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Abstract

A set of machine learning techniques that provide decision support and automation to the
analysis of data taken during ultrasonic non-destructive evaluation of Canada Deuterium
Uranium reactor pressure tubes is proposed. Data analysis is carried out primarily to
identify and characterizes the geometry of flaws or defects on the pressure tube inner
diameter surface.

A baseline approach utilizing a variational auto-encoder ranks data by likelihood and
performs analysis using Nominal Profiling (NPROF), a novel technique that characterize
the very likely nominal component of the dataset and determines variance from it. While
effective, the baseline method expresses limitations, including sensitivity to outliers, chal-
lenged explainability, and the absence of a strong fault diagnosis and error remediation
mechanism.

To address these shortcomings, Diffusion Partition Consensus (DiffPaC), a novel method
integrating Conditional Score-Based Diffusion with Savitzky-Golay Filters, is proposed.
The approach includes a mechanism for outlier removal during training that reliably im-
proves model performance. It also features strong explainability and, with a human in
the loop, mechanisms for fault diagnosis and error correction. These features advance
applicability in safety-critical contexts such as nuclear nondestructive evaluation.

Methods are integrated and scaled to provide: (a) a principled probabilistic perfor-
mance model, (b) enhanced explainability through interpretable outputs, (c) fault diagno-
sis and error correction with a human-in-the-loop, (e) independence from dataset curation
and out-of-distribution generalization (f) strong preliminary results that meet accuracy
requirements on dimensional estimates as specified by the regulator in [150].

Though not directly comparable, the integrated set of methods makes many qualita-
tive improvements upon prior work, which is largely based on discriminative methods or
heuristics. And whose results rely on data annotation, pre-processing, parameter selec-
tion, and out of distribution generalization. In regard to these, the integrated set of fully
learned data driven methods may be considered state of the art for applications in this
niche context.

The probabilistic model, and corroborating results, imply a principled basis underlying
model behaviors and provide a means to interface with regulatory bodies seeking some
justification for usage of novel methods in safety critical contexts. The process is largely
autonomous, but may include a human in the loop for fail-safe analysis. The integrated
methods make a significant step forward in applying machine learning in this safety-critical
context. And provide a state-of-the-art proof of concept, or minimum viable product, upon
which a new and fully refactored process for utility owner operators may be developed.
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Chapter 1

Introduction

At the heart of the Canada Deuterium Uranium (CANDU) nuclear reactor is the zirco-
nium alloy Pressure Tube (PT). The PT positions and supports the uranium fuel bundles
and coolant flows necessary for sustaining fission and effective heat removal. In a typi-
cal reactor, there are 480 PTs—each are just under 6 m long, approximately 11 c¢m in
diameter, and about 4 mm thick. During reactor operation, PTs endure high pressure,
elevated temperatures, and very high neutron flux. Over time, these conditions lead to
geometric deformation and cause PT pipe walls to thin and weaken. Furthermore, chemi-
cal processes may promote embrittlement—especially around developing cracks, scratches,
and fissures—thereby increasing the risk of catastrophic failure [122]. It is incumbent upon
CANDU owner-operators to demonstrate to the regulator that these critical components
remain fit for service. Periodic Ultrasound (UT) Non Destructive Evaluation (NDE) In-
spection supplies the data and analysis necessary to make this determination. And so,

during planned maintenance outages, a subset of the PT is emptied of fuel and inspected
with UT NDE tooling.

Inspections locate and characterize material flaws. Flaws are sudden changes in pipe
wall geometry, such as those caused by the abrasion and wear of reactor fuel bundle bearing
pads and debris interacting with the PT Inner Diameter (ID) surface. They are of interest
primarily because regions at the bounding points of their geometry are under increased
mechanical stress, which enhances the risk of catastrophic failure [122]. To monitor and
mitigate the risk of such an outcome, flaw geometry is characterized and a set of criteria
used to determine the associated risk to continued safe reactor operation.

Normal Beam (NB) Pulse Echo (PE) and Shear Wave (SW) Pitch Catch (PC) UT data

analysis is widely employed as part of a quality assurance or inspection process and as a



means toward a fitness for service argument in safety-critical contexts. The prevalence of
these UT NDE systems in harsh environments such as nuclear, is because, in many cases,
they are easier to design, maintain, and operate than more complex systems such as phased
array. The drawback is that data analysis is a time, material, and labor intensive process
that costs nuclear operators in Ontario tens of millions of dollars annually to maintain and
perform.

UT NDE data analysis involves inference concerning the geometry and condition of
the material under test. Inference is based on a model of UT wave propagation and
assumptions regarding the nominal geometry of the test subject. Together, these support
mapping features in the data to an inferred test subject geometry.

The UT data acquired during inspection of CANDU PT supports such analysis and al-
lows us to determine whether a PT ID surface is oxidized, covered by sediment, scratched,
cracked, dented, thinned, or deformed. The analysis delivers real value estimates for iden-
tified surface flaw geometry (length, width, and depth). The geometric characterization is
used to quantify exposure to the risk of postulated catastrophic failure modes.

Over the last decade, UT based NDE tooling and data acquisition systems servicing
many CANDU reactors have been redesigned. In the past, data acquisition, storage, and
retrieval rates proved to be significant design constraints. However, modern tool designs
take full advantage of widely available commodity hardware to acquire and manage massive
datasets quickly. Currently, at Bruce Power, a CANDU owner operator in Ontario Canada,
a single PT inspection yields approximately 37T B of data.

While data acquisition has vastly improved, the process and software supporting data
analysis remain unchanged. As they age, they become increasingly inefficient to execute
and maintain. The process requires a team of highly skilled analysts, each receiving spe-
cialized training, to independently assess and characterize acquired data with few tools
other than legacy data visualization and spreadsheets. Analysis occurs in parallel with
other high-priority work, making an already complex scheduling problem more difficult.
Analysis often relies on noisy data, which increases subjectivity and challenges repeatabil-
ity.

