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ABSTRACT OF THE DISSERTATION

Development of an Optimal Sensor Placement Framework for Structural Health
Monitoring of an Aircraft Wing’s Spar

by

Adrielly Hokama Razzini
Doctor of Philosophy in Structural Engineering
University of California San Diego, 2024

Professor Michael D. Todd, Chair

The performance gains achieved by increasingly wide adoption of composite mate-
rials in the aerospace sector remains challenged by failure modes that are not always well
understood. Implementing a structural health monitoring (SHM) system enables real-time
monitoring of a structure, allowing for continuous assessment of its current condition.
This work proposes an comprehensive optimal fiber optic sensor placement framework for
structural health monitoring applications. The framework is applied to an aircraft’s wing
spar entirely made of composite materials. The damage of interest is debonding between

laminates, which may cause local buckling that leads to reduced structural load carrying
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capabilities. The development and validation of a high-fidelity finite element (FE) model
that is used as a synthetic data generator are presented in detail. The inputs to the model
are loads and debonding damage parameters (size and location), and the outputs are
uniaxial strain measurements and buckling eigenvalues. Then, this work describes “run
time” surrogate models created using different machine learning methods to overcome the
high computational costs of each run of the physics-based model.

Bayesian inference is used to estimate the damage parameters given strain measured
at candidate sensor locations. These estimations are used to assess damage criticality, which
is linked to buckling eigenvalues, and transformed into decisions. Bayesian optimization
is used to select the candidates that minimize a utility function that considers the costs
associated with making a certain decision plus the costs of acquiring and installing the SHM
hardware (sensors, data acquisition system, etc.). The goal of the optimization is to find
the sensor set that provides the lowest cost. The resulting optimal sensor configuration is
presented, consisting of the number of sensors to be deployed and their respective locations.
Finally, this work analyzes the performance achieved by several different cost functions,
highlighting the importance of defining an objective function that reflects the goal of the

SHM system, demonstrated in an aerospace application.
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Chapter 1

Introduction

1.1 Motivation

To enhance the performance of commercial and military aircraft, the aerospace
industry is constantly driving the development of improved high-performance structural
materials [5]. Among these materials are the structural composites - a material system
consisting of two or more phases on a macroscopic scale, whose mechanical performance
and properties are designed to be superior to those of the constituent materials acting
independently [6].

Carbon fiber-reinforced polymers (CFRP) are know for their strength-to-density
and stiffness-to-density ratios, allowing for weight savings in the range of 20 to 50% [1].
Other benefits of CFRP composites include their resistance to corrosion, temperature
stability - meaning that they do not expand or contract excessively with rapid change in
environmental temperatures, ability to build into complex shapes, and the tailoring of
mechanical properties along preferential stress directions [1, 7, §].

Figure 1.1 shows the continuous growth in usage of composite materials in com-
mercial aviation over several decades. Two classic examples are the Boeing 787 and the
Airbus A350 XWB. The Boeing 787 aircraft is 80% composite by volume. By weight, the
material contents are 50% composite, 20% aluminum, 15% titanium, 10% steel, and 5%

other materials [9]. The Airbus A350 contains 54% composite materials by weight [10].
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Figure 1.1. Increase of the weight content of composites in aircraft structures over a
30-year time span [1].“A” represents Airbus aircraft, while “7” represents Boeing’s 700
series.

Despite the previously mentioned benefits and performance gains, the wide adoption
of composite materials in the aerospace sector remains challenged by failure modes that are
not always well understood [1]. An in-depth review of common failure modes in composite
materials can be found in [11]. Such materials may suffer internal damage without any
obvious changes on the surface, negating the value of visual inspections [12, 13].

One of the main concerns in composite structures composed of different parts is
the debonding damage, caused by the loss of adhesion between two laminate parts. This
debonding may be introduced during service or caused by manufacturing imperfections,
such as improper curing, overloading, or moisture intrusion, among other factors [14, 15, 16].

Such damage can severely degrade the mechanical properties of the composite
structures, and to meet aviation regulation requirements [17], any damage that would
prevent the aircraft from carrying its ultimate service load must be detected [17]. In
conventional periodic inspections, inspections are limited by accessibility to critical com-

ponents and there is always a chance of missing growing damage in between the scheduled



maintenance [18]. Implementing a structural health monitoring (SHM) system may help
optimal decisions and a maintenance schedule that depends on the current state of the
structure [19].

Due to their performance requirements (high strength — low weight), Unmanned
Aerial Vehicles (UAVs) have largely incorporated composite materials in their structures
[20]. These aircraft have high maneuverability and are often subjected to extreme loading
and environmental conditions, thus the desire to continuously monitor their structural
integrity to ensure safe and reliable operations is clear. This work focuses on the imple-
mentation of an SHM system to monitor debonding damage on an all-composite wing’s

spar.

1.2 Structural Health Monitoring

Structural health monitoring is the process of implementing a damage identification
strategy for aerospace, civil, and mechanical engineering infrastructure. It involves observ-
ing a structure or mechanical system over time using periodically spaced measurements,
extracting damage-sensitive features from these measurements, and statistically analyzing
these features to determine the current state of the system’s health [21, 22]. Typically,
SHM is associated with online, real-time damage identification in structural systems.

Structural health monitoring and non-destructive evaluation (NDE) [23] are related
techniques used to assess the condition of structures, but they differ in a few key aspects.
SHM is primarily used for continuous or periodic monitoring of structures to assess their
health and detect damage over time. NDE, on the other hand, is typically used for a
one-time inspection to detect specific defects or damage. SHM involves the use of sensors
installed on or within the structure to continuously or periodically collect data on its
condition. NDE techniques, such as infrared thermography [24, 25], radiography [26],

and eddy current testing [27], require that operations are put on pause for inspection of



the structure. Finally, SHM is often more sensitive to small, incremental changes in the
structure’s condition over time, making it suitable for detecting early-stage damage. NDE
techniques are more focused on detecting specific defects or damage that may be present
at the time of inspection.

It has become standard to define the structural health monitoring process in terms
of a four-step statistical pattern recognition paradigm [21, 22]. This following four-step

process includes:

1. Operational evaluation. It is the initial step in implementing a damage identification
capability through SHM. It involves assessing the economic and life-safety justifi-
cations for SHM, defining the concept of damage for the system, understanding
the operational and environmental conditions, and determining data acquisition
limitations. This evaluation helps tailor the SHM process to the specific features

and unique aspects of the system being monitored.

2. Data acquisition, normalization, and cleansing. This step involves selecting the sensor
types, locations, and data acquisition methods, considering economic factors and the
interval at which data should be collected. Data normalization is essential to separate
changes in sensor readings caused by damage from those caused by operational and
environmental variations. Data cleansing involves selectively choosing or rejecting
data based on the knowledge gained during data acquisition, using techniques such

as filtering and resampling.

3. Feature extraction and information condensation. This step focuses on identifying
data features that distinguish between undamaged and damaged structures. Methods
include correlating system response quantities with observations, applying engineered
flaws to understand parameters sensitive to damage, and using computational tools

like finite element models. This process involves condensing the data to retain



sensitivity to structural changes while minimizing environmental and operational

variability.

4. Statistical model development. This is the final step, involving the development
of algorithms that quantify the damage state based on the extracted features.
These algorithms fall into supervised or unsupervised learning categories, analyzing
statistical distributions to enhance the damage identification process. The models
address questions such as the existence, location, type, extent, and prognosis of
damage, aiming to minimize false indications of damage and enhance safety and

reliability.

Data obtained from an SHM system facilitate informed decision-making regarding
structural maintenance, repair, and retrofitting activities [19, 28]. By providing real-time
or periodic updates on the structural condition, SHM systems empower asset managers
and engineers to prioritize and plan interventions effectively, minimizing downtime and
maximizing operational efficiency. Therefore, the SHM problem can be treated as one of
decision-making rather than one of damage identification, and the goal of the SHM system
cannot be limited to making the most accurate decision, but also to make the safest and
most economical ones.

This dissertation proposes looking at the four-step statistical pattern recognition

paradigm listed above in an optimal sensor placement context.

1.2.1 Optimal sensor placement

Optimal sensor placement (OSP) in the context of structural health monitoring
(SHM) refers to the strategic positioning of sensors on or within a structure to maximize
the effectiveness of damage detection, localization, and characterization. The goal of the
OSP reflects the goal of the SHM system, which usually is to ensure that the selected

sensor locations provide the most informative data regarding the structural health and



integrity while minimizing the number of sensors needed and associated costs.
Lengthy reviews of existing literature in this area have been produced [29, 30]. In
summary, there are three main advantages to performing an optimal sensor placement

study before implementing an SHM system:

e Enhanced probability of detection: Properly placed sensors can increase probability
of detection of the damage of interest, including cracks [31, 32|, fatigue induced
damage [33], impacts that may lead to barely visible damage in composites [34], and
composites delamination [35], at an early stage. This allows for timely intervention
and maintenance, preventing potential structural failures and ensuring the safety

and reliability of the structure.

e Accurate Localization of Damage: Strategic sensor placement enables accurate
localization of damage within the structure. By capturing data from critical locations,
such as areas prone to high stress [36] or vulnerable to specific damage mechanisms
[37], the monitoring system can pinpoint the location of damage, facilitating targeted

repair or reinforcement efforts.

e Optimization of Resources: Optimal sensor placement helps optimize the allocation
of resources by minimizing the number of sensors required while maximizing their
effectiveness [38, 39]. This reduces the overall cost of the monitoring system, including
installation, maintenance, and data processing, making SHM more feasible for large-

scale or budget-constrained projects.

1.3 Proposed optimal sensor placement framework

The optimal sensor placement framework proposed in this dissertation consists of
six steps. An introduction to each of them will be provided on the upcoming subsections,

demonstrated on an aircraft SHM problem.



Figure 1.2. Main components of an aircraft’s wing. Image obtained from [2].

1.3.1 Define the structure to be monitored and damage of
interest

This work focuses on the monitoring of an unmanned aerial vehicle wing’s spar.
A wing spar is a structural component of an aircraft wing that runs from the fuselage
to the wingtip and carries the majority of the wing’s load during flight[40]. Spars are
typically made of high-strength materials such as aluminum or carbon fiber and provide
the necessary strength and stiffness to support the weight of the aircraft and withstand
aerodynamic forces during flight. The spar also serves as a attachment point for other wing
components such as ribs, skins, and fuel tanks [40]. Figure 1.2 shows the main components
of an aircraft’s wing. Although there are two spars in the figure, the aircraft from this
study contains a single spar, also known as mono-spar.

Recently, to guarantee the safe operation of UAVs, particularly over populated
regions, the industry has shifted towards setting airworthiness standards, such as the
STANAG 4671 [17], departing from regulations designed for airworthiness of commercial
manned aircraft. According to these standards, any damage that would prevent the aircraft
from carrying its ultimate service load must be detected [17], and this is the case with
debonding damage that may lead to local buckling.

In this work, the spar is 5m long, shaped as an I-beam entirely made of carbon



Figure 1.3. Cross sectional views of possible buckling mode shapes for delaminated plate:
(a) global buckling; (b) mixed global and local deformation; (c) local buckling only of
sublaminates; (d) local buckling of single sublaminate. Image obtained from [3].

fiber reinforced polymer composites, with a sandwich panel web. An in-depth discussion of
the structure is provided in Chapter 2. The damage of interest is debonding between the
top cap and the web, which may be caused by manufacturing imperfections or introduced
during service. When the top cap is under compression, this debonding damage may
cause local buckling, preventing the aircraft from carrying its ultimate service load. If this
occurs, the damage is considered critical to the structure. This behavior was simulated in

a finite element analysis, and it is governed by the buckling eigenvalue, A. Given that

Pcritical =X Papplied (11>

where F are the loads, any damage that yields A < 1 for the applied loads are considered
critical.

Figure 1.3, obtained from [3] provides a visual explanation of the difference between
global (Figure 1.3 (a)) and local (Figure 1.3 (c¢,d)) buckling. A delamination is simply
a debonding or separation that occurs between individual plies of the laminate during
manufacture or service [41], this image also serves to illustrate the effects of debonding

between two laminates, that may lead to local buckling.



1.3.2 Define the type of sensor(s) to be used

In aerospace applications where weight is a critical factor, the number of sensors,
data acquisition systems and power supplies available is limited. A wide range of embedded
and attached sensors have been studied for SHM applications, including strain gauges,
accelerometers, fiber optic sensors, active ultrasonic sensors, passive acoustic sensors,
among others.

This work considers fiber optic sensors based on fiber Bragg gratings (FBG) being
used. These sensors are lightweight and compact, can be embedded within composite
materials, are immune to electromagnetic interference, and have high resolution and
sensitivity to strain measurements, making them suitable for aerospace applications
[42, 43, 44]. The use of these fibers embedded in composite materials been tested during
in-flight applications [45] and in laboratory simulated in-flight conditions [46] in other

studies.
A brief overview of FBG optical sensors

Optical fibers can be used as sensors to measure strain, temperature, pressure and
other quantities by modifying a fiber so that the quantity to be measured modulates the
intensity, phase, polarization, wavelength or transit time of light in the fiber. Fiber Bragg
Grating sensors are a specific type of fiber optic sensor, typically created by exposing
a section of an optical fiber to a pattern of intense ultraviolet light [47]. This creates
a periodic variation in the refractive index of the core of the fiber, forming a grating
structure.

When light is transmitted through the fiber, some of it is reflected back at the
grating. The wavelength of light that is reflected depends on the spacing of the grating.

This wavelength is called the Bragg wavelength and is given by the Bragg condition:

A = 2nepro (1.2)
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Figure 1.4. How fiber Bragg grating sensors work. Figure obtained from [4].

where A\p is the Bragg wavelength, n.f f is the effective index of refraction of the FBG,
and Ay is the spatial period of the gating. Figure 1.4 presents the internal structure, and
transmission and reflection spectra of an FBG.

When the FBG is subjected to an external stimulus (e.g., strain or temperature
change), the grating experiences a change in its periodicity or effective refractive index,
leading to a shift in the reflected wavelength. By measuring this wavelength shift, the
applied stimulus can be determined. The relative shift in the Bragg wavelength, AAg/Ap,

due to an applied strain, ¢, is approximately given by

Alp

S = (1 = pe)e + (ap + a,)AT (1.3)

where p, is the effective photo-elastic constant of the core material in the fiber, o is the
thermal expansion coefficient of the optical fiber, and «,, is the thermo-optic coefficient
[43].

To measure the reflected wavelength, an optical interrogator is used. This device
sends a broadband light source through the fiber and analyzes the spectrum of the reflected

light. The shift in the reflected wavelength is proportional to the applied stimulus, allowing
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for accurate measurement.

1.3.3 Data acquisition and/or synthetic data generation

The third step of the framework is acquiring data from the structure, under different
environmental, operational, and damage conditions. In many cases, these data can be
almost impossible to acquire, especially if damage is irreversible. In this work, the lack of
directly available field data was mitigated using a high-fidelity finite element model, that
will be described in Section 2.1. This model takes in the damage parameters and loads as
inputs, and provides buckling eigenvalues and strain measurements as outputs.

To make a probabilistic assessment of the problem, the model needs to be executed
hundreds or even thousands of times over all the uncertain parameters. However, each
execution of the FE model, for a single case of damage size and location, takes around 50
minutes to run.

Long run times inhibit the use of models in applications which require many
model runs, such as integrated modeling , uncertainty analysis, sensitivity analysis, and
inverse modeling. Slow run times also prevent models being used in real time, necessary
for applications such as decision support [48]. In these situations, surrogate models or
metamodels are used to replace expensive simulation models of engineering problems, and
they are usually machine learning based [49, 50, 51, 19].

To overcome this challenge and to achieve enough Monte Carlo simulations with
reasonable computational cost/time, two surrogate models were built for this dissertation
work: a Gaussian process regressor (GPR) to predict eigenvalues, and an artificial neural
network (ANN) to reconstruct strain measurements, and they are explained in detail in

Chapter 3.
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1.3.4 Develop the damage diagnosis model

Once enough data is obtained or generated, the next step in the framework is
developing a diagnosis model that is able to distinguish changes in sensor readings caused
by damage from those caused by operational and environmental variations. In this study,

the damage diagnosis step is performed via Bayesian inference.
A brief introduction to Bayesian inference

Bayesian statistical methods use Bayes’ theorem to compute and update probabili-
ties after obtaining new data. Bayes’ theorem describes the conditional probability of an
event based on data as well as prior information or beliefs about the event or conditions
related to the event.

In structural health monitoring, Bayesian inference can be used to update the
probability distribution of the health condition (usually defined by damage parameters,
0)of a structure based on sensor measurements. The damage parameters can be anything
related to the problem of interest, such as the size and location of a debonding damage, the
size of a crack, and so on. This approach allows for more accurate and reliable predictions
of the structure’s health compared to traditional methods.

A simplified example of how Bayesian inference can be applied to estimate the

damage parameters of a structure is detailed below:

1. Define the Prior Distribution: Start with a prior distribution for 6, based on prior
knowledge or historical data. This distribution represents the initial belief about 6

before observing any sensor data.

2. Update with Sensor Data: As sensor data becomes available, use Bayes’ theorem to

update the prior distribution with the likelihood of observing the sensor data given

12



f. This is done using Bayes’ rule:

P(sensordatald) x P(0)
P(sensordata)

P(0|sensordata) = (1.4)

where P(f|sensordata) is the posterior distribution of the RUL given the sensor data,
P(sensordatald) is the likelihood of observing the sensor data given the RUL, P(6)
is the prior distribution of the RUL, and P(sensordata) is the marginal likelihood

of the sensor data, which acts as a normalizing constant.

3. Update Continuously: As new sensor data becomes available, continuously update

the posterior distribution to refine the estimate of the damage parameters.

Bayesian inference provides a principled way to incorporate uncertainty into the
damage parameters estimation process and allows for a more robust assessment of the

structure’s health condition.

1.4 Define the cost function

Once the damage detector is defined, the next step in the OSP framework is defining
how the performance of a given sensor set will be evaluated. This is defined as the cost
function, C (d). The first part of this cost is comprised of the cost of decision, Cyecision-
Once the damage state is inferred, the SHM system must decide what to do with that
information. These decisions could simply be “damage is present” versus “damage is not
present”, which carry implied actions, such as“stop operations for repair” or “continue
operation”.

Let Cj; be the cost of deciding that the structural state is M; when the true
state is M;. In SHM, however, not all damage states are necessarily treated equally.
Certain damage states may be more probable or more costly if missed, requiring weighted

consideration in the cost function. The goal of an SHM system is not necessarily to
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make the most accurate decisions, but rather to make the least costly ones in terms of
economics and safety. In an aerospace applications, false negatives usually have a higher
cost associated with them [32]. However, a high probability of false positives causes
unnecessary grounding of the aircraft, and the costs of unscheduled downtime can also be

high. For a binary classification problem, the cost of decision can be defined as:

1
Caccision = ), Ci P(Di| M;) P(M) (1.5)
i,j=0

In addition, every SHM design incurs a cost that depends on its design parameters
that drives the necessity of optimization. This cost can the cost of the SHM hardware,
the cost of installing and maintaining the SHM system, and even potential increase in
operation costs of the structure (such as the extra weight in an aerospace system). In
order for an SHM system to be feasible, its ability to decrease risk must be enough to at
least offset the cost of the system. To construct a total cost function, the cost of action

and the cost of design need to be in terms of the same units (usually monetary).

The design cost, Cgesign, can be defined for general applications as:

C’design = Csensors 1 C1DAQ + C’ground station T C’installa‘cion (16)

The total cost, or Bayes risk, is then given by:

A

C(d) = Clecision + Cdesign (17)

1.5 Define the optimization function and perform
optimization

The last step in the proposed OSP framework is defining which optimization

function to be used and actually running the optimization. Many algorithms have been

14



used for OSP, such as genetic algorithms [32, 52], gravitational search algorithms [53],
particle swarm [54], Bayesian optimization [55, 56, 57, among others. An in depth review
of these algorithms used for OSP for structural health monitoring applications can be
found in [29].

This study uses Bayesian optimization to define the optimal sensor placement.
Bayesian optimization is a sequential model-based optimization technique that is partic-
ularly useful for optimizing black-box functions, where the function’s analytical form is
unknown or computationally expensive to evaluate. It builds a probabilistic model of the
objective function and uses this model to decide where to sample next, aiming to find the
global optimum with as few evaluations as possible.

The main idea behind Bayesian optimization is to use a probabilistic surrogate
model (often a Gaussian process) to model the unknown objective function. This surrogate
model is updated sequentially as new data points are observed, providing a probabilistic
estimate of the objective function and its uncertainty. Based on this model, an acquisition
function is used to determine the next point to evaluate. This point is chosen to balance
exploration (sampling in regions where the objective function is uncertain) and exploitation

(sampling in regions where the objective function is likely to be optimal).

1.6 Summary and dissertation organization

By framing the challenge of designing a structural health monitoring system in
the context of a Bayesian experimental design, all elements of the SHM process can be
integrated. The proposed optimal sensor placement framework allows the enhancement
of an SHM system’s functionalities and communication of the system’s performance in
a manner that resonates with the owner or operator of the monitored structural system.
This approach is essential for widespread adoption of SHM technology in the industry.

Particular derivations, experiments, and findings with respect to this process will

15



be presented in the remaining chapters. Chapter 2 will detail de creation and validation of
the finite element model. Chapter 3 will discuss the Python scripts created to accelerate
the changes in the FE model, and the two forward surrogate models developed to serve as
accurate "run-time” models. Chapter 4 discusses the Bayesian inference used for damage
diagnosis and observability issues. Chapter 5 will describe the Bayesian optimization and
will discuss the results given different costs functions and optimization strategies. Finally,
Chapter 6 will provide the conclusions and future work.

This section, in part, has been published in Proceedings of the International
Workshop on Structural Health Monitoring 2023, Razzini, A. H., Todd, M. D., Kressel, I.,
Ofir, Y., & Tur, M. , 2023. The title of this paper is “The Application of Risk Minimization
to the Selection of Fiber Optic Sensors for an Aerospace Structural Monitoring Application”.

