output of the system, the following references use ML to learn effective control laws.
ML-based controllers are mainly used to handle nonlinear systems, especially with
NNs, as evidenced in the survey on nonlinear ANC in [462|. Several configurations
use ML to support the controller design, such as model reference control, inverse-
dynamics control, ML control, neuro-fuzzy control, and reinforcement control.

In NN-based model reference control, two NNs form the control system: an
NN models the plant to predict the system response, and the other NN defines
the controller parameters optimized to minimize the error between system response
and the reference signal [414]. Vidya and Dharmana [422]| implemented a model
reference control of a vehicle suspension using an NN reference algorithm and an
RNN controller, claiming that it leads to better adaptivity and stability. The draw-
back of NN-based reference control is that it uses dynamic backpropagation in the
optimization, which is computationally expensive [409].

Adaptive NN controllers are used in noise and vibration control with diverse
methodologies. An example is the NN-based inverse dynamics control, which con-
sists of training an NN with the inverse system dynamics and using it to determine
the controller parameters, as in a regressor-based control. De Abreu et al. [463]
implemented a direct inverse NN control of a vibratory system by training an NN
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as the inverse model of the plant, such that the NN receives the current state and
the desired state and outputs the actuator signal. Similarly, Ariza-Zambrano and
Serpa [464] applied direct inverse NN control to a beam cantilever, in which the
NN was trained both with a full-state FEM model and with a ROM to account
for dynamic uncertainties in practical scenarios, showing more stable results than
H-infinity control. Nerves and Krishnan [465] used NN direct controller to control
wind-induced vibrations in a building-TMD (tuned mass damper) system by consid-
ering the plant as the output layer of the NN, as in a feedback linearization control.
Bani-Hani [466] applied NN to model both a direct forecasting model and an inverse
model to control wind-induced vibrations.

Several ANC configurations have employed model-free ML controllers as a non-
linear alternative to the commonly used adaptive filtered-X LMS algorithm. Park
[467] tested different configurations of NN as the adaptive controller in a feedback
configuration for different ANC datasets. CNN was the one that performed the
best, followed by MLP and RNN, all of them with better performance than typical
LMS-based controllers. For the case of a feedforward noise control system with a
nonlinear primary path, Zhang et al. [468] also obtained better performance with an
LSTM-based controller than with Filtered-X LMS. A comparison of the online learn-
ing performance of adaptive filters in an ANC application showed the superiority of
kernel-based models, such as Kernel-LMS and Kernel affine projection algorithms,
over classical LMS and NN algorithms [469, 470].

Zhang and Wang [471] implemented a deep-ANC in a feedforward configuration
in which a convolutional RNN is used to estimate the optimal control signal-to-
noise cancellation. The supervised training of the network uses the reference signal
as input and the ideal anti-noise as the target, both in their spectrogram format.
Besides that, the ML algorithm predicts the canceling signal with some frames
in advance to compensate for its delay. Compared to typical ANC, the approach
improved noise canceling in noise-only and noisy speech scenarios. Other examples
of NN applications are found in the review on ANC for nonlinear systems in [462].

Heuristic algorithms, such as genetic algorithms and particle swarm optimiza-
tion, can search for an arbitrary optimal control law in Machine Learning Control
(MLC). According to Hansen et al. [406], MLC can optimally adapt the weights of
any nonlinear filter structure, including an NN. As MLC does not rely on a fixed
structure of the controller or a model of the system, it gives more flexibility to the
optimization, with the downside that it adapts slowly, preventing its online appli-
cation to a transient system. Chapter 2 of Duriez’s book [416] briefly introduces
MLC. Wangler and Hansen [472] were pioneers in applying MLC in active control of
noise and vibration and were followed by many others in ANC [473-479] and AVC
[480-484].

Neuro-fuzzy control systems, especially using ANFIS, have been widely applied
in active control in SD&V, for example, in noise control [485-488] and vibration
control [489, 490|. Neuro-fuzzy systems usually use expert knowledge to set initial
fuzzy rules in an NN-like structure where the neuro-fuzzy parameters are adapted
during the training to fit measured data. The resultant neuro-fuzzy systems combine
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the advantages of using interpretable explicit rules from fuzzy rules with the learning
capabilities of NN.

Finally, noteworthy results have been achieved with RL for control [491]. In RL,
the agent (the controller) can interact with the environment (the dynamic system),
and its actions will affect the output of the system and, therefore, the value func-
tion quantifying the long-term performance of the control, which the algorithm op-
timizes. In this way, the RL algorithm can interactively learn information about the
system and the controller behavior altogether, similar to human learning. Detailed
explanation and reference examples on RL for control are presented in [491, 492].

