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Evaluating the degradation behavior and estimating the lifetime of engineering systems and
structures is crucial to ensure their safe and reliable operation. Deep learning (DL) models, which
are in the form of multi-layer neural networks (NN), have been widely used for the prognostics of
such systems and structures, primarily by estimating their degradation intensity and remaining
useful life (RUL). Although DL prognostic models have shown promising performance, there are
limitations with such models that need to be considered. Firstly, they only learn the data patterns
without consideration of the governing physics of degradation. Excluding physics, accompanied
by the lack of interpretability in DL models, makes them prone to violating physical laws while
showing a good fit to the training data. This issue may lead to weak generalization, mainly for

predicting situations outside the training dataset. Secondly, they require significant data for



sufficient training, which may not always be available. To estimate degradation and lifetime, NNs
are typically trained in a supervised setting using labeled data that ideally have been collected at
different levels of degradation up to the failure points. However, collecting that data is usually
expensive and time-consuming, particularly for durable systems with long lifetimes, as material
degradation (e.g., corrosion, fatigue, wear, or creep) is often slow. Therefore, there is a need for a
model that possesses interpretability and follows the underlying physics of degradation that occurs
in real-world conditions. Additionally, this model should be trainable with limited data.

This dissertation proposes a novel data-driven framework to address the abovementioned
limitations, including disregarding physics, lack of interpretability, and the need for big data in DL
prognostics models. The framework comprises two NNs: a physics discovery NN and a predictive
NN. The former models the underlying physics of degradation, while the latter makes probabilistic
predictions for degradation intensity. The physics discovery NN guides the predictive NN and
forces it to follow the underlying physics of degradation, which results in better life estimations.
In this way, less data is required for sufficient training as the physics discovery model acts as a
constraint and limits the search space for the parameters in the training of the predictive model.
Additionally, integrating the state-of-the-art feature importance measurement methods into the
physics discovery model makes it possible to identify the primary environmental factors that
significantly impact the degradation process. This work enhances the interpretability by shedding
light on the dominant factors influencing the system's degradation. The application of the proposed
approach is demonstrated through two case studies based on publicly available datasets for
degradation phenomena.

The outcome of this research study can be used to develop a prognostics and health management

system that can facilitate a low-cost and high-performance predictive maintenance strategy for



systems experiencing environmentally induced degradation. Also, the proposed method can guide
data collection from the field by revealing the influential factors that play crucial roles in the
degradation of systems. Moreover, the proposed approach offers valuable benefits to designers,

enabling them to incorporate appropriate preventive and mitigation strategies into their designs.
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Chapter 1: Introduction

This chapter initially provides an overview of the need for degradation modeling and
effective degradation maintenance strategies. It includes discussing the potential issues
associated with the present models. Then, the expected contributions of the current

study are described. Finally, the last section outlines the structure of the dissertation.

1.1. Background

Degradation is an inevitable phenomenon happening to all physical systems with
different levels of rate and severity, depending on the material, design, environment,
and operating conditions. This usually undesirable process can occur through various
degradation phenomena or mechanisms such as corrosion, fatigue, wear, and creep.
Regardless of the mechanism, degradation has always been a big concern for
organizations with assets exposed to a degrading environment, as it can cause
significant losses. For example, corrosion damage costs around 3.4% of the global
gross domestic product (GDP) annually, which equals $2.5 trillion [1]. The total annual
direct cost of corrosion in the US was estimated at around $276 billion — about 3.1%
of the US GDP [2]. Besides the enormous economic loss, many catastrophic failures
due to degradation have made the headlines. The Aloha accident [3], the Flixborough
explosion [4], and the Silver Bridge collapse [5] are examples of such catastrophic
degradation-related events involving fatalities. All these observations and experiences
emphasize that systems degradation needs special attention to avoid future economic

and life losses.



Degradation can be investigated across various scales, ranging from microscopic level
to higher levels involving individual components and entire systems. For instance,
corrosion is a failure mechanism that can be investigated at a micro level by examining
the movement of electrons and ions between the cathode and anode as a key aspect of
the electrochemical reactions. Alternatively, it can be explored at a macro level by
assessing the mass loss in a component caused by material oxidation. This study
focuses on the assessment of higher-level degradation for evaluating the lifetime of
systems, with low-level investigations falling outside the scope of this research.
Corrosion, fatigue, wear, and creep are the prominent degradation mechanisms that
researchers have extensively investigated in recent years. Corrosion involves the
degradation of a material, particularly metals, as they convert into a more stable state,
often in the form of oxides. Various types of corrosion have been identified, including
uniform, pitting, crevice, galvanic, stress corrosion cracking, and intergranular
corrosion. In 2020, the US Navy identified corrosion as naval aviation’s greatest
systemic degrader across the fleet [6].

Fatigue, mainly defined by the initiation and propagation of cracks, is a degradation
mechanism that occurs under cycling loading when the loads are considerably lower
than the strength of the material under static loads. In addition to loading,
environmental conditions such as temperature and humidity can affect the rate of
fatigue degradation.

Another significant degradation mechanism is wear, which occurs when there is
relative motion between surfaces that come into contact. Wear can manifest in various

forms, including abrasion, adhesion, erosion, and fatigue-wear.



Finally, creep is another failure mechanism causing plastic deformation under lower
loading at high temperatures. Much like fatigue, wear, and corrosion, creep is a critical
degradation mechanism that can substantially alter the structural integrity of materials
over time. The rate and intensity of such degradation phenomena can vary based on the
prevailing environmental conditions and if other degradation mechanisms are
concurrently activated. For instance, exposure to aggressive chemicals can accelerate
wear and creep mechanisms, ultimately accelerating material degradation.

There have been many research studies on the control of degradation. For example,
methods like coatings, cathodic protection, alloying, inhibitors, and passivators were
proposed for corrosion prevention [7]. Methods like surface hardening, lubrication,
protective coatings, material selection, and wear-resistant alloys were proposed for
minimizing wear. However, it is widely accepted that the degradation phenomenon
cannot be fully prevented, specifically on large scales. That is why besides the control
strategies, many industries invest in maintenance to repair or replace parts after they
reach a specific degree of degradation. In addition, sometimes maintenance costs are
much lower than prevention, making maintenance a more reasonable solution.
Therefore, in many industries, there is a need for an efficient maintenance strategy that
can ensure the safe and reliable operation of various systems.

To establish an effective and efficient maintenance strategy, it is imperative to predict
degradation behavior. Anticipating how a system or structure will degrade over time is
pivotal for planning maintenance interventions that are timely and efficient. This
predictive capability enables organizations to proactively address potential faults

before they escalate, avoiding unexpected failures and minimizing operational



disruptions. A maintenance strategy based on degradation behavior predictions
optimizes resource allocation by scheduling maintenance activities when needed,
reducing costs and down times. Accurately predicting degradation behavior enables
organizations to uphold high operational reliability, safety, and cost-effectiveness in

their maintenance operations.

1.2. Motivation

Maintenance is expensive for organizations with physical assets prone to different
degradation mechanisms. For example, it was reported that the cost of corrosion
maintenance for the US Navy from 2017 to 2020 exceeds $2 billion (just for the F/A-
18C-G fleet) [6]. If the high maintenance cost is not managed, it can harm
organizations. That is why, to reduce labor and material costs of maintenance and to
avoid costly downtime of systems, as well as catastrophic breakdowns, especially for
safety critical systems (such as aircraft), more efficient predictive maintenance
strategies are replacing traditional costly preventive and corrective maintenance
strategies.

In preventive maintenance, regularly scheduled maintenance activities are performed
(regardless of the state of health of the system) to avoid any failures in the future. For
this reason, the number and severity of failures in such a strategy are so low. However,
preventive maintenance is expensive to implement as there can be unnecessary repair
activities (i.e., costs) according to the predetermined repair schedules for the healthy
systems. This strategy requires much effort to determine the optimum time for
maintenance activities. On the other hand, unlike preventive maintenance, corrective

maintenance is unplanned and involves corrective actions (i.e., repair) for systems after
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their breakdown. Therefore, there is no effort for failure prevention in corrective
maintenance, and the maintenance cost is mainly for repair activities. This strategy is
usually selected for systems whose failures are not costly and do not cause critical
situations [8].

Predictive maintenance is a proactive condition monitoring strategy to avoid
unnecessary repairs (and their costs) and severe failures by estimating RUL or
degradation intensity and determining the best time for repair activities (or
replacement). This way, the total maintenance cost (i.e., prevention cost + repair cost)
will be minimized (although the repair cost is higher than preventive maintenance and
the prevention cost is higher than corrective maintenance), as shown in Figure 1. Thus,
the main element of a successful predictive maintenance strategy is the ability to predict
failure times based on RUL or degradation intensity, a concept otherwise known as
prognostics.

Preventive Maintenance Corrective Maintenance

Predictive Maintenance

Total Cost

Cost

Pre

%t

Number/Severity of Failures

Figure 1. Preventive, corrective, and predictive maintenance comparison

Many prognostics approaches have been broadly investigated in different industries for
various equipment [9, 10, 11] to facilitate predictive maintenance by predicting failure

times. In the last couple of years, with considerable progress in data-driven approaches,
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specifically DL methods, as well as the availability of abundant historical data
generated by IoT-based devices and sensors, data-driven models have become highly
popular in prognostics.

A well-designed data-driven prognostic framework leads to high-performance and
cost-effective predictive maintenance. However, some issues, including data scarcity
and lack of interpretability in DL models, need to be addressed in the development step
and before the implementation of such models in real-world conditions. These issues

are discussed in more detail in the next parts of this chapter.

1.3. Problem

Two main approaches in the literature for prognostics and degradation modeling are
(1) empirical models based on the physics of failure and (2) data-driven models based
on sensor measurements. However, both approaches have their limitations. Empirical
models (e.g., Paris law [12]) are obtained experimentally, usually in controlled
laboratory environments based on limited accelerated stress variables. While they
provide valuable insights, these models do not fully represent the actual degradation
process that happens in the field. The reason is that such models have been developed
after many simplifications and may exclude specific stresses in the field (e.g.,
mechanical, temperature, humidity), which can cause considerable estimation errors
[13].

On the other hand, data-driven models, particularly DL models in the form of NNs, can
incorporate a broad range of stresses and learn the complex interactions between them

(since they can fit high dimensional data). However, there are issues associated with



DL models as well. Firstly, such models often disregard the underlying physics of
degradation and merely rely on fitting the data. This means if the training dataset does
not sufficiently encompass the various conditions in the field, the model may struggle
to perform well when confronted with data points outside the training data distribution.
The root cause of this issue is that DL models often struggle with extrapolation while
they excel at interpolation tasks. Consequently, these models may suffer from poor
generalization when faced with unseen data in the field. In DL prognostics models, this
deficiency can even lead to the risk of breaking down the underlying physics of
degradation while still achieving a good fit for the available data.

Secondly, DL models usually have many parameters, requiring substantial training
data. However, collecting data from degradation phenomena, typically slow processes,
is time-consuming and expensive. This poses a challenge as obtaining a sufficient
dataset becomes difficult, hindering the model’s sufficient training.

Finally, a critical limitation of DL models is their lack of interpretability. Their black-
box nature makes it challenging to understand how input features and their interactions
influence the model's output. As a result, despite being useful for prognostics purposes,
DL models do not provide valuable insights into the individual factors' impact on the
degradation progression or offer any information about the underlying physics of
degradation. While understanding the underlying physics of degradation can help
designers to consider mitigation solutions in their designs and allow users to plan for
effective maintenance strategies. Additionally, any information about the underlying

physics helps develop future data-driven models for prognosis purposes.



In summary, when it comes to prognostic purposes, physics-based models are primarily
developed empirically and cannot account for all environmental factors. On the other
hand, data-driven models, especially DL models, can incorporate a comprehensive
range of environmental factors. However, DL models face challenges related to
overlooking the physics of degradation, the requirement for substantial data, and issues
of interpretability that must be resolved for successful implementation.

The underlying physics of degradation should be incorporated into developing DL
models for prognostics and degradation modeling to address these issues. However, the
physics governing degradation processes can be very complex, and the degradation
behavior of a system may depend on multiple interacting environmental factors. It
means empirically developed models do not represent the physics of degradation since
they often fail to account for all environmental factors. Therefore, there is a need for
an approach that discovers complex, multi-dimensional physics of degradation and
integrates it into predictions of the DL model. In this way, not only the issues of
disregarding physics and the lack of interpretability can be addressed, but also the need
for vast datasets can be rectified since adding physics imposes a constraint that narrows
down the search space for model parameters, allowing for training the model even with

limited data.

1.4. Contributions

The main contributions of this study are summarized below:
1. Previously developed physics-informed DL prognostic models incorporated
known empirical models or a general understanding of physical principles to

enhance predictive capabilities. However, none reflect the governing physics of
8



degradation in real-world conditions, as explained in the previous section. The
introduced approach in this dissertation improves this common practice by
integrating a physics discovery model directly into a predictive model.
Incorporating a physics discovery model aims to capture the complex
underlying physics of degradation that may not be explicitly described by
established empirical models or understood through general physical rules.
Besides developing a physics-informed predictive model that is cognizant of
the complex underlying physics of degradation, another major contribution of
this study is introducing a novel approach based on NN theory for discovering
the complex underlying physics of degradation in real-world conditions where
many stresses act synergically. By having the ability to consider all stresses in
the field, the proposed approach provides a comprehensive and accurate
representation of the degradation in complex systems.

The last major contribution of this study is to integrate the proposed physics
discovery model into a feature importance measurement method. Doing so
enables identifying the primary stressors that significantly influence
degradation. Therefore, the developed approach not only uses the capabilities
of NN algorithms for effective prognostics, which is a well-explored topic in
the existing literature, but also maintains high interpretability, which is a
considerable contribution. Additionally, a recursive feature elimination scheme
is implemented to exclude environmental factors without significantly

impacting degradation from the discovered physics relationship.



1.5. Objectives and Outline

The main objective of this study is to use NN algorithms to develop an integrated
framework for discovering the underlying physics of degradation from test and
environmental field data. In this study, the term "physics discovery" pertains to the
development of a NN model that maps environmental factors to degradation rate
values. The objective is to create a surrogate function that accurately represents the
physics underlying the degradation process. Since some degradations may also involve
chemical, biological or electromagnetic processes, we use the word physics generally
to represent all these processes. Importantly, the focus of physics discovery in this study
is for identifying the key environmental factors that predominantly influence
degradation behavior and exert dominance in the established relationship.

In the next step, the discovered physics guide the predictions of degradation intensity.
This framework not only exploits the capability of NNs in fitting high dimensional
data, which makes it possible to consider the impacts of all environmental factors on
degradation phenomena, but also addresses the issues of disregarding physics, data
requirement, and the lack of interpretability in such models. With this aim in mind, this
dissertation comprises six chapters, as outlined below:

e Chapter 1 of this dissertation is an introductory section encompassing
background information, research motivation, and the addressed problem in this
study. It lays the foundation for the subsequent chapters by presenting an
overview of the research’s context and what it aims to achieve.

e Chapter 2 presents an extensive literature review, focusing on previously

developed data-driven models, particularly NNs, utilized in prognostic
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applications. The chapter delves into various approaches and applications
within the prognostic domain. Additionally, it sheds light on the existing studies
on integrating physics into NN models in prognostics, offering a comprehensive
understanding of the research landscape.