The dissertation author was the primary investigator and author of this paper.

1.7 Contributions of the dissertation work

The significant contributions of this dissertation are summarized as follows:

1. The use of a multi-loading buckling approach to analyze the occurrence of local

buckling in a composite wing’s spar.

2. Development of an statistical framework that links strain measurements to damage

parameters, buckling eigenvalues, and damage criticality.
3. Development of a high-fidelity finite element model of an all-composite wing’s spar.
4. In-house construction and testing of a composite spar.

5. Development of two machine learning-based surrogate models with high prediction

accuracy to overcome the high computational cost of the FE model.

6. Development and demonstration of an optimal sensor placement framework that

uses Bayesian optimization as the algorithm of choice.
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7. Analysis of different cost functions for the optimal sensor placement algorithm and

their impact on the overall performance of the SHM system.
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Chapter 2

Data generation - Development and
validation of the FE model

2.1 The finite element model

In this work, a high-fidelity physics-based finite element model of a 5m long wing’s
spar (Figure 2.1) was developed in ABAQUS. Given the I-shaped geometry of the spar,
the term I-beam will be used along the text interchangeably for the spar. The following

sections will describe the model development in detail.

2.1.1 Geometry and material properties

The spar is composed of different elements that are manufactured separately and
are assembled together using a structural epoxy adhesive layer. The nomenclature of each
component of the spar is described in Figure 2.2.

The I-beam’s dimensions were provided by the project’s sponsors, and a sketch of
a 1 meter subsection of the lateral view is shown in Figure 2.3, with all dimensions in mm.
A sketch of the cross-section is shown in Figure 2.4. The I-beam has a total length of 5 m,
so all the parts were extruded to meet this dimension.

A detailed sketch of the shear clips is provided in Figure 2.5 with units in m. Notice
that the dimensions are slightly different from 2.4, as they were updated a few months

later to provide a more realistic representation of the layup - the plies were extended
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Figure 2.1. Composite wing’s spar.

/ Top cap
Shear clips

\

=

i

AEEN
N

Figure 2.2. Nomenclature of the spar’s components referenced in the dissertation.

Bottom cap
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Figure 2.3. Drawing of the wing’s spar (I beam) including composites ply orientation.
This represents a 1m subsection of the 5m beam. All units in [mm].
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2 PLC'S
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TYP.

60.0 50.0

D n

SECTION A-A

Figure 2.4. Section A-A from Figure 2.3. All units in [mm].

until the edges of the caps, with a constant thickness of 0.75 mm. For consistency, all
dimensions were specified in Abaqus/CAE in m, and all other units followed the SI units,
with the material properties being in Kg and Pa, the forces in N, moments in N.m, and
pressure in Pa.

The material properties used for the finite element model are provided in Tables 2.1
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H 19.55E-03

R2.2E-03

15.E-03

Figure 2.5. Dimensions of the shear clips. All units in [m].

and 2.2, where F/, GG. v, and p represent the elastic modulus, shear modulus, Poisson’s ratio,
and density, respectively. The equivalent mechanical properties of the CFRP components
are provided per each laminate, not per ply (lamina).

The caps and the web’s skins were manufactured using prepreg carbon fiber, while
the shear clips were manufactured using wet lay-up. The number of plies and stacking
directions are proprietary of the sponsors of this project and will not be disclosed in this
dissertation.

Table 2.1. Material properties of the low density foam used in the core.

Properties Foam (core)
E 101 M Pa
v 0.262
G 40 M Pa
P 75 kg/m?

All the CFRP parts were assigned material orientations to be consistent with the
notation provided in the drawings. For this purpose, local coordinate systems were created

and for each part by itself the x-direction is along the length of the beam, the z-direction is
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Table 2.2. Material properties of the CFRP components of the spar.

Properties Caps Web’s skins Shear Clips
E1 85.5 GPa 13.7 GPa 33.35 GPa
Ey 29.5 GPa 13.7 GPa 33.35 GPa
Ess 9.9 GPa 9.9 GPa 9.9 GPa
V19 0.350 0.770 0.47
V13 0.302 0.062 0.060
Vo3 0.300 0.090 0.090
G1a 12.3 GPa 27.5 GPa 19.62 GPa
Glg 5GPa 3.3GPa 2.8 GPa
Gos 5GPa 3.3 GPa 2.8 GPa

) 1600 kg/m? 1490 kg/m? 1530 kg/m?

perpendicular to the surface (plies) and the y-direction completes the right-hand coordinate

system. The full beam assembly and the local coordinate systems are shown in Figure 2.6.

Figure 2.6. Full assembly of the spar created on Abaqus/CAE. The local coordinate
systems are shown in yellow, where the x-direction is along the length of the beam, the
z-direction is perpendicular to the surface and the y-direction completes the right-hand
coordinate system.

22



2.1.2 The mesh

Initially, the spar caps, web’s skins (outer part of the web), and foam (inner part
of the web) were modeled with elements of the type C3D8R, which is a hexagon of the 3D
stress family, 8-node linear brick, reduced integration. For these parts, the global seeds for
the mesh were of h=2mm. The shear clips were modeled with 3D wedge elements (6-node
linear triangular prism, called C3D6) and the global seeds for the mesh were of h=1mm.
The previous meshed structure is shown in 2.7(a).

Then, a convergence study was performed to define the element types and sizes
to be used on each part of the I-beam, to guarantee not only accurate results from the
simulations, but also a good computational performance, therefore minimizing the duration
of each simulation. After this study, it was decided to substitute the solid elements from
the caps and shear clips by continuum shell elements. The sandwich core remained solid
because of the thickness of the foam part.

In Figure 2.7(b) it is visible that the shear clips are no longer discretized by wedge
elements, as the new meshes are composed of 8-nodes quadrilateral continuum shell (SC8R).
These parts were partitioned in three sections to guarantee a structured mesh and to
allow the refinement on the corners, to guarantee that no elements were warped. These
partitions are artifacts to manipulate the meshes, and do not change the physical behavior
of the structure.

Because of the change from solid to shell elements, it was possible to decrease the
number of elements of the through-thickness direction of the caps, that are also SC8R
elements. The discretization of the longitudinal direction was also analyzed. In that
direction, the caps and the web have local seeds of h = 2 mm, while the shear clips have
h=1mm.

Furthermore, a discrete material orientation was applied to guarantee that the plies

of the shear clips would have the correct material orientation throughout the entire part,
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(b)

Figure 2.7. Comparison of initial mesh design (a) and updated mesh design (b). Solid
elements were replaced by continuum shell elements (SC8R) on the caps and shear clips.

including the 90 degrees bend. All the composite parts have a stacking direction assigned

to the meshes, to guarantee that they always follow the material orientation’s z-direction.

2.1.3 Constraints

To emulate the effect of the structural epoxy, all the parts of the model were joined
using tie constrains. These constraints connect the two selected surfaces in such a way that
(as opposed to how contact works) they cannot separate or slide on each other throughout
the analysis. A surface-based tie constraint can be used to make the translational and
rotational motion as well as all other active degrees of freedom equal for a pair of surfaces.
By default, nodes are tied only where the surfaces are close to one another. One surface in
the constraint is designated to be the slave surface; the other surface is the master surface.
[58]. In this model, the thicker parts (caps and core) were defined as the masters, and the
shear clips were defined as slaves. The surfaces to which tie constraints are applied are
highlighted in Figure 2.8.

The web of the beam is composed of foam in the middle and CFRP on the sides

24



Figure 2.8. Tie constraints applied to the model to emulate the adhesive layer of
structural epoxy that attaches all parts together.

(skins, or walls), as previously mentioned. To reduce the number of tie constraints
necessary to put all the parts together, the core was created as a single part and divided
in 3 partitions, with different sections assigned to them. The middle piece was assigned
a solid, homogeneous section, with the “Foam” material properties defined in Table 2.1,
while the side pieces were assigned a solid, homogeneous section, with the “Core walls”
material properties defined in 2.2. The skins are anisotropic, and the material orientation
was defined following the local coordinate system previously detailed (Figure 2.6). The
foam is isotropic and does not require material orientations. Using this procedure to create

the core, it is assumed that no debonding will occur between the CFRP skins and the

foam.
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2.1.4 Loads and boundary conditions

The boundary conditions were applied on the initial step. To apply the loads, a
“static, linear perturbation” step was created, and the boundary conditions were propagated
to this step. The model was defined as a cantilever beam. To create this boundary condition,
all the master surfaces of the fixed end were selected, and a mechanical boundary condition
of the type “symmetry/ anti-symmetry / encastré” was created, with all the degrees of
freedom being set to zero (encastré condition). In addition, to emulate the effects of other
wing components (ribs, stringers, and skin), it was defined that out-of-plane displacement
should not occur. Thus, additional boundary conditions were applied to the side of the
caps and core to restrain their out-of-plane displacement.

The loading distribution applied to the model was provided by the sponsors as the

maximum service load, or limit load, and it is represented as follows (Figure 2.9):

TATLTTTTTT .

0 5000
M] Mg

P P,

Figure 2.9. Loading scheme provided by the project’s sponsors, describing the maximum
service load distribution on the beam. Units of the x-axis are in [mm].

e ¢ = +13729 Pa is a uniformly distributed load, applied on the surface of the beam’s

bottom cap, representing the sum of its self-weight and an outside pressure.

e Pl = P2 = —490.3 N are concentrated forces applied to the beam at points

x1 = 1000 mm and zo = 2000 mm, respectively.

o M1 = M2= —1471 N.m are two pure moments applied to the model, also at points

z1 and zs.
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The concentrated forces and moments at the 1m and 2m cross-sections were
implemented them using kinematic coupling constraints — a useful method to apply loads
or boundary conditions to a model. Kinematic coupling constraints limit the motion of a
group of nodes to the rigid body motion defined by a reference node [58].

In this model, the reference node was defined as the center of the cross-section, at
Im length of the beam (Figure 2.10(a)). After meshing the structure, all the master nodes
of that cross-section region were selected (Figure 2.10(b)) and coupled to the reference
node (Figure 2.10(c)). The concentrated force and pure moment were then applied to the
reference node, which is the control point of the constraint. Then, the same procedure
was repeated at the 2m cross-section. For both cases, all 6 degrees of freedom of each
node were constrained. This procedure is shown in Figure 2.10. The implementation of

the loads from Figure 2.9 applied to the model are shown in Figure 2.11.
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Figure 2.10. Definition of coupling constraint to apply loads to the structure. (a)
shows the reference point, (b) shows the selection of the nodes that correspond to master
structures from the tie constraints, and (c) shows the coupling constraint.

Figure 2.11. Loads applied to the spar.
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2.1.5 Results from pristine beam

Initial results from the simulation of the pristine beam (damage-free) are shown
below. To display the results, the averaging was turned off, and the results was transformed
using a user-defined coordinate system, which is the same one defined for the spar cap’s
material orientation (1 direction: x-axis along the length of the beam, 2 direction: y-axis
along the horizontal direction of the cross-section, and 3 direction: z-axis along the vertical
direction of the cross-section).

The magnitude of the displacements is displayed in Figure 2.12, with units in m.
The shape of the deflected beam shown in Figure 2.12 follows the expected behavior of
a wing during flight. The maximum deflection at the end of the beam was estimated
as 0.907m. Figures 2.13, 2.15, and 2.14 show the strain measurements in the different
directions. The discontinuities on the strain measurements are clear at the sections were

the forces and moments were applied.

U, Magnitude
+9.074e-01
+8.318e-01
+7.562e-01
+6.805e-01
+6.049e-01
+5.293e-01
+4.537e-01
+3.781e-01

+3.025e-01
+2.268e-01
+1.512e-01
+7.562e-02
+0.0002+400

Figure 2.12. Magnitude of the displacements, units in m. The fixed end is on the left
side of the spar.
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E, E11 (CSYS-Top_Cap)
Envelope (max abs)

+4.448e-03
+3.814e-03
+3.180e-03
+2.546e-03
+1.912e-03
+1.278e-03
+6.442e-04
+1.020e-05
-6.238e-04
-1.258e-03
-1.892e-03
-2.526e-03
-3.160e-03

0-12-5m-alllaices-linpe L.aab  Abaqux/Standaid 6.14-2  Fiilun D7 11:20:29 Pacilc Slandaa Time 2019

Step: Slep-laad-Linear_Peil
[aciement 1: Step Time = 2.220DE-16
Primany Yari: E, E11 (CSV5-Tap_Cap)

Figure 2.13. Strain in the 1 direction, following the spar cap’s coordinate system
(direction 1 is the axial direction, along the beam’s length).
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Envelope (max abs)
+2.637e-03
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+1.758e-03
+1.318e-03
+8.788e-04
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-2.102e-07
-4,397e-04
-8.792e-04
-1.319e-03
-1.758e-03
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-2.637e-03
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Figure 2.14. Strain in the 2 direction, following the spar cap’s coordinate system.

«10™ Strain measurement - 5m beam - Pristine Case

P

Path 6

157 *‘ .

Strain ¢

0 05 1 15 2 3 4 5

Location (m)

Figure 2.15. Strain measurement in the 1 direction at a path below the top-right shear
clip.
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2.1.6 Debonding damage and buckling

As mentioned in Chapter 1, the damage of interest in this study is the debonding
of different parts (e.g., debonding between the shear clips and web and/or caps).This is
a local buckling problem, not global buckling, given that the static bending loads cause
compression on the upper half of the beam, and local buckling may occur depending on
the size and location of the damage. Therefore, the focus should be on debonding between
the top cap and the parts it is joint to (upper shear clips and web), not on the lower half
of the beam.

The traditional Euler buckling theory does not represent the problem of interest, as
it is wanted to investigate buckling under a complex loading scheme, so the multi-loading
buckling approach must be used. In this case, the eigenvalues (\) are interpreted as a

multiplying factor to determine how the applied loads translate into a critical load:

Pcritical = A X Papplied (21)

Therefore, if 0 < A < 1, the structure will fail with a lower load distribution
than the one applied. It should be noticed that if A < 0, the structure will buckle with
—A X Pypplied-

The buckling analysis to collect eigenvalues and the static analysis to collect strain
data are two different problems on Abaqus, so the job had to be divided into different,

independent steps:

e Initial step: the boundary conditions are applied. They are propagated to all steps

created afterwards. All analyses made on Abaqus must have an initial step.

e Static step, linear perturbation: all the forces are applied to the structure. Strain

data is collected (stress and displacement could also be collected, if desired).

e Static step, buckle: all forces are applied to the structure again, as this step is
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independent from the previous one, so the loads are not propagated to this step.

Eigenvalues are collected.

One thing to notice is that the buckling step has a high computational cost, as
it increased the total simulation time in about 30%. This, by itself, is a good reason to
develop machine learning surrogate models that will be discussed later.

On Abaqus, a debonding damage can be simulated by removing the tie constraints
between the desired parts. To confirm that this procedure works, two aluminum plates
of random geometry were tied and a buckling analysis was performed - global buckling
occurred. Next, the tie constraints were removed from a small portion in the center of the

plates, the simulation was run again, and local buckling occurred, as shown in Figure 2.16.

(b)

Figure 2.16. Buckling analysis of two plates of random geometry bonded together, used
for proof of concept. On (a), global buckling occurs. On (b), as a small portion of the
bonding is removed, local buckling occurs.

To apply that procedure to the spar, a partition of the defined damage size must
be created at the defined location, on all faces of the shear clips that will be debonded
from the web and from the cap. The same partition must be created on the surfaces of

the web and the cap. An example of such partition is shown in Figure 2.17. Then, when
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selecting the master and slave surfaces for the tie constraints, these regions where the
partitions were created should not be selected — therefore, one part is not bonded to the
other in those regions. This procedure can be visualized in Figure 2.20, where there is a
debonding damage between the shear clips, web, and the top cap. In purple is the region
where the tie constraints are applied, and the region in blue between them represents the
damage. The top cap was suppressed from this image to make it possible to visualize the

damage, as this damage occurs below the top cap.

Partition created to emulate the shear
clips and web being debonded from T
the top cap.

Obs: Spar Cap was
suppressed to show the
location of the damage.

Figure 2.17. Partition created to emulate debonding between different parts.

To confirm that removing the tie constraints will emulate a debonding damage that
leads to local buckling on the spar, the buckling step was simulated on Abaqus for the
pristine beam. The result is shown in Figure 2.18, and it can be seen that global buckling
occurred, as there is no damage on the beam. Next, a debonding damage was created
following the procedure described above, and local buckling happened at the damage
region, as shown in Figure 2.19.

As shown in Figure 2.20, the damage location is defined as the distance from where
the debonding starts to the root of the beam. Then, damage size as defined as the length

of the debonding. It is assumed that the entire width of the cap is debonded from the
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Figure 2.18. Buckling simulation of pristine beam. As there is no damage, global
buckling occurs.

Figure 2.19. Buckling simulation of a damaged beam. Local buckling occurs at the
debonding region.

other parts on the damage region.
To create a new damage, all the partitions created for the previous damage must

be removed from the model and new partitions must be created at the location and size of
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interest. By doing so, all the meshes of the altered parts are automatically removed and
the parts must be meshed again. Also, all tie constraints must be re-defined. This is a
very time-consuming process if done manually at the GUI, therefore the need to create

Python scripts to control Abaqus and perform this process in an automated manner.

Figure 2.20. Visual representation of how damage size and damage location are defined.
Regions in purple indicate that tie constraints were applied between them and the top cap
(removed from the image for a better view).

2.1.7 Collecting strain data

Knowing that an optical fiber Bragg grating sensor system would be deployed in
field, the target measurements from the FE model were uniaxial strain. On Abaqus, the
default results respect element orientations but suppress nodal transformation. To generate
results that would actually be compatible with strain measured by strain gauges or FBG
sensors, a local coordinate system was created on the corner of the top spar cap (showed
in yellow in Figure 2.21) where the x-direction is along the beam length, the z-direction
is perpendicular to the surface and the y-direction completes the right-hand coordinate
system. Then, a transformation was applied to all element and node-based results using
this specific coordinate system. This transformation and the strain components measured

are illustrated in Figure 2.21.
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For this coordinate system, the sensors aligned in the x-direction would read
the strain component €17, while the sensors orthogonal to them would read the strain
component £99. If sensors were placed in the 45° direction on that same surface, it would
be necessary to generate a second local coordinate system rotated by 45° around the z-axis
and extract the strain component €17 given by the results transformation using that second

coordinate system.

~ Coordinate system specified

Figure 2.21. Coordinate system specified to guarantee that €1, is being measured in the
longitudinal direction of the beam, and that €45 is orthogonal to it.

A preliminary study was made to observe the strain field along the entire spar,
and it was determined that saving the strain data along a few paths on the beam would
suffice to capture the local change in strain caused by the damage. This saves time and
computational memory, as strain data did not need to be recorded for every single location
at the beam. Therefore, nine paths were defined, as shown in Figure 2.22. Paths 1 to 5
are located at the top cap - paths 1 and 5 are 5mm from the edge of the cap, path 3 is
right at the center, and paths 2 and 4 are in the middle of them. Paths 6 (right) and 8

(left) are symmetrically located at the bottom of the top shear clips, right at the center.
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Paths 7 (right) and 9 (left) are also symmetrical from each other, at the lateral of the top

shear clips.

Figure 2.22. Paths defined for strain collection.

Strain measurements collected from these paths when the spar contains a debonding
damage that is 0.05m long and located at 0.74m from the root are shown in Figures 2.23
and 2.24. Recall from Figures 2.4 and 2.5 that the spar’s caps are 5mm thick, while
the shear clips are 0.75mm thick. Therefore, the change in strain caused by the damage
is much more noticeable on the shear clips, making them strong candidates for sensor
placement.

Notice that the debonding damage only affects the strain field at a local level,
around the damage region, and the overall strain behavior remains the same in locations
further away from the debonding. This will be a key aspect in the upcoming Chapters

and when defining the optimization problem.
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Figure 2.23. Strain €;; collected on all paths defined in Figure 2.22. Notice that this is
a 1m submodel of the 5m beam.
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Figure 2.24. Strain €95 collected on all paths defined in Figure 2.22. Notice that this is
a 1m submodel of the 5m beam.
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2.2 Model validation

To validate the strain behavior FE model previously discussed, a 1-meter replica
of the I-beam with a prescribed debonding defect was constructed. The experimental
setup consisted of mounting the beam in a fixed-free boundary condition and loading
the free-end with a point load. The strain behavior of the beam was observed using 14
strain-gauges attached to strategic locations along the beam. The goal was to observe and
validate the global deflection of the beam and, more importantly, the local buckling of the
purposely made defect.

To achieve close dimensions and similar properties to the I-beam shown in the
technical drawings from Figure 2.4, it was decided to build the top and bottom caps with
the same thickness of 5 mm as the modeled I-beam. The web would consist of a 10mm
foam core sandwiched by 3 layers of carbon fiber on each side (regardless of the 0.45 mm
carbon fiber layers from the drawings), and 4-ply shear clips (regardless of the 0.75 mm
thick from the actual I-bream). These decisions were made based on the properties of the
carbon fiber material available for construction in the educational lab at the Structural
Engineering Department, UCSD. Therefore, it was expected that the mechanical properties
of the constructed parts would diverge significantly from the modeled beam’s properties.
Nonetheless, the overall strain behavior should remain the same.