The procedure-based methods, which inform manual analysis do not fully engage the
dataset because they are sensitive to noise, which can induce a high false positive rate
in the data requiring analysis [15][68][79]. While the repetitive nature of the work can
lead to human performance error [106]. The software underlying the process relies on an
obsolete code base, running on decrepit hardware, which is challenging to maintain and
procure and fails to take advantage of the many improvements often taken for granted
in modern information technology infrastructure. The status quo cannot be maintained



indefinitely. The recent success of machine learning methods has led to the consideration
of their application in the context of UT data analysis to enhance overall efficiency and
efficacy of the process.

1.1 Motivation and Problem Statement

In recent years, stakeholders have agreed to refurbish and extend the operating lives of
nuclear assets in Ontario. Nuclear assets, once scheduled for decommissioning this decade,
are now slated to operate well into 2060. Life extension motivates owner-operators to
consider revitalizing resource-intensive legacy processes whose efficiency and efficacy may
be enhanced through innovation. In particular there is a desire to understand and develop
how innovative machine-learning-based methods that provide automation and decision
support could improve data bound legacy processes by:

e Reducing human error,
e Improving efficiency,

e Enhancing efficacy.

Where it is assumed that decision support and automation will, by its very nature, reduce
the opportunity for error induced by tedious and repetitive cognitive loads, and perform
activities at rates that outstrip the capacity of humans alone [106][2] [100]. Thus, interest
in improvement is sponsored in parts by recent advances in the theory and application of
machine learning, the improved capacity of recently designed data acquisition systems, the
promise of automation, and the proposed life extension of nuclear assets.

The problem at hand is to develop an unsupervised machine-learning-based approach
for decision support and automation of UT NDE data analysis. The intention is to learn
from and improve upon prior work in discriminative learning [19] and heuristic methods
[79][80][141][153] done with CANDU PT NDE data. In our opinion, the cited methods:

e Incur technical debt by relying on labeled dataset management and curation [3],

e Lack a principled basis by which to understand and communicate model performance
to technical stakeholders,

e Have weak explainability, fault diagnosis, and error remediation for users in the field,



e Rely on out-of-distribution generalization.

These characteristics may render them unsuitable for use in safety-critical contexts [38][47]
[0} ],

We require a system that avoids such pitfalls in safety-critical contexts. Such a system
must meet requirements as provided in Chapter 2. The system described in this thesis does
so and is a proof of concept, or minimum viable product that forms the basis on which a
fully qualified, verified, and tested production system may be built.

1.2 Contributions

In response to our perspective on the limitations of supervised discriminative and heuristic
methods, this thesis proposes an unsupervised, generative, data-driven approach for deci-
sion support and automation of UT data analysis in safety-critical contexts [38][110]. The
approach is based on the integration of two novel unsupervised anomaly detection algo-
rithms: Variational Autoencoder (VAE) based Nominal Profiling (NPROF) and Diffusion-
based Diffusion Partition Consensus (DiffPaC). It meets requirements as given in Chapter
2, achieves accuracies required by the regulator [150], and provides desired analysis at
a rate well beyond that of human performance. In so doing, it promotes its applicabil-
ity in safety-critical industrial inspection processes and establishes a business case for the
revitalization of the related legacy process.

The approach is remarkable because its application recovers time-of-flight information
from the dataset hidden from legacy methods to produce an improved analysis in short
time frames. This is a first-of-its-kind result that dramatically improves on the efficiency
and efficacy of legacy amplitude-based methods. The core contribution of this work is an
efficient and efficacious safety-critical ready data analysis system that:

1. Includes a robust mechanism for fault diagnosis and error remediation, designed for
clear visualization, confirmation, and verification of results,

2. Decouples system performance from reliance on out-of-distribution generalization,

3. Incurs no technical debt associated with dataset labeling, curation, and management.

These contributions advance the feasibility of generative model-based approaches for in-
dustrial NDE in general by offering a compelling alternative to supervised discriminative
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and heuristic methods and support a business case for process revitalization in the nuclear
context. Although not directly comparable to prior work, they establish state-of-the-art
performance for decision support and automation in this space [19][79][141][153].

1.3 Arc of research

Research began with an investigation of whether machine learning processes were able to
perform data-related tasks on CANDU UT NDE datasets. Initial experiments demon-
strated that Generative Adversarial Network(GAN) architectures could learn UT dataset
distributions and produce realistic novel synthetic data. That VAE architectures could
encode and decode reasonable facsimiles of UT data. That, given a labeled dataset, a
Convolutional Neural Network (CNN) could estimate and predict desired target parame-
ters. And that a Conditional Variational Autoencoder (CVAE) could predict missing or
unobserved data conditional on locally observed data. This established the feasibility of
the research.

Based on the feasibility study, a research proposal describing a cascading series of
CVAE [125] and various anomaly detection mechanisms was developed [6][130]. Where the
architecture inferred unobserved nominal features in UT data given local observed nomi-
nal. Experimentation with conditional structures, system architectures, hyperparameters,
and conditional inference mechanisms of all kinds resulted in numerous incarnations of the
proposed system. Each showed promise but provided inexact estimates of target parame-
ters on datasets with ground truth. Performance relative to a manually generated pseudo
ground truth skirted about but did not solidly come within the accepted theoretical limit
for measurement accuracy, determined experimentally to be £20 pum [135].

Further research developed possible root causes of inexactness, which were found to be
the existence of outliers and noise in the data, and the relatively high dimension of the
dataset and data-related task formulation. These increased the propensity of the dataset
to exhibit spurious correlation and muddied the accuracy of data-driven learning processes
whose loss functions tended to split the cost between spuriously and causally correlated
data.