Chapter 3 introduces a novel dual NN framework proposed for predicting
degradation even with limited training data using the physics discovered from
short-term test data. This chapter demonstrates the application of this approach
through a detailed case study of atmospheric corrosion in a marine environment.
Chapter 4 gives a thorough description of how the proposed dual NN
framework can be utilized to discover the underlying physics governing
degradation. Furthermore, the chapter explores how this framework can
identify and analyze the prominent environmental factors influencing
degradation behavior. In other words, this chapter focuses more on the
interpretability of DL prognostic models.

Chapter 5 discusses the results obtained from applying the proposed approach
and the verification of its effectiveness using a simulated dataset. Additionally,
this chapter critically examines the limitations of the proposed framework,
providing a balanced view of its capabilities and constraints.

Finally, Chapter 6 presents conclusions from this research study by
summarizing the contributions. It also outlines potential future research

directions, suggesting avenues for extending and enhancing the current study.
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Notably, all the codes generated for this research study are implemented in Python.
They are included in the dissertation as an appendix, ensuring the reproducibility and

transparency of the research.
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Chapter 2: Literature Review

Using NN models for predicting RUL and degradation intensity has been extensively
considered for various systems in the existing literature. However, prior research on
DL-based prognostic suffers from three critical challenges: not considering the
governing physics of degradation, data requirement, and struggling with

interpretability, all of which were discussed in Chapter 1.

The need to bridge the gap between data-driven approaches, specifically DL, and
underlying physics has driven the exploration of novel methodologies. However, only
a few studies have incorporated physics into NN models to enhance their predictive
accuracy and generalizability. This chapter provides a comprehensive overview and
synthesis of previous research efforts in this domain, shedding light on the progress
made and the existing gaps in the integration of NN and the physics of degradation for

effective lifetime prediction.

2.1. Neural Networks for Prognostics

NNs have found broad applications for prognostics based on sensor measurements.
Batteries [10], rotating machinery [9], and machining tools [14] are some examples that
have been considered in the literature for lifetime predictions by NN models.
Prognostic is mainly performed by estimating RUL or damage accumulation (i.e.,
degradation). This estimation effort is a regression problem that maps the operating
conditions to RUL or degradation intensity.

Different NN algorithms have been used for this purpose, such as feedforward NN,

convolutional NN, recurrent NN, and autoencoder [15, 16, 17]. Feedforward NNs can

13



learn complex patterns and are relatively straightforward to implement. For example,
Kang et al. [18] developed a feedforward NN for estimating RUL for turbofan engines
based on sensor measurements. Khumprom et al. [19] evaluated the impact of input
features on the performance of a feedforward NN for RUL prediction for the same
systems. Elasha et al. [20] used the same type of network for evaluating the RUL of
wind turbine gearbox bearing using some extracted features from vibration
measurements. Ismail et al. trained a feedforward NN using the extracted features by
principal component analysis to estimate RUL for insulated gas bipolar transistors [21].
Convolutional NNs are designed for processing grid-like data to learn hierarchical
representations of input data. Liu et al. [22] trained a convolutional NN to model the
RUL of bearings after a short-time Fourier transformation of collected vibrations. The
same type of NN was used by Modarres et al. [23] for the assessment of structural
damages. Aghazadeh et al. [14] used a convolutional NN for tool wear estimation. A
convolutional NN was developed by Li et al. [24] for the RUL estimation of turbofan
engines.

Recurrent NNs are designed for processing sequential data as they have internal
memory to keep information from past inputs for prediction on future inputs. A long
short-term memory network, which is a type of recurrent NN, was developed by Hu et
al. [25] to predict the degradation of mechanical parts. Zhang et al. [26] used the same
type of NN for machine tool wear prediction. Liang et al. [27] developed a recurrent
NN for the life assessment of bearings.

Autoencoders can learn meaningful representations of the input data in lower

dimensions and are used for feature learning. Verstraete et al. [28] and Ding et al. [29]
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used autoencoders for the lifetime prediction of rolling bearings. Wei et al. [30]
proposed an RUL prediction framework for Lithium-ion batteries based on an
autoencoder. Zhao et al. [31] compared different NN algorithms, such as autoencoder,
for the lifetime prediction of machining tools.

Despite significant progress in the NN applications to develop a robust NN model for
lifetime and degradation prediction, the issues of data scarcity, potential inconsistencies
with physical law, and the lack of interpretability need to be addressed. Certainly, NNs
are recognized for their reliance on large amounts of training data, and their optimal
performance depends on the accessibility of ample data - a condition rarely met in many
scenarios. So far, various strategies have been proposed to address the limited dataset
size concerning model generalization and optimization. However, further attention is
required to address this persistent challenge [32].

Furthermore, despite the promising outcomes, many companies hesitate to use NNs.
This reluctance is primarily related to the inherent black-box nature of such algorithms,
which results in a lack of interpretability. The challenge stems from an insufficient
comprehension of the model and the rationale behind specific outputs. Notably, recent
efforts have addressed this issue, but further investigations are required [16].

Finally, current research studies actively explore ways to integrate physical information
into learning algorithms, emphasizing the importance of interpretability in these
models. The focus on interpretability arises from the need to make the decision-making
processes of complex models transparent, particularly as they incorporate physical

principles. This is crucial for building trust and reliability, especially for prognostics of
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critical systems. The goal is to enhance the accuracy of predictions and provide a clear

understanding of how these models utilize data in their decision-making processes [33].

2.2. Incorporating Physics into Neural Networks for Prognostics

The main goals of embedding physics laws in data-driven models are accelerating
training (with limited data) and improving the generalization of the models.
Researchers have considered different ways of embedding physics in purely data-
driven NNs. The developed approaches can be divided into three categories:
observational biases, inductive biases, and learning biases [34]. The observational
biases approach is the most basic approach using feature engineering and data
augmentation based on physics-based models. The inductive biases approach considers
designing specialized NN architecture (usually in the form of recurrent NN) by adding
physics-based layers that embed the physical laws. The learning biases approach
imposes constraints on NN estimations by defining appropriate penalty terms
representing physical laws in the cost function. Different research studies use each of
these three approaches for the development of physics-informed models [35].

The simplest approach for integrating physics knowledge into an NN is training the
model with physics-informed input data. This method generates augmented inputs or
extracted features based on domain physical knowledge (e.g., empirical models,
simulation, governing equations) for training to incline the NN model to respect
physics. For example, Chao et al. [36] used this approach to combine physics-based
models with DL algorithms to estimate the RUL of systems. Using a physics-based
model, they inferred unobservable features through a Bayesian filter. A combination of

them and sensor readings are used as input to an NN, resulting in a DL prognostic
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model with physics-based features. Ma et al. [37] used features extracted based on
domain physical knowledge to model degradation in an electro-hydrostatic actuator
system using a long short-term memory network. The observational biases approach
has been considered more for diagnostics and fault detection than prognostics. For
instance, the same authors showed that a similar approach could be used for fault
detection and isolation [38]. In another work, using the idea of physics-informed input
data, Wang et al. [39] developed an unsupervised fault diagnosis method for bearings
by training a data-driven model on a synthetic fault dataset generated by augmenting
real vibration samples for healthy bearings based on expert knowledge. There are more
studies in this context [40, 41].

The inductive biases approach adds physics-based layers into NNs [35]. In one of the
initial studies in this area, Dourado and Viana [42] developed a physics-informed
model by embedding a physics-based model (Paris law [43]) as a layer in a recurrent
NN to estimate cumulative damage in Al 2024-T3 alloy material used in fuselage
panels of aircraft wings. In their NN model, the adopted Paris law calculates a base
crack growth in a separate cell, and then an extra crack growth because of corrosion
was obtained by a data-driven cell and added to the base value. A few years later, they
implemented the same methodology using the Walker model as the physics-based
model for crack growth rather than Paris law [44]. Yucesan and Viana [45, 46]
developed a relatively similar physics-informed recurrent NN to estimate cumulative
damage in bearing and grease for wind turbines. More research studies use the idea of

the physics-informed layer in a recurrent NN [47, 48].
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Chen et al. [49] proposed a model for fatigue life prediction by embedding well-known
physics-based models (Basquin relation and Walker model) for fatigue in some hidden
neurons of the network as the activation function. This way, besides the parameters of
the regular neurons (weights and biases), the parameters of the neurons with the
physical model activation function were trained during the training. The proposed
model showed higher accuracy for fatigue life prediction of Al 2024-T4 and AMS 5707
with a small amount of data compared with other ML models, including random forest
and support vector machine (SVM).

The learning biases approach, which was initially proposed by Raissi et al. [50] as a
physics-informed neural network (PINN), imposes constraints on NN estimations by
defining appropriate penalty terms in the form of a differential equation that represents
physical laws in the cost function, as shown in Equation 2-1, where u is the model’s
output and A is model’s parameters. The network parameters will be learned (estimated)
through an optimization effort to minimize the cost function that contains the
underlying physics equation as a penalty term (Equation 2-2), as shown in Figure 2.
This approach enables the trained model to follow the governing equations and be a
surrogate function for the equation solution [51, 52, 53]. Raissi et al. [50] originally
proposed PINN for solving challenging partial differential equations (PDE) in fluids,
quantum mechanics, reaction-diffusion systems, and the propagation of non-linear
shallow-water waves.

ur = f(u, ) 2-1

Physics penalty term = u; — f(u, 1) 2-2
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The idea of PINN applies to solving challenging differential equations and can be used
to develop physics-consistent data-driven models. When the underlying physics of
degradation is known, this approach can be used to ensure that the model adheres to
the known physics in its estimations. Considering that, PINN was later used in a very
limited number of studies to develop NN models for degradation prediction. Zhang et
al. [54] used the idea for creep-fatigue lifetime prediction at high temperatures.
However, the added physics was just a simple restriction on the estimated lifetimes.
They added a penalty term to the network cost function to force the lifetime estimations
to be in a specific range (between 0 and 10° cycles). Zhou et al. [55] added some simple
fundamental rules from fatigue degradation as the underlying physics to an NN model
to improve fatigue life predictions. Similarly, Kim et al. [56] considered a few basic
understandings, such as the irreversibility of degradation, to guide a NN. Finally,
Cofre-Martel et al. [57] used the PINN idea to explain the physics of failure based on

latent features.
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The major obstacle to using PINN for lifetime estimation purposes is the lack of
sufficient knowledge about the underlying physics of degradation. This knowledge is
often unavailable for the complex phenomena of degradation in real-world conditions,
where multiple stresses act together, affecting the rate and intensity of degradation
synergically at different levels. That is why the previous studies mainly considered just
some basic understandings of physics to guide NNs. Therefore, for lifetime prediction
under degradation, there is a need for a framework to discover the complex underlying
physics of degradation and then use the discovered physics to improve the degradation

predictions.

2.3. Research Gap

NN models have been widely used for prognostic applications. However, purely data-
driven models may overlook physical rules, potentially compromising their
generalization and reliability. As discussed before, adding physics to data-driven
models and forcing them to follow physical rules can address data scarcity and un-
interpretability issues. However, in the research domain of prognostics, only a few
studies have tried to make models physics-informed by embedding physical rules in
the algorithms. The primary impediment has been the lack of sufficient understanding
of the underlying physics of complex systems. That is why previous research studies
have mainly relied on some basic understandings of physics or empirically derived
equations obtained through experiments to integrate physics into the models.
Although such relatively simple physical equations guide and improve purely data-
driven methods to some extent, it cannot be asserted that the resulting models possess

enough awareness of the underlying physics. Even empirically derived relationships,
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which are more sophisticated, have primarily been developed after many
simplifications and within highly controlled laboratory environments that do not fully
mirror real-world conditions. Consequently, a promising research opportunity lies in
merging data-driven models with the complex underlying physics that governs the
degradation process in real operating conditions. This underlying physics can be
revealed by analyzing patterns in the data associated with the degradation mechanism.
To the best of our knowledge, there have been minimal research efforts to integrate a
physics discovery model with a physics-informed predictive model for prognostic
purposes. In this context, physics pertains to the correlation between degradation rate,
which is the first derivative of degradation intensity with respect to time, and various
environmental factors. The integration of these two models offers a high level of
interpretability. This interpretability is not only in the sense that the predictive model
adheres to the complex physics of degradation but also in how it determines the
dominant environmental factors influencing the degradation process. These factors
should be measured from the field to accurately estimate system degradation under
environmentally induced conditions. Additionally, understanding the degradation
mechanism can guide designing accelerated life/aging tests within laboratory settings

by identifying crucial stress agents that significantly impact degradation.
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Chapter 3: Predicting System Degradation with Guided Neural
Network

This chapter addresses two major challenges in DL prognostic models: disregarding
physics and the need for substantial data for sufficient training. To tackle these issues,
a dual NN framework enables physics-informed prediction of long-term degradation
intensity using limited data obtained from short-term tests. This chapter is a

reproduction of a previously published paper!.
3.1. Introduction

Evaluating the physical degradation behavior and estimating the lifetime of engineering
systems and structures is crucial to ensure their safe and reliable operation. This chapter
develops a physics-informed NN-based framework for time-efficient modeling of field
degradation using sensor measurements from short-term actual operating conditions
degradation tests. The framework comprises two NNs: a physics discovery NN and a
predictive NN. The former models the underlying physics of degradation, while the
latter makes probabilistic predictions for degradation intensity. The physics discovery
NN guides the predictive NN for better life estimations. The proposed framework
addresses two main challenges associated with applying NN for degradation
estimation: incorporating the underlying physics of degradation and requirements for
extensive training data. The effectiveness of the proposed approach is demonstrated

through a case study of atmospheric corrosion of steel test samples in a marine

! Hamidreza Habibollahi Najaf Abadi and Mohammad Modarres, "Predicting
system degradation with a guided neural network approach," Sensors, vol. 23, no.
14, p. 6346, 2023.

22



environment. Employing the proposed data-driven framework for degradation
prediction, systems safety, and reliability can be evaluated efficiently, and maintenance

activities can be optimized.

3.2. Approach

The proposed approach in this study leverages the high capacity of NNs to effectively
model complex patterns and relationships within the data. By harnessing the power of
NN, the methodology aims to discover and incorporate complex underlying physics
of degradation phenomena. The idea is that degradation mechanisms often involve
intricate processes deeply embedded within the data. So, NNs provide an avenue to
learn about such mechanisms from the data, potentially revealing hidden patterns and

fundamental relationships that underlie degradation processes.