RL for control has gained prominence in applications such as autonomous car
control and robot control [493| but has also shown applicability in SD&V, especially
for problems with high uncertainty and stochastic behavior [491|. Latifi et al. [494]
presented a successful example in which they applied an RL algorithm to manipulate
an acoustic field by controlling a centrally-actuated vibrating plate (Chladni plate)
and, in this way, they guided a particle towards a target location on the plate surface.
In [495], the ANC implemented using the Q-learning algorithm had satisfactory
results, showing the great capability to adapt when the secondary path of the noise
changed suddenly.

Qiu et al. [496] carried out bending and torsional vibration control via an RL
algorithm virtually trained with a FEM model and transferred to an experimental
setup where it outperformed a PD control. The vibration control of a rotating
machine was also performed through RL using pad actuators in [497]. Gulde et al.
[498] implemented a control method with RL to compensate for vibrations in an
industrial machine tool. RIL-based control achieved good controllability of flexible
building in [499, 500]. Although RL shows potential for real-time decision-making
control in complex and uncertain scenarios, it demands considerable training time
and expensive computational resources and, therefore, its use may be superfluous
to applications already mastered with simpler solutions.

A.2.3 On the Merits of ML for Active Control of Noise and Vi-
bration

This section reviewed the main applications of ML in AVC and ANC, namely SI,
ROM, and controller design. In general, ML is applied in active control when
traditional techniques may fail, as for complex and nonlinear systems.

In SI, ML algorithms avoid the problem from classical SI methods of selecting
the appropriate model order[436], as they account for a broader hypothesis space.
Thus, ML can either be used as black-box models or to extend versions of classical
methods, such as NARX and Kalman filters.

In ROM, ML algorithms are used to reduce data dimensionality, with PCA being
one of the most used methods. Data-driven DMD and ML-enhanced NNM have also
been recently used for ROM. Order reduction ML algorithms can also help reduce
the number of required sensors and actuators while maintaining a good level of
control performance.
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As for controller design, NN is extensively used to determine the controller pa-
rameters due to its great approximation performance. Moreover, NNs can learn
from data and adapt to changing conditions and, therefore, be employed for real-
time control. A growing research area for controller design is the application of
RL algorithms to learn the optimal control policy through trial-and-error interac-
tions with the system. They are better than classic algorithms because they handle
complex and uncertain dynamics. However, their use is still limited as they require
extensive training and are computationally expensive.






APPENDIX B

Methodology of Multi-objective
Optimization with Chance
Constrain

Multi-objective optimization problems are essential in engineering design to find
a balance between conflicting objectives while respecting design constrains. This
problem can be mathematically represented as follows:

min  f(z) = [fl(w)’fQ(x)7"‘7fo($)]

rcR"
st. gj(x) <0, forj=1,2,...,p (B.1)
hp(x) =0, fork=1,2,...,q
where:
e x € R" represents the vector of n decision variables.
e f(x) is a vector of my objective functions to be minimized.
e g;j(x) and hi(x) denote inequality and equality constraints, respectively, that
define the feasible region in the decision variable space.

Several algorithms address such multi-objective optimization challenges. In
the present gear transmission optimization, the use of a differentiable NN-based
DT enables the use of gradient-based optimization methods. However, the PPTE
problem lacks convexity guarantees, which can lead gradient-based methods to ill-
conditioning and local minima convergence.

An alternative option lies in evolutionary algorithms, renowned for their efficacy
in complex multi-objective optimization scenarios, particularly when addressing non
differentiable and non convex functions. These algorithms aim to find a set of solu-
tions known as the Pareto frontier or Pareto set. Pareto frontier are non-dominated
solutions, ensuring that improving one objective worsens at least one other objec-
tive. This property empowers decision-makers to evaluate the viable solutions based
on the revealed trade-offs [501]. Additionally, evolutionary method can be paral-
lelized, which synergizes well with the parallel capabilities of NN-based DTs, thereby
expediting the optimization calculations.

Given these considerations, we opt for Genetic Algorithms, a popular class of
Evolutionary algorithms, to perform the NVH multi-objective optimization. This
choice facilitates efficient exploration of the design space, captures trade-offs, and
can be readily applied within the DT framework. In this section, we outline the
framework and introduce the method employed in this optimization.
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B.1 Genetic Algorithm

In Genetic Algorithm (GA), a population of potential solutions P, known as individ-
uals, evolves over multiple generations to find the best solutions to the problem at
hand, converging towards optimal or near-optimal solutions. The evolution process
in a GA is a metaheuristic iterative algorithm inspired by natural selection and evo-
lution. Each individual solution x in the GA can be represented as a chromosome,
denoted as ® = [x1,z2, - ,Ty).

The main stages of GA are as follows:

1. Initialization: Create the initial population of individuals, typically generated
randomly or through some heuristic method.