The properties of the carbon fiber woven fabric that was readily available for the
construction are: longitudinal modulus E; =~ 77 GPa, transverse modulus F, ~ 75 GPa,
Poisson’s ratio v15 /= 0.006, and ply thickness t ~ 0.00033 m. The next section will describe

the analytical estimate of the laminate properties.
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is given by

cos? 6 sin® 6 2sin 6 cos 0
T, = sin® 6 cos? 6 —2sin 6 cos 6 (2.4)

—sinfcosf sinfcosh cos?h — sin’d

Similarly, the strain e transformation is given by

€p1—zp = Le €uy (2.5)
in which
cos? 0 sin® 6 sin 0 cos 0
T. = sin? 6 cos? 6 —sinfcosf | - (2.6)

—2sinfcosf 2sinfcosh cos?l —sin’f

Using these relations, the tensor transformation that projects the compliance matrix
from the local coordinate (S) system to the global coordinate system (S) can be derived

by substituting Equations (2.4) and (2.6) into the strain transformation in Equation (2.5)

ery=T ' €y 0, =T"S 04 0, =T."-S- T, 0., (2.7)
thus,
Su Sz S
S:TQI'S'TGZTZ'S‘TUZ Sa1 S Sag (2.8)
Se1 Sez See

which is used to compute the global reduced stiffness for each ply via Q = S1.
When multiple composite laminae are stacked, a laminate is formed. The stacking
sequence is represented by [01/602/03/ - -+ /0x] in which 6y, is the orientation of the k-th ply

of a laminated made of N plies [59]. The classical laminate plate theory and the plate
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constitutive equations together can be used to describe the plate (laminate) behavior as

(N} = [A] {e"} + [B] {x} (2.92)
{M} = [B] {eo} + [D]{x}. (2.9b)
or, in a more detailed format,
( ) B i ( )
N A Az A B Bia Bis 52
Ny Atz Az A Bia By Ba 52
Nyy _ A Az Ase Bis Bas  Beo ’ng (2.10)
M, Bii Bia Big Du Dia Dig K
My By By Bag Dia Doy Dag Ry
\ Mxy ) Bis B Bes Die D Des \ Ray )

in which NN; are the in-plane forces applied to the laminate, M; are the bending moment, ?
are the in-plane strains, and k; are the mid-surface curvature associated with out-of-plane
deflections. The extensional stiffness matrix A, the coupling stiffness matrix B, and the

bending stiffness matrix D are

A=Y QW, (2.11a)
k=1
By =Y QWtz, (2.11D)
k=1
~ - k) =2 ti
Dij =) Qij (% + 15 (2.11c)
k=1

being t; is the k-th ply thickness and Zz; is the k-th ply central position related to the
laminate geometric mid-plane.

Laminates symmetric with respect to the mid-plane possess no coupling stiffness,
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therefore B = 0, and Equation (2.9) is simplified to

{N} = [A]{e"} (2.12a)

(M} = [D] {x}. (2.12b)

Furthermore, if the stacking consists only of 0°, 90°, and +45° plies then A = Ay = 0.

For a N-ply laminate with ply thickness ¢, the total thickness of the laminate
is h = Nt, the effective moduli of this laminate, i.e., its properties when treated as an
equivalent anisotropic solid, are estimated using the average stresses (7,,0,, and d,,) and

. . O 0 0 .
mid-plane strains (g3, &, and 73, ) via

-1

€ A A 0 Oy
52 =h| Ay Apn 0 oy (2.13)
"}/gy 0 0 A66 6:):3/

such that the terms in the multiplication hA~! correspond to the compliance matrix for

the strain-stress relation shown below

i _Vyr 77:cy x
Exax Ex Ex ny Oz
| TVay 1 Nay,y
Eyy ( = . Ey G,y Tyy (2.14)
T].IJ,IL'y ny,xy ]‘
P)/x Ux
! | E. B, G. | !
Therefore, the laminate’s effective moduli are
Ay Agy — A,
E,=—FT7—"—= 2.15a
A1 Ay — A2
B,=——-—"1 hzjln 2 (2.15b)
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_Ap

Vay = (2.15¢)
22
A
Vyw = A—” (2.15d)
22
A
Gy = % (2.15¢)

2.3.1 Engineering the Caps, Shear Clips, and Web

The caps, shear clips, and web were designed using AGP370-5H/3501-6S woven
carbon fabric. The web is a carbon fiber - foam sandwich in which the foam used was
the Divinycell Low Density Foam (H-45). The moduli of the composite and foam are

presented in Table 2.3.

Table 2.3. Properties of the different materials used for construction.

Material FE; FEs G1o V15 | Ply thickness
AGP370-5H/3501-6S | 77.2 GPa | 75.2 GPa | 6.5 GPa | 0.06 0.33 mm
Divinycell H-45 Foam | 50 MPa | 50 MPa | 50 MPa | 0.4

The top and bottom caps were designed to have a laminate thickness h equivalent

to the FE model’s. Therefore, the number of plies in the caps is

hFE A Smm

~ 15.14 = 16 plies. (2.16)

ncap == =
Tcarbon fiber 0.33mm

Limited by 16 plies, the stacking sequence of the caps was chosen by the combination
of plies oriented at 0°, 90°, and +45° that yielded the closest effective moduli to the
properties used in the FE model. The number of plies in the clips and web were chosen
with criterion of achieving effective moduli as close as possible to the effective moduli
used in the FE model, independently of the number of plies. The stacking sequence and

effective properties for each I-beam component are presented in Table 2.4.
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Table 2.4. Effective moduli of the laminates analyzed.

Laminate Stacking E, E, Gy Vay Vyz
Sequence [GPa] | [GPa] | [GPa]

Cap | [90°/03/ +£45°/03], | 67.5 | 66.5 | 13.9 | 0.1735 | 0.1709

Clips [45°/0°/ —45°], | 46.8 | 462 | 26.1 | 0.4283 | 0.4231

Web [£45°/0%gamls 33.9 | 336 | 23 |0.4851 | 0.4806

2.4 Manufacturing

All components of the I-beam were manufactured using the wet layup method,
where the two-part Poly Epoxy Structural Epoxy System manufactured by Aircraft Spruce

was used as the resin.

2.4.1 Top and Bottom Caps

To create the top and bottom caps, rectangular sections (1.2 meters by 7 centimeters)
of AGP370-5H/3501-6S woven carbon fabric were utilized. These dimensions exceeded
those of the modeled 1-meter beam in finite elements. The additional material in both
width and length allowed for trimming the cured part to the desired specifications and
provided an extra 15 centimeters, resulting in a 1.15-meter-long beam. This excess length
was intended to allow clamping the beam for a cantilever beam experimental setup.

The layup process involved stacking each layer of carbon fiber fabric onto an
aluminum tool coated with release film. After applying a thin layer of epoxy to the
designated layup area, each layer of carbon fiber fabric was carefully positioned and
saturated with epoxy resin. Once the final ply was in place and thoroughly impregnated
with resin, the layup was covered with release fabric and a layer of polyester breather to
evenly distribute vacuum pressure. The entire assembly was then vacuum bagged and
cured under a vacuum pressure of 14.7 psi. The schematics of this process are shown in

Figure 2.26.
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Breather )
Release Fabric

W

Aluminum Tool

Figure 2.26. Top and bottom caps vacuum-bag curing schematics.

2.4.2 Shear Clips

The layup process for the shear clips followed the same manufacturing procedure
as the caps. However, for the layup of the shear clips, a C-shaped aluminum tool was
employed on the outer surface of the mold. This specific choice of tool ensured that the
release fabric (also referred to as “peel ply”) would yield a consistent non-glossy surface
finish on that side of the cured part, resulting in a better surface for bonding.

Rectangular sections (1.2 meters by 8 centimeters) of carbon fiber fabric were
carefully stacked to form a C-shaped composite. This stacking configuration ensured
symmetrical lateral edges measuring 2 centimeters in height and 4 centimeter wide. The
schematics of the whole process is shown in Figure 2.27 and a picture of the shear clip

manufacturing is shown in Figure 2.28.

2.4.3 Web

The layup process for manufacturing the web of the I-beam did not involve the use
of an aluminum tool. Initially, the 1.2-meter-long, 5-centimeter-high, and 1-centimeter-
wide foam core was saturated with resin along its lateral walls. Subsequently, layers of
carbon fiber fabric pre-soaked in resin were alternately stacked onto each lateral wall of
the foam core. This sandwich structure was then enveloped in release fabric, followed by a
layer of polyester breather, and finally cured under pressure within a vacuum bag. The

schematics of this process is shown in Figure 2.29. Notice that covering this structure
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Breather
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Release Fabric
i Aluminum Tool ﬁelease Film

Figure 2.27. Shear clips vacuum-bag curing schematics.

with the release fabric for the curing process will created lateral walls with enhanced the

bonding performance.
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Figure 2.28. Manufacturing of the shear clips: (a) wet layup and (b) vacuum bag cure.
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Vacuum Bag
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Relehse Fabric

Breather

Figure 2.29. Web carbon fiber - foam sandwich vacuum-bag curing schematics.

2.4.4 Assembly

After curing, all parts were trimmed to the appropriate width and length. The two
caps were trimmed to a width of 5 centimeters each. The web underwent trimming at the
top and bottom to eliminate any excess composite material adhering to these surfaces.
The four shear clips were made by cutting the C-shaped laminates in half and removing
any excess height from the lateral walls. All components were cut to a length of 1.15
meters. The I-beam parts are shown in Figure 2.30.

The assembly of the I-beam was performed in two stages as illustrated in Figure

2.31:

1. The bottom cap, web and two shear clips were attached forming a “T” beam.

2. The remaining two shear clips and the top cap to the “T” beam formed in the first

stage.

The structural adhesive used was the Aeropoxy Structural Adhesive ES6209 from
PTM&W.
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Figure 2.30. I-beam components after they were trimmed to the correct size.

To guarantee adequate bonding between the parts in stage 1, the a distributed
pressure was applied the bonding area of the web and clip contact. This was achieved by
positioning two metal beams with rectangular cross-sections on each side of the web, while
multiple clamps compressed this sandwich during the adhesive curing cycle. Similarly, to
guarantee a good bonding between the cap and shear clips, the same metal beams were
utilized to exert pressure against the cap, ensuring proper contact between the shear clip
and cap bonding areas. This assembly step is shown in Figure 2.32(a).

With an “T” beam assembled, the second step of the assembly was performed by
pressing both shear clips against the web using multiple c-clamps, and by pressing the
shear clips against the cap using spring clamps. This assembly step is shown in Figure
2.32(b).

One important aspect of the second stage of the assembly is that it involved
deliberately creating a debonding between the top cap and both the shear clips and core.
This intentional damage was generated by preventing bonding between the parts for a

10-centimeter segment beginning 25 centimeters from the root of the beam. No structural
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— Epoxy Adhesive — Epoxy Adhesive
& [aminate = [aminate

_ Foam _ Foam
(a) (b)

Figure 2.31. Two stages of the I-beam assembly: (a) the bottom cap, two shear clips
and web were assembled, (b) remaining cap and two shear chips where assembled to the
“T” beam formed in stage 1.
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Figure 2.32. Assembly of the I beam components forming first “T” beam (a) and the
final I-beam (b).

adhesive was applied in this specific region. Furthermore, a layer of release film was applied
to cover the same area on the top cap, top shear clips, and the top surface of the web
as shown in Figure 2.33. This precautionary measure was implemented to ensure that
no unintended bonding occurred because of the adhesive spreading under the pressure

applied during the assembly process.
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Debonding

Figure 2.33. Debonding damage insertion by adding a release film layer (a) to some
of the bonding area between the top cap and the web, (b) to the same bonding area of
the top cap (redundancy). (c) Shows the debonding defect on the completely assembled
composite I-beam.

2.5 Experimental Setup

The manufactured I beam was setup as a cantilever beam subjected to a point
load on the free end aiming to validate the strain behavior of the I beam modeled in finite
elements (see Figure 2.34). The first 15 centimeters of the beam was clamped by a tilting

vise rigidly attached to table using multiple c-clamps. The end of the clamped region of
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the beam marks the x = Om position. The load was applied at x = 1m as a prescribed
tip displacement achieved using a hydraulic press as shown in Figure 2.34. The hydraulic
press allowed for smooth and controlled deflection of the beam, as the displacement can

be applied in small increments.

Figure 2.34. Cantilever beam at (a) no deflection and (b) 30 mm deflection due to a tip
load.

To observe the strain behavior of beam, 15 strain gauges were glued to one of the
shear clip that has an internal defect (debonding). However, strain gauges #8, #11, and
#15 were defective. The strain gauge locations throughout the beam is presented in Table

2.5.
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Table 2.5. Position of strain gauges along the I beam (units in [mm]).

Strain Gauges | 1 2 3 4 5 6 7 8
Location 100 | 188 | 238 | 254 | 267 | 283 | 291 | 303

Strain Gauges | 9 | 10 | 11 | 12 | 13 | 14 | 15
Location 314 | 327 | 339 | 355 | 369 | 563 | 784

The hardware setup for the experiment shown in Figure 2.35 consisted of FLA-5-
11-3LT strain gauges manufactured by Tokyo Sokki Kenkyujo Co., Ltd, connected to a
strain gauge bridge amplifier model 633 manufactured by the Encore Electronics, Inc..
The amplifiers output signal was acquired by National Instrument’s NI-9234 module on a

cDAQ-9178 CompactDAQ USB chassis. A MATLAB code was written for data acquisition.

Figure 2.35. Experimental Setup.

While the beam was unloaded, data was acquired for 4 minutes at a sampling
frequency of 25.6 k Hz to collect approximately 3 million samples of a baseline signal
(Vanstrainea) Of the unstrained beam. The baseline signal is shown in Figure 2.36. Then,
data from the strain gauges was collected for different tip displacement (Viirained). Figure
2.37 shows the voltage measured in each sensor at a 30 mm deflection of the tip.

The bias of the voltage measured at the strain gauges when the beam is deflected
is removed by subtracting the baseline voltage - therefore, only the voltage output caused

by the deflection will be observed. Furthermore, this measure can be normalized by the
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Figure 2.36. Baseline voltage at the 15 strain gauges. In blue are the operational strain
gauges and in red the defective strain gauges.

voltage excitation provided to the strain gauge. Therefore the term V,. can be expressed by

‘/:)ut
Vi

‘/out
Vi

v, (2.17)

strained unstrained

in which V4, is the bridge excitation voltage excitation provided to the strain gauges [60].
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Figure 2.37. Voltage signal at the 15 strain gauges when the beam’s tip is deflected 30
mm. In blue are the operational strain gauges and in red the defective strain gauges.

For this experiment, the input voltage was V;, = 2V. The amplitude V. for the experimental
data is shown in Figure 2.38 using the last 2 minutes of the baseline acquisition and the

total duration (2 minutes) of the data acquisition when the beam was deflected 30 mm.
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Figure 2.38. Amplitude V, at the 15 strain gauges when the beam’s tip is deflected 30
mm. In blue are the operational strain gauges and in red the defective strain gauges.

Now, the data acquired can be converted from voltage to strain via

3

Fe(1+2V;)

4V, R

—l—Rg

1+ TKt
1-— VoKt

(2.18)

in which Fy is the gauge factor (see Table 2.6), R; is the lead wire resistance, R, = 120§}
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is the strain gauge’s resistance, K; is the strain gauge’s transverse sensitivity (see Table
2.6), r = 0.4283 is the Poisson ratio of the material to which the strain gauge is attached
(refer to Table 2.4), and vy = 0.285 is the Poisson ratio of the standard test material used

in calibrating the strain gauge for its gauge factor [61].

Table 2.6. Strain gauge properties.

Strain Gauges 1 2 3 4 5 6 7 8
Strain Gauges Factor | 2.13 | 2.1 | 2.13 | 2.11 | 2.13 | 2.13 | 2.11 | 2.13
Transverse Sensitivity | 0 -0.2 0 0 0 0 0 0

Strain Gauges 9 10 | 11 | 12 | 13 | 14 | 15
Strain Gauges Factor | 2.11 | 2.11 | 2.13 | 2.13 | 2.11 | 2.13 | 2.11
Transverse Sensitivity | 0 0 0 0 0 0 |-0.2

The term (1 + R;/R,) is known as the lead wire desensitization [60]. The wire
resistance is computed via R; = pf, in which p; = 0.44€Q2/m is the resistance per cable
length, and ¢ = 3m is the lead wire length, therefore R, = 1.32(2. The lead wire
desensitization term is (1 + R;/R,) ~ 1.011.

The term (1 + rK;)(1 — 1K) is the correction factor for transverse sensitivity.
This correction is 0.9736 for strain gauge’s 2 and 15, and the correction term is 1 for all
other sensors (no correction since the gauge has no transverse sensitivity).

Using Equation (2.18) to compute the strain measurements when the beam is under
a 30 mm tip deflection boundary condition, the result of strain over the course of the 2
minute acquisition is shown in Figure 2.39.

The average strain (€) at each sensor d is calculated via

g T el
= &£ 2.1
€[d] Nsamples —1 ( 9)

with corresponding standard deviation

i - \/ S efd) — eld)? 2.20)

=1
Nsamples
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Figure 2.39. Strain at the 15 strain gauges when the beam’s tip is deflected 30 mm. In
blue are the operational strain gauges and in red the defective strain gauges.

To validate the strain behavior of the I beam modeled on Abaqus, the material
properties used in the FE model were updated to correspond to the effective moduli
estimated for the manufactured I beam (see Table 2.4). The load was also change to
prescribe a displacement instead of a point force. Then, strain was extracted along the

same path as where the strain gauges were attached (at the top part of the shear clip, 7
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mm away from the top cap’s edge).
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Figure 2.40. FE Model’s strain versus strain from experimental data for a prescribed
tip displacement of 10 mm: (a) average experimental strain and (b) average experimental
strain and it’s o, confidence intervals.
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Figure 2.41. FE Model’s strain versus strain from experimental data for a prescribed
tip displacement of 20 mm: (a) average experimental strain and (b) average experimental

strain and it’s o, confidence intervals.
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Figure 2.42. FE Model’s strain versus strain from experimental data for a prescribed
tip displacement of 30 mm: (a) average experimental strain and (b) average experimental
strain and it’s o, confidence intervals.
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Figure 2.43. FE Model’s strain versus strain from experimental data for a prescribed
tip displacement of 40 mm: (a) average experimental strain and (b) average experimental
strain and it’s o, confidence intervals.
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Figure 2.40(a) overlays the strain extracted from the FE simulation and the strain
estimated from the strain gauges measurements, and Figure 2.40(b) shows the +o.
confidence interval around each measurement. From Figures 2.40, 2.41, 2.42, and 2.43 it
can be seen that the overall strain behavior on top of the damage region is very similar to
the one modeled via FE. There are two peaks and two valleys that can be consistently
observed on all load levels. There measured strain, however, does not align nicely with the

modeled strain. There are several sources of uncertainty which can cause that behavior:

1. The material properties used to update the FE model. Although they were calculated

analytically, no tensile test was performed to confirm them.

2. The discrepancy between nominal and measured dimensions of each laminate after

manufacturing, that cause a difference in the area moment of inertia of the beam.

3. Uncertainty in the alignment of the strain gauges with the longitudinal axis. In the

FE model, this is a perfect line.

4. Distance between the centroid of the strain gauge to the edge of the shear clips,

versus the FE model.
5. Noise in strain measurements.
6. How the boundary conditions are applied in the model versus the experiment.
7. The quality or lack of bonding between the parts.

In addition, there were two strain gauges placed in the damage region that malfunc-
tioned, one loss of adhesion and the other because of a broken wire. Therefore, there were
two less points that could be used to discretize the strain behavior along the damage area.

Even with all these uncertainty sources, the experiment serves as validation to the
FE model, as the expected strain behavior occurred. These uncertainties would need to

be further investigated for model calibration. In addition, no critical load that may cause
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local buckling was applied to guarantee that the beam could be used for more tests in the

future.

2.6 Summary

This chapter presented a detailed finite element model of the composite I-beam
used as a computational test bed for this dissertation. The pristine model was presented,
and then damage was introduced by removing the tie constraint between parts, simulating
a debonding damage. This debonding may cause local buckling at loads smaller than the
ultimate service load, which is considered critical to the operations.

This model represents a wing’s spar made of prepreg carbon fiber materials and
manufactured according to all aeronautical standards. The model calibration and validation
was performed using experimental data from Israel, and the model is trustworthy. However,
this information is proprietary and cannot be shared in this dissertation. To overcome
this challenge, an adapted version of the spar was built in-house for academic purposes,
using the materials and manufacturing tools available at the educational laboratory.

All the steps for the spar’s manufacturing were detailed. Although there is a
discrepancy between the experimental and modeled strain data, this experiment suffice to
prove that the strain field has the same behavior under damage as the one obtained in the
simulations. Therefore, it can be said that the model can serve as a data emulator in the
computational framework for the remaining chapters of the dissertation.

Chapter 2, in part, has been published in Proceedings of the International Workshop
on Structural Health Monitoring 2023, Razzini, A. H., Todd, M. D., Kressel, 1., Ofir, Y., Tur,
M. , & Yehoshua, T.,2023. The title of this paper is “The Application of Risk Minimization
to the Selection of Fiber Optic Sensors for an Aerospace Structural Monitoring Application”.

The dissertation author was the primary investigator and author of this paper.
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Chapter 3

Data generation - Surrogate models

3.1 Statistical Modeling

After being validated, the finite element model serves as the fundamental “ground
truth” forward model in this project, i.e., the “physics simulator” for the test article of
interest. Inputs to this forward model are damage parameters (size and location) and the
load. For given damage parameters and given load, the outputs are what is intended to
measure in practice, which is strain.

The debonding damage is fully characterized by two random variables, namely
damage size, o, and damage location along the beam, . Thus, the damage is probabilisti-
cally characterized by the joint probability density function p(c,x). Its size and location
are assumed to be independent (a reasonable assumption, although stress concentrations
from the loading profile might induce some correlation between size and location), then

the joint density of the damage parameter factors is:

plo,x) = p(o)p(x) (3.1)

The sponsors of this project provided some prior distributions on damage size and

location, based on non-destructive tests of the spars after manufacturing, which can be
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written as:

e(*"Q /5000)

p(o) = Rayleigh(50) =

p(x) = Uniform(0, L) = 0.001

which are independently plotted in Figure 3.1.

(a)

Distribution of Damage Size <1073 Distri

2500

g

(3.2)

(3.3)

(b)

bution of Damage Location

0.014

0.012

__0.008}

-

Rayleigh Distribution
® Damage Size

16

14 F

12+

: \ B
0.006 | N 08l
0.004 Yo, 0.6 |

\
\c\ 04+
0.002  / o

e 0.2}

0 0

0 50 100 150 0 0.2 0.4 06 08 1

Damage size o (mm) Damage Location x (m)

Figure 3.1. Prior distributions of damage size (a) and damage location (b).