What happens in a single hidden layer of an NN is similar to linear regression (LR).
However, an activation function o(.) is usually applied on top of the linear
transformation to introduce nonlinearity and make the network capable of learning
nonlinear patterns in the data. A layer is normally presented mathematically in the form

of Equation 3-1.

hi = O-(W’lrhi—l + bl) 3-1

where, h; is the output of hidden layer i, which is obtained after using the activation
function ¢ on the linear transformation of the output of the previous layer (hidden layer
i-1). So, W; and b;, which are the matrix of weights and the vector of biases of the

layer, are trainable parameters learned during the network training procedure. For each
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layer, the bias vector's size equals the number of neurons in the layer. At the same time,
the dimensions of the weight matrix depend on the number of neurons in the layer and
the layer before, which provided the input for the current layer. In a NN, each layer's
output is the next layer's input. Therefore, for an NN with two layers, the final output
¥ (e.g., estimation or prediction) can be written as Equation 3-2, where X is the vector

of input features of the network.
y=c(Wh(c(WIX + by)) + by) 3-2

In a supervised learning setting, the data is labeled, meaning that for each set of input
(independent variables), the output (dependent variable) is known. Considering that the
loss function is defined as the difference between the estimated output y by the network
with the actual value (label) y, usually measured in the form of mean square error (i.e.,

squared L2 norm) (Equation 3-3).

N
1
Lossysg = NZO’L’ - 9:)? 33
i=1

Figure 3 provides the overview of the training process of the proposed framework for
predicting degradation intensity. The framework contains two NNs: 1) physics
discovery NN (N, ¢) and 2) predictive NN (M, ,,). Unlike the traditional PINN, which
relies on empirical models for physics, in this approach, the physics discovery NN is
responsible for modeling the underlying physics of degradation. Operating conditions
impact the degradation rate either linearly or non-linearly, and this linear/non-linear
relationship can be captured as a regression model by the physics discovery NN. This

network is a feedforward NN with mean squared error (MSE) loss function that maps
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the operating conditions (x;, X5, ..., X,) to the degradation rate (a—Lz). Equation 3-4

shows the MSE function, where N is the number of data pomts 1s the true value of

. aD . . . . .
the degradation rate, and a—? is the estimated degradation rate which depends on input

features x, network weights w, and bias parameters 6.
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2
MSE = E [( (x w,0)); 3-4

Sensor measurements and degradation rates from short-term tests in different operating
conditions are used to train the physics discovery NN. The primary goal of the physics
discovery model is to capture the impact of operating conditions on the degradation
rate rather than temporal patterns in degradation intensity. In this approach, it is
assumed that the physics of degradation can be modeled based on the degradation rate
(first-order gradient of degradation intensity with respect to time). However, if the
degradation behavior undergoes significant changes over time [58], it is important to

consider the degradation acceleration (second-order gradient of degradation intensity
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with respect to time) or higher-order gradients in modeling the underlying physics. This

case can be a part of the future extensions of the current study.

The model’s ability to discover physics is reflected in its goodness of fit, indicating
how effectively it captures the relationship between the variables. Additionally, the
model’s capacity to discover can be further evidenced by the subsequent enhancements
to the predictive model's estimations achieved by incorporating the underlying

mechanism.

The predictive NN estimates the degradation intensity probabilistically. The
uncertainty in the estimated degradation intensity can be presented by different
parametric distributions. Assuming a normal distribution with the mean of D, and
standard deviation of Dy, the outer layer of the predictive NN has two neurons for D,
and D,. Since D, must be a positive value, the Softplus activation function, which
ensures positive output, is used for the corresponding neuron in the outer layer. Softplus
is a smooth and non-linear activation function, defined as the logarithm of the
exponential function applied to the input [59]. For the other neurons, different
activation functions can be used based on the ultimate performance of the model.
Hyperbolic Tangent (Tanh) and Rectified Linear Unit (ReLU) are the most common
activation functions for regression problems. However, some extensions of ReLU,

most commonly Leaky ReLU, were also used before.

Tanh may suffer from the vanishing gradient problem, which can impact training NNs.
On the other hand, ReLU avoids the vanishing gradient and is also computationally

efficient. However, ReLU can cause, in some instances, some neurons to become
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permanently inactive. That is why the ReLU extensions were considered before. Leaky
ReLU solves the inactive neuron issue, but its hyperparameter needs to be manually

set, which requires additional hyperparameter tuning [59].

Equation 3-5 shows the cost function of the predictive NN, which has two terms: 1)
Lgqtq for fitting the data and 2) Lpp,cs for following the underlying physics learned
by the physics discovery NN. The model is trained using the labeled data and Lg4¢,
represents the error between the estimates (i.e., the network’s output) and the observed
(true) values. Lypysics 15 @ constraint in the optimization process of the network cost
function and the scalar parameter A weights the constraint. The proposed approach aims
to achieve consistency of the predictions with the underlying physics, which is
discovered by the first NN, by minimizing Lypysics- The output of the predictive NN is
a parametric distribution, which is why the negative log-likelihood of the actual values
of degradation intensity is used as the loss term for fitting the data. In Equation 3-5, t

is time, Y represents the vector of weights, and 1 is the vector of bias parameters of the

C o oy . . aD )
network. The automatic differentiation technique [60] is used to calculate 6—;‘ term in

Lphysics~

Cost = Ldata + A X Lphysics 3-5
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The physics discovery model guides the predictive model to learn the parameters so
that they follow physics besides fitting the data. After training, only time is needed as
the input for predicting field degradation intensity, as no sensor measurements are
available regarding future operating conditions. It means the sensor measurements
from short-term tests are used indirectly to help the predictive NN to find the right
parameters for linking degradation intensity to time. So, for the prediction of
degradation intensity in the future, the only available feature is use/exposure time,

which is required as input.

The proposed approach uses two different datasets to train the two NNs. The first
dataset, used to train the physics discovery model, has sensor measurements as input
features and degradation rates as labels. However, further feature selection/extraction
and data preprocessing methods can be used as required. This dataset can be obtained
from short-term tests in various operating conditions. For example, samples of
materials from a considered system/structure can be exposed to different environmental
factors, such as temperature and humidity, within the range of its actual operating
conditions in the field, and the degradation rate for each condition be measured. Using
sensors, the environmental factors associated with degradation rates can be measured.
The degradation rate can be quantified differently depending on the considered
degradation mechanisms. For example, the degradation rate can be expressed as the

resulting mass loss rate for the corrosion mechanism.

Duration and specifications of the tests vary case by case and depend on the nature of

the systems and the associated failure mechanism. However, it is crucial to include
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critical variabilities and initial conditions that affect degradation, such as variations in
geometry and environmental conditions, in the training dataset, to ensure that the
physics discovery model represents and closely mimics the degradation process. To
include variability in initial damages in the developed model, samples with different
levels of initial degradation can be used in the short-term tests. It is worth noting that
these tests are performed under operational conditions rather than accelerated
conditions. The primary advantage of conducting short-term tests is the emphasis on
obtaining degradation rate labels, which can be promptly collected, as opposed to
measuring degradation intensity, which is time-consuming for long-term degradations.
The second dataset, which includes the exposure times as input features and associated
degradation intensities as labels, is used for training and testing the predictive model.
Similar to the first dataset, degradation intensity can be measured differently by
considering the degradation mechanism. Two examples include mass loss due to

corrosion and crack growth because of fatigue.

3.3. Case Study

The proposed framework is designed to predict the degradation in systems and
structures when there is limited knowledge about the complex underlying physics of
degradation and the impact of various operating conditions on lifetime. This case study
applies the proposed framework to the steel structure of a subsystem within an aircratft,
working in marine environments and subject to degradation due to corrosion. However,
because of the unavailability of datasets associated with the degradation of such a steel

structure, degradation in coupons made from steel is considered for the case study.
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Different parts of aircraft under high mechanical stresses during operation, such as

landing gears, are made of steel.

In this case study, we use data from the degradation of C1010 steel coupons from a
previous study [61]. The C1010 is a low-carbon steel alloy known for its high
weldability, ductility, and tensile strength. The coupons used in this study were exposed
to atmospheric corrosion in a marine environment at the U.S. Naval Research
Laboratory Key West, a testing facility situated on Fleming Key in Florida, within the
U.S. Naval Air Station. The exposures were conducted between 28 August 2014 and
28 August 2015. The coupons were 3" X 3" X 1/6" in dimension and were affixed with
two 3/16" diameter mounting holes facing south to ensure consistent mounting.
Coupons had a glass bead blasted surface. On-site environmental data were collected
from a weather station. Two datasets were gathered, one for short-term and another for
long-term exposure. The link to the datasets can be found in [62]. Some specific
information, such as the test standards used to prepare the coupons and the test
conditions and details of the instrumentation used for measurements, are unknown.

However, these details do not impact the results of the case study.

In this study, it is assumed that coupons represent simplified forms of a structure and
degradation intensity is defined as the mass loss of the coupons resulting from corrosion
over time. Mass loss was calculated as the difference between the initial mass of a
coupon and its final mass after removing the corroded mass. Thus, the initial and final

mass was recorded before exposure and at the designated checkpoints for each coupon.
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The first dataset contains operating conditions and degradation measurements for 72
coupons with no initial damage in the field between 24 to 36 days. The operating
conditions, including temperature, humidity, and solar radiation, were collected every
30 minutes, as shown in Figure 4, and the mass losses were recorded before removing
the coupons (i.e., 72 data points). Figure 5 shows the distribution of the calculated
degradation rates using this dataset. The second dataset is similar to the first dataset,
except that the coupons were kept in the field for one year and the mass loss
measurements were collected cumulatively at the end of each month, as shown in

Figure 6.
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Figure 4. Measured operating conditions
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Figure 6. Mass loss (i.e., degradation intensity) of coupons

The first dataset (i.e., short-term degradation data) is used to model the underlying
physics by the physics discovery NN. The second dataset (i.e., cumulative degradation
data for a whole year) trains and tests the physics-guided predictive NN. Different
initial observations of cumulative degradations in the second dataset are used to train
the predictive model, while the remaining observations are used to test the predictive

model’s performance.
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Twelve features, including means and standard deviations of air temperature (°C),
relative humidity (%), and total radiant exposure (KJ/m?) as well as their gradients
with respect to time over the month before each mass loss measurement are used as
inputs for the framework. Because of the high dimensionality of the feature space and
considering the size of the dataset, a dimension reduction technique is used to extract
influential features in a lower dimensional space. There are different methods for data
dimension reduction, such as principal components analysis (PCA) [63], t-distributed
Stochastic Neighborhood Embedding [64], and autoencoders [65] that can be used.
However, to avoid complications of data preprocessing, which is not in the scope of
this study, the straightforward linear PCA is considered. Using the PCA as an effective
method for reducing the number of input features, the twelve environmental features
were reduced into only two to avoid the need for a large network with many parameters.
The two extracted features are linear combinations of the twelve original features,
representing a significant fraction of the variance. The first two principal components,
with a total variance ratio of around 0.8, retain most of the relevant information. It is
worth mentioning that the first three principal components reflect a total variance ratio
of above 0.9. However, using the three principal components did not improve the model

performance, so the first two principal components were considered in the analysis.

An NN with a hidden layer containing four neurons is trained to model the degradation
rate (i.e., mass loss rate) based on the first two principal components. The optimal size
for the NN is selected based on the size of the dataset and by trial and error [66]. For
larger datasets, deeper NNs can be used [67]. The Tanh activation function is used in

the NN as it showed desirable model performance in this case study. The goodness of
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fit is assessed using the mean absolute error (MAE) and the mean absolute percentage
error (MAPE) of the estimates. The model produces an MAE of 0.0004 and a MAPE
of 0.13, indicating a relatively good fit. The inaccuracies in the estimates may be due
to the complexity of the corrosion degradation phenomenon, which depends on many
conditions beyond the three conditions considered here. Therefore, it may not be
possible to estimate the corrosion rate solely based on these factors accurately.
Nevertheless, the model still partially learns the underlying physics relationships
between the inputs and the output of the NN. This acquired knowledge can be valuable

in guiding the development of a more accurate predictive model in the next step.

To guide the predictive model to achieve physics-consistent estimates and limit the
search space for its parameters, the physics discovery model is incorporated into the
training process of the predictive model. Figure 7 compares the degradation predictions
made by the guided neural network (GNN) with those made by a regular NN for
different portions of training data. The dashed lines represent the distance of 2 X D,

(the standard deviation of degradation intensity) above and below D, (the mean

degradation intensity), which corresponds to a 95% confidence interval for the
estimates. Both networks have the same structure: a one-dimensional input layer
(representing time), one hidden layer of six neurons with Tanh activation functions,
and two neurons at the output layer for the parameters of the probability density
function of the degradation intensity (D, and D) with linear and Softplus activation
functions. The only difference between the two NN is in their cost functions, where
the GNN’s cost function includes a term that accounts for the physics of degradation

(Lphysics in Equation 2). A weight of 10° is considered for the physics term (1 = 10°).
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Figure 7. Comparing estimations of GNN with regular NN for different portions of

training data: (a) 2 months; (b) 3 months; (c) 4 months; (d) 5 months

The only input for both GNN and regular NN is time. However, the GNN is trained so
that the estimated degradation intensities conform to the discovered physics (i.e., Ny, g)
during the training. For this purpose, 200 random data points (collocation points) are
generated from uniform distributions within the sensor measurements range in the first
dataset. These data points are then fed into the network to adjust the network parameters
by forcing the model to make the automatic differentiation of the mean of the estimated
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distribution for degradation intensity (i.e., a—t") close to the expected value determined

by the physics discovery model (i.e., aa—li) for each of the collocation data points. This
is achieved by minimizing the penalty term for the physics in the cost function (i.e.,

Lphysics)-

Comparing the predictions of the two NNs for the test data (i.e., the green data points
in Figure 7) reveals that guiding the NN significantly improves its performance. In the
case with limited training data (Figure 7a and b), the regular NN overfits the training
data points and fails to learn the underlying pattern. However, the GNN provides

relatively acceptable estimates for long-term degradations.

Increasing the initial observation time (i.e., the portion of training data shown by blue
dots in Figure 7) results in more accurate estimations. Observing the initial degradation
intensities for the first four months, the predictions of the GNN are excellent, while the
regular NN shows significant errors and requires at least 5 months of training data to
generate close estimations of the actual values, as demonstrated in Figure 7c and Figure

7d, respectively.

To further evaluate the performance of the proposed method, its prediction accuracy is
compared to other machine learning (ML) techniques, including support vector
regression (SVR), LR, and polynomial regression (PR) (See Table 1). Non-linear
models of PR and SVR with polynomial kernel function show the worst performances,
as shown in Figure 8. Although they represent a good fit for the training data, their

estimates for the test data points are considerably inaccurate.
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Table 1. Considered models for comparison with the GNN.

# Model Specifications

1 SVR Linear kernel, C=0.1, €=0.05

Polynomial kernel, degree 2, C=0.1,

2 SVR
€=0.05
3 LR Least squares method
4 PR Degree 2, Least squares method

Linear models, including LR and SVR with linear kernel, perform better than the non-
linear models. However, they cannot consistently predict the degradation intensities
with accuracy. This is because the degradation phenomena have a highly non-linear
nature, which makes the linear models perform well only on certain parts of the period
(e.g., the middle portion in Figure 8d). In addition, when the training data is limited,

their estimates differ significantly from the actual values, as shown in Figure 8a.
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Figure 8. Comparing degradation prediction by different machine learning models for

different portions of training data: (a) 2 months; (b) 3 months; (c) 4 months; (d) 5

months

Table 2 presents the goodness of fit to the test data for the considered models with

different observation times (i.e., training data), allowing for a comparison of their

performance in predicting the degradation intensity. Four evaluation metrics are used:

MAE, maximum error (ME), MAPE, and R?, which are calculated using Equations 3-

6 to 3-9, where D is actual degradation intensity, D is estimated degradation intensity,
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N is the number of data points, D is the mean of the actual values of degradation

intensity, and v is a small positive number to avoid undefined function when D is zero.