Experimentation with traditional data fitting and modeling methods showed that they,
too, appeared to split the cost [116]. Work with iterative approaches that fit and then culled
obviously anominal data using summary statistics showed that culling criteria were difficult
to determine and brittle, so these approaches either erred strongly after pruning nominal
data or became stuck with no further improvement as anomalous data was consistently
retained [S6][133].



At this point, the use of a generative diffusion model [55][128] in conjunction with a
traditional data fitting technique was conceived. The generative model induced a stochastic
element in the process so that traditional fits were made on random subsets of the dataset
and sampled estimates. Culling criteria became learned, and inappropriately culled data
that agreed with a progressively more accurate learned approximate data distribution could
be reconstituted. Research in this direction produced the DiffPaC algorithm described in
Chapter 8 [133].

The success of DiffPaC rests in part on the reduction of the high dimensional UT
datasets to univariate time series. The data reduction reduces the density of spurious
correlates within the dataset, enables rapid learning and allows the accuracy of param-
eter estimation to be expressed in terms of an easily visualized and remediated binary
classification problem.

But DiffPaC is a time-of-flight-based approach to data analysis. As such, it is essentially
blind to small flaws easily identified using traditional amplitude based methods [135]. For
these, a VAE [72] -based data partitioning approach is used to identify and characterize very
likely nominal data. The very likely nominal component of the data is then characterized
using NPROF [131] and all observed data compared to it. Substantial differences between
the characterization and the dataset indicate regions where anomalies are likely to exist.
Amazingly, the conjunction of methods recovers all time of flight information required for
the desired analysis.

1.4 Thesis organization

This thesis follows the arc of research quite closely and is laid out as follows:

e Chapter 2: Gives a set of design requirements and rationale used to guide design
choices made throughout the research,

e Chapter 3: Describes the physical plant and the current state of systems and pro-
cesses that make up CANDU PT UT NDE data analysis,

e Chapter 4: Reviews literature that is either directly related to, or has affected the
course of research,

e Chapter 5: Describes the real world and synthetic datasets used throughout the
research,



Chapter 6: Presents a baseline system, using VAE and NPROF, that provides
good results but is sensitive to outliers and does not provide strong fault diagnosis
or explainability,

Chapter 7: Details the ablation study underpinning design choices for DiffPaC,

Chapter 8: Proposes DiffPaC, an integration of generative and deterministic mod-
eling techniques, that improves on the VAE based system in terms of accuracy, fault
diagnosis, and explainability,

Chapter 9: Integrates components to form a scalable multi-probe, cloud based
system and considers the challenge of system commissioning,

Chapter 10: Summarizes contributions, discusses limitations and areas for further
research, and makes a set of concluding remarks.



Chapter 2

Requirements, design choices, and
scope

Research is motivated by the desire to develop a proof of concept, or minimum viable
product for decision support and automation of Canada Deuterium Uranium (CANDU)
Pressure Tube (PT) Ultrasound (UT) Non Destructive Evaluation (NDE) data analysis !
using some set of machine-learning-based processes. The intention is to determine means
that are systematic, objective, explainable, accurate, timely, manageable, efficient, effica-
cious, and usable within a safety-critical context. At a minimum, such a system must meet
the following requirements:

1. Must produce results with little or no dataset pre-processing, labeling, management,
or curation,
2. Must produce results with a scope and rate that outperforms human analysts,

3. Must have a principled and explainable basis of operation by which the success and
failure of performance may be understood,

4. Must explicitly and robustly engage class imbalance and non-stationary datasets and
decouple model performance from out-of-distribution generalization,

5. Must provide fail-safe means to fault diagnosis, fault remediation, and results verifi-
cation,

IHere-after referred to as simply UT data analysis



6. Must support the provision of dimensional analysis with some acceptable degree of
accuracy.

Requirement 1: Establishes a business case for process revitalization by reducing
the cost of application life-cycle maintenance with an upfront reduction in technical debt
associated with dataset curation, maintenance, and processing.

Requirement 2: Establishes a business case for process revitalization by accelerating
and broadening the scope of analysis while simultaneously reducing resource expenditures.

Requirement 3: A principled basis of operation comprises a theoretical foundation for
understanding model performance and results. This supports rationalizing and communi-
cating a technical justification for using novel methods to stakeholders such as engineering
staff and regulatory bodies. Contrast this with explainability, which provides a simple,
clear, concise, and easily communicated means to understand the success and failure of
model performance and results. Explainability is a human factors design element that
supports the ability to train field staff to effectively use methods whose theoretical basis
they may not fully understand. A principled basis and explainability are both required

[40][99].

Requirement 5: While the use of modern statistical learning methods to provide deci-
sion support in industrial NDE applications shows great promise, the risk and consequence
of failures to generalize may prevent their usage in highly regulated safety-critical contexts
[20][87]. Many well-accepted machine-learning techniques do not adequately address the
risk posed by out-of-distribution error [5][52][53]. We require a process or method that is
independent of the ability of pre-trained models to generalize over out-of-distribution data.

Requirement 5: Use in a safety critical environment implies that all available means
to reduce system error have been employed. When and where it is not possible to guarantee
that system error is within acceptable limits, means for fault diagnosis, error remediation,
and results verification must be available.

Requirement 6: System accuracy must meet regulatory requirements [19][150].

2.1 Design choices

Only unsupervised generative models were considered during the course of research. This
comes from experience implementing machine-learning models in industrial contexts where
dataset management and curation implies an immediate and ongoing technical debt [35][91].



As a class, unsupervised models do not require dataset labels and formulating the data-
related task correctly may ameliorate the burden of required data pre-preprocessing (Re-
quirement 1).