The probabilistic load state was also defined. Given the static maximum service
load, or limit load, shown in Figure 2.9, an equivalent maximum dynamic loading profile
for a distribution of flight maneuvers (1 to 9) is found by dividing the global maximum
service load load (1.95 g) by the load factor corresponding to each case, from 1 to 9. Table
3.1 below reproduces previous load data provided by the sponsors and includes the effective
maximum dynamic load factor obtained for each case, as well as the relative percentage of
occurrence per flight.

This data can be fit to a probability density function model empirically, resulting in
a form of probabilistic load p(F') where bold face is used since the load state F will possibly
depend on more than one parameter (i.e., however many are used to fit or otherwise

appropriately characterize the data on Table 3.1. The specific fitting is not too important
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Table 3.1. Dynamic load description.

Gust/ Nz max Max load % Occurrences
Maneuver type | (equivalent g) | factor (Nz/1.95 g) | per flight
1 1.15 0.589744 81.697

2 1.25 0.641026 14.59

3 1.35 0.692308 2.85

4 1.45 0.74359 0.624

5 1.55 0.794872 0.158

6 1.65 0.846154 0.05

7 1.75 0.897436 0.019

8 1.85 0.948718 0.008

9 1.95 1 0.004

for formulating the problem but only relevant when actually solving the problem.
Thus, with the inputs specified now, the forward model can be written quite

compactly as in Equation (3.4):

e=nhF,0,x)+w (3.4)

where ¢ is the output strain (at any location), and h(x) is the finite element model (more
specifically, the static step of the model) with probabilistic inputs of load state F and
damage state characterized by ¢ and z. Some assumed random white noise, w is added to
the finite element model, modeling measuring uncertainty in the output strain — this noise
could be assumed Gaussian with zero mean and some standard deviation s,,,.

Since h(x) itself is complex, forward simulation mapping inputs to measurements
is achieved by running the finite element model, sampling across all the probabilistic
variables F, o, x, w. This is a very important step of this study and the execution of it
will be discussed in Section 3.2 — running Abaqus with Python.

However, because failure is not determined by the presence/location of damage,
but rather the effect on local buckling, two runs per probabilistic input sample point must

be undertaken: one normal application of Equation (3.4) to get the strain ¢, followed by a
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buckling analysis to get the buckling eigenvalue A , so Equation (3.4) is modified to:

e=h(F,o,x)+w 55)
A=0b(h(F,0,x))

where b(x) is the buckling analysis step applied to the finite element model h. From
appropriate input space sampling, one obtains the distribution of ¢ while finding the
corresponding buckling eigenvalue for the same input conditions. This is the critical link,
since what is needed is the relationship between strain and the limit state for the buckling
eigenvalue. If, somehow, the inverse of b(x),b~!(x), is obtained, then Equations 3.5 are

combined as

e=b"'+w=g\w) (3.6)

more explicitly showing that link. However, it is the inverse of Equation (3.6), g~*(*), that
is wanted in practice — strain is measured in order to infer whether buckling has occurred
or not. Probabilistic speaking, the goal is to find out the probability that buckling p(\)

has occurred given measurements of strain:

p(A) = p(Ale)p(e) = p(Ale)p(e[F, o, z, w)p(F)p(o)p(x)p(w) (3.7)

where it is explicitly assumed that load, damage parameters, and measurement noise are
all independent.

The first conditional probability p(A|e) on the right-hand-side is determined by the
buckling analysis step of the FE model, and the remaining terms by static step, linear
perturbation, of the FE model. Both require executions of the finite element model, which
is time-consuming (around 15 minutes for a 1m-long submodel of the spar, 1 hour for the
5m-long spar model), to execute this framework.

It was decided that a surrogate model needed to be built in the forward direction
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— such surrogate model will replicate the finite element model input/output to achieve
sufficient number of Monte Carlo simulations with reasonable computational time. However,
to build this surrogate model using supervised machine learning processes, enough data
must be provided to build a trustworthy model. Therefore, the finite element model must
be executed hundreds of times to generate training and testing data. In addition to the
running time, it is also time consuming to remove the previous damage from the model
and create a new one using the graphical user interface on Abaqus, so Python scripts were

developed to execute Abaqus.

3.2 Running Abaqus with Python

The graphical user interface (GUI) is extremely helpful when creating, testing,
and validating the finite element model. However, to generate data in bulk, it would be
impossible to manually change the damage size and location hundreds/thousands of times,
so Python scripts were written to help with this task.

These scripts are not a commercial, simplified codes, but rather customized codes
that took significant effort to develop and are unique to this FE model — the scripts were
created specifically for this FE model, including how the parts, forces, surfaces, etc. were
named in the model. They are by no means trivial, and they execute steps that the user
would execute in the GUI in an automated manner.

First, a file containing N samples must be generated (each sample corresponds
to different damage sizes and locations to be simulated, one after the other). It was
determined that the loads should be kept fix at the maximum service load of 1.95 g (Figure
2.9), so they are not a varying input to the simulation. Given that the model is linear,
results for any other load level (other maneuvers) can be obtained by scaling them using
the maximum load factor from Table 3.1.

With this file ready, the Python scripts do the following in a nested loop:
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e Open the FE model on Abaqus on the background — no user interface is displayed.
e Look for partitions from previous damage and delete them.

e Select the damage size and location from the file. Create new partitions on all the

surfaces based on those damage parameters.
e Re-assign masters and slaves for tie constraints.
e Re-assign local seeds on parts that were modified and re-generate meshes.
e Confirm that the stacking direction for material property is correct.

e The model already contained all the necessary information that is constant— material
properties, geometry, boundary condition, loads, constraints, etc. Therefore, with

the changes from the inputs, it is ready to run.
e Run the job.
e Save eigenvalues.

e Create paths along the beam to extract strain data (Figure 2.22). The location of

each path is easily changed, if needed.

e Save strain data (e11,€12,€92) - 1 file per path, per sample.

It then moves to the next sample from the file and execute the same process until
all N samples are executed. The process is summarized in a flow chart below (Figure 3.2).

This whole process runs Abaqus non-stop for days or even weeks, depending on
the number of samples N, unless manually interrupted. In case there is an issue with any
of the samples and the job could not be executed (e.g., invalid damage location), Python
displays a message and moves on to the next sample. If the computer needs to be used for
other computationally demanding tasks, it is easy to stop the Python scripts and later

continue the simulations from the sample it stopped, without any information loss.

74



Excel file Python calls Scripts delete Data extraction:
with o and Python Abaqus in the previous damage Eigenvalues (1)
x for N (Spyder) backglound and introduce the Strain
cases. (no GUI). new one. Run job. (811, €12, E22)

Repeat N times.

Figure 3.2. Flowchart of how Abaqus is executed using Python scripts.

3.2.1 1 meter sub-model

In order to obtain an initial understanding of the spar’s behavior under damage
and develop initial tests for surrogate models, an 1-meter long sub-model of the spar
was generated, following the same procedures highlighted in Chapter 2. Shear force and
bending moment diagrams were used to find the equivalent loads that should be applied
to the model of the first 1m section of the beam, given the maximum service load of the
entire beam provided in Figure 2.9 and Sub-section 2.1.4. The loads applied to the 1-m

model were as follows:

e ¢ = +13729 Pa is a uniformly distributed load, applied on the surface of the beam’s

bottom cap, representing the sum of its self-weight and an outside pressure.
e P =+41765.08 N are concentrated forces applied to the beam at the free-end (1m).

e M =2059.26 N.m is a counter-clockwise pure moment applied at the free-end (1m).

This 1 meter model was used to generate the results that will be discussed in the

upcoming sections.

3.2.2 Creating sampling distribution

Prior distributions for the damage size and damage location were provided in 3.1.

In practice, the damage cases are limited by 2 things to be implemented in the FE model:

1. Mesh size in the longitudinal direction is of 2mm on the caps and cores.
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2. Boundaries of the beam: damage location+damage size<=1.0 m (or 5m for entire
beam), considering that damage location is where it starts, not the center of the

damage.

Considering these 2 factors, it was defined that the damage location should vary
in 2mm steps, to avoid creating unstructured meshes that could cause conflict with the
Python scripts. The damage size was limited to 10mm steps to decrease the number of
possible combinations and provide changes in the strain field that are more observable,
instead of a 2mm increase.

To create the sampling distribution, a space filling technique called Latin Hypercube
sampling (LHS) was used. It is a statistical method for generating a near-random sample
of parameter values from a multidimensional distribution [62]. For the first "long run”
(running the model N times using Python), also known as first batch, N = 800 samples
were created. The histograms of the damage parameters obtained using LHS are shown in
Figure 3.3. It is easy to see that the damage size follows the Rayleigh distribution, and

the damage location distribution is nearly uniform, considering the boundary constraint

at 1m.
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Figure 3.3. Histograms of damage size and damage location generated using Latin
Hypercube sampling for 800 samples.
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The sampling space for these 800 samples is shown in Figure 3.4 (left). These
distributions are also plotted as a 3D histogram on the right. By observing these images,
it is clear that some damage locations have much less samples than others, especially
because the sum of the damage size and its location cannot exceed 1m. Lack of samples
for some damage sizes is also evident, as they follow the given Rayleigh distribution, so
there are not many cases bigger than 0.11m. Therefore, to fully represent the damage
scenario, it was necessary to run more samples on Abaqus. This new batch was set with

N = 2,000 samples.
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Figure 3.4. Sampling space for the first long run of the 1m beam.

To generate enough data to feed the machine learning models, it was defined that
these 2,000 new samples would become a training set, and the previous 800 cases would
serve as a test set, with no overlap between the two sets. However, running 2,000 cases
takes about 2 weeks if running non-stop in the laboratory’s workstation, thus the results
from the previous 800 cases were analyzed to make a well-informed decision when creating
the new data set. Some of these results are shown in Figure 3.5.

First, it is shown that a lot of the damage cases resulted in eigenvalues larger than
2. These eigenvalues occur for small damage sizes (0 <= 0.03m), which were heavily

sampled. Recall that in this buckling analysis the structure was loaded with the maximum
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Damage location x Eigenvalues for 0.05m damage
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Figure 3.5. Results of the first long run (800 cases) - Distribution of eigenvalues (left)
and eigenvalues per damage location for a 0.05m damage size (right).

load it is expected to have, and that the eigenvalue () is the percentage of the load that
the structure can carry without failure (local buckling). Thus, A = 2 means that the
structure can withstand 200% of the applied load without failing.

Even though it is very important that the forward model represent all damages
with fidelity, damage cases smaller than 0.03m are not critical to the structure. On the
other hand, damage cases bigger than 0.10m are extremely critical and will cause failure
under full loads, no matter their location. Therefore, although larger damage occur less
often (according to the prior distribution shown in Figure 3.1), it is extremely important
to be able to represent them with the forward surrogate model, as the cost of missing this
information would be extremely high.

The same idea applies to the damage location, as it is shown in Figure 3.5 that
for a fixed damage size (0.05m), damages closer to the root (0 m) are more critical to
the structure (A <= 1.0) than damages further away. This is true especially for the 1m
beam, as in the 5m beam, the 1m and 2m sections are very damage-sensitive because of
the concentrated loads applied in those regions.

Therefore, instead of sampling the new data set with the given prior distributions,

a new distribution was created for the damage size for the second long run, that focuses on
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larger damages. The damage location was kept as a uniform distribution. The sampling
also considers the previous samples generated, so that there are no repeated cases, as this
could cause over-fitting. The new PDF is shown on the upper left corner of Figure 3.6.
The samples generated using this distribution are shown on the upper right corner. The
sampling space for the 2,000 samples are shown in the lower right corner, where it is clear
that the number of large damage cases (z > 10c¢m) is much higher than on the previous

set of 800 cases.
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Figure 3.6. New samples for the second long run, with a new damage size distribution.

The eigenvalue results from the buckling analysis of the second long run are shown
in Figures 3.7 and 3.8. These figures emphasize what was stated before: ¢ <= 0.03m
do not cause A < 1, independently of their location along the spar, and ¢ >= 0.10m
always provide A < 1, i.e., they are critical. The other damage sizes may be critical or not,

depending on their location.
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Figure 3.7. Eigenvalue results from the buckling analysis of the second long run (part 1
of 2).
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Figure 3.8. Eigenvalue results from the buckling analysis of the second long run (part 2
of 2).
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3.2.3 Data assembly

As mentioned on Section 3.2, the scripts create paths along the beam to extract
strain data after the static analysis on the FE model. There are 9 paths shown in Figure
2.22 and an extra one at the middle of the bottom cap. Strain data (e11,&19,899) is
extracted continuously along these paths, at the nodal points (e.g., the beam is 1m long
and the cap’s mesh is of 2mm, so 1000mm/2mm = 500 nodal points).

The scripts extract strain data at the nodal points and saves it into three columns,
creating one file per sample, per path. This generates 10xN files. This data needs to be
reorganized into an acceptable format for machine learning, so another code was generated
to assemble the data from all samples, creating 1 file per strain type, per path (¢;; path
1,...,e11 path 10,615 path 1, and so on). These new files contain N rows, that refers to
the samples (observations), and M columns that refer to the strain value at nodal points

(features). This process is illustrated in Figure 3.9.
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Figure 3.9. Data assembly process. Left: files extracted from scripts. Right: files after
assembly:.

3.2.4 Two-step outlier detector

It is rare, but after long-hours running non-stop, the workstation my get too hot

and thermal throttling [63] may occur. If this occurs, it was observed that either the
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strain measurements or eigenvalue results have an atypical behavior (Figure 3.10). To
avoid inserting this data into the machine learning algorithms, a 2-step outlier detector
was developed using a moving average of 5 points. First, it is applied to the assembled
strain data. Then, in a nested loop, the eigenvalues are separated by damage size and the
eigenvalue detector is applied to each group of eigenvalues. Figure 3.11 shows an example
of the outlier detector applied to 15cm damages at all locations. The problematic samples
found by the outlier detector are saved to a file, and the user can run these cases again by

inserting this file to the Python scripts.

<10 Case 1440 (Ds=0.12m, DI=0.188m) - First run =107 Case 1440 (Ds=0.12m, DI=0.188m) - Second run

I I L I I I I I I I I L I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 4] 0.1 0.2 0.3 0.4 0.5 0.6 07 0.8 0.9 1
Location (m) Location (m)

Figure 3.10. Left: example of an atypical strain behavior found by the outlier detector.
Right: same sample after another simulation, with the correct result (baseline signal
removed, so there is no slope on the strain measurement).
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Eigenvalues of 15cm damage
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Figure 3.11. Outlier eigenvalues found by outlier detector

3.2.5 Data fusion

After running all the necessary cases, a data fusion script is executed to assemble
data from all batches (e.g., 800 cases from the first long run and 2,000 cases from the
second long run, plus any other case executed separately). Then, it looks for repeated
cases within and removes them from the matrix, and the data is reorganized by damage
size and damage location for ease of use. Finally, it must be decided which path and
strain type will be used to create the machine learning models. This entire workflow is
summarized in Figure 3.12.

To help decide which path to work with, the strain data for different damages were
plotted for all paths — a sample of this is shown in Figure 2.23, where strain €, collected
for o = 0.05m and x = 0.704m is plotted. The y-axis was kept fix to all plots, to compare
the amplitude of the signal at different locations. This was repeated for g9 (Figure 2.24)
and e15 (not displayed), for a variety of sizes and locations.

From this analysis, e1; for paths 6 and 8 (symmetrical) and path 9 seemed like
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Figure 3.12. Flowchart of data fusion process.

strong candidates, along with 95 from these paths. Then, two factors were taken into

account:

e The damage of interest is debonding between the top cap and both shear clips and
web. Therefore, either paths 6 or 8 seemed like suitable options to monitor this

damage. Given that they are symmetrical, there is no preference between them.

e Placing the FBG sensors in the orthogonal direction to read €95 would force the fiber
to be bent multiple times along the beam, which would result in Bragg transmission
loss [64]. Thus, it is desired to maintain the fiber with as minimal bending as possible,

and measuring €;; seems more feasible than measuring 5.

Therefore, a machine learning model was built for £;; measured at path number
6, and it will be explored in the upcoming sections. Figure 3.13 shows the original
strain measurement extracted from path 6, and the same measurement with the baseline
subtracted, where the baseline is the strain measurement from the pristine structure

(damage free).
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Original strain measurement Baseline subtracted from measurement
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Figure 3.13. Measurements extracted from path 6, for damage size 0.05m and damage
location 0.7040m. Left: original measurement. Right: Baseline subtracted from results.

3.3 Machine learning surrogate models

As mentioned in Section 3.1, a surrogate model must be created to replicate the
finite element model input/output mapping to achieve sufficient number of Monte Carlo
simulations with reasonable computational time. In fact, two models are necessary in the
forward direction: one to replace the buckling analysis (output is eigenvalue) and the other
one to replace the static analysis (output is strain data). The inputs to both models are

damage size and damage location. This scheme is represented in Figure 3.14.

Forward models

Y

*  Loads (fixed) *  &at path 6
« DS |:> Abaqus |:> e A
. DL

Inverse model

Figure 3.14. Representation of forward and inverse models created to replace Abaqus.

The inverse model works in the opposite direction: given the strain measurement,
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the outputs are damage size and damage location. It does not make sense to create a model
to predict the damage features given eigenvalues, as the eigenvalues are not measurable
in practice. As explained Section 3.1, what is needed in the practical application is the
relationship between strain and the limit state for the buckling eigenvalue — strain is
measured to infer whether buckling has occurred or not. Probabilistic speaking, the goal is
to find out the probability that buckling p(\) has occurred given measurements of strain.
The models developed to achieve this goal are described in the following sections.

The initial models were created using data from the two long runs executed for the
1m beam. After removing repeated and problematic cases, the data set contained around
2,759 samples. As described in Section 3.3, the samples contained damage sizes from 1 to
15cm, and locations from 0.002m to 0.980m (respecting the boundaries), varying in steps
of 2mm. The models created for the 5m beam will be based on the 1m models, as it is an

extended version of the problem.

3.4 Surrogate model - eigenvalues

The first surrogate model developed was to predict the buckling eigenvalue, for
the fixed loads, given damage size and damage location. Therefore, replacing Abaqus’
buckling analysis. Eigenvalue data used for this model was shown in Figures 3.7 and 3.8,
where the results were separated by damage size.

The first approach was to fit a polynomial to the eigenvalue results of each damage
size. The results for the 15cm damages are shown in Figure 3.15, where the original data
is shown in blue, and the fitted curve is shown in orange. The fitting worked well, with
an RMSE=0.0411, without removing the outliers. However, if this approach was chosen,
it would be necessary to create 15 models, as there are 15 possible damage sizes being
analyzed. It is advantageous to have the lowest order model possible that captures the

changes for all damage sizes, hence a Gaussian process (GP) regressor (GPR) was chosen
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as the surrogate model.

Polynomial fit to Eigenvalue for 15cm damage
MSE=0.001694, RMSE =0.041158
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Figure 3.15. Actual (blue) and predicted (orange) eigenvalue from the polynomial fit for
15cm damage.

3.4.1 Gaussian process regressor

A Gaussian process regressor is a probabilistic model commonly used for regression
tasks. It defines a distribution over functions, where each function represents a possible
relationship between input and output variables. In simpler terms, a GP regressor provides
a way to estimate a function that best fits the data, along with a measure of uncertainty
for each prediction [65].

The key idea behind a GP regressor is that any finite set of function values should
follow a multivariate Gaussian distribution. The GP is defined by a mean function, which

gives the expected function value at each input point, and a covariance function (also

88



called a kernel), which specifies how the function values at different input points co-vary
with each other.
Mathematically, a Gaussian process is defined by its mean function m(x) and

covariance function k(z,z’), where z and 2z are input points [65]:
f(x) ~ GP(m(z), k(z, ) (3-8)

For simplicity, let’s consider a GP regressor with zero mean function (i.e., m(x) = 0). The
covariance function commonly used is the squared exponential (SE) or Gaussian kernel:

k(x,2') = 0% exp (-%) (3.9)

where 0]20 is the variance parameter, which determines the vertical variation of the func-
tions,and [ is the lengthscale parameter, which determines the horizontal length scale over
which the function varies.

Another commonly used covariance function is the exponential, defined by:

r

k(z,a') = o} exp (—7) (3.10)

where = \/((z — 2/)T(x — 2’)) is the Euclidean distance between x and .

Given a set of N training points {xy,...,2x} with corresponding function values
{y1,.-.,yn}, the GP regressor predicts the function value f(z,) at a new input point z,
as well as the uncertainty associated with this prediction.

The predictive distribution of the GP regressor at x, is a Gaussian distribution:

p(f(@)le., X, y) = N (., 02) (3.11)

where X is the matrix of training inputs, y is the vector of training outputs, u, is the
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mean of the predictive distribution, and o2 is the variance of the predictive distribution.

The mean and variance of the predictive distribution are given by:

po = kI (K +021) ™ty
(3.12)
02 = ky — kT (K + 021) 7'k,

*

where:
k. is the vector of covariances between the training points and z,,
k.. is the covariance between x, and itself,
K is the covariance matrix between the training points, and
02 is the noise parameter, which accounts for noise in the training data.

In summary, a Gaussian process regressor provides a flexible framework for regres-
sion, allowing for uncertainty estimation in predictions.

The first attempt on fitting the GPR model was done using the entire data set,
but it was observed that the damage of sizes 1 and 2cm had an eigenvalue response too
different from the rest of the data set. The eigenvalues per damage location for these two
sizes are shown in 3.16. They were causing errors on the predictions of the smaller sizes,

so they were removed from the data set.
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Figure 3.16. Eigenvalues per damage location, for damage size of lem (left) and 2cm
(right).
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The new data set contained around 2,500 samples, after removing the outliers and
all 0 < o < 2e¢m. The train/test split was done using a 30% holdout, and the kernel
function used was the squared exponential. The predictions for the eigenvalues forward
model are shown in Figure 3.17, where the real data (from Abaqus) is shown in blue and
the predicted data is in orange. The 95% confidence intervals are also calculated, but not
shown in this picture to not make it overcrowded. The root mean square error (RMSE) is
0.0028, confirming that this surrogate model is an accurate choice to replace the buckling

analysis of the FE model.