Table 2. Metrics for quantifying the quality of degradation predictions (test data)

Training

data Model MAE ME MAPE R? score
SVR (linear) 0.257 0.387 0.535 -2.450

SVR (poly) 0.995 3.100 1.725 -93.357

> months LR 0.135 0.215 0.285 0.030
PR 0.383 1.094 0.681 -11.801

Regular NN 0.335 0.539 0.683 -5.042

GNN 0.095 0.170 0.227 0.520

SVR (linear) 0.115 0.185 0.236 0.05
SVR (poly) 1.667 4.553 2.902 -315.067

3 months LR 0.047 0.130 0.102 0.776
PR 0.767 1.871 1.372 -58.94

Regular NN 0.206 0.347 0.394 -2.157

GNN 0.059 0.109 0.119 0.723

SVR (linear) *0.084 0.152 0.166 0.163
SVR (poly) 1.303 3.287 2.242 -284.497

4 months LR 0.048 0.108 0.095 0.697

PR 0.238 0.589 0.417 -8.231

Regular NN 0.134 0.217 0.249 -1.042

GNN 0.032 0.075 0.068 0.849

SVR (linear) 0.060 0.142 0.107 0.136
SVR (poly) 1.149 2.626 1.958 -324.905

s months LR 0.069 0.162 0.123 -0.166
PR 0.335 0.726 0.578 -25.327

Regular NN 0.064 0.108 0.116 0.199

GNN 0.036 0.088 0.068 0.704

I B S
MAE(D,D) = Nlei — Dy 3-6
i=1
ME(D,D) = max (|D; — D) 3-7
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Among the considered models, GNN exhibits the best performance, although for one
of the cases (3 months of observation) LR shows a slightly better fit based on three of
the parameters (MAE, MAPE, and R?). However, the ME of the GNN is still lower
than the LR model, which means even for this specific case LR estimations are worse
than GNN for some parts of the period. It should be noted that LR is a linear model and
not suitable for modeling physical degradation progress due to its disability to capture
non-linearity. The good performance of LR observed for some cases (e.g., 3 months
and 4 months of observation cases in Table 2) is likely due to the low level of non-
linearity of the cases considered for the specific period (1 year). However, collecting
degradation data over a longer time (more than a year) would likely result in a higher
non-linearity and can underline the weakness of LR more clearly. On the other hand,

GNN's ability to learn non-linear patterns in the data is evident from Figure 8.

The models considered in this study exhibit good fits to the training data for all cases,
except for the 2-month observation data, as shown in Table 3. This indicates the
potential for overfitting for the models with low performance on the test data. GNN
exhibits the worst fit for the training data yet performs the best on the test data. This

suggests that the GNN model does not overfit the training data. In contrast, the other
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models exhibit lower performance on the test data than on the training data, indicating

overfitting.

Table 3. Metrics for quantifying the quality of fitting degradation data (training data)

Training

data Model MAE ME MAPE R? score
SVR (linear) 0.022 0.047 0.291 0.200
SVR (poly) 0.022 0.047 0.291 0.200
2 months LR 0.022 0.057 0.270 0.283
PR 0.022 0.057 0.270 0.283
Regular NN 0.022 0.057 0.269 0.283
GNN 0.0307 0.089 0.289 -0.655
SVR (linear) 0.022 0.047 0.252 0.657
SVR (poly) 0.020 0.047 0.233 0.681
3 months LR 0.020 0.061 0.213 0.705
PR 0.018 0.057 0.210 0.729
Regular NN 0.020 0.062 0.220 0.688
GNN 0.021 0.076 0.195 0.632
SVR (linear) 0.025 0.050 0.244 0.808
SVR (poly) 0.023 0.050 0.221 0.831
4 months LR 0.021 0.064 0.181 0.864
PR 0.020 0.059 0.183 0.871
Regular NN 0.021 0.067 0.185 0.853
GNN 0.024 0.098 0.191 0.757
SVR (linear) 0.029 0.070 0.219 0.875
SVR (poly) 0.030 0.061 0.219 0.871
5 months LR 0.025 0.074 0.166 0.893
PR 0.025 0.061 0.172 0.907
Regular NN 0.027 0.081 0.172 0.881
GNN 0.029 0.103 0.195 0.849

Finally, although in this case study the performance of the GNN on test and training
data is evaluated to demonstrate the proposed approach’s capability for predicting
degradation intensity, there are other approaches, such as the formal methods described
in [68, 69] that can be employed to validate the model. Considering these approaches

can benefit the future extensions of this study.
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3.4. Conclusions

NN models used for degradation prediction are purely data-driven approaches and may
not accurately predict degradation when insufficient data exists. Furthermore, they do
not consider the underlying physics of degradation. This chapter proposes a GNN
framework for incorporating complex physics to facilitate physics-consistent
prediction of field degradation with limited data. The proposed method is a dual NN
framework consisting of two NNs for discovering the underlying physics and
predicting degradation intensity. The physics discovery NN relies on environmental
factors such as temperature and humidity affecting the degradation rate. Therefore, the
underlying physics can be discovered by modeling the degradation rate based on the
data obtained from short-term tests and be added as a penalty term to the cost function
of the predictive NN for estimating degradation intensity. The predictive model can be
trained with limited data by respecting the discovered physics as a constraint that limits
the search space for the model parameters. Further, fitting the data and following the

physics simultaneously makes the model generalize well for unseen field data.

The performance of the proposed framework is evaluated through a case study of the
atmospheric corrosion of steel coupons as simplified forms of a structure. The results
indicate the potential of the proposed GNN for predicting long-term degradations based
on limited observations of the initial degradation intensities. At the same time, other
ML models may overfit the data. The proposed approach enables the efficient
evaluation of the lifetime of systems and structures, thereby ensuring their safety and

reliability as well as minimizing their maintenance costs. Accurate lifetime estimation
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allows for appropriate risk management measures to prevent accidents and ensure
reliable functionality. Additionally, optimized predictive maintenance can be

implemented to avoid unnecessary repairs and unexpected downtimes.

Finally, it is important to acknowledge the limitations of the proposed framework.
Firstly, the framework requires degradation data for training purposes, albeit less data
than a regular NN. However, collecting such data can be time-consuming and
expensive as degradation is often a slow process. Also, the framework primarily
focuses on degradation. However, potential failures may occur in the field due to
discrete over-stress conditions rather than gradual and temporal degradation. Lastly,
systems may involve high variations and uncertainties in their degradation behaviors
in real-world situations, depending on their operating conditions. These variations may
exist even in identical systems. This approach has not considered these variations and
the resulting uncertainties in the degradation predictions. Such assessments can be

viewed as future extensions of this work.
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Chapter 4: Discovering the Underlying Physics of Degradation

The configuration of the proposed dual NN framework can be adapted based on the
objectives and available data characteristics. Considering that two distinct scenarios

can be explored:

e Scenario 1: The main objective is to add physics to predictions to improve the
accuracy and generalization of the model and enable sufficient training with

limited data.

e Scenario 2: The main objective is to discover the underlying physics of
degradation and identify dominant environmental factors with significant

effects on degradation.

The first scenario considers the two issues of disregarding physics and data
requirements, while the second scenario is related to providing interpretability in DL

prognostics models.

The first scenario was explored in Chapter 3 where degradation rate labels were
collected from short-term tests and then were used for the separate training of a physics
discovery NN. This NN model was later used to guide predictions of a predictive NN.
It is worth mentioning although the physics discovery NN guides the predictive NN for
more accurate estimations, it does not provide any information regarding the dominant
environmental factors and their effect on the progress of degradation (because of lack
of interpretability). This issue is considered in the current chapter. So, this chapter

focuses on the second scenario and adapts the framework for discovering the
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underlying physics of degradation and identifying dominant environmental factors by
integrating the dual NN framework with a feature importance measurement method.

This chapter is a reproduction of a previously published paper?.

4.1. Introduction

Although DL models have shown promising performances on RUL estimation, their
black-box nature hinders understanding the effects of inter- and intra-environmental
factors and their interactions on the degradation process (i.e., physics of degradation).
Understanding these effects, specifically for complex systems where many factors may

act synergically, is essential during the design and operation stages.

This chapter proposes a DL-based approach to discover the complex interacting
phenomena that underlie the physics of degradation from the observed field data and
shows how the discovered physics can be added to data-driven prognostics models for
better estimations. The proposed approach consists of two NNs: the predictive and
physics discovery networks. These NNs are trained simultaneously in a supervised
setting using a customized cost function. The former network models the intensity of
the complex interactive degradation phenomena, while the latter discovers the
underlying physics from the observed reliability tests and environmental field data. The
discovered physics is a nonlinear relationship between many environmental factors that

affect the degradation rate. This relationship can be further simplified using a recursive

2 Hamidreza Habibollahi Najaf Abadi and Mohammad Modarres, "A deep learning
approach for discovering the underlying physics of degradation for data-driven
prognostics," in 70th Annual Reliability and Maintainability Symposium,
Albuquerque, New Mexico, USA, 2024.
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feature elimination strategy. This way, the dominant environmental factors are
identified. Finally, the application of the proposed approach is shown through a case

study.

4.2. Approach

The proposed approach assumes the physics of degradation can be represented by the
relationship between degradation rate (i.e., the first-order gradient of degradation with
respect to time) and effective environmental factors. The basis for this assumption is
that the applied stresses to a system affect its degradation rate rather than degradation
intensity. For instance, environmental factors such as temperature and relative humidity
directly impact the pit growth rate in pitting corrosion. Therefore, determining the
dimensions of the pits solely based on instantaneous environmental factors is not
feasible. Based on this assumption, discovering the underlying physics of degradation
involves determining a function that links the degradation rate to influential
environmental factors. Considering that system RUL represents degradation intensity
in systems, Equation 4-1 shows the relationship for the underlying physics of
degradation, where S, is the environmental factor measurement collected by the sensor

n, and f is the function that links the degradation rate to sensor measurements.

e = (51,55, 1 Sn) 4-1

Figure 9 illustrates the proposed approach for discovering the underlying physics of
degradation. This approach has two main parts: (1) a dual NN framework that models

the underlying physics of degradation and (2) a feature importance measurement
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method that evaluates and ranks environmental factors according to their significance
in influencing the degradation process. In addition to identifying the impactful factors,
arecursive feature elimination is employed to remove the factors with negligible effects
on the degradation. The rest of this section describes the two main parts of the proposed

approach in more detail.

Recursive feature elimination
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Figure 9. Proposed approach for discovering the underlying physics of degradation

4.2.1. Dual neural network framework

The dual NN framework consists of two interconnected NNs working together to
discover the physics of degradation based on the environmental factors measured by
sensors: (1) predictive network N, ¢ and (2) physics discovery network My, ,. The
predictive network maps time and sensor measurements to RUL, making it possible to
calculate the first-order gradient of RUL with respect to time (i.e., degradation rate)
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through automatic differentiation [70]. The calculated degradation rate for each data
point (i.e., sensor measurements) is considered a label for the same data point to train
the second network (physics discovery network). Both networks are trained
simultaneously in supervised settings by minimizing a custom-designed cost function,

shown by Equation 4-2, where RUL and RUL are actual and estimated RULs by the

predictive network, respectively. ( ) ap is the calculated gradient of RUL using

automatic differentiation of the predictive network and ( alt] ) is the estimated gradient

of RUL by the physics discovery network. A represents a weight coefficient. Finally, N

is the number of data points in the training dataset.

ORUL

o0 a0~ 5 ) 4-2

ARULy
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After sufficient training of the framework, the physics discovery model M, ,, describes

the underlying physics of degradation f based on our assumption that physics can be
represented by the relationship between the system’s internal and external
environmental factors and degradation rate. In other words, the physics discovery
model is a regression model that represents how environmental factors impact the
degradation rate. This model is in the form of an NN. More details about the

mathematical form of NNs can be found in the literature [71].

Minimizing the first term of the cost function leads to a close estimation of RUL by the
predictive model. Minimizing the second term makes the physics discovery model
output close to the gradient of the estimates obtained from the predictive model. It

means the correctness of the labels of the training dataset for the physics discovery
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model depends on the accuracy of the estimations made by the predictive model. Thus,
to ensure the discovered physics by the second network is accurate, both cost function

terms should be minimized effectively.

4.2.2. Feature importance measurement

Although the physics discovery model represents the underlying physics of
degradation, it does not clarify which environmental factors cause dominant stresses
and significantly impact degradation behavior. In other words, the physics discovery
model maps all provided input features (i.e., environmental factors measured by
sensors) to the degradation rate, even though certain input features may have minimal
effects on this rate. Therefore, an advanced feature importance measurement
mechanism is required to quantify the significance of each environmental factor's effect

precisely.

SHapley Additive exPlanations (SHAP) [72] is a powerful method for explaining the
contribution of each feature to a model’s final output. This method is inspired by
cooperative game theory, where the SHAP value determines each player’s contribution
to a game outcome by dividing the rewards among all players [73]. In ML, this idea is
applied by treating each feature as a player, and the SHAP value is utilized to quantify
the influence of each input feature on the output. The SHAP method assesses the
model’s output for all possible feature combinations and determines each feature's
effect when used in conjunction with others. Consequently, a SHAP value is computed

as the average contribution of the feature across all possible feature combinations
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minus the average contribution when the feature is absent. This value is assigned to

each feature, representing its importance.

4.3. Case Study

In this case study, the FD0OO1 sub-dataset from the benchmark dataset C-MAPSS [74]
is used to showcase the practical application of our proposed approach. This dataset
has been widely considered for evaluating DL models for RUL estimation [24]. FD0O1
consists of measurements of 27 different sensors from simulated run-to-failures of 100
aircraft engines. The simulation assumes different levels of initial degradation for the
engines. Readers are referred to the explanations provided in [75, 76] to understand the
dataset's creation and simulation process. Previous studies have demonstrated that out
of the 27 sensors, only 14 yield statistically significant measurements for RUL
prediction, while the remaining sensors seem to lack relevance [76]. Accordingly, these

14 sensors were exclusively used for the present case study.

Figure 10 shows the data allocations and how the dataset was used to train and test the
developed models. The collected sensor measurements for 50% of the engines (50
engines out of 100 engines), which were selected randomly, were used to discover the
underlying physics of degradation. The collected measurements from the remaining
engines were used for validation to show how incorporating the discovered physics into

a purely data-driven NN can improve its generalization and performance.
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Figure 10. Data allocations for the case study

Both NN of the physics discovery framework were designed with a common structure,
comprising four layers, each with 10 neurons and utilizing the Tanh activation function.
The optimal structures and activation functions for the NNs in this study were selected
by trial and error to achieve the highest performance. The dual network framework was
trained for 5000 epochs with a learning rate of 1073, Goodness-of-fit results for both
networks on the training and test datasets are presented in Table 4. Three metrics of
MSE, MAPE, and R? were used for quantifying the goodness-of-fit. Based on the
relatively good fit observed from the calculated metrics, it can be inferred that the
physics discovery model effectively captures the relationship between environmental

factors and degradation rate, reflecting the underlying physics of degradation.
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Table 4. Goodness-of-fit of the dual NN framework on training and test datasets with

the measurements of 14 sensors.