Conditional Score Based Diffusion (CSDI) directly models forward and reverse stochas-
tic processes on the data, while the Variational Autoencoder (VAE) models the distribution
of latent variables that capture or meaningfully describe complex structure in the data.
Both learn using stochastic gradient descent to optimize loss functions based on score
matching (CSDI) and variational inference (VAE). Each provides a reasonably principled
mathematical basis for understanding model performance, but the technical nature of the
basis obfuscates explainability 3.

Explainability is provided by formulating the data-related task as a binary classification
problem: nominal and anominal. Estimated nominal trends are based directly on an
automated data classification and are accepted or corrected on the basis of an intuitive
visual verification performed by a human in the loop (Requirements 3, 5).

The question of robustness to out-of-distribution data is fraught with uncertainty. The
quality of data in an industrial data inspection process is subject to the material condition
of the tooling and physical plant as well as human error [62][67][08][69]. While quality
measures associated with inspection processes helpfully shape potential data distributions,
there are no means to quantify the nature of this help. And generative models only surely
reflect the data on which they are trained [l 1]. So, why use a model based on what is
unknown but hoped for if it is possible to engineer a process that takes full advantage of
what is known? This line of thought leads to the realization of an offline process that trains
models separately and independently on each incoming dataset. This relaxes reliance or
blind faith in the ability of models to generalize and removes any requirement for dataset
curation (Requirement 1, 4).

A process involving a generative model trained on each dataset independently, opens
the door to placing a human in the loop to monitor, correct, and verify the system during
model training and usage [57]. This design choice expediently supports the concept of a
fail-safe watch dog mechanism on both the system and results [16][33][148]. All that is
required are efficient training and sampling, and appropriate human factors to support a
human in the loop [1][70]. Since, in safety-critical processes, a human is required to verify
final outcomes, a machine-learning process that intentionally incorporates and leverages a
human in the loop seems practical and meets Requirement 5 by design [133].

But, to include a human in the loop means training a human for the loop. To suc-
cessfully manage training requirements, the system’s concepts should be intuitive and
explainable. For a machine-learning-based process to be accessible, it must support un-
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derstanding in some low-dimensional lingua franca. Ideally, results should, in every case,
be acceptable or not, and errors should be manifest or absent, for some small bundle of
readily apparent reasons not a cognitively intractable n-ball of them. This is achieved by
expressing the data-related task accessibly, as an easily understood binary classification
problem [151](Requirement 5).

The legacy data analysis process requires that independent analyses performed by mul-
tiple analysts agree to within 0.1 mm. The estimated error of UT analysis on 20 M Hz
Normal Beam (NB) probe data is thought to be £20 um about the true value. The
regulator requires that flaw dimensional analysis carry the following accuracies:

e Depth estimates within +2.00 - 107 m of available ground truth,
e Axial length estimates within £5.00 - 10~* m of available ground truth,

e Radial width estimates within 41.00 - 1073 m of available ground truth.

Any support to analysis must consider adequately each of these and lie or conform, by
some reasonable measure or determination, to these bounds on performance (Requirement

6).

2.2 Complete analysis

PT ascans express a series of peaks in signal response in time. Each peak indicates the
time-of-flight to a sound energy reflector in the PT. If an ascan is nominal, the largest
of the peaks represents the sound energy reflected on incidence with the pipe wall Inner
Diameter (ID) surface. A second peak, of diminished amplitude, may result from sound
reflection off the back wall of the pipe. Several subsequent peaks may also develop as
sound energy reverberates within the pipe wall material. Typically, in nominal ascans, the
amplitude of a series of peaks decreases with time of flight.

Deviating anominal ascan response exists on a spectrum determined by the quality
and geometry of reflectors and ultrasonic beam characteristics. Peaks may be delayed or
advanced relative to a nominal trend in adjacent ascans, and their amplitudes may be
increased or diminished. Changes in the quality of the sound-reflecting surfaces determine
the changing quality of peaks in a series of ascans. Our practical experience with CANDU
ultrasonic data leads to the definition the following types of deviating, or anominal, signal
response in ascans:
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Type i: Caused by flaws with geometry that admit the majority, or all, of a UT
NB probe beam width. Characterized by an irregular primary reflector with time of
flight deviating from the surrounding nominal. Typically, but not necessarily, and
especially at the edges of a flaw, where specular reflection comes into play, these
express a decreased maximum amplitude relative to surrounding nominal ascans.

Type ii: Caused near the edges of flaws, or by flaws whose geometry admits only
some fraction of the UT NB width to enter. Typically, these develop an ascan with
multiple distinct peaks with times of flight that are different than those observed
in adjacent nominal ascans. The portion of the beam that does not enter the flaw
reflects from the nominal pipe wall ID surface to develop a primary reflector with a
possibly decreased maximum amplitude and a time of flight similar to surrounding
nominal ascans. The portion of the beam that enters the flaw reflects from its bottom

or sidewalls and develops a secondary reflector response with an extended time of
flight.

Type iii: High variability in the data may be caused by specular reflection and
attenuation due to oxidation, sediment, and deformed geometry. These inject noise
into the nominal trend and increase variance in the time of flight and amplitude of
reflectors when compared to adjacent nominal ascans.

Manual analysis typically uses a combination of amplitude and time-of-flight-based meth-
ods to locate and characterize what we refer to as type i/ii/iii data deviations [135]. Pro-
posed methods accomplish the same using data-driven machine-learning processes which,
at their core, identify variance from learned highly likely nominal features in CANDU UT
NDE datasets.