Predicted Eigenvalues using GPR (All data, Train/Test Split 30%)
MSE=7.8753e-06, RMSE =0.0028063
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Figure 3.17. Eigenvalue predictions of the Gaussian Process Regression model, for
damage sizes between 3 and 15cm for all damage locations.

As this model does not include damage sizes of 1 and 2cm, the polynomial fit idea
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mentioned previously could be used for these two sizes. However, it will later be shown
that these small damage cases are completely removed from the optimal sensor placement

study, as they do not represent a critical damage in any given position.

3.5 Surrogate model - Strain measurements

As mentioned in the previous section, two models are necessary in the forward
direction: one to replace the buckling analysis (output is eigenvalue) and the other one to
replace the static analysis (output is strain data).The further is much more complex, as
from only 2 inputs (damage size and damage location) it needs to predict measurements
at 1,000 points (1 meter beam discretized with 1mm mesh size, or 5,000 points for the
entire bm beam). It was shown in 3.13 that strain £1; from path 6 (below the top shear
clips) was one of the most sensitive to damage, so the surrogate model will focus on the
reconstruction of that path.

One alternative to develop this forward model would be to use a principal component
analysis (PCA), by projecting each data point onto only the first few principal components
to obtain lower-dimensional data while preserving as much of the data’s variation as possible.
However, as shown in Figure 3.18, at least the first 50 principal components would be
necessary to represent 90% of the data. This would mean training 50 different models to
predict each principal component and then putting them all together to reconstruct strain.

Several ways to reconstruct the strain measurement were tried, such as fitting a
Lorentzian function, 2 Gaussian distributions, 4 Gaussian distributions, among others.
Developing a matrix that mapped the relationship between the inputs and strain to be
solved as a least squares problem was also attempted, but none of these alternatives
provided a good fit. Thus, a new approach was taken.

That approach consists of the following:

e Remove the baseline from the signal.
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Figure 3.18. Principal component analysis of strain data for path 6.

e Find the points pl, p2, p3, and p4 (shown by the black arrows Figure 3.19), which

are described by their (z,y) coordinates,
e Break the signal down into 5 segments (curves) based on these 4 points.

e Find the equations that accurately describe each segment for all damage sizes and

locations to reconstruct the signal.

Finally, it is necessary to develop and train the models that can predict the x-y coordinates
of each point for a given damage size and location. All these steps will be described in

detail throughout the following sections.

3.5.1 Code to find the coordinates of points pl, p2, p3, and p4

The first step was to develop a code that would take in a strain measurement,
remove its baseline, and output the x and y coordinates of points pl, p2, p3, and p4. While

this may seem to be a simple task, not all strain measurements have peaks and valleys
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Baseline subtracted from measurement
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Figure 3.19. Strain measurement minus baseline broken down in 5 segments, with peaks
and valleys highlighted by points pl to p4.

as clearly as they are shown in Figure 3.18. A few different behaviors are exemplified in
Figure 3.20. Plot (1,1) in the grid shows an example of the global valley having another
local minimum point right next to it. Plot (1,2) does not really have a local maximum
point pl where the damage starts, it is a nearly flat curve. This also happens at plot (2,2),
where points pl and p4 are preceded and succeeded by a flat curve, respectively, and this
is a common behavior for very small damages. Plot (2,1) shows a damage at the very end
of the 1m beam, where the strain suddenly decreases at the last node of the mesh but
point p4 was correctly identified.

Therefore, simply using Matlab’s “findpeaks” function would not be robust enough
to find the peaks and valleys locations for all the different measurements. Also, one could
claim that it works fine if you give the locations where “findpeaks” should look for the
local maxima and minima, but this approach fails if you are blindly given a strain signal
without any information of the damage location or if it is a noisy measurement.

To overcome these challenges, a Matlab function was written to first finds the
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Figure 3.20. Samples of strain measurements for different damage sizes and locations.

coordinates of the local maximum (p3) and of the local minimum (p2). Then, from the
local minimum, it moves back one point at a time while its amplitude keeps increasing.
When it stops, it looks at +-2 neighboring points to make sure that it reached an inflection
point and marks it as pl. The same approach is done, in the opposite direction starting
on the global maximum, to find p4. As shown in Figure 3.20, this method worked well
for different strain measurements (confirmed by the red dots on the plots), and it was

confirmed by checking all the different strain measurements. All this is done without any
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prior information about the damage size or damage location.

To prove the robustness of the method, the function was applied to the same
measurement as plot (1,1) from Figure 3.20, but adding white noise with zero mean and
standard deviation 20107%. The result is shown in Figure 3.21. This could be used as a
feature extraction tool in a real measurement (not created artificially).
a0t Ds=0.05m, DI=0.484m
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Figure 3.21. Example of function to find peaks being used under noise.

3.5.2 Strain reconstruction of each of the 5 segments

Before developing any machine learning model to predict the coordinates of points
pl — p4, a “proof-of-concept” was necessary to guarantee that it would be possible to
reconstruct the entire £1; measurement of path 6 given these coordinates. As shown in
Figure 3.19, the signal was broken down into 5 segments, detailed in the middle column of
Table 3.2.

The general equations that govern each segment are shown in Table 3.2. Recall
that the goal is to develop a surrogate model to substitute Abaqus and serve as a data
generator, so the error between the original and the reconstructed measurements must be

below 1%. With that goal, there were no universal parameters a, b, ¢, N, M that worked
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Table 3.2. Description of each of the 5 segments used for strain reconstruction.

Segment Name | From-to points | Equation of the curve

Curve 1 -N to pl f(z) = a exp(bx)
Curve 2 pl to p2 f(x) =az®+bx+c
Curve 3 p2 to p3 f(x)=ax+0b
Curve 4 p3 to pd f(z) =ax? +bx +c
Curve 5 p4 to +M f(z) = a exp(bx)

well for all damage sizes and locations. Thus, a function that adapts these parameters
based on the x and y coordinates of points pl, p2, p3, and p4 was created. No other
information is necessary.

For example, by looking at plots (2,1) and (2,2) from Figure 3.20, it is noticeable
that N must be much larger for the damage far from the root and with an exponential
curve #1, than it is for a damage starting 2mm away from the root and a flat curve #1.
That behavior also affects the b parameter in the exponential equation. When looking
at curve #2 for these two plots, it can be visually estimated that the a parameter in
f(x) = ax?® + bz + ¢ should be close to zero at plot (2,2), as it seems to be a flat curve,
while plot(2,1) clearly has a parabolic behavior of curve #2.

After the strain is reconstructed for each of the 5 curves, the rest of the measurement
that is not around the damage region is zero-padded to make sure that it has the same
amount of points as the original signal, and the baseline measurement is added back to
reconstruct the rest of the signal. The results for the reconstruction around the damage
location and for the entire signal are shown in Figure 3.22.

The strain reconstructions of the 4 measurements shown in Figure 3.20 are shown
in Figure 3.23. The RMSE value shown in the title of each subplot is calculated only
around the damage region where the signal was reconstructed, to guarantee that this value
is not underestimated by considering the region that was zero-padded, and it is in the
order of magnitude of 107%. These results also show that the function that adapts the

parameters of the equations works well for different damage sizes and locations, even if
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Figure 3.22. Strain reconstruction based on equations from Table 3.2. Left: reconstruc-
tion zoomed on damage location. Right: global strain reconstruction.

they are very close to the root or to the end of the beam.

3.5.3 Artificial Neural Network to predict coordinates of p1,
p2, p3, and p4.

The strain reconstruction results shown in Section 3.5.2 were based on the coordi-
nates obtained by applying the algorithm to find the coordinates on the strain measurements
from Abaqus. However, the goal is to create a model that will predict these coordinates
and reconstruct strain for a new data set, replacing Abaqus. Thus, a machine learning
model was built to predict these 8 coordinates, given the 2 inputs (damage size and damage
location).

Although this usually would require 8 different artificial neural networks (or any
machine learning model of choice), one to predict each = coordinate and y coordinate of
points pl, p2, p3, and p4, it is possible to perform a multi-output regression to predict two
or more numerical values. Unlike normal regression where a single value is predicted for
each sample, multi-output (or multi-target) regression requires specialized machine learning
algorithms that support outputting multiple variables for each prediction. Deep learning

neural networks are an example of an algorithm that natively supports multi-output
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Figure 3.23. Reconstruction of strain measurements shown in Figure 3.20, based only on
x-y coordinates of points pl, p2, p3, and p4. Plot (2,2) is zoomed in as the damage is too
small.

regression problems.

An advantage of these multi-output approaches is that they might produce simpler
models with improved computational efficiency [66]. A further advantage is that they might
provide the means to effectively model the multi-output data sets by considering not only
the underlying relationships between the features and the corresponding targets, but also
the relationship between the targets, providing a better representation and interpretability
of the problems [66, 67].

Neural network models for multi-output regression tasks can be defined and evalu-

ated using Matlab’s deep learning functions, which was the option of choice for this model.
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These functions are already set to be executed in GPU arrays, accelerating the code
by automatically running on a graphics processing unit (GPU) using Matlab’s Parallel

M

Computing Toolbox ™, as training deep networks is computationally intensive. These

networks could also be implemented in Python using Keras deep learning library.
Preparing the data

As already mentioned, there are 2 inputs to the neural network, which are damage
size and damage location, and 8 outputs: x1,¥y1, T2, Y2, T3, Y3, T4, Y4, Which are the x and y
coordinates of points pl, p2, p3, and p4, respectively. Both the inputs and outputs were

normalized, using the following equation so that their ranges were [0, 1]:

Xporm = —————— 3.13
Xma:v - szn ( )

Normalization helps stabilize and speed up networking training using gradient
descent. If the data is poorly scaled, the loss can become ‘NaN’ (not a number) and the
network parameters can diverge during training. Also, the damage size varied from 0
to 15mm while the damage location varied from 0 to 1000mm, so this guarantees that
one parameter will not have more weight than the other when training the network. The
same is valid for the outputs, as the x-coordinates were in the order of 10® while the
y-coordinates were in the order of 1074

After normalization, the data was randomly divided into 3 data sets, and there

were no repeated cases among the entire set:
e Training data, consisting of 70% of the data.
e Validation data, consisting of 15% of the data.
e Testing data, consisting of 15% of the data.

The code trains the network on the training data and calculates the accuracy on
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the validation data at regular intervals during training. The validation data is not used to
update the network weights, it is just a way of keep track of the training progress and to

make sure that the model is not overfitting based on the training data.

3.5.4 Defining the neural network’s architecture

For this problem, the first layer consists of a “feature input layer”, as the input is
a data set of numeric scalars representing features. The last couple of layers are a fully
connected layer with 8 neurons (as there are 8 outputs), followed by a regression layer.

A regression layers computes the half-mean-squared error loss for regression tasks.

For a single observation, the mean-squared-error is given by:

N

MSE = 3 (i~ i) (3.14)

=1

where N is the number of responses, y; is the target output, and y; is the network’s
prediction for response i. When training, the Matlab calculates the mean loss over the
observations in the mini-batch.

What comes between the input layer and the output layer are the so-called hidden
layers. Defining the neural network’s architecture can be a challenging process, as there is
no pre-defined network that works well for all sorts of regression problems, so the number
of hidden layers and the number of neurons on each layer should be defined to each specific
problem.

To estimate a starting point, keeping all training parameters fixed, a simple
algorithm so that for i layers and j neurons, it trains the neural network and calculates the
average of the root mean square error from the 8 parameters. Then, it chooses the number
of neurons in layer i that provided the lowest average error and repeated the same cycle
for all j in layer i+1. Thousands of cases were run, with varying i and j values. Figure 3.24

shows part of these results, where the plots contain ¢ = 1 : 4 layers and j = 25 : 25 : 400
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neurons possible on each layer.
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Figure 3.24. Root-mean-squared error for each output of the neural network, with
different number of layers and neurons on each layer.

The test went up to 7 layers with 600 possible neurons on each, with a step 2. The
results consistently showed that while additional layers may be beneficial to lower the
error of some specific outputs, the average RMSE for all 8 outputs was the lowest for 1
single layer, so it was decided to move forward with just one hidden layer between input
and output layers.

The final ANN architecture is illustrated in Figure 3.25. The number of neurons on
the hidden layer were chosen in another optimization that will be discussed in upcoming
sections. Between the hidden and the output layer, there is also a dropout layer and an
activation layer.

At training time, the dropout layer randomly sets input elements to zero with a
given probability (for this problem, it was defined as 25%). This operation effectively
changes the underlying network architecture between iterations and helps prevent the

network from overfitting [68].
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The activation layer chosen was a rectified linear unit (ReL.U) layer, which performs
a threshold operation to each element of the input, where any value less than zero is set

to zero. This operation is equivalent to

x, ifz>0
fw) = (3.15)
0, ifz<0

In addition to choosing the number of neurons in the hidden layer, it was also necessary
to define the training options. The solver chosen for training the network was the Adam
optimizer, as it performed much better than the classic standard gradient descent solver.

The other hyperparameters were defined using a Bayesian optimization.

¥-coordinate
point 1 (x1)

y-coordinate
point 1 (y1)

X-coordinate
point 2 (x2)
Feature #1

(Damage Size) y-coordinate

point 2 (y2)

Feature #2
(Damage Location)

x-coordinate
point 3 (x3)

y-coordinate
point 3 (y3)

¥-coordinate
point 4 (x4)

y-coordinate
point 4 (y4)

Input Hidden Output
Layer Layer Layer

Figure 3.25. Chosen artificial neural network (ANN) architecture, with a single hidden
layer.
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Bayesian hyperparameters optimization

The aim of hyperparameter optimization in machine learning is to find the hyper-
parameters (the model settings) of a given machine learning algorithm that return the
best performance as measured on the validation data set. The parameters being optimized

for this model were:
e Number of neurons in the hidden layer.

e Mini-batch size: size of mini-batch used for each training iteration. A mini-batch is
a subset of the training set that is used to evaluate the gradient of the loss function

and update the weights.

e Number of epochs: the full pass of the training algorithm over the entire training set

using mini-batches is defined as one epoch.

e Initial learn rate used for training. If the learning rate is too low, training takes a

long time. If it is too high, then training might reach a suboptimal result.

e Factor for L2 regularization. Adding a regularization term for the weights to the

loss function helps reduce overfitting.

An objective function f(z) was written to take in these six hyperparameters, train
the neural network, and return the objective score to minimize, which here is the average
RMSE from the 8 outputs from the validation data set. This can be represented in equation
form as:

2" = argmin f(z) (3.16)

where x* is the set of hyperparameters that yields the lowest value of the score.
The problem with hyperparameter optimization is that evaluating the objective
function to find the score is extremely expensive, as each time a different set of hyperpa-

rameters is chosen, the model needs to be trained on the training data, make predictions
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on the validation data, and calculate the error. The larger the number of hyperparameters
being optimized, the longer the process will take.

Grid search and random search are slightly better than manually tuning the
parameters, but they are still relatively inefficient because they do not choose the next
hyperparameters to evaluate based on previous results. In other words, grid and random
search are completely uninformed by past evaluations, and as a result, they often spend a
significant amount of time evaluating “bad” hyperparameters.

Bayesian optimization, in contrast to random or grid search, keeps track of past
evaluation results which they use to form a probabilistic model mapping hyperparameters
to a probability of a score on the objective function: P(score|hyperparameters). This
model is called a “surrogate” for the objective function [69], and it is much easier to
optimize than the objective function. Bayesian methods work by finding the next set of
hyperparameters to evaluate on the actual objective function by selecting hyperparameters
that perform better on the surrogate function. In summary, Bayesian optimization chooses
the next hyperparameters in an informed manner, so it can find better model settings
than random search in fewer iterations [69]. The optimization stops when the defined
maximum time or maximum number of iterations is reached.

This optimization was executed for 1,000 iterations and it was defined that the
best settings would be 517 neurons in the hidden layer, a mini-batch size of 128 samples,
1000 epochs, a factor of 6.699 x 1076 for L2 regularization, and an initial learn rate of
1 x 1073, These settings applied to the architecture previously defined yielded an average
RMSE of 0.0067, which is an improvement of nearly 70% when compared to the results

from non-optimized settings.

3.5.5 Results from the ANN model

After defining the architecture of the model (Figure 3.25) and the optimized

hyperparameter values, the artificial neural network (also called a feed-forward multi-layer
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perceptron model) model was ready to predict the values for the testing input data.
Recall that from only two inputs (damage size and damage location) the model can
predict 8 outputs at once (21, y1, T2, Y2, T3, Y3, T4, Y4, Which are the x and y coordinates of
points pl, p2, p3, and p4, respectively). The results for the predictions on the testing data
set (input values never seen by the model before) are shown in Figure 3.27 and Figure
3.28. These results confirm that the model is performing well. The steps necessary to

develop the ANN model are summarized in 3.26.

Develop artificial
neural network
(ANN).

Optimize
hyperparameters
using Bayesian
optimization.

Code to extract Split the data: Use training
coordinates from 70 % Training, data to train
peaks and 15% Validation, Artificial Neural
samples. X
valleys. 15% Testing. Network model

£11, path 6. Trained

Around 2500
network.

Figure 3.26. Flow chart of the procedure to develop the artificial neural network model.
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3.5.6 Strain reconstruction using coordinates obtained with
the forward model

After developing the ANN model, the methodology described in Section 3.5.2
reconstruct strain. Figure 3.29 shows a flowchart of how the model works. Given the damage
size and damage location, the neural network predicts the 8 coordinates corresponding
to points pl to p4. Using these coordinates, another algorithm developed is used to
reconstruct the strain €;; from path 6 (the longitudinal direction under the top shear

clips). Samples of results obtained from the forward model are shown in Figure 3.30.

Features .
(damage size Trained 8 Outputs Code that Reconstructed

reconstructs strain &.. path
and damage 11, P

strain given 6
location) coordinates. :

neural (%1, Y1, X0, Y5
network. X3, V30 X400 Va)

Figure 3.29. Flow chart of the procedure to reconstruct strain £;; from path 6.
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3.6 Expansion to the 5m model

The model of the 1m section of the beam is executed much faster than the 5m
model, thus the large computational campaign for the 1m model was a fundamental step
to obtain an initial understanding of the spar’s behavior under damage and develop initial
tests for surrogate models. However, there are advantages on running the model of the
entire beam.

The main advantage is that it is possible to create damage on top of the loading
region at 1m and 2m, which is not possible when we only analyze the [0,1]m length.
Another advantage of modeling the entire 5m beam is that there is no influence on the
buckling eigenvalues due to an “increased stiffness” behavior of the shorter beam when
compared to its full-length version.

Figure 3.31 shows the results of the strain measurements along path 6 (on the
bottom of the wet layup plies) for the undamaged beam. It is clear how the concentrated
force and pure moments applied to the 1m and 2m cross-sections is an area of high stress
concentration and affects the strain measurements, as expected. Figure 3.31 (right) shows
a zoomed image around the 1m loading region, showing this strain behavior that was not

observable on the 1m-long beam.

3.6.1 Adjustments to Python Scripts

The Python scripts discussed in Section 3.2 were re-used for the 5m model with
minor changes. The first change is that all the dimensions were extended to 5 meters.
Then, differently from the 1m beam, there was no surface at the Im and 2m cross-sections
that were readily selectable to apply the concentrated forces and moments on, so they had
to be applied to nodal points instead. Therefore, in addition to all the steps executed by

the scripts, every time that the parts were re-meshed, the scripts needed to:

e Select the nodal points at the 1m and 2m cross-sections (Figure 3.32, (a)).
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Figure 3.31. Results of strain measurements along path 6 for the 5m beam without
damage (pristine). Left: full beam, right: zoomed in around 1m load region.

e Create coupling constraints (Figure 3.32, (b)).

e Apply forces at reference points.

3.6.2 Long run of 5m model

After making the necessary adjustments to the model and scripts, a long compu-
tational campaign was executed for the 5m model, containing 800 samples. To create
the damage size and location distribution, an importance sampling strategy was taken.
From lessons learned from the 1m model and individual runs of the 5m model, it was
observed that damage cases that occurred around the root and around the 1m loading
region tended to be more critical, usually providing a buckling eigenvalue A < 1. It was
also observed that damage sizes smaller than 0.03m were not critical, so they were sampled
less heavily. The damage parameters distributions and the sample space, sampled using
Latin hypercube sampling, are shown in Figure 3.33.

In addition to these 800 cases, 40 cases were randomly selected from the 1m long
runs, so that the results from the 5m and 1 models could be compared, and 165 cases were
sampled around the 1m loading region. Therefore, there were 1005 total cases simulated

using the 5m model on Abaqus.
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Figure 3.32. (a) Nodal points of loading region highlighted in red, after being automati-
cally selected by the Python scripts. (b) Creation of coupling constraints.
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Eigenvalues of 5m beam around 1m loading region
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Figure 3.34. FEigenvalues obtained from 5m beam simulation, with damage around
loading region (1m cross-section).

3.6.3 Eigenvalue results

As mentioned, the main advantage of having a model of the full beam that it is
possible to create damage on top of the loading region at 1m and 2m. Upon analyzing
the eigenvalue results of damage located around the 1m cross-section (Figure 3.34) it is
clear that most damage in this area are critical, with A < 1 shown in red. These results
emphasize the importance of analyzing the entire beam, instead of only a 1m-long section

of it.

3.6.4 Strain results

The strain measurements have the same behavior as they did in the 1m beam in

most regions, as they should. However, when damage cases are implemented around the
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1m or 2m loading regions, the strain measurements cannot be reconstructed using the
artificial neural network model used for the 1m beam (Section 3.5.3). Some of these results
are shown in Figure 3.35. Notice that DS and DL stand for damage size and location to
make it straightforward, but they are more formally defined as ¢ and =z, respectively, in
other sections.