Model Dataset | MSE | MAPE | R?Z

Predictive | Training | 9.82 0.17 | 0.90
model Test 13.62 | 0.21 | 0.82
Physics | Training | 0.04 | 0.12 | 0.99

discovery
model Test 0.07 | 0.15 | 0.99

To validate the ability of the physics discovery model to represent the underlying
physics of degradation, we evaluated the improvement achieved by incorporating the
discovered physics into a purely data-driven model trained on the validation portion of
the dataset. For this purpose, an NN with four layers, each consisting of ten neurons
with Tanh activation function, was considered for RUL estimation. The NN was trained

for 5000 epochs with a learning rate of 1073.

Figure 11 compares actual RULs versus estimated RULs for both models before and
after incorporating the discovered physics. The purely data-driven model demonstrated
a better fit to the training dataset than the physics-informed model. However, for the
test dataset, the performance of the purely data-driven model decreased considerably,
while the physics-informed model maintained its effectiveness. This shows how
incorporating physics allows the model to generalize better and avoid overfitting the
training dataset. Additionally, the two models were compared quantitatively using three
metrics: MSE, MAPE, and R?. Table 5 presents the results, showing that adding

physics to the model enhances its robustness across all metrics.
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Figure 11. Comparing actual RUL with estimated RUL by physics-informed and

purely data-driven model for training and test datasets

Table 5. Comparing goodness-of-fit by physics-informed and purely data-driven

models for training and test datasets (using 14 sensor measurements)

Model Dataset

MSE | MAPE | R?

Training

10.30 | 0.17 | 0.89

Physics-informed model

Test 1472 | 0.27 | 0.79
Purely data-driven model Training | 3.54 | 0.06 | 0.98
Test | 20.18 | 0.28 | 0.61

The accuracy of the physics discovery model and its impact on improving estimations

of a purely data-driven model trained on the validation dataset determines its ability to

discover and represent physics. However, the physics discovery model lacks the ability
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to identify which environmental factors predominantly influence degradation behavior.
To address this ambiguity, the SHAP method is employed, which ranks the

environmental factors based on their significance in influencing the degradation rate.

Figure 12 illustrates the results of applying the SHAP method to the physics discovery
model. Figure 12a shows SHAP values for sensor measurements (i.e., model feature
values). It explains which sensor measurements push the RUL prediction higher
(positive SHAP values) and which pull it down (negative SHAP values). Moreover, the
magnitude of the SHAP value indicates the strength of the measured environmental
factor’s impact on the prediction. Figure 12b shows the average of the SHAP values
for all measurements for each sensor separately. These results highlight certain
environmental factors, such as those measured by sensors 15, 14, and 21, have
considerable effects on the progression of degradation. On the other hand, some other

factors, like the one measured by sensors 11, 2, and 12, have minimal impacts.
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By leveraging the impact significance obtained from SHAP, it becomes possible to
identify and eliminate irrelevant environmental factors to the degradation mechanism.
These factors have a low impact on the model's output. The elimination process was
performed recursively, assessing the drop in the performance of the physics-informed
model after each factor was removed. The results revealed that considering only the
first 6 important factors, the model's performance remains nearly unchanged compared
to all 14 factors, as demonstrated in Table 6 (i.e., eliminating 8 less important factors
does not impact the model’s performance considerably). However, reducing the
analysis to consider the first 5 important factors leads to a poor fit, and the model fails
to capture the nonlinear patterns in the data. These results show how SHAP can be
instrumental in understanding the impact of environmental factors and simplifying the
underlying physics relationship. A more precise and effective model can be developed

by focusing on the dominant stresses and disregarding irrelevant factors.

Table 6. Effect of the number of considered factors on the performance of the physics-

informed model

Number of considered factors | Dataset | MSE | MAPE R?
14 Training | 10.30 0.17 0.89
Test 14.72 0.27 0.79
10 Training | 10.67 0.17 0.88
Test 15.07 0.26 0.78
2 Training | 10.57 0.17 0.89
Test 14.65 0.27 0.79
6 Training | 11.05 0.18 0.88
Test 14.40 0.25 0.80
5 Training | 32.03 1.60 0
Test 32.55 1.71 0
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4.4. Conclusions

DL prognostic models for RUL prediction fit the data as a black-box regression model.
Although they may perform highly in degradation modeling and RUL prediction, they
do not provide any information about the underlying physics of degradation and the
dominant stresses that have crucial roles in degradation progression. Therefore, there
is a need for an approach that can reveal the underlying physics of degradation by
considering the impact of all environmental factors and their interactions. Assuming
the relationship between the influential environmental factors and degradation rate can
represent the physics of degradation, this chapter proposed an approach utilizing a dual
NN framework and a feature importance measurement tool to discover the underlying
physics of degradation. The method was applied to a benchmark dataset as a case study
to showcase the effectiveness of this approach. The results demonstrated that
integrating the discovered physics into a DL prognostic model significantly improved

its performance.

The proposed approach offers valuable benefits to designers, enabling them to
incorporate appropriate preventive and mitigation strategies into their designs. By
integrating these strategies, designers can ensure enhanced reliability and longevity of
their products or systems, reducing the risk of failures and downtime. Furthermore, this
approach gives users insights into the underlying physics of degradation. Armed with
this understanding, users can devise optimized maintenance strategies and minimize
the need for costly repairs or replacements. Moreover, the discovery of fundamental

physics through this approach holds immense promise for improving the efficiency and
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robustness of future DL prognostic models. By leveraging the knowledge gained from
understanding the physics of the system, prognostic models can make more accurate
predictions, enabling timely interventions and preemptive measures to avoid or

mitigate potential failures.
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Chapter 5: Discussion, Verification, and Limitations

In this chapter, the proposed approaches are verified using a simulated dataset with
known underlying physics (unlike the previous chapters, in which the underlying
physics in the used datasets was unknown). Also, the limitations of the proposed

approach are critically discussed.

5.1. Verification

Veritying the proposed approaches involves demonstrating their ability to discover
known underlying physics of degradation. It seeks to answer whether the proposed
approaches can explain which environmental factors have a major impact on the
degradation behavior of the system. Previously, it was shown the discovered physics
improves the prediction of degradation intensity. Chapters 3 and 4 present evidence
that integrating the discovered physics into the predictive model enhances accuracy and

generalizability.

However, two datasets with unknown underlying physics of degradation were used in
previous chapters (i.e., corrosion degradation in steel coupons and degradation in
aircraft engines). So, to verify and demonstrate the approaches’ ability to discover the
physics of degradation, a dataset is generated from a hypothetical physical rule to
evaluate the approaches’ performance in discovering physics for the scenarios
described in Chapters 3 and 4 (i.e., scenario 1- degradation rate labels are available and
scenario 2- degradation rate labels are not available). For more clarifications on the two

considered scenarios, see the beginning of Chapter 4 of this dissertation.
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Figure /3 shows the considered procedure for generating the verification dataset.
Initially, a set of random points Sy, S,, ..., Sy, representing different environmental
factors measured by sensors, is generated from known parametric distributions
p1(0),p,(0), ..., p,(8). Then, the degradation rate associated with the generated data
point is calculated using the assumed relationship for the underlying physics of
degradation (Equation 4-1). Alternatively, the degradation rate can also be derived from
a known distribution, and one of the environmental factors can be calculated using the
considered underlying physics of degradation. Finally, the environmental factors serve
as features and the degradation rate is the corresponding label for the generated data

point. This procedure can be iterated until the desired data points are attained.

Repeat to generate required number of data points

Random point Generated data point
S1~p1(60) Underlying physics Feature 1 | Feature 2 Featuren | Label
S,~p,(6) oD

2 pz E= f(SllSZl "'ISn) S1 S, S aa_[t)
Sn~pn(0)

Figure 13. Dataset generation procedure

For the verification of the proposed approaches, it is assumed that seven environmental
factors are collected by seven sensors (i.e., Sy,S,, ..., S7). However, any number of
environmental factors can be considered as NNs could fit high-dimensional data, as
discussed before. For each set of sensor measurements, degradation rates can be

calculated based on the assumed relationship for the underlying physics of degradation.
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Equation 5-1 represents the considered hypothetical relationship for the underlying
physics of degradation. It is assumed that the degradation rate is mainly influenced by
S1 and S, and other environmental factors have a minor impact. Parameters a, b, and

c are constants set to 0.5, 2, and 0.001, respectively.

aD
E:aXLn(Slz)+bX51XS7+CX(52+S3+S4+55+56) 5_1

To have more control over the range of degradation rates, an alternative procedure was
followed by sampling the degradation rate from a known distribution and then
calculating the last environmental factor S; from the underlying physics of degradation.
Degradation rates were randomly drawn from a uniform distribution with a minimum

value of 0 and a maximum value of 10.

Table 7 provides an overview of the distributions for generating data points for each
environmental factor. Also, it needs to be mentioned S; and Sy are generated from a
multivariate normal distribution with a covariance of 150. This was done to evaluate
the performance of the proposed approaches in dealing with correlated features.
Finally, it is worth mentioning these distributions are inspired mainly by real-world
environmental factors.

Table 7. Assumed sensor measurements for validation dataset

Sensor Distribution Inspiration factor
S1 N(u =250 =10) Temperature
S, Npu=70,0=15) Relative humidity
S3 Nu=7,0=2) pH
S Nu=10,0 = 2) Wind speed
Ss U =0, 0 =360) Wind direction
Se N(u=100,0 = 10) Solar radiation
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5.1.1. Scenario 1: Degradation rate labels are available.

The proposed approach discussed in Chapter 3 of this dissertation focuses on enhancing
the prediction of degradation intensity by leveraging the underlying physics of
degradation. This chapter presents an approach that involves training an NN (referred
to as the physics discovery model) separately using available data with degradation rate
labels. The physics discovery model aims to establish a relationship between
environmental factors and degradation rates. This physics discovery model is later
incorporated into the predictive model to enhance predictions based on physics-
informed insights. The verification goal is to assess the capability of the physics
discovery model to capture the relationship between environmental factors and

degradation rates.

An NN model with two hidden layers of eight neurons and the ReLU activation
function was trained to map the sensor measurements to degradation rates, aiming to
serve as a surrogate model for the underlying physics, as described in Equation 5-1.
MSE of 0.042 and MAPE of 0.091 on the test dataset represents acceptable fit of the
model. It is noteworthy that evaluating the performance of different NN architecture
falls outside the scope of this dissertation. While alternative structures may perform

better, the employed architecture demonstrates reasonable accuracy.

Chapter 3 used an NN model as a physics discovery model and integrated it into a
predictive model for more accurate physics-informed predictions. To show the model

has effectively captured the underlying physics of degradation, it should represent the
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impact of environmental factors on the degradation process (the substantial impact of

S1 and S, for the current dataset).

Upon measuring feature importance through the SHAP method, it becomes evident that
the model has successfully grasped the dominance of S; and S, in the degradation

process. Refer to Figure 14 for a visual representation of this observation.

SHAP values quantify the individual contribution of each feature to the prediction of a
specific data point compared to the average prediction. Figure 14 illustrates the SHAP
values corresponding to each feature across all data points in the dataset. This serves
as a metric, summarizing the average influence of that feature on model predictions
throughout the entire dataset. A high mean of SHAP values for a specific feature
suggests a substantial impact on the model's output, while a low mean of SHAP values

indicates a comparatively smaller influence.
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Figure 14. Average of SHAP values for the validation dataset based on separately
trained model (scenario 1)
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5.1.2. Scenario 2: Degradation rate labels are not available.

The approach proposed in Chapter 4 of this dissertation is designed to discover the
physics of degradation by determining the relationship between environmental factors
and degradation rates in cases where explicit degradation rate data is lacking in the
dataset. The approach involves training two NNs: a physics discovery NN and a

predictive NN, simultaneously minimizing a custom-designed cost function.

To demonstrate the ability of this approach to discover the physics of degradation, the
validation dataset without degradation rate labels is used. Two NNs with the same
structures (two hidden layers with eight neurons and ReLLU activation functions) are
trained simultaneously. The first NN, called the physics discovery NN, is responsible
for mapping environmental factors to degradation rates. Given the absence of
degradation rate labels, automatic differentiation of the output of the second NN (the
predictive model), which links time and environmental factors to degradation intensity,
is used as labels for training the first NN, as shown in Figure /5. Both models fitted the
data relatively good considering the MSE of 421 and MAPE of 0.031 for the predictive
model and MSE of 0.801 and MAPE of 0.188 for the physics discovery model on the

test dataset.
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Predictive Network Physics Discovery Network
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Figure 15. Training of the proposed dual NN framework when degradation rate labels
are not available

To evaluate the physics discovery model’s ability to grasp the underlying physics, the
SHAP method is applied to quantify the influence of environmental factors on the
degradation process. A SHAP value for a feature is calculated by considering all
possible combinations of features and measuring the average change in the model’s
output when a specific feature is included, compared to when it is excluded. Therefore,
the mean of SHAP values for each feature summarizes the expected influence of that
feature on model predictions throughout the entire dataset. Considering this metric, S;
and S; measurements were correctly identified as the most influential features, as
shown in Figure 16. The errors pertaining to the relative importance of other factors
stem from the challenge of assessing the influence of the factors on degradation rate
without access to degradation rate labels, relying solely on degradation intensity labels.
While the proposed approach makes it possible, it is important to note that some errors

may still be inevitable.
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Finally, the values shown in Figure 16 represent the relative importance of features,
enabling the comparison of their respective impacts on the degradation rate. However,
it cannot identify the main influential factors in one shot. That is why multi-step
recursive feature elimination was proposed in Chapter 4. Using a recursive feature
elimination scheme helps remove unimportant factors one by one to achieve a model

based on influential factors.
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Figure 16. Average of SHAP values for the validation dataset based on models

trained together (scenario 2).

5.1.3. Discussion

Verification of the proposed approaches through the utilization of a simulated dataset,
generated based on a predetermined hypothetical physics of degradation, showed the
efficacy of the proposed approaches for both considered scenarios (i.e., scenario 1-
degradation rate labels are available and scenario 2- degradation rate labels are not

available).
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The analysis carried out during this verification process illustrates the ability of these
approaches to identify and pinpoint the predominant environmental factors with a
substantial influence on the progression of degradation. This verification not only
underscores the reliability of the proposed approaches but also underscores their
proficiency in extracting meaningful insights regarding the key drivers behind

degradation phenomena.

Additionally, integrating the SHAP feature importance method into the physics
discovery NN allows for identifying important environmental factors. It enables the
identification and recursive elimination of environmental factors with negligible effects
on degradation. This process can be executed without significantly compromising the

predictive model’s performance, as discussed in Chapter 4 of this dissertation.