The distinguishing feature of type ii data deviations is that, in many cases, the measured
decrease in amplitude is minute. This presents a problem for legacy analysis, which uses
a threshold parameter on ascan maximum amplitude as a means to locate flaws and then
performs a time-of-flight-based analysis. Because ascan maximum amplitude is a relatively
noisy signal, setting the parameter too low results in numerous false positives on flaw
location, while setting it too high increases false negatives. The methods described in the
following chapters largely avoid this dilemma by simultaneously considering amplitude and
time-of-flight-based information . This keeps amplitude-based information from acting as a
filter that prevents the treatment of relevant time-of-flight-based information. As a result,
the proposed methods exploit more of the available and valuable information in the dataset
and enhance the overall scope or efficacy of analysis.
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The provision of a complete type i/ii/iii analysis of data from a collection of NB and
Pitch Catch (PC) UT probes provides the necessary and sufficient prerequisites for all
downstream analysis tasks. Tasks such as determining simple flaw geometry are straight-
forward and may be susceptible to automation. Determing the geometry of more complex
flaws generally requires a more detailed human analysis. In this case type i/ii/iii analysis
contains all the detail (that would have otherwise been manually obtained) required to
support the more rigorous analysis which provides comprehensive decision support.

The remainder of this document discusses methods and presents results for a 20 M H z
NB probe. The 20 M Hz NB is the most accurate of the probes typically employed in
CANDU UT NDE inspections, and its data supports the bulk of analysis performed. Typ-
ically, probes in an angled PC configuration are used only to increase the probability of flaw
detection, confirm estimates made based on 20 M Hz data, or to interrogate complex flaw
types and geometries. As such, results for the 20 M Hz NB probe ultimately determine
the utility of proposed methods.

2.3 Summary and scope

This chapter defined the motivation, requirements, design choices, and scope for the de-
velopment of a proof-of-concept system for decision support and automation in CANDU
PT UT NDE data analysis. The research aims to explore machine-learning-based methods
that are systematic, explainable, and robust for use in safety-critical industrial contexts.

Six primary requirements were given to guide the system development and design
choices. The proposed design uses unsupervised generative models to meet these require-
ments and trains independently on each dataset. This avoids reliance on out-of-distribution
generalization and supports a human-in-the-loop for fault diagnosis during training.

The data analysis task is framed as a binary classification of nominal and anominal
ultrasonic signal responses. This enhances explainability and sets the stage for implement-
ing the fault diagnosis, error remediation, and results verification mechanisms necessary
for safety-critical applications.

Finally, the chapter defines three types of data deviations observed in UT ascans,
which form the basis of the system’s analysis. The focus of subsequent chapters is on
demonstrating this approach using data from 20 M Hz NB probe.
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Chapter 3

CANDU pressure tube inspection

This chapter seeks to familiarize the reader with the current practice of Ultrasound (UT)
data acquisition and analysis. Topics covered include:

Relevant components, processes, and conditions of an operating Canada Deuterium
Uranium (CANDU) reactor.

Inspection tooling design and data acquisition.

UT probe configurations.

UT data and analysis.

The following material is provided with the depth and breadth required to understand the
potential impact of proposed improvements.

3.1 CANDU pressure tubes

A typical CANDU nuclear reactor contains 480 Fuel Channel Assembly (FCA). As in
Figure 3.1 the FCA contain nuclear fuel and span the calandria, a large pressure vessel
containing a mass of DyO. D,0, otherwise known as deuterium oxide or heavy water,
is a molecule composed of two deuterium atoms, each covalently bonded with an oxygen
atom. Deuterium is a stable heavy isotope of hydrogen with a nucleus containing a proton
and a neutron. The chemical composition of D,O allows it to interact with and slow, or
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Figure 3.1: Schematic diagram of a simplified CANDU reactor design. Nuclear owner-
operators typically run multiple reactors in parallel. Image used with permission [14].
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thermalize, free neutrons produced by fission. Thus, the heavy water in the calandria,
known as moderator fluid, functions to slow free neutrons produced by nuclear fission to
speeds at which a controlled nuclear fission process may be sustained [14].

As in Figure 3.2, each FCA is a conglomerate whose major components include end
fittings, feeders, spacers, the Calandria Tube (CT), Pressure Tube (PT), and other associ-
ated hardware. The PT forms a pressure boundary that contains heavy water coolant in
the heat transport system [14].

The PT is a zirconium alloy tube housed inside the slightly larger diameter CT. Four
garter spring spacers encircle the PT to prevent PT/CT contact. PT are approximately
6 m long, almost 11 ¢m in diameter, and have a pipe wall just over 4 mm thick. During
construction the PT are inserted into the end fittings and fixed in place by rolled joints.
Rolled joint detail is shown in Figure 3.3 [59].

During operation, the PT locate and support reactor fuel bundles and provide a conduit
that allows the Pressurized Heavy Water Transport (PHT) system to push a flow of DyO
heavy water coolant. Asin Figure 3.1, the low moves over the fuel and draws away the heat
of fission to adjacent steam generators. There, fresh water in an isolated secondary ther-
mal loop is heated to temperatures and pressures required to drive electricity-generating
turbines. This, in turn, produces electricity to the grid [14].

3.2 Deformation and flaws

Though PT are manufactured to exacting quality and true to dimension upon installa-
tion, the stress of normal operation from pressure and temperature cycling, static loading,
reactor chemistry, and neutron flux cause PT deformation [50].