While only 6 examples are shown in Figure 3.35, by looking at all 205 cases around

the 1m loading region, it was possible to identify some trends in behavior:

e Case 1: Damage cases that ended right before 1m (DS + DL < 1m) had a behavior

similar to the one shown in the first row, first column.

e Case 2: Damage cases that ended exactly at 1m (DS + DL = 1m) had a behavior

similar to the one shown in the first row, second column.

e Case 3: Damage cases that ended passed through the loading region (1m < DS +

DL < 1.15m) had a behavior similar to the ones shown in the second row.

e Case 4: Damage cases that ended passed through the loading region and started
around 1m (1m < DS + DL < 1.15m&0.98m < DL < 0.998m) had a behavior

similar to the one shown in the third row, column 1.

e Case 5: Finally, damage cases that started right after 1m (1m < DL < 1.02m) had

a behavior similar to the one shown in the third row, column 2.

Therefore, in addition to the “usual” strain signature (e.g., 3.13), there are at least
5 different behaviors that can be expected when looking at strain measurements from
the bm beam, and it is hard to find a universal model that captures all these different
behaviors.

Principal component analysis (PCA) is common technique used for dimensionality

reduction when strain is available from a large number of sensors (in this case, nodal points
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Figure 3.35. Strain e1; obtained from path 6 on the 5m-long beam. Results shown focus
on damage cases that are around the loading region (shown in gray). The small red dots
will be used for strain reconstruction later in this section.
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PCA of loading region around 1m only
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Figure 3.36. Principal component analysis result of 5m beam, focusing on 1m loading
region only.
from the FE model). By grabbing the strain measurements only around the 1m loading
region (0.85m to 1.15m) and performing the PCA, it is shown on the pareto chart (Figure
3.36) that 35 principal components are necessary to represent 98.44% of the measurements.

The first concern with using this method for strain reconstruction is that 35 machine
learning models would need to be trained to predict each principal component for new
damage cases, that were not simulated on Abaqus. The second concern is that while
98.44% signal representation is very good, the reconstruction is not very good, as shown in
Figure 3.37. In some cases, it tends to recreate characteristics that are not present in all
cases, as shown in Figure 3.37 subplots (1,1) and (3,2), where it adds a peak to the signals.
In other cases, it tends to reduce the magnitude of the peaks and valleys, as shown in the
middle row of Figure 3.37.

As it will be explained in upcoming chapters, the strain reconstruction is used to
calculate the likelihood of a measurement given a certain damage case, so that the code
can calculate how useful it is to have a sensor at a certain location (how much information

is gained by placing a sensor at that specific location being analyzed). Therefore, having
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Figure 3.37. Strain reconstruction of several damage cases, using the first 35 principal
components.
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a good strain reconstruction with small error values is crucial for the sensor placement

optimization step.
3.6.5 Updated forward models for the 5m beam

Section 3.5 detailed the strategy to reconstruct the strain measurements for the
1m-long beam. A critical part of it was breaking down the signal into 5 curves, as shown in
Figure 3.19, and finding the (z,y) coordinates of the two peaks and two valleys that were
used on the governing equations. These coordinates were used as proof-of concept to show
that it was possible to reconstruct the strain based on these 4 coordinates. Then, a neural
network model was developed to predict the coordinates of new cases. A similar strategy
will be used for the 5m beam. However, as shown in Figure 3.35, the strain measurements
behave differently on damage cases around the loading region, so a new model was built
for the loading region only, and it will be detailed below.

The “find peaks” code developed for the 1m model (Section 3.5.1) was adapted to
find 2 peaks and 2 valleys that consistently appeared in the new measurements, shown as
small red dots in Figure 3.35. Some of the signals also had 1 additional peak and valley,
so the code must distinguish between the 4 points that correspond to the effect of the
damage on the measurement (these will be the points used), and the other 2 points that
corresponded to the effect of the loads. The new code was tested, and it worked well to
capture the (x,y) coordinates of such 4 points. Each coordinate was saved, and the results
are shown in Figure 3.38.

Figure 3.38 shows that each coordinate has a similar behavior within their different
damage sizes, and most of them had non-linearities. Attempts were made to fit curves
that captured the results of each coordinate, but most of the results had a high RMSE -
specially because the smaller damage were not described by the same curves as the larger
damage.

Therefore, the reconstruction of strain for the 5m beam will be separated into two
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problems. Strain measurements for damage cases that occur more than 15cm away from
the loading region will continue to be reconstructed using the ANN surrogate model from
Section 3.5. Damage cases around the loading regions at 1m and 2m will need a new
surrogate model to capture their strain behavior, which will be described in the upcoming

section.
Gaussian process regressors to predict (x,y) coordinates

The first surrogate model attempted was a deep artificial neural network, similar
to the one described in Section 3.5 — a model that with 2 inputs (damage size and damage
location) was able to predict all the 8 coordinates at once. However, this model performed
poorly for the loading region, especially when predicting the y coordinates, and this is
attributed to the lack of training data. Recall that the 1m model had 2,000 samples
for training. For this new model, by combining all the cases simulated on Abaqus with
damage cases around the 1m loading region, there were results available from only 205
different samples.

Therefore, it was decided to break the problem into 8 different models, and to use
Gaussian Process regressors to solve it. 85% of the cases were used for training (174 cases)
and the other 15% were used for testing. The inputs to each model were damage size and
damage location, and the output was either the x or y coordinates of points 1, 2, 3, and
4. Table 3.3 describes the output of each model, and the kernel function used for each of
them.

The exponential kernel was already described in Equation (3.10). In a GP regressor,

the automatic relevance determination (ARD) exponential kernel is given by:

1 (v; — xh)?
kARD—Exp(X, X/) = 0'2 exp <—§ Z T (317)

where:
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Table 3.3. Description of the output of each GPR model and the kernel function used.

Model number L Coordinate J Kernel function

1 1 Exponential

2 Y1 ARD Exponential

3 X ARD Exponential

4 Yo ARD Exponential

5 T3 ARD Exponential

6 Y3 ARD Exponential

7 T4 ARD Squared Exponential
8 Y4 ARD Squared Exponential

o? is the variance parameter,

D is the dimensionality of the input space,

x and x’ are input vectors,

A; are the length-scale parameters for each input dimension 1.

This kernel allows each input dimension to have its own length-scale parameter
Ai, providing flexibility in modeling the importance of each input dimension. The ARD

squared exponential kernel in a GP regressor is given by:

1 & (2 — )?
karp-se(x,X') = 0% exp <—§ Z %) (3.18)

i=1 i
This kernel is similar to the ARD exponential kernel, but it uses the squared exponential
function for the distance calculation.

After partitioning the data, both the inputs and outputs were normalized, using
the Equation (3.13) so that their ranges were [0, 1]. Normalization helps stabilize and
speed up model training. Also, the damage size varied from 0 to 15mm while the damage
location varied from 0 to 1000mm, so this guarantees that one parameter will not have
more weight than the other when training the network. The same is valid for the outputs,

as the x-coordinates were in the order of 10® while the y-coordinates were in the order of

122



Table 3.4. MSE results using 85% of samples for training the GPR models.

Coordinate MSE
X1 0.0018
Y1 6.668¢e~4
X2 2.23774
Y2 6.0335e~4
X3 6.024e7°
Y3 0.0105
X4 0.0042
Y4 0.0033

1074,
The results from each of the 8 models are shown in Figures 3.39 and 3.40. The 95%

confidence interval for each prediction is shown in gray.
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3.6.6 Strain reconstruction of the 5m beam

The final piece of this surrogate model is finding the governing equations to
reconstruct the strain behavior of path 6 around the 1m and 2m loading regions, given
the eight (x,y) coordinates that the GP regressors predict. The governing equations of
each of the 5 curves for each of the 5 cases described in Section 3.6.4 are shown in Table
3.5. There are no equation parameters a,b,c,and d that work for all cases, so they were
implemented in the code as functions of the x and y coordinates of points pl, p2, p3, and
p4.

Figures 3.41, 3.42, 3.43, 3.44, and 3.45 show the strain reconstruction using the
governing equations described in Table 3.5. The average RMSE for all 205 cases was
1.1099e-08. The RMSE of each case was calculated from 0.850m to 1.15m only, to guarantee
that it was calculating the error of the segments reconstructed around the damage only.

The strain reconstruction worked well for all the different cases previously described,
as shown by the RMSE values. Therefore, by combining the previous forward model
(Section 3.5.3) that works well for damage cases far away from the damage region with this
new model presented, the strain from path 6 can be reconstructed for the entire 5m beam.

In addition, a new GP regressor was trained for the 5m beam, using 90% of the
1005 total cases simulated using the 5m model on Abaqus as training data, and 10% as

testing data. Results from this new model are shown in Figure 3.46.

Table 3.5. Governing equations of each strain segment, as a function of the x coordinate
of points pl-p4, for each case described in 3.6.4.

Curve 1 Curve 2 | Curve 3 Curve 4 | Curve 5
1| aexp(br)+cx+d|ax+b b(tanf(z) —a) | ax + b Baseline
2 | aexpbr)+cx+d|ax+b b(tanf(x) —a) | ar+b Baseline
3| aerp(br)+cr+d | ar+b ax +b ax +b aexp(—bxr) +cr +d
4| aexp(br) +cx+d|ax+0b ar +b ar +b aerp(—=br)+cx +d
5 | Baseline ar +b ar +b ar +b aexp(—bxr) +cx +d
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Figure 3.41. Strain reconstruction for path 6 along the entire 5m beam, for damage
size= 15cm and damage location = 0.990m.
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Figure 3.43. Reconstruction of a damage case that occurs through the 1m loading region.
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Figure 3.47. Flowchart of the surrogate model for strain reconstruction.
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3.7 Improvement in computational performance

The purpose of developing a forward surrogate model was to replicate the finite
element model input/output results to achieve sufficient number of Monte Carlo simulations
with reasonable computational time. Recall that Abaqus takes around 15 minutes to make
a full run of one damage case on the 1m beam, and 50 minutes on the 5m beam, which
becomes computationally expensive when it needs to be run thousands of times.

By combining the eigenvalue predictor surrogate model (Section 3.4) with the strain
surrogate model described in Section 3.5.3, a forward model for the 1m beam that can
“replace” Abaqus and predict the buckling eigenvalues and reconstruct strain €;; from

path 6 in less than 10~ !seconds was developed, which is an incredible performance gain.

3.8 Summary

This chapter introduced a formal statistical modeling approach to the damage
inference problem. Then, it was stated that in order to achieve sufficient Monte Carlo
simulations to represent the entire damage state sampling space, it was necessary to build
"run-time” surrogate models in the forward direction to replace Abaqus. Python scripts
were developed to collect enough data from the FE model to train and test the surrogates,
as manually executing such a large computational campaign would be impossible.

Then, two surrogate models were developed - an ANN to reconstruct strain mea-
surements, and a GP regressor to provide buckling eigenvalues. The models were first
developed to an 1-meter subsection of the beam, and then expanded to the entire 5-meters
spar. It was shown that the use of surrogate models reduce the run time from 50 minutes
to mere 0.1 seconds, which is an astronomical performance gain. Chapter 4 will describe
how this data is used to build a damage diagnosis model.

Chapter 3, in part, has been published in Proceedings of the International Workshop
on Structural Health Monitoring 2023, Razzini, A. H., Todd, M. D., Kressel, 1., Ofir, Y., Tur,
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M. , & Yehoshua, T.,2023. The title of this paper is “The Application of Risk Minimization
to the Selection of Fiber Optic Sensors for an Aerospace Structural Monitoring Application”.
The dissertation author was the primary investigator and author of this paper.

Chapter 3, in part, has been published in Data Science in Engineering, Volume 9.
Conference Proceedings of the Society for Fxperimental Mechanics Series., Razzini, A.H.,
Kressel, 1., Ofir, Y., Tur, M., Yehoshua, T., & Todd, M.D., 2023. The title of this paper
is “Development of a Surrogate Model for Structural Health Monitoring of a UAV Wing

Spar”. The dissertation author was the primary investigator and author of this paper.
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Chapter 4

Damage diagnosis

Once enough data is obtained or generated, the next step in the optimal sensor
placement framework is to develop a diagnosis model that is able to distinguish changes in
sensor readings caused by damage from those caused by operational and environmental
variations.

In this study, the debonding damage 6 is fully characterized by two random
variables, namely damage size, o, and damage location along the beam, x. Thus, the
damage is probabilistically characterized by the joint probability density function p(o, x).

For this problem, the damage diagnosis consists of two steps:

1. Estimate @ given a set of measurements y obtained from sensors placed on the

structure under a certain load level. This is performed via Bayesian inference.

2. Obtain the buckling eigenvalue (\)associated with the inferred damage parameters
(8) and load level. This can be dona via FE model or surrogate model, which is

much faster and more feasible in a time-sensitive decision.

The surrogate model that provides buckling eigenvalues was already detailed in
Section 3.4, so the next section will focus on the Bayesian inference implementation and
how these two steps can be combined to provide an estimation of how critical the current

damage state is to the structure.
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4.1 Bayesian inference

Bayesian inference is a statistical method that applies the principles of probability
to update the state of knowledge about uncertain parameters, such as damage parameters
in structural health monitoring applications, based on new data. It is grounded in
Bayes’ theorem, which provides a mathematical framework for updating the probability
distribution of parameters as new data are observed.

The advantages of Bayesian inference include its flexibility in handling complex
models and uncertainties, the ability to incorporate prior knowledge or expert opinions,
the probabilistic interpretation of results, and the capability for sequential updating as
new data become available. This makes it a powerful tool for continuously refining one’s
understanding of structural damage and making informed decisions based on probabilistic
assessments of structural health. Overall, Bayesian inference provides a powerful framework
for updating the understanding of structural damage as new data are collected, helping
engineers and researchers make informed decisions based on probabilistic assessments of
the structural health.

In this work, y are noisy strain measurements obtained by FBG sensors placed in dis-
crete locations of the structure, d, or equivalent computationally simulated measurements.

In this context, Bayes’ theorem can be written as follows:

_ p(yl6,d)p(6]d)

POy A=)

where:
p(0]d) is the prior distribution of the damage parameters.
p(y|0,d) is the likelihood of the measured data.

p(y|d) is the evidence, and
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p(@|y,d) is the posterior distribution of the damage parameters.

Notice that the prior distribution of the damage parameters is independent of the

design (sensor placement), so the prior distributions can be rewritten as:

p(0]d) = p(0) (4.2)

The prior distribution is formulated using domain knowledge or expert opinion,
as it represents an initial belief about the distribution of the damage parameters. As
mentioned in Section 3.4, the sponsors of this project provided the prior distributions on
damage size and location, based on non-destructive tests of the spars after manufacturing,

which can be written as:

e(—02 /5000)

p(0) = Rayleigh(50) = 50

p(x) = Uniform(0, L) = 0.001 (4.4)

which were independently plotted in Figure 3.1.

The likelihood function (p(y|@,d) = L(0)) describes the probability of observing
the data given specific values of the damage parameters. L(601) > L(02) indicates that the
observed measurement data is more likely for @ = 6, than for @ = 6,. This function is
crucial for updating the prior distribution based on the new data.

The evidence p(y|d) is the probability of observing the data under any possible
value of the parameters. It is computed by integrating the product of the likelihood and
the prior distribution over all possible values of the parameters. In practice, the evidence
is simply a normalizing constant that ensures that the posterior distribution p(@|y,d)

integrates to one. Therefore, Equation (4.1) can be simplified as

p(Oly,d) < p(y|€,d)p(0) (4.5)
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4.2 Likelihood computation

The numerical evaluation of the likelihood in Bayesian inference depends on the
specific problem and the nature of the likelihood function. If the likelihood function has
a simple analytical form, it can be evaluated directly using mathematical expressions.
For example, the likelihood for a normal distribution with known variance is simply the
normal probability density function. For more complex likelihood functions, numerical
integration techniques such as quadrature methods (e.g., Gaussian quadrature) can be
used to approximate the integral of the likelihood function over the parameter space.
Approximation methods, such as Laplace approximation or variational inference, can
be used to approximate the likelihood function with a simpler, analytically tractable
distribution.

In some cases, the likelihood function can be evaluated by simulating data from
the model and comparing it to the observed data. This approach is common in Bayesian
computation for models where the likelihood function is intractable, and it will be detailed
below.

Consider a structural system subjected to a set of loads F, and define the variable v
as the system’s response computed through a numerical method. More specifically, consider
F as the maximum expected load applied to the model, and v the strain measurements
from path 6 obtained from the FE model.

In statics, the measurements y can be related to the model’s response through the

following relation:

y=Lv+e (4.6)

where € is the measurement noise. The related probability density function of the prediction
error is defined as p(€).

In Equation (4.6), L is the configuration vector, linking the measurements y to the
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FE model’s response v. It is a Boolean vector, with either 1 or 0 values, corresponding to
the measured and non-measured response components. In other words, it is a selection
operator that discretize the locations where strain is actually measured on the structure,
out of the complete vector v extracted from all the elements from path 6 on the FE model.
L depends pm the spatial position of the sensors, hence L = L(d) is a function of the
design variable d. Because the model’s response v depends on the parameters 8, Equation
4.6 can be generalized as:

y=G(d,0)+¢€ (4.7)

where

G(d, 8) = L(d)v(6) (4.8)

is the forward model operator that maps the design variables and the parameters to be
estimated onto the measurements domain Y.

Then, according to [70], the likelihood function may be numerically evaluated as

p(yi|0j? d) - pE[yi - G(d7 9])] (49)

which is the probability of measuring the noise represented by the difference between
measurement y' and model G(d, Hj). The index 7 represents a measurement obtained at a
time instance 7, or a database of measurements 7. The index j represents a large number
of samples that describe the damage parameters domain. The likelihood evaluation can

be done by performing the following steps:
1. Define the Noise Model:

The statistical properties of measurement noise € need to be specified. It can be
assumed that noise is normally distributed with mean 0 and standard deviation o,
then

e ~ N(0,0%) (4.10)
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2. Map the Model Predictions:

For a given set of parameters 8’ and d that maps the damage parameter domain, use
the computational model G to generate the predicted data G(d, 8”) = L(d)v(€%). j
should consist of enough samples to represent the damage parameters spectra. This

is rapidly achieved using the surrogate models, instead of the FE model.

3. Calculate the Residuals:
Compute the residuals, which are the differences between the observed data y* and
the model predictions G7:
r =y — G(d, 6) (4.11)
4. Compute the Likelihood:

Given the residuals r and the noise model, calculate the likelihood of observing the

data y given the parameters 6 and d using Equation 4.9.

If the noise is normally distributed, the likelihood equation can be re-written as:

N L
i\ 1 ry
p(y'16’,d) =[] exp <—T‘2> (4.12)

where N is the number of sensor, and r;, is the k-th residual. Notice that it was assumed
that the noise is statistically independent in each sensor, so the productory represents the
joint probability distribution of each residual r at a sensor k, and d is the sensor array,

comprised of N sensors.

4.2.1 Maximum likelihood estimation

Maximum Likelihood (ML) estimation is a method for estimating the parameters
of a statistical model by maximizing the likelihood function. The likelihood function

measures how likely the observed data are given the model and its parameters. In other
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words, MLE finds the parameter values that make the observed data most probable under

the assumed model. Mathematically, it can be expressed as:

éiML — arg max p(y'|6’,d) (4.13)
0i

To demonstrate this using an example, suppose that the wing spar is 1m long and
it has a damage 0' = {0 =0.04m,x = 0.006m}. The damage parameters are unknown to
the user and need to be estimated.

Suppose that there are 14 sensors evenly spaced along the length of the spar. Then,
a vector y' = y1, v, ..., 114 can be obtained. The user generates j = 6,000 unique samples
of damage, @’ (or any other arbitrarily large number). For each j, the strain measurement
obtained via the surrogate model (noise free) is estimated for each of the 14 sensor locations
and compared to the observed strain measurement y° (noisy, since it is obtained from the
sensors). The likelihood is then estimated following Equation (4.12).

Then, the damage state is inferred by selecting 6/ that provided the maximum
likelihood. This prediction is called @1. Maximum likelihood results for 8 are shown in
Figure 4.1 (a). A larger damage case 8% = {¢ = 0.11m,z = 0.006m} was tested at the
same location, and the results are shown in Figure 4.1 (b).

A damage size of 4cm is relatively small, given that the effect of damage on the
strain field is very localized and it only causes small disruptions in the strain measurements.
Therefore, Figure 4.1 (a) shows several locations and sizes that are nearly as likely to occur.
When the sensors measure data on a structure that has a larger damage (considering the
same location), as shown Figure 4.1 (b), the maximum likelihood estimator is much more
precise — one combination of size and location has a very high likelihood, and all the other
likelihood values are very small (barely visible in the plot).

Another example will be provided in Section 4.3.
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Figure 4.1. Prior distributions of damage size (a) and damage location (b).

4.2.2 Maximum a posteriori estimation

After the likelihood has been obtained, it can be multiplied by the priors to provide
the posterior distributions of the damage parameters, p(@|y, d), as described in Equation

(4.1). Mathematically, it can be expressed as:
éiMAP = arg max p(6’|y’, d) (4.14)
03

For now, it will be considered that only one batch of data is available. However, one
of the main advantages of Bayesian inference is the capability of updating the model
as new data become available. This makes it a powerful tool for continuously refining
one’s understanding of structural damage state, and it will be discussed in Section Model

Updating.
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Table 4.1. Seven classes of damage criticality, defined by the buckling eigenvalue, from
not critical (Class 0) to most critical (Class 6).

Class | Eigenvalue
0 A>1
1 09< <1
2 0.8< <09
3 0.7<A<08
4 0.6 <A<0.7
5 0.5<A<0.6
6 A<0.5

4.2.3 Linking damage diagnosis to criticality

Once the damage parameters are estimated via Bayesian inference, the next step is
estimating how critical that damage is. This is done using the GPR surrogate model that,

given damage parameter inputs, estimates the buckling eigenvalue, as shown in Figure 4.2.

. . Bayesian Estimate of Buckling Damage
Noisy strain . . s s
inference damage size, surrogate criticality
measured at

locations (d) (ML or o, and model to classification
" MAP) location, x provide A based on A

Figure 4.2. Flow chart of how a noisy strain measurement processed to be converted
into damage criticality level.