5.2. Limitations

It is important to acknowledge the limitations of the proposed framework. Firstly, the
framework still requires degradation data for training purposes, albeit less data than a
regular NN. Collecting such data can be time-consuming and expensive as degradation
is often a slow process. Obtaining a useful dataset that adequately represents different
stages and types of degradation can take a considerable amount of time. Researchers
and practitioners may need to monitor and record the degradation of systems, materials,
or structures over extended periods. This process necessitates careful planning,
consistent monitoring, and dedicated resources to ensure the availability of an error-

free and meaningful degradation dataset.
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Furthermore, the expense of collecting degradation data can be a significant barrier.
Acquiring and maintaining equipment to monitor degradation processes can incur
substantial costs. Additionally, the expertise required to interpret accurately and record
degradation data is a valuable resource that may not always be readily available or

affordable.

Another limitation of the proposed framework is that it primarily focuses on
degradation. However, potential failures may occur in the field due to discrete over-
stress conditions rather than gradual and temporal degradation. In the real world,
failures may not always follow a smooth degradation curve. Instead, they can result
from failure caused by over-stress conditions, pushing the system or components
beyond their intended operational capacity. These conditions might be characterized
by sudden spikes in stress, unforeseen environmental factors, extreme operational
demands, or unforeseen events that subject the system to intense loading. Unlike
cumulative degradation, these overstress conditions can lead to immediate failures.
Understanding and addressing these discrete over-stress conditions is crucial for
enhancing the system's resilience and ensuring its reliability in diverse operational

scenarios.

5.3. Conclusions

Using NNs allows for more accurate degradation predictions by identifying complex
and highly nonlinear patterns and relationships in the data that may not be apparent
with conventional statistical methods. This has been widely investigated in previous

research studies on DL-based prognostic approaches. The key component of better
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degradation predictions in the proposed approach in this research study is accurate
physics discovery. The proposed approach enables accurate degradation prediction by

discovering the governing physics of degradation and incorporating it into predictions.

By employing a simulated dataset based on a hypothetical physics of degradation, the
proposed approach effectively demonstrates its ability to discover the underlying
physics of governing degradation mechanisms. Through this analysis, it was possible
to pinpoint the prominent environmental factors that significantly impact degradation
progression. The subsequent integration of this discovered physics into the predictions

yields substantial improvements, as it facilitates physics informed predictions.

Accurate discovery of the physics of degradation enables efficient prediction of
systems degradation behavior, thereby avoiding the repercussions of incorrect lifetime
estimations, such as economic losses and potentially life-threatening incidents,

particularly for safety-critical systems.
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Chapter 6: Conclusions
This chapter provides conclusions, an overview of the contributions made by this
research study, a list of papers resulting from the research, and recommendations for

future works to build upon the current efforts.
6.1. Conclusions

This research study improves prognostic for systems under environmentally induced
degradation through an integrated and adaptable framework. The proposed approach,
grounded in NN theory, goes beyond physics-based models to overcome their inherent
limitations by considering the impact of all environmental factors on degradation
behavior. In addition, this approach improves conventional data-driven models by
discovering and incorporating the underlying physics of degradation in the form of a

relationship between environmental factors and degradation rate.

The core of the research study’s contribution is the innovative dual NN framework, an
innovative setup that simultaneously discovers and incorporates the underlying physics
of degradation. The proposed approach surpasses conventional data-driven methods by
integrating insights from the effects of environmental factors into predictive models.
The collaboration of two NNs, each with a unique role, fosters a synergy that enables

accurate, physics-informed predictions even in scenarios with limited data.

Another important aspect of the approach is its ability to address the lack of
interpretability in prevalent DL prognostic models, often known for being black boxes.

The proposed approach goes beyond prediction, discovering the underlying physics of
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degradation through the dual NN framework and pinpointing influential environmental
factors using a feature importance measurement tool. This approach not only enhances
prediction accuracy but also empowers designers with valuable insights, allowing them

to integrate preventive and mitigation strategies into their designs.

The importance of accurate physics discovery is highlighted throughout this research,
impacting the efficient prediction of degradation behaviors. Through a detailed case
study on atmospheric corrosion, the framework demonstrates its effectiveness in
predicting long-term degradation, even with limited initial observations. This
capability is crucial, especially in safety-critical systems, as it prevents the
consequences of inaccurate lifetime estimations, such as economic losses and potential

safety incidents.

While recognizing the approach’s advantages, it is essential to acknowledge its
limitations. Though reduced compared to conventional NN, the need for degradation
data poses practical challenges due to the time and cost involved in data collection for
slow degradation processes. Additionally, the current focus is on gradual degradation
excluding discrete over-stress conditions that can lead to sudden failures. Finally,

uncertainties in real-world situations remain to be fully addressed in future studies.

In summary, this research study demonstrated advancement in the prognostic of
systems under environmentally induced degradation. The proposed integrated
framework enhances the accuracy of degradation predictions and discovers the intricate
physics governing degradation mechanisms. This framework holds promise of

enhancing the efficiency and robustness of prognostic models, contributing to the
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reliability and durability assessments of systems exposed to environmental

degradation.

6.2. Contributions

The contributions of this research study can be summarized as follows:

1-

This dissertation introduces a novel dual NN framework by defining a custom
designed cost function for discovering the complex underlying physics of
degradation in real-world conditions in the form of a relationship between
degradation rate and all measured environmental factors. By having the ability
to consider all environmental factors in the field, the proposed approach
provides a comprehensive and accurate representation of the degradation in
complex systems.

Previously developed physics-informed DL prognostics models incorporated
known empirical models or a general understanding of physical principles to
enhance predictive capabilities. However, the introduced approach in this
dissertation improves this common practice by integrating a physics discovery
model directly into the predictive model. By incorporating a physics discovery
model, it aims to capture underlying physical principles and mechanisms that
may not be explicitly described by established empirical models or understood
through general physical rules.

In this dissertation, the proposed approach is further enhanced by integrating
the physics discovery model, a feature importance measurement method, and a

recursive feature elimination scheme to exclude environmental factors without
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considerable impact on degradation from the identified physics relationship.
Doing so enables pinpointing the primary stressors that significantly influence
degradation. Therefore, the developed approach not only uses the capabilities
of NN algorithms for effective prognostics, which is a common practice, but
also maintains high interpretability, which is a major contribution.

The proposed approach uses NN algorithms for discovering physics and
predicting degradation intensity, making it possible to consider the impacts of
indirect environmental factors on degradation phenomena. Empirical methods
(i.e., physic-based models) have often been confined to a limited number of
stresses, hindering applicability to real-world scenarios where multiple

stressors simultaneously influence the degradation process.

6.3. Publications

The following peer-reviewed papers were published as an outcome of the PhD research

work that resulted in this dissertation.

1.

H. Habibollahi Najaf Abadi and M. Modarres, "Predicting system degradation
with a guided neural network approach," Sensors, vol. 23, no. 14, p. 6346, 2023
[77].

H. Habibollahi Najaf Abadi, J. W. Herrmann and M. Modarres, "Measuring and
indexing the durability of electrical and electronic equipment," Sustainability,
vol. 15, no. 19, p. 14386, 2023 [78].

H. Habibollahi Najaf Abadi and M. Modarres, "A deep learning approach for

discovering the underlying physics of degradation for data-driven prognostics,"
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in 70th Annual Reliability and Maintainability Symposium, Albuquerque, New
Mexico, USA, 2024 [79].

H. Habibollahi Najaf Abadi, "Physics-informed deep learning-based approach
for probabilistic modeling of degradation,” in PHM Society Doctoral
Symposium, Salt Lake City, Utah, USA, 2023 [80].

H. Habibollahi Najaf Abadi, M. Nikiforov, A. Krive, J. W. Herrmann and M.
Modarres, "The need for a durability index framework for electrical and
electronic equipment to support a circular economy," in European Conference

On Safety And Reliability, Southampton, United Kingdom, 2023 [81].

6.4. Future works

In the following, some areas for future research have been recommended.

In this dissertation, there is a fundamental assumption that the complex physics
governing degradation processes can be captured and represented by the effect
of environmental factors on the degradation rate, which is the first derivative of
degradation intensity with respect to time. However, to achieve a deeper and
more precise understanding of degradation behavior within a system, it is
important to consider effects of environmental factors on higher degrees of
gradient of degradation. While the first gradient offers valuable insights to
capture the interactions between environmental factors and degradation
accurately, the study should be extended to consider the second and subsequent
gradient of degradation with respect to time or frequency. These higher-order

gradients may be essential for identifying the complex and nonlinear
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degradation behavior. This expanded perspective enables a more
comprehensive modeling approach, facilitating a more accurate prediction of
the degradation behavior.

This research study acknowledges that degradation intensity in a system does
not solely depend on time; it can also vary across different frequencies or spatial
coordinates within a system. For example, when examining pitting corrosion
degradation based on the depth of damage, it's important to recognize that this
depth is not uniform across a system and shows variability in different spatial
coordinates. In other words, the extent of corrosion in localized pitting can
differ significantly based on spatial factors within the system. Understanding
and accounting for these spatial variations in degradation intensity is crucial for
developing accurate predictive models. Therefore, to obtain a more accurate
understanding of degradation behavior, effects of environmental factors on
different degrees of gradient of degradation over both space and time should be
considered. This implies that the proposed form of relationship for the
underlying physics of degradation should incorporate partial derivatives of
degradation with respect to space as well.

The case studies data used in this study contain no data anomalies, and all have
the same numerical values. However, challenges such as unlabeled data,
anomalies (like missing data and erroneous sensor measurements), and the
presence of non-structured, multi-modal, and heterogeneous data are common
when dealing with real-world datasets. Therefore, to make maximum use of the

available data and effectively apply the proposed approach outlined in this
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dissertation, it is necessary to establish a robust data preprocessing framework
capable of addressing issues with imperfect data gathered from the field (e.g.,
identifying and removing outlier data points, addressing missing sensor
measurements) and integrating heterogeneous data from various sources (e.g.,
fusing inspection reports in text format with sensor measurements). Moreover,
leveraging data generated by large-scale generative models, such as generative
language models, can enhance datasets and contribute to more effective training
of prognostic models, including the proposed one.

Effect of NN configuration, including number of layers, number of nodes in
each layer, and activation functions, on the performance of the proposed method
for accurate physics discovery and degradation intensity prediction is not
investigated in this study. Future research can optimize the NN configuration
for better performance.

This dissertation focuses only on prognostics applications (i.e., estimation of
RUL or degradation intensity). However, it is also essential to consider
diagnostics to develop a highly effective proactive maintenance strategy. This
involves pinpointing the exact faulty component within the target system
instead of solely evaluating the overall system’s degradation. Therefore, a
future extension of the current research can consider diagnostic aspects. This
will ensure a comprehensive approach that integrates both prognostics and
diagnostics, fostering a holistic and robust maintenance strategy for optimal

system performance and reliability.
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Appendices

Appendix A

This section contains all the Python codes used for the developed framework in Chapter
3.

# Normalizing data
# using sklearn library for scaling
from sklearn.preprocessing import StandardScaler
scaler = StandardScaler()
# read and transform dataset
Data = scaler.fit_transform(massloss_df M[['average radiance', 'std radiance', 'average
radiance gra/,
'std radiance gra', 'average tem', 'std tem', 'average tem gra’,
'std tem gra', 'average hum', 'std hum', 'average hum gra’,
'std hum gra']])

Data = pd.DataFrame(Data, columns = ['average radiance', 'std radiance', 'average radiance gra',
'std radiance gra', 'average tem', 'std tem', 'average tem gra’,
'std tem gra', 'average hum', 'std hum', 'average hum gra',
'std hum gra'])

# PCA

# using numpy library for PCA

import numpy as np

cov_mat = np.cov(Data.T)

# calculating eigen values

eigen_vals, eigen_vecs = np.linalg.eig(cov_mat)
print("\nEigenvalues \n%s' % eigen_vals)

tot = sum(eigen_vals)

var_exp = [(i/ tot) for i in sorted(eigen_vals, reverse=True)]
cum_var_exp = np.cumsum(var_exp)

import matplotlib.pyplot as plt

# plotting using matplotlib library

plt.figure(dpi=100)

plt.bar(range(1,13), var_exp, alpha=1, align="center', label='Individual explained variance')
plt.step(range(1,13), cum_var_exp, where="mid', label="Cumulative explained
variance',c="red")

plt.ylabel('Explained variance ratio')

plt.xlabel('Principal components')

plt.legend(loc='best')

plt.show()

print(var_exp)

from sklearn.decomposition import PCA

# selecting number of principle components

pca = PCA(n_components=2)
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Data_pca = pca.fit_transform(Data)
Data_pca_df = pd.DataFrame(Data_pca, columns = ['x1, 'x2'])

# Physics discovery model
# setting configuration of the network (size and activation functions)
class Net physics(nn.Module):
def init  (self):
super(Net_physics, self). init ()
self.hidden_layer] = nn.Linear(2,8)

self.output_layer=nn.Linear(8,1)

def forward(self,x1,x2):#,x3,x4,x5):
inputs = torch.cat([x1,x2],axis=1)
layerl out = torch.tanh(self.hidden layerl1(inputs))
output = self.output_layer(layerl out)
return output

net physics = Net physics()

net physics = net_physics.to(device)

mse cost_functionl = torch.nn.MSELoss(reduction = "mean")
print(net_physics)

# selecting type of optimizer
optimizerl = torch.optim.Adam(net physics.parameters(),lr=10e-6)

data_loss1=[]
total loss1=[]

# determining number of iteration
iterations 1=100000
previous_validation_lossl =99999999.0

# beginning of the learning loop
for epoch in range(iterations|1):
optimizerl.zero_grad()
# formatting data for pytorch (converting data to variable)
# Loss based on available data
x1_data =np.array([Data_pca_df['x1']]).reshape(Data_pca_df.shape[0],1)
x2_data =np.array([Data_pca_df['x2']]).reshape(Data_pca_df.shape[0],1)
dm_data=np.array([massloss_df M|['mass loss rate']]).reshape(massloss_df M.shape[0],1)

pt_x1_data = Variable(torch.from numpy(x1_data).float(), requires_grad=False).to(device)
pt x2 data= Varlable(torch from numpy(x2_data).float(), requires_grad=False).to(device)
pt dm data = Variable(torch.from numpy(dm_data).float(),
requires_grad=False).to(device)
# calculating output of the network
net physics out =
net_physics(pt_x1_data,pt x2 data)#,pt x3 data,pt x4 data,pt x5 data) # output of u(x,t)
mse_d =mse_cost_functionl(net_physics_out, pt dm_data)
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loss = mse d
# computing gradients using backward propagation
loss.backward()
optimizerl.step() # This is equivalent to : theta new = theta old - alpha * derivative of J
w.r.t theta
# recording loss values at each learning iteration
with torch.autograd.no_grad():
if epoch%50==0:
print(epoch,"Total Training Loss:",loss.data)
total_loss1.append(loss.item())
# plotting loss values
plt.plot(total loss1,label="total loss')
plt.ylabel('Total loss")
plt.xlabel('Epoch")
plt.show()

# Automatic differentiation
def f(t,x1,x2):
prediction = deepnormalmodel(t)
prediction_t = torch.autograd.grad(prediction.loc.sum(),t,create _graph=True)[0]
physics=net physics(x1, x2)
inc = prediction_t-physics
return inc