Over the course of time, physical flaws develop on the PT surface material. These
scratches, pits, scrapes, dents, irregularities and impressions are caused by the interaction
of the PT Inner Diameter (ID) surface with fuel bundles, fueling machinery, inspection
tooling, debris, foreign material and the various processes that cause PT deformation.
Various types of flaws exist [131][135]:

e Circumferential and axial scrapes: Scrape tools routinely take small samples of
PT material for inspection and chemical analysis. Circular and axial scrapes are the
depressions and voids left by the tooling performing these inspection operations.

e Fuel bundle bearing pad frets: Fuel bundles rest on bearing pads, which are
small tabs of zirconium alloy that elevate the bundle slightly from the PT ID surface.
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Figure 3.2: Schematic diagram of the FCA. Heat transport D,O enters the FCA at one
feeder, passes over the fuel to draw its heat of nuclear fission, exits at the other feeder, and
proceeds towards the steam generator. Image used with permission [59].
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Figure 3.3: The rolled joint between the end fitting and the PT creates a seal to contain
reactor coolant within a pressure boundary. Reactor coolant may migrate into the voids in
the rolled joint between the pressure tube material and the end-fitting to create a pathway

for deuterium ingress and accelerate hydride uptake. ITmage used with permission [59].
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Figure 3.4: Two FCA configurations are depicted. The top FCA contains an inspection
tool, in blue and in an empty PT, being progressed axially by a long blue push rod delivery
system. Fuel bundles are removed from the PT, prior to inspection, to clear a path for tool
traversal. Though not shown, PT deformation may at times be so extreme as to interfere
with free axial tool movement; this may induce noise in acquired data. Image used with
permission [11].

Constant vibration at operating pressures and temperatures causes fretting at points
of contact between the PT and bearing pads.

e Foreign material and debris: Foreign material and/or debris in the PHT may
interact with the PT ID surface and cause depressions due to wear. Debris may
lodge underneath bearing pads and may cause a debris flaw to occur simultaneously
with a bearing pad fret flaw.

e Inner diameter scratches: ID scratches may occur as debris, fuel bundles, or
inspection tooling traverse the PT.

e Crevice corrosion: Formed by Lithium Hydroxide concentrations that build up
when PHT boiling occurs underneath fuel bundle bearing pads. Crevice corrosion
tends to fill flaws and obfuscate their depth when measured by UT inspection tooling.

e Outer diameter flaws and blistering: Are anomalies found on Outer Diameter
(OD) surfaces of PT. Most OD flaws are assumed to have been formed at the time of
PT manufacture or installation. Blisters are a postulated condition believed possible
in the event of PT/CT contact.
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3.3 Pressure tube oxidation and sediment

During operation, regions of the PT ID surface may be subject to oxidation and the col-
lection of sediment. Both conditions are sensitive to reactor coolant chemistry, which is
monitored and controlled to exacting standards [11]. Evidence of these conditions is given
by variance in the position of features in the UT data. Nominal ID surfaces display stability
in the time of flight of features in adjacent ascans. Specular reflection and impedance, in-
duced by oxidation and sediment, variously widens, flattens, accentuates, and skews peaks
in UT response. Analysts typically annotate flaw characterizations, in regions where oxi-
dation or sediment are observed, with the caveat that results are based on noisy data and,
therefore, carry greater uncertainty. This informal characterization provides the current
type iii analysis [134][135].

3.4 Inspections, tooling, and data acquisition

PT Inspection is performed primarily to satisfy a regulatory requirement to monitor the
progression of pre-cursors to catastrophic PT failure. Such pre-cursors include, but are
not limited to, the formation and growth of hydrides in the PT zirconium lattice structure
and the associated phenomena of Delayed Hydride Cracking (DHC). In particular UT
inspection is performed to monitor, and assess conditions, at regions of high mechanical
stress in the PT, such as those at the extremities of flaws, where hydride uptake and DHC
are most likely to occur [122][150].

CANDU PT inspection tooling is typically deployed by delivery systems that access the
end fitting to insert and position tools as required. A simple in-channel tooling configura-
tion is depicted in Figure 3.4. Figure 3.5 shows a typical inspection tool. It is about 2 m
in length, and just smaller in diameter than a PT. During inspection, the tool is centered
in the PT with spring-loaded rolling mechanisms that damp the rotational wobble of the
spinning head. As the delivery system moves the tool axially down the PT, the tool head
rotates, allowing the embedded UT probes to scan the PT ID surface. Tool designs often
include U-joints along their length to allow free movement against PT deformation that
may potentially impinge travel. Designs are proprietary and not widely documented in
publicly available literature.

Again, based on experience, and similar to that found in [30][31], and [32], Figure
3.8 provides a block diagram for a simple single probe UT Non Destructive Evaluation
(NDE) data acquisition system. The control code synchronizes data collection and tool
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Figure 3.5: A typical UT inspection tool is about 2 m in length. This design includes
a double u-joint and two centering modules with spring-loaded rollers. The connector
module at the tailstock attaches the tool to the delivery system which positions the tool
and progresses it axially down the PT. Various sensor packages perform NDE inspection
with UT, eddy current, and accelerometers. The UT head rotates as the tool progresses
axially down the PT to collect UT data in a helical raster over the ID surface. Image used
with permission of Bruce Power LLP.

servo positioning by issuing clock based triggers. Individual UT ascans are collected when
triggers from the control code stimulate the pulse generator to pass a purposefully shaped
and modulated voltage signal through an amplifier and onto a piezoelectric crystal UT
probe. The crystal responds to the voltage across its inputs and emits a pulse of ultrasonic
sound energy towards the PT pipe wall. A portion of the sound energy is reflected back
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toward the crystal and generates a measurable voltage response, which is amplified and
routed for analog to digital conversion. The control code then annotates the digitized
signal response with the time and location of acquisition and writes it to disk. Real-world
inspection tooling designs typically drive multiple probes and signal paths simultaneously.
For instance, the UT head on the tool depicted in Figure 3.5 has ten inspection probes on

board [134][135].

3.4.1 UT probe configuration

UT data provides indirect information about the geometry of sound-reflecting surfaces in
probe acoustic fields. The characteristics of a field and its orientation inform the interpre-
tation of the measured response. Manufacturers characterize probes using parameters such
as center frequency, beam width, and focal length to summarize their acoustic properties
and aid system designers in choosing probes appropriate to specific applications.