Recall that Equation (2.1) define that P.iticar = A X Pappiica- Therefore, in a binary
classification problem, the SHM system could define that “damage is critical (if A < 1)”
versus “damage is not critical (if A > 1)”, which could carry implied actions, such as“stop
operations for repair” or “continue operations”, respectively.

Damage criticality could also be classified in several different levels, such as shown

in Table 4.1.
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4.2.4 Performance of Bayesian inference model considering all
sensors are present

Considering that FBG sensors will be implemented in practice, it is assumed that
each sensor has a spatial resolution of 6mm and no sensor can be overlapped (their centroids
must be at least 2mm apart). Therefore, there are 5000/6 = 833 possible locations to
place the sensors at path 6 along the longitudinal direction of the beam.

Following the classes specified on Table 4.1, 833 sensors were virtually placed on the
5m beam surrogate model. Then 6" containing 1,000 unique damage cases were created,
each case containing a batch of 10 measurements with random noise applied to them. The
noise is defined as a Gaussian white noise, with 0 mean and o, = 5¢ — 6. This noise level
was compatible with measurements obtained in-flight by the sponsors of this work, as
shown in [45]. The damage location was distributed uniformly along the beam, while the
damage sizes varied from 3cm to 15cm.

Since all damage cases were created computationally using the surrogate models,
the true class labels are known, so the confusion chart can be generated. The confusion
chart for damage classification is shown in Figure 4.3. It can be seen that the classification
is perfect, which is expected if 833 sensors are placed on a single structure, which is a very
unrealistic scenario that serves to check if the damage diagnosis model is working properly.

Figure 4.4 shows the mean squared error results. It is relevant to notice that the
MSE is higher for small damage sizes, from 3 to 5cm, and for damage locations greater
than 4.5 meters. This is an observability issue, that will be discussed in the upcoming

section.
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Figure 4.3. Confusion charts showing the performance of 833 sensors for criticality
assessment using the maximum likelihood estimation (left) and maximum a posteriori

estimation (right).
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Figure 4.4. MSE from 833 sensors used for damage inference using the maximum
likelihood estimation (left) and maximum a posteriori estimation (right).
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4.3 Observability limitations

The low performance of the detector under low signal to noise ratio (SNR) is an
observability issue. To understand the influence of the low SNR, recall that a key part of
the damage detection is reconstructing the strain measurements. This is done based on

the coordinates of 4 points (pl to p4) shown in red in Figure 4.5.

4 Strain €44 Path 6, Ds=0.09m, DI=0.368m
T T T T

p3

Curve 4

Strain c,, Pain &

Curve 5

Curve 2

;I)Z

. . L . . . . L L
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Location (m)

Figure 4.5. Strain signature of damage cases far from the loading region, after subtracting
the baseline.

Figures 4.6, 4.7, 4.8, and 4.9 show the amplitude (y coordinate) of these points per
x-coordinate (location along the beam). The orange points (right-axis label) represent
the buckling eigenvalues per location. The black dashed lines represent the noise level,
a Gaussian white noise with zero mean and o, = 5e — 6. The blue lines are the cases
separated by damage size. It can be seen that points 2 and 4 are embedded in noise
anywhere after 4 m, and even before that for some cases.

From strain observations from several damage cases, it was noticed that the region
from 0 to 2 meters has absolute strain measurements of around 2,000ue, while from 3
meters onward, the absolute strain measurements are smaller than 1,000ue.

When a damage is present near the root, the strain measurement will have a large
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amplitude, while the amplitude will be very low if the damage is close to the free end of
the beam. This causes a poor SNR at anywhere after 3.5m on the beam, and specially
from 4.5 to bm, where the strain is minimal. This poor SNR generates a lot of uncertainty
in the measurements, so the optimizations tend to place a lot of sensors in that region

(see Figure 4.10), as will be discussed in the next chapter.

5 X 107 Coordinates of point 1 .
T T T T T

-
[$)]

Eigenvalue

1

Coordinate Y,

Coordinate X, (m)

Figure 4.6. Left axis: Coordinates of point 1 compared to the noise level (black dashed
line). Right axis: eigenvalues per x coordinate.

Figure 4.10 shows an example of how the Bayesian inference works (detailed in
Section 4.1). Blue lines correspond to strain measurements obtained every 5mm (either on
Abaqus or strain reconstruction surrogate model). Orange dots are where sensors were
placed by the optimization, this is where “experimental” data would be collected, also

known as observed noisy data. In a summary, the steps are the following:

1. Collect data (Figure 4.10, Top). In a real setup, data is already noisy and collected
at discrete locations where there are sensors present. In this case, as the data is

simulated, it is generated at every 5mm and Gaussian white noise € ~ N (0, ¢?I) is
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Figure 4.7. Left axis: Coordinates of point 2 compared to the noise level (black dashed

line). Right axis: eigenvalues per x coordinate.
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Figure 4.8. Left axis: Coordinates of point 3 compared to the noise level (black dashed
line). Right axis: eigenvalues per x coordinate.

added to it. Then, the data is saved only where the sensors are located, the rest is

thrown away.
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Figure 4.9. Left axis: Coordinates of point 4 compared to the noise level (black dashed
line). Right axis: eigenvalues per x coordinate.

2. Compare this data with noise free data from damage from all possible damage size
and location - for this simulation, 8 = 31,912 cases, which is the combination of all
possible damage sizes defined from 0.03m to 0.15m in steps of 0.01m, and damage
locations from 0 to 5 meters, in 0.002m steps and considering boundary limitations.
In this example, the true damage size is 0.03m long and true damage location is
0.762m. In the middle picture, it is comparing the data to a randomly selected

damage size of 0.05m located at 4.572m (there is a tiny peak if zoomed in).

3. Subtract the clean measurement from the noisy data (Figure 14, bottom). Compare
what is left to the probability of the noise. If the data being compared is extremely
similar to the experimental data (i.e., if the strain signature of the peaks and valleys
are close enough), all that will be left is noise. Therefore, the likelihood of that being

the damage present in the experimental data is very high.

4. Repeat for all 8 = 31,912 cases and choose the one with the highest likelihood (for

148



ML estimation).
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Figure 4.10. Example of how the Bayesian inference works. Blue lines correspond to
strain measurements obtained every 5mm and orange dots are where sensors were placed
by the optimization.

It can be seen in Figure 4.10 that the compared data is nothing alike the actual
damage. However, the sensors are blind to that information. The sensors around 0.762m
are far enough from it so that the strain measurements are not affected by the damage, as

shown in the zoomed-in version in Figure 4.11, top. When the 5cm damage at 4.572m is
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compared to the experimental data, the subtraction (where the sensors can measure it) is
only noise. Therefore, it mistakenly thinks that this is the most likely damage location
according to the likelihood function p(y*|6?,d) = p [y’ — G(d,#”)]. The damage size is
estimated correctly. In addition, Figures 4.6 to 4.9 show that almost all damage at 0.762
are critical (A < 1), while no damage after 4 m is critical. Therefore, the prediction from
Figure 4.12 is a false negative.
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T T T

T

Strain Comparison
o
\\

\\
2 \ 4
\ Strain data every 5 mm
3 ® 65 sensors location —

30  interval
w

4 | I I I
700 750 800 850 900 950

Location (m)

%1078 Subtracted Strains. Normalized Log-Likelihood = 0.98235
T T

T

Strain Comparison
o N
g ‘
g I

||

\\4 | Strain data every 5 mm
6 v ® 65 sensors location

30 interval
w
8 | | 1 I
4500 4550 4600 4650 4700 4750
Location (m)

Figure 4.11. Zoomed-in view of Figure 4.10, bottom, of the subtracted strains.

A heatmap of the maximum likelihood and maximum a posteriori is shown in
Figure Figure 4.12. The green cross indicates the true damage location, while the red circle

indicates the prediction. The lighter the color in the heatmap, the higher the probability.
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The same sensor array was used to predict a damage of size 7cm located at 0.392 m, as

Sensor Array
[12 75 112 121 149 157 198 281 294 347 407 420 442 484 717 869 1131 1191 1285 1314 1526
1579 1587 1696 1735 1813 1866 2074 2112 2137 2217 2289 2310 2434 2459 2660 2757 2776 2805 2894 3072]

Actual DS = 0.03m and DL = 0.762m Actual DS = 0.03 and DL = 0.762m
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Figure 4.12. Incorrect prediction of damage location using a sensor array of 65 sensors.

shown in Figures 4.13 and 4.14. Notice that there are much more sensors in that region,
including some that go over the damage. When subtracting both strain measurements,
even though they are different, the remainder strain where the sensors are (orange dots) is
mostly noise. This provided a likelihood of 98.76% of the damage being at that location
and around that size. When all other cases are compared, the likelihood is calculated, and
used to generate the heatmap. As shown in Figure 18, the prediction was precise in this
case.

It will be discussed in the next Chapter that while evenly spaced sensors might not
be the best option, they end up covering more regions that are prone to critical damage
(i.e., from the root to 2m) than the optimized results (see orange dots on Figures 14 and
17), if the optimization is not set up appropriately. The optimized results are spending

sensors at locations that are not important (after 4.5 m) and at the cost of neglecting
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critical regions. With that, they end up biasing the performance by predicting that the

damage is where the subtracted strain is only noise (where it has several sensors embedded

in noise) and not where the damage actually is, as it is placed in a blind spot.
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Figure 4.13. Another example of how the Bayesian inference works. Blue lines correspond
to strain measurements obtained every 5bmm and orange dots are where sensors were placed
by the optimization.
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Figure 4.14. Correct prediction of damage size and location using a sensor array of 65
sensors optimized sequentially.

4.4 Bayesian model updating

It was mentioned in Section 4.2.2 that one of the main advantages of Bayesian
inference is the capability of updating the model as new data become available. In simple
terms, the estimated posterior distributions become the new priors of the subsequent
prediction.

There are several ways to implement that numerically, and common Bayesian

inference algorithms include:

e Markov Chain Monte Carlo (MCMC): MCMC methods, such as the Metropolis-
Hastings algorithm and Gibbs sampling, are used to approximate the posterior

distribution of parameters by generating a Markov chain.

e Variational Inference (VI): VI approximates the posterior distribution with a simpler

distribution by minimizing the Kullback-Leibler (KL) divergence between them.
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e Sequential Monte Carlo (SMC): SMC methods, also known as particle filters, approx-
imate the posterior distribution by propagating a set of weighted particles through a

series of sequential importance sampling and resampling steps.

This work uses the SMC method, and it will be detailed below.

4.4.1 Sequential Monte Carlo

When implementing Sequential Monte Carlo (SMC) for Bayesian inference, the
likelihood p(y?|@?,d) is typically assumed to follow a parametric distribution that models
the noise in the data.

In this work the likelihood follows a Gaussian distribution, as defined in Equation

(4.12). To incorporate the time-dependency, Equation (4.12) can be written as:

ij2
exp | — ki (4.15)
27?02 202

Then, SMC is implemented as follows.

Yt|0

u’:]z

Initialization: Start by generating N particles (samples) from the prior distribu-
tion of @, denoted as p(@). Assign equal weight to each particle w; = %
Sequential Importance Sampling (SIS): For each time step ¢, repeat the

following steps:

1. Prediction (evolution): Propagate particles through the state transition model
to predict their new states: 8] ~ p(6;|6,_1,y), such that the particles represent the

updated state.

2. Weight Updating: Compute the likelihood of observing the data given each

particle’s state: p(y:|0;).

Update the weights of particles using Bayes’ rule:

w; o p(y:|0:) x wy
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3. Normalization: Normalize the weights so that they sum to 1:

- Wi

My a—
D im1 Wi

4. Resampling: Resample particles with replacement according to their weights.
Particles with higher weights are more likely to be sampled. This step prevents
particle degeneracy, where only a few particles carry most of the weight. After

resampling, all particles will have equal weight again.
5. Repeat: Repeat steps 2-4 for each time step or iteration.

Posterior Estimation: After iterating through all time steps, the final set of

particles represents samples from the posterior distribution p(6|y)

p(Oly) ~ Z w,6(60 — 0,)

where ¢ is the Dirac delta function.

In summary, SMC methods use a set of particles to represent the posterior distri-
bution and sequentially update these particles based on the observed data. By iteratively
updating and resampling particles, SMC provides an approximation of the posterior distri-
bution, particularly useful in cases where the posterior distribution is complex or cannot

be computed analytically.
Results from model updating

Some results obtained after model updating are shown in Figures 4.15, 4.16, and
4.17. Figure 4.15 shows results for o = 0.03m and x = 2.072m. The first plot shows the
maximum likelihood estimation of the damage state, and the remaining plots show the
evolution of the maximum a posteriori estimation from the 1st to the 50th estimation. It

can be seen that the uncertainty in the estimate decreases as more observations are added.
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In Figures 4.16 and 4.17, only the 1st and 50th MAP predictions are shown. In
Figure 4.16 it can be seen that the model is not able to estimate the correct damage
location, but the prediction improves as more data becomes available. In Figure 4.16 it
can be seen that the prediction is made correctly at the 1st iteration, but there is a lot of
uncertainty around the damage size. At the 50th iteration, this uncertainty has decreased

significantly.
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Figure 4.15. Bayes model updating for 0 = 0.03m and x = 2.072m. The first plot shows
the maximum likelihood estimation of the damage state, and the remaining plots show the
evolution of the maximum a posteriori estimation. Green triangle: true value, red circle:
prediction.
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Figure 4.16. Bayes model updating for 0 = 0.04m and x = 2.384m. The first plot shows
the 1st MAP estimate and the second plot shows the 50th MAP estimate. Green triangle:

true value, red circle: prediction.
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Figure 4.17. Bayes model updating for 0 = 0.11m and = = 1.356m. The first plot shows
the 1st MAP estimate and the second plot shows the 50th MAP estimate. Green triangle:

true value, red circle: prediction.
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4.5 Summary

This chapter defined an entire framework that defines how measured strain data
can be used on the Bayesian inference model to infer the damage state parameters,
characterized by damage size and location, how the corresponding buckling eigenvalues
are obtained and transformed in damage criticality level.

The entire Bayesian inference process was detailed, including the numerical ap-
proximation of the likelihood and posterior distributions. Overall, Bayesian inference
provides a powerful framework for updating the understanding of structural damage as
new data are collected, and this was shown by using sequential Monte Carlo to update the
posterior distributions as more data became available. Observability issues in regions of
low signal-to-noise ratios were also discussed. Chapter 5 details the last step of the OSP
framework, which consists in defining the cost function to be minimized and implementing
the chosen algorithm to do so.

Chapter 4, in part, has been published in Data Science in Engineering, Volume
10. SEM 2023. Conference Proceedings of the Society for Experimental Mechanics Series,
Razzini, A. H., Todd, M. D., Kressel, 1., Ofir, Y., & Tur, M. , 2023. The title of this paper
is “Optimal Fiber-Optic Sensor Placement Framework for Structural Health Monitoring
of an Aircraft’s Wing Spar”. The dissertation author was the primary investigator and
author of this paper.

Chapter 4, in part, has been published in Proceedings of the International Workshop
on Structural Health Monitoring 2023, Razzini, A. H., Todd, M. D., Kressel, 1., Ofir, Y., Tur,
M. , & Yehoshua, T.,2023. The title of this paper is “The Application of Risk Minimization
to the Selection of Fiber Optic Sensors for an Aerospace Structural Monitoring Application”.

The dissertation author was the primary investigator and author of this paper.
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Chapter 5

Optimal Sensor Placement

A crucial step to implement a structural health monitoring system is defining
the instrumentation to be used. From the operational evaluation step in the four-step
statistical pattern recognition paradigm [21] the engineer designing the system must define
the concept of damage for the system, understand the operational and environmental
conditions, and determine data acquisition limitations. This evaluation helps tailor the
SHM process to the specific features and unique aspects of the system being monitored.

In many applications, the damage state cannot be observed directly. Instead,
sensors must be placed on the structure to obtain measurements that will be used to infer
the damage state. Therefore, the type of damage being monitored will directly influence
the selection of the type(s) of sensor(s) that will be used. For example, the detection of
broken wires in suspension cable bridges is a completely different problem to monitoring
debonding damage on composite structures.

The hardware of an SHM system is constrained by the costs associated with
instrumentation, power consumption, and the impact on the structural system (such as
weight, aerodynamics, and aesthetics), and locations that might not be accessible. To
address these limitations, optimal sensor and/or actuator placement (OSP) strategies aim
to maximize a chosen system performance metric. This presents two main challenges. The

first is to derive an appropriate utility function for the system design, which should reflect
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the intended purpose of the SHM system and may include constraints like placement
limitations or sensor count. The second challenge is to develop an efficient optimization
algorithm to select a design that maximizes or nearly maximizes the performance function.

A notable OSP approach for structural monitoring was developed by Kammer in
1991 [71], which focuses on minimizing a norm (like the trace or determinant) of the Fisher
information matrix, known as the D-optimality criterion. F This approach is considered
non-Bayesian (classical) as it does not assume any prior probability distribution of the state
to be estimated. The D-optimality design criterion is particularly suitable for estimation
problems.

However, the primary goal of SHM is not just estimation but also reducing the
lifetime cost of a structure (in terms of money and/or safety) through estimation and
decision-making. Therefore, the OSP problem is more appropriately addressed through a
general framework based on Bayesian experimental design theory.

The framework proposed throughout this dissertation aims to optimize the allocation
of sensing network resources to minimize the utility (cost) function, allowing for the
optimization of sensor network designs considering non-uniform probabilities of damage

and costs of detection errors.

5.1 Defining the cost function

The study mentioned in the introduction [71] is a classic example of finding the
optimal sensor design, d* that can maximize the gain in information. However, the goal
of an SHM system is not necessarily to make the most accurate decisions, but rather to
make the least costly ones in terms of economics and safety. In this perspective, a cost
function that reflects this goal must be defined.

To formally define the costs associated with making a certain decision, let Cj;

be the cost or regret of deciding that the structural state is M; when the true state is
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M, where M = {M, My, ..., My} is the set of all possible damage states. M can be
{damage present, damage not present}, classes of damage types in a composite structure
{debonding, delamination, cracks}, or anything else that represents the problem being
studied. For this dissertation, where a link between the damage parameters (size and
location) and failure is clearly defined, a certain damage can be classified as M = { M, =

critical, My = not critical}. Therefore, C; can be:
e (Cyo: true positive
e (y;: false positive
o ('o: false negative
e ('11: true negative
A confusion chart can be derived as follows:

PREDICTED VALUES

Positive Negative
wy
w
>
-
< Positive True Positive (TP)
= Coo
=
< Negative False Positive (FP)  True Negative (TN)
Co1 €11

Figure 5.1. Confusion chart and costs related to each prediction.

From the confusion chart (Figure 5.1), the probability of detection (POD), also

known as the true positive rate (TPR), can be defined as:

POD — True ?(?sitive (5.1)
actual critical cases

The false positive rate (FPR), also known as the probability of false alarm (PFA),

can be defined as:
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PFA — False Positive (5.2)

actual non-critical cases

The false negative rate (FNR) or miss rate is:

False Negative

FNR = — (5.3)
actual critical cases
And the true negative rate (TNR) is:
TNR — True Neg.);eFtive (5. 4)
actual non-critical cases
The cost of decision can be defined as:
1
C’decision - Z CZJP(D’L|M])P(M]) (55)

i,j=0

Notice that Cj; can be defined such that it only penalizes incorrect decisions (false
positives and false negatives), given that a correct damage detection (true positive) has
intrinsic costs that should not be considered, i.e., the repair of a damage should be
performed regardless of an SHM system being in place.

In addition, every SHM design incurs a cost that depends on its design parameters
that drives the necessity of optimization. This cost can the cost of the SHM hardware,
the cost of installing and maintaining the SHM system, and even potential increase in
operation costs of the structure (such as the extra weight in an aerospace system). In
order for an SHM system to be feasible, its ability to decrease risk must be enough to at
least offset the cost of the system. To construct a total cost function, the cost of action
and the cost of design need to be in terms of the same units (usually monetary).

The design cost, C'sgar, can be defined for general applications as:

CSHM = C’sensors + ODAQ + Cground station + Cinstallation (56)
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Table 5.1. SHM system design costs.

Item Estimated cost (USD)
Single FBG sensor 100

Interrogator (4 channels, up to 10 FBG per channel) 30000

Ground station (without Non-Recurring Expenses) 10000

Installation 5000

UAV (one unit) 8M

False positive (unnecessary grounding for inspection) 5000

False negative — small repair (40mm) 10000

False negative — large repair (40mm) 15000

False negative — loss of a UAV 8M

For this study, the costs of the SHM system design are shown in Table 5.1. Initial
costs for the false negatives and false positives are also shown, but they will be adjusted

later on. The total cost, or Bayes risk, is then given by:

- C’decision + C’desi n
C(d) = e

(5.7)

where N is the number of samples used to evaluate the cost. The optimal sensor design,
d*, can be defined as:
d* = arg min C(d) (5.8)
d

5.2 Bayesian Optimization

The last step in the proposed OSP framework is defining which optimization
function to be used and actually running the optimization. Section 1.5 mentioned a
few algorithms that are used for OSP, such as Bayesian optimization, genetic algorithms,
gravitational search algorithms, and particle swarm. This study uses Bayesian optimization
to define the optimal sensor placement, as it is a powerful technique for optimizing complex
functions that are expensive to evaluate.

It works by building a probabilistic surrogate model, usually a Gaussian Process,

to approximate the unknown function. This model is then used to predict the function’s

164



behavior and its uncertainty. An acquisition function, such as Expected Improvement
or Upper Confidence Bound, is employed to decide where to sample next by balancing
exploration of uncertain regions with exploitation of promising areas. Over successive
iterations, the surrogate model is updated with new observations, and the acquisition
function guides the search towards the global optimum.

Algorithm 1 shows how the optimization works. Then, algorithms 2 and 3 show
how the algorithm is applies for optimal sensor placement in this study. The key difference
between algorithms 2 and 3 is that, in the first one, the optimization is performed
sequentially for £ sensors, while algorithm 3 explains the combinatory optimization.