2. Fitness Evaluation: Assess the fitness of the population based on the problem’s
objectives.

3. Selection: Determine which individuals survive and reproduce based on their
fitness evaluation.

4. Reproduction: Create new offspring solutions using genetic operators such as
crossover and mutation.

5. Iteration: Repeat steps 2 to 4 until stop criteria is met.

The GA can be categorized as elitist or non-elitist, depending on the selection of
surviving individuals. An elitist GA ensures that individuals with the best fitness
from the current population proceed to the next generation.

In the crossover operation, genetic material from two parent individuals is com-
bined to generate the crossover child. The specific crossover operator may vary, but
it usually consists in selecting a crossover point, and portions of the chromosomes
beyond that point are exchanged between the parents, This allows to benefit of
traits from different parents. In the mutation operation, random changes are intro-
duced to an individual chromosome, allowing for exploration of new solutions in the
population.

The various variations and techniques that can be employed to GAs enhances
its flexibility and performance at different scenarios. In our specific case, we have
chosen to use the Non-dominated Sorting Genetic Algorithm II (NSGA-II). This
decision is based on the algorithm’s well-established track record of efficiency and
effectiveness in addressing multi-objective optimization challenges within real-world
applications [502, 501].

B.2 Non-dominated Sorting Genetic Algorithm II

Non-dominated Sorting Genetic Algorithm II (NSGA-II) [502] is an elitist extension
of the GA, designed to efficiently solve multi-objective optimization problems. It
incorporates non-dominated sorting and crowding distance calculation to guide the
search towards the Pareto frontier while compromising exploration and exploitation.

Figure B.la depicts the scheme for generating the next generation in NSGA-
II, with a population size of R; = 2R. Ranking individuals based on dominance



B.3. Optimization Under Uncertainties 153

-~
fa
Non-dominated  Crowding distance
sorting sorting I t+1
£ - l Front
P, b et
r_I\F 3 AN Front 2
v v < """""""""" ‘ _
@ }Rejected >
f1
------------- Ry (b) Dominance ranking and crowding
(a) Workflow to generate offspring population. distance 2D example.

Figure B.1: NSGA-II

relationships, NSGA-II categorizes them into fronts. The leading front comprises
non-dominated solutions (Pareto front), while subsequent fronts are dominated by
preceding ones, as shown in Figure B.1b.

NSGA-II ensures that the best R individuals progress to the next generation,
following an elitist approach. The algorithm also promotes diversity by, at each par-
tially taken front (see front F3 in the example of Figure B.1a), preferring individuals
in less crowded regions. For that, it uses crowding distance to measure the density
of solutions in a particular region of the objective space (Figure B.1b). Extreme
points are assigned infinite crowding distances to maintain their presence in every
generation.

Generating the remaining R offspring entails crossover and mutation operations.
Parent selection employs binary tournament selection, pitting two randomly chosen
individuals against each other to select the fitter one as parent 298|, intensifying
competition among individuals.

Therefore, NSGA-II integrates multiple techniques for effective multi-objective
optimization. It concurrently optimizes various objectives and ensures Pareto-
optimal solutions through non-dominated sorting. Moreover, it maintains a bal-
ance between exploration and exploitation by promoting the progress of the best-fit
solutions while encouraging diversity.

B.3 Optimization Under Uncertainties

All engineered systems confront uncertainties-both aleatory and epistemic- that
should be considered in product design. Overlooking these uncertainties during
optimization can lead to sensitive solutions with compromised performance. Two
primary strategies for incorporating robustness in optimization are robust optimiza-
tion and chance constrained optimization.

Robust optimization employs worst-case analysis by considering a range of pos-
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sible values for uncertain parameters. It aims to find a solution that performs well
across all scenarios within this range. Robust optimization provides a conservative
solution that can handle a wide range of uncertainties but may sacrifice optimally
to ensure robustness.

Chance constrained optimization, on the other hand, incorporates probabilis-
tic constraints, ensuring that the likelihood of violating specified threshold (failure
probability) remains within acceptable bounds. Balancing optimization with risk,
this approach offers greater flexibility than robust optimization.

For the gear transmission optimization, chance constrained optimization is fa-
vored because manufacturing errors can be well described probabilistically, and a
certain level of risk is acceptable for the NVH performance.

Central to the assessment of failure probabilities in chance constrained optimiza-
tion is uncertainty propagation. A common approach for uncertainty propagation
is MCS, which involves running the model with copious inputs randomly sampled
from the input probability distributions to evaluate the statistical moments of the
resulting outputs. MCS is an accurate but computationally demanding method, re-
quiring a cupious number M of evaluations proportional to the inverse of the desired
evaluation accuracy [503]. Thus, achieving an evaluation accuracy of approximately
0.001 requires around M = 1000 samples for each considered design.

Harnessing the parallel processing capabilities of NN-based surrogates can miti-
gate this computational load by simultaneously evaluating multiple samples through
batch processing. By reducing the computational cost associated with uncertainty
evaluation in optimization, the DT enables extensive and robust domain explo-
rations.
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