Parameters such as beam width and center frequency determine the resolution and
sensitivity of a probe. The shorter wavelength of high-frequency probes allows signal entry
into narrow cavities and crevices and resolves edges with fine resolution. Beam width
affects sensitivity. Wider beams smooth the variation in response due to reflecting surfaces
that are small relative to overall beam width. Focal length determines the distance from
the probe at which optimal resolution and signal-to-noise ratios occur. These parameters
support the determination of figures for error and resolution that bound the accuracy of
analysis based on associated UT data [30][31][77][134][135].

A common probe configuration is Normal Beam (NB) Pulse Echo (PE). NB probes
are aligned with an interface normal to the PT ID. A single probe is set up to trans-
mit and, again, receive sound energy pulses. This type of probe configuration provides a
direct path time of flight based measurement of the distance from the probe to a reflect-
ing surface and typically provides the most accurate measurements available to analysts

BOIBIT7[34[135).

Another common probe configuration is Shear Wave (SW) Pitch Catch (PC). SW
probes are set up in pairs and aligned so that transmitted UT pulses generate a shear
wave in the PT pipe wall. UT sound energy is transmitted by the pitch probe, enters the
pipe material and reflects twice off the OD, or back-wall, and once from the ID for what
is referred to as a full skip, and upon exit returns to the catch probe. This configuration
provides an indirect measurement of material thickness underneath a flaw and also shows
evidence of reflectors shadowing or blocking signal transmission from pitch to catch. It is
sometimes used to confirm measurements derived from NB data and in cases where the
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normal beam is occluded by flaw geometry, such as when the flaw width is too narrow to
allow entry of the normal beam.

Most often PC signal is used to detect flaws, and NB data used for their characteriza-
tion. This is because NB analysis is more accurate than PC. This makes sense when one
considers that PC analysis makes use of a small angle approximation and a more complex
signal path, which amplifies associated uncertainty in measurement [30][31][77][134][135].
Figure 3.7 depicts the use of NB and PC probe configurations for flaw depth estimation.

3.5 UT data

When an ultrasonic probe is excited by a voltage across its piezoelectric crystal, it emits
a pulse of UT sound energy. Similarly, when the crystal is stimulated by UT sound en-
ergy, a voltage response is generated across it. ascans are voltage response curves in
time that measure the intensity of UT sound reflected back to and stimulating the crys-
tal in the micro-seconds following an initial voltage pulse across the crystal. Typically,
ascans are captured sequentially as the probe moves along the surface of a test object

BOIBIT7[34[135).

Data acquisition occurs using various NB and SW probes. Throughout this document,
experiments are performed, and results are reported for data collected using a 20 M Hz
NB probe, but the methods may be applied to any probe whose time-of-flight information
is used to characterize flaws!.

During data acquisition, the inspection tool moves axially along the pipe while a rotat-
ing head spins a collection of probes. This allows probes to scan the pipe wall ID surface.
During each revolution, each probe acquires 3600 ascans on a helical pitch of 0.4 mm. For
convenience and consistency, throughout this document, we fix axial velocity at 0.4 ™™. In
practice, axial velocity varies slightly. Each 20 M Hz NB ascan consists of 3250 voltage re-
sponse measurements taken after the initial voltage pulse to the crystal. Measurements are
sampled at a rate of 250 M H z using commercial off-the-shelf analog to digital conversion
hardware.

Using data collected at the time of acquisition, we can associate each ascan with a
unique tuple (¢, d,t), where ¢ represents the rotational angle in degrees, § the axial position
in meters, and ¢ the time in seconds at which the ascan was acquired. Sequentially acquired
ascans may be ordered in terms of angular position, axial position, or time of acquisition.

During manual analysis, some probes are used only for their amplitude-based information, which is
used to locate flaws. Proposed methods do not use amplitude-based information in this way.
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Figure 3.6: cscan, bscan, and ascan are canonical views of ultrasonic data used during
manual data analysis. The ascans in the right column are taken at the color-coded locations
on the bscan in the center column. The bscan is a two-dimensional plot of a series of ascans,
stacked and viewed as an image. This bscan depicts the ascans associated with the red
line on the cscan in the left column. The cscan shows the value of the peak amplitude for
each ascan taken over its surface, as given by the plot axes.
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The time of flight and amplitude of ascan peaks and troughs are correlated with the
distance that UT sound energy travels through heavy water and zirconium alloy. The
sound wave makes a round trip, starting and ending at the probe. In regions where there
are no flaws or material impediments in the pipe wall, the nominal ID is determined by the
time of flight of the ascan peak amplitude. In this case, ascans are classified as nominal.
Nominal ascans are illustrated in the top and bottom plots of the third column in Figure
3.6. Alternately, in regions with flaws or impediments, ascan features are modulated by
the anomalies. These ascans are classified as anominal, and an example is shown in the
middle plot of the third column of the referenced figure [30][31][77][134][135].

A bscan is generated by plotting a series of ascans sequentially to form an image that
provides a relief or profile of UT response across a surface. A cscan depicts the peak
amplitude of each ascan over a surface area, producing an image that highlights variations
in peak reflected UT sound intensity. Examples of ascan, bscan, and cscan are given in
Figure 3.6.

The bscan in Figure 3.6 shows a predominantly nominal inner diameter characterized
by a regular oscillating pattern, which is interrupted by anominal reflections from notches
of known depth in the Calibration Fixture (CF). The notches are used to calibrate the
inspection tool prior to PT inspection. The oscillation of the inner diameter profile is a
result of positioning noise caused by the rotational wobble of the spinning head. This wob-
ble complicates data analysis due to its non-stationary distribution, evolving in a manner
that can be informally described as chaotic [19][134][135].

Other sources of noise in the dataset may include positional error due to deformation
in pipe geometry, jitter in the axial and rotary servo mechanisms, stray electronic signal,
and transient ambient and tool condition [134][135].