# Predictive model
# importing needed libraries
import os
from os.path import join
def warn(*args, **kwargs):
pass
import warnings
warnings.warn = warn
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import torch
import torch.nn.functional as F
from sklearn.metrics import r2_score
from sklearn.linear model import LinearRegression
from sklearn.model_selection import train_test split
from scipy.stats import binned_statistic
import statsmodels.api as sm

# setting configuration of the network (size and activation functions)
torch.manual seed(47)
class DeepNormalModel(torch.nn.Module):
def init_ (self):
super(). init ()
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self.hidden_layer] = nn.Linear(1,6)
self.mean_linear = torch.nn.Linear(6, 1)
self.std_linear = torch.nn.Linear(6, 1)

def forward(self, t):
inputs = torch.cat([t])
layerl out=torch.tanh(self.hidden layerl(inputs))
mean = self.mean_linear(layerl out)
std = torch.nn.functional.softplus(self.std_linear(layerl out))

return torch.distributions.Normal(mean, std)

deepnormalmodel = DeepNormalModel()
deepnormalmodel = deepnormalmodel.to(device)

# cost function

mse_cost_function = torch.nn. MSELoss(reduction = "mean")
total loss1=[]

f loss1=[]

data_loss1=[]

# selecting optimizer

optimizer = torch.optim.Adam(deepnormalmodel.parameters(),lr=10e-6)
Ass=[]

nss=]

# beginning of the learning loop

for epoch in range(50000):
optimizer.zero_grad()

#converting data to variable format (it is needed in pytorch)
t data =np.array([x_train['Total Days of Exposure']]).reshape(x_train.shape[0],1)
y_data=np.array([x_train['Mass Loss (Init-FinalB)']]).reshape(x_train.shape[0],1)
pt_t data = Variable(torch.from_numpy(t_data).float(), requires_grad=True).to(device)
pt_y_data = Variable(torch.from numpy(y_data).float(), requires_grad=False).to(device)

net_out = deepnormalmodel(pt t data)
loss_data=torch.mean(-net_out.log_prob(pt_y_data))
# normalizing data
x_train_stan=scaler.transform(x_train[['average radiance', 'std radiance', 'average radiance
gra',
'std radiance gra', 'average tem', 'std tem', 'average tem gra’,
'std tem gra', 'average hum', 'std hum', 'average hum gra',
'std hum gra']])
X_train_stan_pca=pca.transform(x_train_stan)
X_train_stan_pca_df=pd.DataFrame(x_train_stan pca, columns = ['x1','x2'])

x1 _data col = np.random.uniform(low=x train_stan pca df['x1'].min(),
high=x_train_stan pca df['x1'].max(), size=(200,1))

x2 data col = np.random.uniform(low=x_train_stan pca_ df['x2'].min(),
high=x_train_stan pca df['x2'].max(), size=(200,1))
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t data_col = np.random.uniform(low=1, high=365, size=(200,1))
all_zeros = np.zeros((200,1))

pt x1 data col = Variable(torch.from numpy(x1_data col).float(),
requires_grad=False).to(device)

pt x2 data_col = Variable(torch.from numpy(x2_data col).float(),
requires_grad=False).to(device)

pt_t data col = Variable(torch.from_numpy(t data_col).float(),
requires_grad=True).to(device)

pt_all zeros = Variable(torch.from_numpy(all zeros).float(),
requires_grad=False).to(device)

f out=f(pt t data col,pt x1 data col,pt x2 data col)
loss_f=1.05*10*%*5*mse cost function(f out, pt_all_zeros)

loss=loss_data+loss_f

loss.backward()
optimizer.step()

Appendix B

This section contains all the Python codes used for the developed framework in Chapter

4.

# Dual NN for physics discovery

torch.manual seed(83)

# setting configuration of the predictive model

class DeepNormalModel(torch.nn.Module):

def init_ (self):

super(DeepNormalModel,self). init ()
self.hidden_layer] = nn.Linear(15,10)
self.hidden_layer2 = nn.Linear(10,10)
self.hidden_layer3 = nn.Linear(10,10)
self.hidden layer4 = nn.Linear(10,10)
self.hidden_layer5 = nn.Linear(10,1)

def forward(self t, x1,x2,x3,x4,x5,x6,x7,x8,x9,x10,x11,x12,x13,x14):
inputs = torch.cat([t,x1,x2,x3,x4,x5,x6,x7,x8,x9,x10,x11,x12,x13,x14],axis=1)
layerl out=torch.tanh(self.hidden layerl(inputs))
layer2 out=torch.tanh(self.hidden layer2(layerl out))
layer3 out=torch.tanh(self.hidden layer3(layer2 out))
layer4 out=torch.tanh(self.hidden layer4(layer3 out))
layer5 out=self.hidden layer5(layer4 out)
return layer5_out

# setting configuration of the physics discovery model
class DeepPhysicsModel(torch.nn.Module):
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def init_ (self):
super(DeepPhysicsModel,self). init_ ()
self.hidden_layer] = nn.Linear(14,10)
self.hidden_layer2 = nn.Linear(10,10)
self.hidden_layer3 = nn.Linear(10,10)
self.hidden_layer4 = nn.Linear(10,10)
self.output_layer = nn.Linear(10, 1)

def forward(self, x1,x2,x3,x4,x5,x6,x7,x8,x9,x10,x11,x12,x13,x14):
inputs = torch.cat([x1,x2,x3,x4,x5,x6,x7,x8,x9,x10,x11,x12,x13,x14],axis=1)
layerl out=torch.tanh(self.hidden layerl(inputs))
layer2 out=torch.tanh(self.hidden layer2(layerl out))
layer3 out=torch.tanh(self.hidden layer3(layer2 out))
layer4 out=torch.tanh(self.hidden layer4(layer3 out))
output=self.output layer(layer4 out)
return output

deepnormalmodel = DeepNormalModel()
deepnormalmodel = deepnormalmodel.to(device)

deepphysicsmodel = DeepPhysicsModel()
deepphysicsmodel= deepphysicsmodel.to(device)
params = list(deepnormalmodel.parameters()) + list(deepphysicsmodel.parameters())

# selecting optimizer
optimizer = torch.optim.Adam(params,lr=10e-3)
mse_cost_function = torch.nn. MSELoss(reduction = "mean")

total loss1=[]
physics_loss1=[]
data_loss1=[]
extra loss1=[]

# beginning of learning loop
for epoch in range(5000):
optimizer.zero_grad()

# converting data to right format for pytorch

t data=
np.array([df phydis train scaled smooth RUL['cycle']]).reshape(df phydis train scaled s
mooth RUL.shape[0],1)

x1_data =np.array([df phydis_train scaled smooth RUL['sensor
2']]).reshape(df phydis_train_scaled smooth RUL.shape[0],1)

x2_data = np.array([df phydis_train scaled smooth RUL['sensor
3'1]).reshape(df phydis_train_scaled smooth RUL.shape[0],1)

x3_data = np.array([df phydis_train scaled smooth RUL['sensor
4'T]).reshape(df phydis_train_scaled smooth RUL.shape[0],1)

x4 data = np.array([df phydis_train scaled smooth RUL['sensor
7'1]).reshape(df phydis_train_scaled smooth RUL.shape[0],1)
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x5_data = np.array([df phydis_train scaled smooth RUL['sensor
8']).reshape(df phydis train_scaled smooth RUL.shape[0],1)
x6_data = np.array([df phydis_train scaled smooth RUL['sensor
9'1]).reshape(df phydis_train_scaled smooth RUL.shape[0],1)
x7_data = np.array([df phydis_train scaled smooth RUL['sensor
11']).reshape(df phydis_train_scaled _smooth RUL.shape[0],1)
x8 data = np.array([df phydis_train scaled smooth RUL['sensor
12"]).reshape(df phydis_train_scaled smooth RUL.shape[0],1)
x9 data = np.array([df phydis_train scaled smooth RUL['sensor
13"]).reshape(df phydis_train_scaled _smooth RUL.shape[0],1)
x10_data = np.array([df phydis train_scaled smooth RUL['sensor
14"]).reshape(df phydis_train_scaled _smooth RUL.shape[0],1)
x11_data = np.array([df phydis train_scaled smooth RUL['sensor
15"]).reshape(df phydis_train_scaled _smooth RUL.shape[0],1)
x12_data = np.array([df phydis train_scaled smooth RUL['sensor
17"]).reshape(df phydis_train_scaled _smooth RUL.shape[0],1)
x13_data = np.array([df phydis train_scaled smooth RUL['sensor
20']).reshape(df phydis train_scaled smooth RUL.shape[0],1)
x14_data = np.array([df phydis train_scaled smooth RUL['sensor
21"]]).reshape(df phydis train_scaled smooth RUL.shape[0],1)
y_data=np.array([df phydis train_scaled smooth RUL['RUL']]).reshape(df phydis train_s
caled smooth RUL.shape[0],1)

pt_t data = Variable(torch.from_numpy(t_data).float(), requires_grad=True).to(device)

pt_x1_data = Variable(torch.from_numpy(x1_data).float(), requires_grad=False).to(device)

pt_x2 data = Variable(torch.from_numpy(x2_data).float(), requires_grad=False).to(device)

pt_x3_data = Variable(torch.from_numpy(x3_data).float(), requires_grad=False).to(device)

pt_x4 data = Variable(torch.from_numpy(x4 data).float(), requires_grad=False).to(device)

pt_x5_data = Variable(torch.from_numpy(x5_data).float(), requires_grad=False).to(device)

pt_x6_data = Variable(torch.from_numpy(x6_data).float(), requires_grad=False).to(device)

pt_x7_data = Variable(torch.from_numpy(x7_data).float(), requires_grad=False).to(device)

pt_x8 data = Variable(torch.from_numpy(x8 data).float(), requires_grad=False).to(device)

pt x9 data = Variable(torch.from_numpy(x9_data).float(), requires_grad=False).to(device)

pt x10_data = Variable(torch.from _numpy(x10_data).float(),
requires_grad=False).to(device)

pt x11 data = Variable(torch.from _numpy(x11_data).float(),
requires_grad=False).to(device)

pt x12_data = Variable(torch.from _numpy(x12_data).float(),
requires_grad=False).to(device)

pt_x13_data = Variable(torch.from _numpy(x13_data).float(),
requires_grad=False).to(device)

pt _x14 data = Variable(torch.from _numpy(x14_data).float(),
requires_grad=False).to(device)

pt_y_data = Variable(torch.from numpy(y_data).float(), requires_grad=False).to(device)

net out=
deepnormalmodel(pt t data,pt x1 data,pt x2 data,pt x3 data,pt x4 data,pt x5 data,pt x6
_data,pt x7 data,pt x8 data,pt x9 data,pt x10 data,pt x11 data,pt x12 data,pt x13 data,
pt x14 data)
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loss_data=mse_cost_function(net_out,pt y data)

# automatic differentiation
pt_t prime=torch.autograd.grad(net out.sum(),pt t data,create graph=True)[0]
pt_t prime=(pt t prime-pt t prime.mean())/pt t prime.std()

physicsnet out =
deepphysicsmodel(pt x1 data,pt x2 data,pt x3 data,pt x4 data,pt x5 data,pt x6 data,pt_
x7_data,pt x8 data,pt x9 data,pt x10 data,pt x11 data,pt x12 data,pt x13 data,pt x14 d
ata)

loss_physics=1000*mse_cost_function(physicsnet out,pt t prime)

# forming total loss which is loss of predictive model + loss of physics discovery model
loss=loss_data+loss_physics

loss.backward()
optimizer.step()

# recording loss values at each learning iteration
with torch.autograd.no_grad():
if epoch%50==0:
print(epoch,"Total Training Loss:",loss.data)
total_loss1.append(loss.item())
data lossl.append(loss_data.item())
physics_loss1.append(loss physics.item())

# Feature importance measurement

# using SHAP library for feature importance measurement

import shap

from torch.autograd import Variable

# removing unnecessary columns in the data

data = df phydis test scaled smooth RUL.drop(['unit number','cycle',)RUL','est. RUL'],
axis=l1).values

# converting data to tensor

data_tensor = torch.tensor(data, dtype=torch.float32)

e = shap.DeepExplainer(target model, Variable( data_tensor ) )

shap_values = e.shap_values( Variable( data_tensor ) )

shap.summary_plot(shap values, data, df phydis_train_scaled smooth RUL.drop(['unit
number','cycle',)RUL','est. RUL'], axis=1).columns)

84



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

Bibliography
G. Koch, "Cost of corrosion," in Trends in oil and gas corrosion research and

technologies: Production and transmission, Woodhead Publishing Series in
Energy, 2017, pp. 3-30.

G. H. Koch, M. P. Brongers, N. G. Thompson, Y. P. Virmani and J. H. Payer,
"Corrosion cost and preventive strategies in the United States," United States,
Federal Highway Administration, 2002.

National Transportation Safety Board, "Aircraft accident report," United States
Government, Washington, D.C., 1988.

Health and Safety Executive, "Flixborough (Nypro UK) Explosion 1st June
1974," [Online]. Available:
https://www.hse.gov.uk/comah/sragtech/caseflixboroug74.htm. [Accessed 21
September 2022].

West Virginia Department of Transportation, "Silver Bridge," [Online].
Available: https://transportation.wv.gov/highways/bridge facts/Modern-
Bridges/Pages/Silver.aspx. [Accessed 21 September 2022].

"How Naval Aviation is solving its billion-dollar corrosion problem," 7 March
2022. [Online]. Available: https://www.navair.navy.mil/news/How-Naval-
Aviation-solving-its-billion-dollar-corrosion-problem/Mon-03072022-1208.
R. W. Revie, Corrosion and corrosion control: an introduction to corrosion

science and engineering, John Wiley & Sons, 2008.

R. K. Mobley, An introduction to predictive maintenance, Elsevier, 2002.

85



[9] M. Hamadache, J. H. Jung, J. Park and B. D. Youn, "A comprehensive review
of artificial intelligence-based approaches for rolling element bearing PHM:

shallow and deep learning," JMST Advances, vol. 1, no. 1, pp. 125-151, 2019.

[10] H. Meng and Y .-F. Li, "A review on prognostics and health management
(PHM) methods of lithium-ion batteries," Renewable and Sustainable Energy

Reviews, vol. 116, p. 109405, 2019.

[11] G. W. Vogl, B. A. Weiss and M. Helu, "A review of diagnostic and prognostic
capabilities and best practices for manufacturing," Journal of Intelligent

Manufacturing, vol. 1, pp. 79-95, 2019.

[12] P. Paris and F. Erdogan, "A critical analysis of crack propagation laws," Journal

of Basic Engineering, vol. 85, no. 4, p. 528-533, 1963.

[13] A. Aria, E. L. Droguett, S. Azarm and M. Modarres, "Estimating damage size
and remaining useful life in degraded structures using deep learning-based
multi-source data fusion," Structural Health Monitoring, vol. 19, no. 5, pp.
1542-1559, 2020.

[14] F. Aghazadeh, A. Tahan and M. Thomas, "Tool condition monitoring using
spectral subtraction algorithm and artificial intelligence methods in milling
process," The International Journal of Advanced Manufacturing Technology,
vol. 7, pp. 30-34, 2018.