It is considered that each sensor has a spatial resolution of 6 mm and no sensor
can be overlapped, thus there are 5000/6 = 833 possible locations to place the sensors.

Therefore, the two different ways that the optimization works can be explained as follows:

1. Sequentially: where one sensor is optimally defined. Then it is fixed in that
location, and the next sensor is optimally defined. This is repeated until k& sensors is

reached. Therefore, the optimization dimension is 833, then 832, etc.

2. Simultaneously (or combinatory): in this case, the code optimizes for all k

sensors at once. The dimension of the optimization is given by:

Nsensors

H (n — i), where n = 833 (5.9)

i=1

Nsensors —

Figure 5.2 shows an example of the Bayesian optimization analyzing the objective
function and searching for its global minimum.

In this work, the acquisition function used was expected improvement, the surrogate
model was a GP regressor, and the constraints consisted of strain resolution, boundaries,
and minimal distance between sensors. The results from the optimization will be discussed

in the upcoming sessions.
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Algorithm 1. Bayesian Optimization Algorithm

Input: Cost function C'(d), surrogate model, acquisition function, and constraints
Output: din, Cuin
Initialize Dy, evaluate C(d) at Dy to obtain Ciye
Set S < {(d;,C(d;)) | d; € Dinis}
fort=1to T do
Fit surrogate model to §
dyext < arg minAcquisitionFunction(d | S, SurrogateModel)

xT

Evaluate C(dpext)

Update S <+ S U {(dyext, C(dpext)) }

10: Optionally, check for convergence or stopping criteria
11: end for

12: dmin; Cmin <— arg min(d,(;(d))es C(d)

13: return d, ., Cnin

Objective function model
-16.05

@® Observed points
Model mean

164192 Model error bars [
Noise error bars 1’
@ Next point

] % Model minimum feasible

-16.15 H
-16.2

-16.25

Estimated objective function value

-16.3

-16.35 I | 1 | . 1 1 1 1 )
0 100 200 300 400 500 600 700 800 900 1000

d

Figure 5.2. Bayesian optimization looking for the best location for the first sensor in a
sequential optimization.
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Algorithm 2. Bayesian Optimization for Sequential Sensor Placement in Structural
Health Monitoring

1:

@

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

21:
22:
23:
24:
25:
26:

Input: Number of output combinations N;, Number of input combinations V;, Strain
forward model (ANN), Buckling forward model (GPR), Number of sensors k
Output: Optimal sensor placement d*
Generate N; combinations of damage size and location 8 = {o, x} following P(c) =
Rayleigh(50) and P(x) = Uniform(0, 1)
Generate N; combinations of damage size and location 6’ = {o, x} via permutation
for i =1 to N; do
Compute strain measurements v(6") using ANN
end for
for j =1 to N, do
Compute strain measurements v(6?) using ANN
end for
for k =1to k do
Initialize Bayesian Optimization Algorithm (1) for the k-th sensor
while not converged do
Select a candidate sensor placement dj by maximizing the acquisition function
Specify the sensor array as d = {dy,ds, ..., dy}
Create Boolean representation of sensor placement L(d)
Emulate measured strain y = G(d, 8") + ¢, where € ~ N(0, o*I)
Estimate likelihood p(y?|6’, d) using Equation 4.12
Infer damage parameters using Maximum Likelihood Estimator (Equation 4.13)
Estimate buckling eigenvalue A\ using the forward GPR, and estimate the
associated damage criticality
Compute the averaged cost C/(d)
Update the surrogate model with the new data point (s, C/(d))
end while
Set the optimal sensor placement d* for the k-th sensor
end for
return Optimal sensor placement d* for all sensors
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Algorithm 3. Bayesian Optimization for Combinatory Sensor Placement in Structural
Health Monitoring

1:

@

10:
11:
12:
13:
14:
15:
16:
17:
18:

19:
20:
21:
22:

Input: Number of output combinations N;, Number of input combinations INV;, Strain
forward model (ANN), Buckling forward model (GPR), Number of sensors k
Output: Optimal sensor placement d*
Generate N; combinations of damage size and location ¢° = {o, 2} following P(c) =
Rayleigh(50) and P(z) = Uniform(0, 1)
Generate N; combinations of damage size and location §7 = {0, z} via permutation
for i =1 to N; do
Compute strain measurements v(6") using ANN
end for
for j =1to N, do
Compute strain measurements v(6’) using ANN
end for
Initialize Bayesian Optimization Algorithm (1) for all k-sensor at once
while not converged do
Select a candidate sensor array d by maximizing the acquisition function
Create Boolean representation of sensor array L(d)
Emulate measured strain y = G(d, 8") + ¢, where € ~ N(0, 0%I)
Estimate likelihood p(y?|6’, d) using Equation 4.12
Infer damage parameters using Maximum Likelihood Estimator (Equation 4.13)
Estimate buckling eigenvalue A using the forward GPR, and estimate the associated
damage criticality
Compute the averaged cost C'(d)
Update the surrogate model with the new data point (s, C/(d))
end while
return Optimal sensor array d*
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5.2.1 Results from first optimization

For the first optimization, the cost of decision was defined following the confusion
chart from Figure 5.3 as a binary classification problem, where a false negative costs
$8,000,000 and a false positive costs $5,000. The costs were obtained from N? = 1,000

samples of unique damage cases, obtained following the prior probabilities.
1 “

0 1
Predicted class

o

True Class

Figure 5.3. Costs for binary classification of 1st optimization.
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Figure 5.4. ROC curves for sequential optimization for different load levels. Left: 20
sensors, right: 40 sensors.

Figure 5.4 shows ROC curves for sequential optimization for different load levels.,
for 20 and for 40 sensor locations optimized sequentially. These different load levels follow
Table 3.1. It is assumed that that the structure is always under loads that can be linearly
scaled from maneuver 9 (1.95g). Le., if the structure is under maneuver 8, the applied
loads correspond to 94.87% of the maximum service load, and the strain measurements can

be scaled to represent the loads from maneuver 8. The buckling eigenvalues can also be
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Figure 5.5. Results from the Bayesian optimization for different number of sensors.
Notice that the axes do not have the same limits.

scaled, given that P iticat = A X Papplied, s shown in Equation (2.1). Therefore, a damage
case that causes a A < 1 (i.e., critical) at the maximum service load, may not be critical
under other maneuvers.

On Figure 5.4, it can be seen that except for the lowest load level (1.15g), the
probability of detection was around 98%. This nearly perfect POD comes at the cost of a
very high PFA. This comes at no surprise, given that the cost of a false negative is 1,600
times higher than the cost of a false positive. Therefore, the optimization chooses the
sensor set that avoids false negatives at all costs.

Figure 5.5 shows a histogram in which the cost was evaluated for 1,000 different
randomly selected sensor arrays. Then, the same damage cases were evaluated multiple
times by evenly distributed sensor arrays. Finally, the damage cases were used to evaluate

the cost obtained via optimization, both sequential (red) and combinatory (black). It can
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be seen that the optimized sensors consistently perform better than randomly selected
sensors. The evenly distributed sensors are a very poor option when there are only 10
sensors to be placed on the structure, but their performance improves as more sensors are
allowed. Finally, both sequential and combinatory optimization had a similar performance,

but for 40 sensors, the combinatory sensor placement had a better performance.

5.2.2 Results from second optimization

For the first optimization, the cost of decision was defined following the confusion
chart from Figure 5.6 as a binary classification problem, where a false negative costs
$8,000,000 and a false positive costs $2,400,000. The costs were obtained from N* = 1,000
samples of unique damage cases, the strain measurement of each damage cases consisted

of a batch of 10 samples. The samples were obtained following the prior probabilities.

True Class

Predicted class

Figure 5.6. Costs for binary classification of 1st optimization.

Figure 5.7 shows ROC curves for sequential optimization for the same load level
(1.95g) for 10 and for 40 sensor locations optimized sequentially and as a combinatory. It
can be seen that the change in cost function completely shifted the ROC curves for 40
sensors. The probability of detection went down to approximately 86% for the combinatory
results, a 12% decrease, but the PFA went down around 40%. This means that there are
much less interruptions in operations in this case.

Figure 5.8 shows a histogram in which the cost was evaluated for 1,000 different

randomly selected sensor arrays. Then, the same damage cases were evaluated multiple
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times by evenly distributed sensor arrays. Finally, the damage cases were used to evaluate
the cost obtained via optimization, both sequential (red) and combinatory (black).
Notice that these histograms cannot be directly compared with the histograms from
Figure 5.5, as the costs used to obtain the performance are completely different. With the
exception of the cost value on the x-axis, the trends observed can still be compared. Once
again, both optimized results performed better than the randomly distributed and the
mean evenly distributed value. The combinatory case performed better than the sequential

array.
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Figure 5.7. ROC curves for sequential optimization for different load levels, 2nd run.
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Figure 5.8. Results from the 2nd Bayesian optimization for different number of sensors.
Notice that the axes do not have the same limits.

5.2.3 Results from the third optimization

With lessons learned from the first and second optimization runs, some major
updates were made.

The cost function is not defined as a binary classification anymore. Instead, there
are 7 different damage critically levels, as defined in 4.1. Class 0 means that the damage is
not critical A > 1, class 1 is the least critical damage with 0.9 < A\, and so on, until class
6 is defined as the most critical damage, with A < 0.5. Recall that A\ links the applies
load to a load in which local buckling will occur under the presence of debonding damage.
Therefore, A = 0.5 means that the structure will buckle locally with 50% of the applied
load, while cases with A > 1 will not suffer buckling at the ultimate load level.

Thus, a new cost function was built with the idea that different A value represent
different damage criticality, and their classifications should be treated differently. For
example, a false negative that has Ay, = 0.98 but Acsimatea = 1.02 is not nearly as
critical as a Aestimatea = 0.49 that is misclassified as not critical. This new cost function is
represented in Figure 5.9

In addition, new constraints were applied to the model. After analysis of the

observability issues from Section 4.3, it was concluded that there was no advantage in
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Figure 5.9. Costs for binary classification of 3rd optimization.

placing sensors anywhere after x > 3.5m, given that the signal will present a low SNR.
This poor SNR generates a lot of uncertainty in the measurements, so the optimizations
tended to place a lot of sensors in that region to minimize that uncertainty. By placing
these now constraints, the optimization is forced to ignore these regions and place sensors
where the presence of damage will, in fact, cause local buckling to occur.

The costs were obtained from N’ = 1,000 samples of unique damage cases, the
strain measurement of each damage cases consisted of a batch of 10 samples. However, in
this third run, these samples were not obtained from the prior distributions anymore, but
they were randomly sampled from damage cases that caused A < 1.1. This guarantees
that the sensors are trained to classify critical damage cases, and not any damage case

that might not even be critical to the structure.
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5.2.4 Results and Summary

Results from the third optimization are shown below. Figure 5.10 shows the cost
per number of sensors. Since the sequential optimization chooses one sensor at a time, it is
possible to calculate the cost every time that a new best sensor is added to the structure.
It can be seen that the cost decreases as more sensors are added, as the improvement
in decision making offsets the cost of adding a new sensor ($100/Nsamples). However,
a new data acquisition system is needed after 40 sensors are allocated, so the cost of
($30,000/N samples) is not worth the improvement in information gain. It is also seen that
the sequential optimization performed better than the combinatory one. This occurred
because the sample space tends to infinity in the combinatory optimization, so it needs
many more evaluations to provide a good result. The combinatory optimization ran for
about 50% less times then the sequential one, given its computational costs.

Figure 5.11 shows the histogram. Notice that this histogram cannot be directly
compared with the histograms from Figure 5.5 and 5.8, as the cost function is defined
differently for each of them. Regardless of that, the overall trend is still the same, where
the sequential and combinatory optimization performed much better than the random
sensor placement.

Figures 5.12, 5.13, and 5.14 show the confusion charts for the evenly spaced,
combinatory, and sequential sensor placements, respectively. These figures show that the
sensors are performing as they were designed to - misclassification between 1 level of
different classes occurs as they were not heavily penalized, but no damage of classes 5 or 6
goes undetected.

Figures 5.15, 5.16, and 5.17 show the ROC curves. Notice that although the sensors
were trained as a multi-class cost, the results are treated as a binary classification for the
ROC curves, so that they can be compared to the previous ROCs. In this case, damage

is simply said to be critical if A srimatea < 1. Figure 5.15 shows that 45 sensors provide a
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better performance than only having 40 sensors, but this comes at a higher cost, as shown
in Figure 5.10.

Comparing Figure 5.15 to results from the first and second optimizations, the
performance improvement after updating the cost function is clear. For 40 sensors
obtained sequentially, the POD is around 94%, with a PFA of around 16%. By comparing
the ROC curves from the 1st optimization (Figure 5.4) to Figures 5.16 and 5.17, it can be
seen that for lower load levels, the new POD is around 98%, a value equivalent to the 1st
optimization, but the PFA now is close to 0%, and for the highest load level the POD is
around 94%, with a PFA of around 17%.

Table 5.2 shows the layout obtained after each run. Notice that the results for the
sequential optimization are shown in the same order as the sensors were selected, while the
combinatory optimization selects all 40 sensors at once. Finally, Table 5.3 compares the
cost, POD, and PFA of the 40 sensors layout obtained after each run. Once again, it can
be seen that the third run of the sequential optimization provided the best performance
and the lowest cost. The final layout after the third run is shown in Figure 5.18, where
the pristine data from path 6 is shown as a blue line, and the sensors location are shown
as red dots.

These results emphasize the importance of rigorously defining and testing a cost
function that reflects the goal of the SHM system being implemented. Having a computa-
tional test bed to do so allows for trial and error, and to learn more about the system’s

behavior before the sensors are permanently placed on the structure.
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Confusion Chart for Damage Level Classification
Evenly Spaced Sensor Array
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Figure 5.12. Confusion chart for the evenly spaced sensor array.

Confusion Chart for Damage Level Classification
Optimal Sensor Array from Combinatory Optimization

True Class

0 1 2 3 4 5 6
Predicted Class

Figure 5.13. Confusion chart for the sensor array from the combinatory optimization.
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Confusion Chart for Damage Level Classification
Optimal Sensor Array from Sequential Optimization
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Figure 5.14. Confusion chart for the sensor array from the sequential optimization.
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Figure 5.15. Receiver Operating Characteristic (ROC) curves for a variety of sensor sets,
obtained at the ultimate load level.
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Probability of Detection (POD)

Figure 5.16. ROC curves for 40 combinatory sensors, for different load levels.

Probability of Detection (POD)

Figure 5.17. ROC curves for 40 sensors obtained sequentially, for different load levels.
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Table 5.2. Final layout of each optimization run. Sensor location displayed in [mm].

Sensor Seq. 1 Comb. 1 Seq. 2 Comb. 2 Seq. 3 Comb. 3

1 254 48 701 36 o971 30

2 4 58 161 231 4 70

3 11 427 4 335 1301 78

4 681 526 11 519 1104 140
5 1424 586 418 750 1493 146
6 1321 999 236 808 126 166
7 451 611 2947 906 250 241

3 2278 617 1188 946 2214 257
9 1200 837 260 974 89 310
10 95 988 2160 1110 220 344
11 4977 1013 993 1210 2415 411

12 317 1117 1353 1242 o961 468
13 4996 1234 1809 1298 367 517
14 232 1403 2360 1346 325 631

15 2081 1468 2283 1434 1269 637
16 1744 1484 2824 1498 1023 764
17 2461 1490 744 1615 2169 T
18 1207 1502 872 1736 1700 978
19 4989 1643 879 1797 407 1008
20 23 1665 2236 1844 704 1032
21 783 1771 1402 1952 932 1091
22 88 1822 1268 2078 1419 1109
23 30 1977 1866 2121 2557 1161
24 71 2087 2058 2169 1140 1224
25 1036 2138 2557 2273 734 1235
26 44 2158 2548 2287 1863 1355
27 1949 2181 1734 2317 2377 1419
28 2172 2351 2612 2334 2054 1518
29 37 2400 324 2353 466 1539
30 o1 3017 142 2501 1563 1700
31 126 3148 2208 2598 849 1709
32 4970 3234 2378 2649 493 1832
33 610 3347 1968 2661 152 1906
34 o8 3599 984 3022 2092 1987
35 78 3687 1208 3179 827 2095
36 151 3711 2033 3619 1643 2120
37 379 4091 388 3663 2509 2180
38 4963 4179 2758 3755 291 2268
39 1525 4274 1571 3809 1949 2282
40 3334 4831 1013 3930 1380 2794
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Table 5.3. Summary of results from optimization runs.

Seq. Comb. Seq. Comb. Seq.

Sensor Runl Runl Run2 Run 2 Run 3 Run

Comb.

3

Cost 216.75 431.86 180.58 255.98  95.59

135.94

POD 0.85 0.76 0.89 0.84 0.94 0.87

PFA 0.56 0.28 0.20 0.23 0.17 0.24
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Figure 5.18. Final sensor layout after third run.
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Chapter 6

Conclusions and future work

This dissertation proposed an optimal sensor placement framework that considers
the minimization of the Bayes risk to determine the optimal system layout, consisting
of the number and location of sensors to be deployed. The Bayes risk, or cost, was
defined in terms of money, so that the stakeholders of any structure can obtain a practical
understanding of the problem.

It was demonstrated that SHM system designs are highly dependent on the decision
cost function. It was shown that if the cost function assumes that the penalty for not
detecting a critical damage is 1,600 times higher than the penalty for having a false alarm,
the system will take a very conservative approach to avoid false negatives ”at all costs”.
Hence, it was shown that the primary goal of an SHM system cannot simply be the
maximum gain of information to estimate the true damage state, but instead, it should
consider the costs associated with a given decision and how heavily weighted it should
be. In the context of this dissertation, a false negative that has estimated the buckling
eigenvalue Ay = 0.98 when the true value is Aesiimated = 1.02 is not nearly as critical as a
Aestimated = 0.49 that is misclassified as not critical. Therefore, the goal of SHM is not just
estimation but also reducing the lifetime cost of a structure (in terms of money and/or
safety) through estimation and decision-making. This dissertation provided a detailed

framework on how to achieve that goal, demonstrated on a wing’s spar entirely made of
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composite materials.

Chapter 2 presented a high-fidelity finite element model of the composite [-beam
that was used as a computational test bed for this dissertation. Since the information
used to calibrate and validate the model was proprietary, an adapted version of the spar
was built in-house for academic purposes. The entire modeling, construction, and testing
procedure for this beam was presented. It was shown that regardless of many uncertainties
sources that cause discrepancies between the model and experimental data, the overall
strain behavior measured on the beam around the damage region match what was expected
from the model and that the FE model is an essential piece to understanding the structure’s
behavior under different damage states and loading conditions, especially if field data is
limited or not available.

Executing the finite element model several times comes with a high computational
cost. Thus, in Chapter 3 showed how surrogate models can be useful to generate enough
samples from the damage distributions in a time-efficient manner. The problem was
presented in detail, and steps taken to guarantee that the lowest order model possible was
used were discussed. The downside, however, is that the surrogates still need enough data
to be trained and tested, so Python scripts were written to execute this large computational
campaign.

The need for fast surrogate models became evident in Chapter 4 as the Bayesian
inference model was derived, and the surrogate models were used to numerically estimate
the likelihood and posterior distributions. It was shown that Bayesian inference provides a
powerful framework for updating the understanding of structural damage as new data are
collected, helping engineers and researchers make informed decisions based on probabilistic
assessments of the structural health. Observability issues in regions of low signal-to-noise
ratios were also discussed.

Finally, Chapter 5 discussed the last steps in the OSP framework, formally the

Bayes risk as the costs associated with making a certain decision plus the cost of the SHM
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system itself. It was shown that Bayesian optimization is a suitable algorithm to perform
the optimization, as it makes a probabilistic decision of the problem to decide where to
take the next sample from, instead of searching the entire sample space for the optimal
solution. Three different risks were evaluated and the results were discussed, emphasizing
the importance of rigorously defining and testing a cost function that reflects the goal of
the SHM system being implemented. Having a computational test bed to do so allows
for trial and error, and to learn more about the system’s behavior before the sensors are
permanently placed on the structure.

The significant contributions of this dissertation are summarized as follows:

1. The use of a multi-loading buckling approach to analyze the occurrence of local
buckling in a composite wing’s spar subject to debonding damage between the

laminates.

2. Development of an statistical framework that links strain measurements to damage

parameters, buckling eigenvalues, and damage criticality.

3. Development of a high-fidelity finite element model of an all-composite wing’s spar

to serve as a reliable data emulator of the physical problem.

4. In-house construction and testing of a composite spar to validate the strain behavior

obtained via FE model.

5. Development of two machine learning-based surrogate models with high prediction

accuracy to overcome the high computational cost of the FE model.

6. Development and demonstration of an optimal sensor placement framework that

uses Bayesian optimization as the algorithm of choice.

7. Analysis of different cost functions for the optimal sensor placement algorithm and

their impact on the overall performance of the SHM system.
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6.1 Future work

There are some natural directions to continue the work developed in this disserta-
tion. The first one is accounting for sensor reliability and including sensor failure in the
optimization process. During the experimental setup to test the composite beam, 15 strain
gauge sensors were used, and they were inherently associated with an amount of cables
and heavy signal conditioner system that make their use challenging for real aerospace
applications. The FBG sensors proposed in this dissertation’s framework seem much more
suitable for this application. However, if sensor failure is consider, one must evaluate the
cost of loosing a single strain gauge that malfunctions, versus loosing measurements from
up to 10 FBG sensors embedded on a single fiber that may break.

The second direction for the work is incorporating a damage growth model to
perform a prognosis step and infer the remaining useful life of the structure before it needs
to be repaired or replaced. The Bayesian inference can be used for updating the posterior
probability of damage distributions when more data becomes available, so the missing link
to perform the prognosis step is defining a damage growth model for debonding damage.

Finally, while the presented framework supports the optimization of any set of
design parameters, this dissertation work focused primarily on the optimization of optimal
FBG sensors placement. Consideration of other components of the design problem, such
as sensor types and/or actuators, interrogation scheduling, temperature variation, etc.,

could enhance the performance of SHM systems.
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