[15] L. Zhang, J. Lin, B. Liu, Z. Zhang, X. Yan and M. Wei, "A review on deep

learning applications in prognostics and health management," /IEEE Access, vol.

7, pp. 162415-162438, 2019.

86



[16] B. Rezaeianjouybari and Y. Shang, "Deep learning for prognostics and health
management: State of the art, challenges, and opportunities," Measurement, vol.

163, p. 107929, 2020.

[17] O. Fink, Q. Wang, M. Svensen, P. Dersin, W.-J. Lee and M. Ducoffe,
"Potential, challenges and future directions for deep learning in prognostics and
health management applications," Engineering Applications of Artificial
Intelligence, vol. 92, p. 103678, 2020.

[18] Z. Kang, C. Catal and B. Tekinerdogan, "Remaining useful life (RUL)
prediction of equipment in production lines using artificial neural networks,"
Sensors, vol. 21, no. 3, p. 932, 2021.

[19] P. Khumprom, D. Grewell and N. Yodo, "Deep neural network feature selection
approaches for data-driven prognostic model of aircraft engines," Aerospace,
vol. 7, no. 9, p. 132, 2020.

[20] F. Elasha, S. Shanbr, X. Li and D. Mba, "Prognosis of a wind turbine gearbox
bearing using supervised machine learning," Sensors, vol. 19, no. 14, p. 3092,
2019.

[21] A. Ismail, L. Saidi, M. Sayadi and M. Benbouzid, "A new data-driven approach
for power IGBT remaining useful life estimation based on feature reduction
technique and neural network," Electronics, vol. 9, no. 10, p. 1571, 2020.

[22] B. Liu, Z. Gao, B. Lu, H. Dong and Z. An, "Deep learning-based remaining

useful life estimation of bearings with time-frequency information," Sensors,

vol. 22, no. 19, p. 7402, 2022.

87



[23] C. Modarres, N. Astorga, E. L. Droguett and V. Meruane, "Convolutional
neural networks for automated damage recognition and damage type

identification," Structural Control and Health Monitoring, vol. 25, no. 10, p.

€2230, 2018.

[24] X. Li, Q. Ding and J.-Q. Sun, "Remaining useful life estimation in prognostics
using deep convolution neural networks," Reliability Engineering & System

Safety, vol. 172, pp. 1-11, 2018.

[25] Y. Hu, R. Wei, Y. Yang, X. Li, Z. Huang, Y. Liu, C. He and H. Lu,
"Performance degradation prediction Using LSTM with optimized parameters,"

Sensors, vol. 22, no. 6, p. 2407, 2022.

[26] J. Zhang, Y. Zeng and B. Starly, "Recurrent neural networks with long term
temporal dependencies in machine tool wear diagnosis and prognosis," SN
Applied Sciences, vol. 3, pp. 1-13, 2021.

[27] L. Guo, N. Li, F. Jia, Y. Lei and J. Lin, "A recurrent neural network based
health indicator for remaining useful life prediction of bearings,"
Neurocomputing, vol. 240, pp. 98-109, 2017.

[28] D. Verstraete, E. Droguett and M. Modarres, "A deep adversarial approach
based on multi-sensor fusion for semi-supervised remaining useful life
prognostics," Sensors, vol. 20, no. 1, p. 176, 2019.

[29] Y. Ding, P. Ding and M. Jia, "A novel remaining useful life prediction method
of rolling bearings based on deep transfer auto-encoder," IEEE Transactions on

Instrumentation and Measurement, vol. 70, pp. 1-12, 2021.

88



[30] M. Wei, M. Ye, Q. Wang and J. P. Twajamahoro, "Remaining useful life
prediction of lithium-ion batteries based on stacked autoencoder and Gaussian
mixture regression," Journal of Energy Storage, vol. 47, p. 103558, 2022.

[31] R. Zhao, R. Yan, Z. Chen, K. Mao, P. Wang and R. X. Gao, "Deep learning and
its applications to machine health monitoring," Mechanical Systems and Signal
Processing, vol. 115, pp. 213-237, 2019.

[32] C. Ferreira and G. Gongalves, "Remaining useful life prediction and challenges:
A literature review on the use of machine learning methods," Journal of
Manufacturing Systems, vol. 63, pp. 550-562, 2022.

[33] E. Zio, "Prognostics and Health Management (PHM): Where are we and where
do we (need to) go in theory and practice," Reliability Engineering & System
Safety, vol. 218, p. 108119, 2022.

[34] G. E. Karniadakis, I. G. Kevrekidis, L. Lu, P. Perdikaris, S. Wang and L. Yang,
"Physics-informed machine learning," Nature Reviews Physics, vol. 3, no. 6, pp.
422-440, 2021.

[35] G. E. Karniadakis, I. G. Kevrekidis, L. Lu, P. Perdikaris, S. Wang and L. Yang,
"Physics-informed machine learning," Nature Reviews Physics, vol. 3, no. 6, pp.
422-440, 2021.

[36] M. A. Chao, C. Kulkarni, K. Goebel and O. Fink, "Fusing physics-based and
deep learning models for prognostics," Reliability Engineering & System Safety,

vol. 217, p. 107961, 2022.

89



[37] Z. Ma, H. Liao, J. Gao, S. Nie and Y. Geng, "Physics-informed machine
learning for degradation modeling of an electro-hydrostatic actuator system,"

Reliability Engineering & System Safety, vol. 229, p. 108898, 2023.

[38] M. A. Chao, C. Kulkarni, K. Goebel and O. Fink, "Hybrid deep fault detection
and isolation: Combining deep neural networks and system performance
models," International Journal of Prognostics and Health Management, vol.
10, no. 4, 2019.

[39] Q. Wang, C. Taal and O. Fink, "Integrating expert knowledge with domain
adaptation for unsupervised fault diagnosis," IEEE Transactions on
Instrumentation and Measurement, vol. 71, pp. 1-12, 2021.

[40] M. Sadoughi and C. Hu, "Physics-based convolutional neural network for fault
diagnosis of rolling element bearings," IEEE Sensors Journal, vol. 19, no. 11,
pp. 4181-4192, 2019.

[41] V. C. Leite, E. Merzari, R. Ponciroli and L. Ibarra, "Convolutional Neural
Network—Aided Temperature Field Reconstruction: An Innovative Method for
Advanced Reactor Monitoring," Nuclear Technology, vol. 209, no. 5, pp. 645-
666, 2023.

[42] A. Dourado and F. A. Viana, "Physics-informed neural networks for corrosion-
fatigue prognosis," Proceedings of the Annual Conference of the PHM Society,
vol. 11, no. 1, 2019.

[43] P. Paris, M. Gomez, W. Anderson and R. Pelloux, "A Rational analytic theory

of fatigue," The Trend in Engineering, pp. 9-14, 1961.

90



[44] A. Dourado and F. A. Viana, "Physics-informed neural networks for missing
physics estimation in cumulative damage models: a case study in corrosion
fatigue," Journal of Computing and Information Science in Engineering, vol.
20, no. 6, 2020.

[45] Y. A. Yucesan and F. A. Viana, "A physics-informed neural network for wind
turbine main bearing fatigue," International Journal of Prognostics and Health
Management, vol. 11, no. 1, 2020.

[46] F. A. V. Yigit A Yucesan, "A hybrid physics-informed neural network for main

bearing fatigue prognosis under grease quality variation," Mechanical Systems

and Signal Processing, vol. 171, p. 108875, 2022.

[47] R. G. Nascimento, M. Corbetta, C. S. Kulkarni and F. A. Viana, "Hybrid
physics-informed neural networks for lithium-ion battery modeling and

prognosis," Journal of Power Sources, vol. 513, p. 230526, 2021.

[48] F. A. C. V. Yigit A. Yucesan, "Hybrid physics-informed neural networks for
main bearing fatigue prognosis with visual grease inspection," Computers in

Industry, vol. 125, p. 103386, 2021.

[49] D. Chen, Y. Li, K. Liuand Y. Li, "A physics-informed neural network approach
to fatigue life prediction using small quantity of samples," International Journal

of Fatigue, vol. 166, p. 107270, 2023.

[50] M. Raissi, P. Perdikaris and G. E. Karniadakis, "Physics-informed neural

networks: A deep learning framework for solving forward and inverse problems

91



involving nonlinear partial differential equations," Journal of Computational

Physics, vol. 378, pp. 686-707, 2019.

[51] Z. Mao, A. D. Jagtap and G. E. Karniadakis, "Physics-informed neural networks
for high-speed flows," Computer Methods in Applied Mechanics and

Engineering, vol. 360, p. 112789, 2020.

[52] A. D. Jagtap, K. Kawaguchi and G. E. Karniadakis, "Adaptive activation
functions accelerate convergence in deep and physics-informed neural

networks," Journal of Computational Physics, vol. 404, p. 109136, 2020.

[53] Z. K. Lawal, H. Yassin, D. T. C. Lai and A. C. Idris, "Physics-informed neural
network (PINN) evolution and beyond: A systematic literature review and
bibliometric analysis," Big Data and Cognitive Computing, vol. 6, no. 4, p. 140,
2022.

[54] X.-C. Zhang, J.-G. Gong and F.-Z. Xuan, "A physics-informed neural network
for creep-fatigue life prediction of components at elevated temperatures,"
Engineering Fracture Mechanics, vol. 258, p. 108130, 2021.

[55] T. Zhou, S. Jiang, T. Han, S.-P. Zhu and Y. Cai, "A physically consistent
framework for fatigue life prediction using probabilistic physics-informed
neural network," International Journal of Fatigue, vol. 166, p. 107234, 2023.

[56] S. Kim, J.-H. Choi and N. H. Kim, "Data-driven prognostics with low-fidelity
physical information for digital twin: physics-informed neural network,"

Structural and Multidisciplinary Optimization, vol. 65, no. 9, p. 255, 2022.

92



[57] S. Cofre-Martel, E. L. Droguett and M. Modarres, "Remaining useful life
estimation through deep learning partial differential equation models: A
framework for degradation dynamics interpretation using latent variables,"

Shock and Vibration, pp. 1-15, 2021.

[58] A. Gomez-Pau, J.-R. Riba and M. Moreno-Eguilaz, "Time series RUL
estimation of medium voltage connectors to ease predictive maintenance plans,"

Applied Sciences, vol. 10, no. 24, p. 9041, 2020.

[59] S. R. Dubey, S. K. Singh and B. B. Chaudhuri, "Activation functions in deep
learning: A comprehensive survey and benchmark," Neurocomputing , vol. 503,

pp. 92-108, 2022.

[60] C. Elliott, "The simple essence of automatic differentiation," Proceedings of the

ACM on Programming Languages, vol. 2, pp. 1-29, 2018.

[61] C. E. Sanders and R. J. Santucci, "Experimental design considerations for
assessing atmospheric corrosion in a marine environment: Surrogate C1010
steel," Corrosion and Materials Degradation, vol. 4, no. 1, pp. 1-17, 2022.

[62] R. Santucci, "Surrogate C1010 Steel Experimental Design Paper," Open
Science Framework data repository, 22 December 2022. [Online]. Available:

https://osf.io/sgeun/. [Accessed 22 January 2023].

[63] D. Groth, S. Hartmann, S. Klie and J. Selbig, "Principal components analysis,"
in Computational Toxicology: Volume II , Totowa, NJ, Humana Press, 2013, pp.

527-547.

93



[64] L. V. d. Maaten and G. Hinton, "Visualizing data using t-SNE," Journal of

Machine Learning Research, vol. 9, no. 11, 2008.

[65] P. Vincent, H. Larochelle, Y. Bengio and P.-A. Manzagol, "Extracting and
composing robust features with denoising autoencoders," in Proceedings of the
25th International Conference on Machine learning, Helsinki, Finland, 2008.

[66] I. Goodfellow, Y. Bengio and A. Courville, Deep learning, MIT Press, 2016.

[67] A. Géron, Hands-on machine learning with Scikit-Learn, Keras, and
TensorFlow, O'Reilly Media, 2022.

[68] M. Krichen, A. Mihoub, M. Y. Alzahrani, W. Y. H. Adoni and T. Nahhal, "Are
Formal Methods Applicable To Machine Learning And Artificial Intelligence?,"
in 2nd International Conference of Smart Systems and Emerging Technologies
(SMARTTECH), Riyadh, Saudi Arabia, 2022.

[69] R. Raman, N. Gupta and Y. Jeppu, "Framework for Formal Verification of
Machine Learning Based Complex System-of-Systems," Insight, vol. 26, no. 1,
pp- 91-102, 2023.

[70] A. G. Baydin, B. A. Pearlmutter, A. A. Radul and J. M. Siskind, "Automatic
differentiation in machine learning: a survey," Journal of Machine Learning
Research, vol. 18, pp. 1-43, 2018.

[71] B. Miiller, J. Reinhardt and M. T. Strickland, Neural networks: an introduction,

Springer Science & Business Media, 1995.

94



[72] S. M. Lundberg and S.-I. Lee, "A unified approach to interpreting model
predictions," in 31st Conference on Neural Information Processing Systems,

Long Beach, CA, USA, 2017.

[73] L. S. Shapley, "Notes on the N-Person Game — II: The Value of an N-Person
Game," RAND Corporation, 1951. [Online]. Available:
https://www.rand.org/pubs/research_memoranda/RM0670.html. [Accessed 23
July 2023].

[74] "CMAPSS Jet Engine Simulated Data," NASA, 2008. [Online]. Available:
https://data.nasa.gov/Aerospace/CMAPSS-Jet-Engine-Simulated-Data/ff5v-
kuh6. [Accessed 23 July 2023].

[75] A. Saxena, K. Goebel, D. Simon and N. Eklund, "Damage propagation
modeling for aircraft engine run-to-failure simulation," in International
conference on prognostics and health management, Denver, CO, USA, 2008.

[76] W. Zhang, G. Peng, C. Li, Y. Chen and Z. Zhang, "A new deep learning model
for fault diagnosis with good anti-noise and domain adaptation ability on raw
vibration signals," Sensors, vol. 17, no. 2, p. 425, 2017.

[77] H. Habibollahi Najaf Abadi and M. Modarres, "Predicting system degradation
with a guided neural network approach," Sensors, vol. 23, no. 14, p. 6346, 2023.

[78] H. Habibollahi Najaf Abadi, J. W. Herrmann and M. Modarres, "Measuring and

indexing the durability of electrical and electronic equipment," Sustainability,

vol. 15, no. 19, p. 14386, 2023.

95



[79] H. Habibollahi Najaf Abadi and M. Modarres, "A deep learning approach for
discovering the underlying physics of degradation for data-driven prognostics,"
in 70th Annual Reliability and Maintainability Symposium, Albuquerque, New

Mexico, USA, 2024.

[80] H. Habibollahi Najaf Abadi, "Physics-informed deep learning-based approach
for probabilistic modeling of degradation," in PHM Society Doctoral
Symposium, Salt Lake City, Utah, USA, 2023.

[81] H. Habibollahi Najaf Abadi, M. Nikiforov, A. Krive, J. W. Herrmann and M.
Modarres, "The need for a durability index framework for electrical and

electronic equipment to support a circular economy," in European Conference

On Safety And Reliability, Southampton, United Kingdom, 2023.

96