A strong assumption made about inspection datasets is that they are overwhelmingly
nominal. An assumption practically guaranteed by stringent quality control processes
governing CANDU operation and inspection. These ensure that the vast majority of the PT
surfaces are fit for service and that ambient and tool conditions are within some controlled
range [50].

The difference between nominal and anominal ascans is sometimes difficult to deter-
mine. ascan features may be modulated by oxidation or sediment on the inner diameter
surface, causing specular reflection. Specular reflection randomly alters peak and trough
widths and amplitudes, thereby increasing noise in the ID surfave signal. ascan taken at
the edges of flaws, or over small-diameter flaws, may contain a response from both nominal
and anomalous regions interacting with the UT beam. Furthermore, variations in tool op-
eration and ambient conditions can introduce anominal components in otherwise nominal
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data. This ambiguity complicates meaningful data classification [30][31][77][134][135].
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Figure 3.7: Both the NB and PC probes flag the region at p2 for analysis on the basis of
a relative decrease in UT response amplitude. With ID and OD the PT inner and outer
diameter respectively, and with the speed of sound in the water path and test subject
material v, and v, respectively, let d; and d; be nominal test subject material thickness
and flaw depth respectively. Let d; > d; so that 6 = ¢ and let 6 be a known design
parameter. Then with the normal beam dy = vy, (Ats — Aty)/2. And with the pitch catch
pair dy = v, (At — Aty) cos(6/2)/2.

3.6 UT data analysis

The primary goal of NDE inspection is to locate and characterize flaws. Flaws are sudden
changes in pipe wall thickness caused by abrasion, wear, and fatigue across the PT ID.
Flaws are of interest primarily because regions at the bounding points of their geometry
(flaw tips) may be susceptible to hydride uptake and DHC [122][114].
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In addition to characterizing flaws, analysts are required to identify and locate key PT
features. These features include the end of the PT, the three rolled joint rings, and the
burnish mark location at the tapered section (as in Figure 3.3). The rolled joint process
performed during installation of the PT is imperfect and may leave voids in the rolls
between the PT and end fitting. Over time water may collect in these voids and increase
the probability of hydride uptake. The presence of water may also be inferred from the
data taken at the rolled joints [134][135].

To find flaws, UT data is processed using amplitude-based flagging criteria. The criteria
generate a list of regions within the dataset for which analysis is required. Though time-of-
flight-based methods are also sometimes used for flaw detection, amplitude-based methods
are the de-facto standard in UT NDE inspection processes.? Data flags for analysis when
the variance of maximum amplitude between ascans in a local neighborhood exceeds some
predetermined threshold or criteria. Amplitude variance occurs due to the strong specular
reflection of UT sound energy in and around flaws [30][31][77][134][135].

Once a list of regions with strong amplitude variance has been constructed, analysts
compile the data relevant to each location and perform in-depth analysis. Flaw geometry
is characterized by providing exact flaw axial and radial location, length, width, and depth.
Both amplitude and time-of-flight-based techniques may be used to establish flaw geometry.
Figure 3.7 demonstrates the use of time of flight to estimate flaw depth for the NB and
PC probe configurations [131][135].

The industry regulator has approved an analysis process wherein UT data is analyzed by
two independent analysts and then again by a third analyst who reviews and compares the
independent work, checking for consistency, and resolving discrepancy. This three stream
analysis is costly in terms of person hours but, given adequate training of analysts, provides
reason for confidence in results [134][135]. Machine learning-based decision support and
automation improves the current state of analysis only if it achieves a similar, or improved,
level of confidence with similar, or fewer resources .

2 Amplitude based methods are the traditional approach to managing the complexity of processing large
volumes of UT data. Amplitude-based methods carry with them a penalty in terms of the probability of
flaw detection. Though this is subject to further study, results suggest proposed likelihood and time of
flight-based methods make improvements on this.
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Figure 3.8: A simplified UT-based NDE system schematic. In modern inspection tools,
most of the components are implemented using commercial, off-the-shelf components run-
ning application-specific control code. In the case of PT inspection, the pulse generator,
amplifier, and probe configuration meet specific requirements for CANDU PT inspection.

3.7 Selected bibliography for CANDU component and
inspection processes

Various sources discuss the chemical and material properties of CANDU PT. [25] and
[60] provide detailed descriptions of CANDU PT physical attributes, composition, and
manufacturing. [27] and [109] provide an analysis of the performance of CANDU PT with
guidance on criteria for inspection and failure modes. [114][121][122][123] and [136] provide
a detailed analysis of hydride uptake and embrittlement in PT, underscoring a requirement
to monitor and asses PT state in terms of deuterium ingress or hydride uptake. [253][90]
[140], and [117] provide analysis of PT catastrophic failure under terminal stresses and end-
stage failure modes. While [50] discusses various modes of PT deformation. PT inspection
and data analysis, are described by Trelinski in [134][135]. Karpelson has produced an
extended discussion on various aspects and innovations to UT inspection and analysis,
some of which may be found in [63][64][65][66][67][68]. Current inspection programs are
designed to meet the requirements of an evolving set of standards that are based on em-
pirical observation and scientific study and are endorsed by the national regulator [25][20]

[27][103][109][150].
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3.8 Chapter summary

This chapter describes current practice in UT data acquisition and analysis. Reactor
components relevant to inspection, such as the FCAs, PTs, CTs, and rolled joints are
described. PTs and their susceptibility to deformation and even catastrophic failure by
DHC are described in detail. This established the basis of the requirement to perform PT
inspection.

Various types of PT flaws are described, ranging from circumferential scrapes and
bearing pad frets to corrosion, debris damage, and blistering. Oxidation and sediment
buildup, which complicate flaw interpretation due to signal noise were also discussed.

Inspection tools and data acquisition are discussed in depth, with emphasis on NB and
PC probe configurations. These acquire UT data as they traverse the pipe, and generate
ascans, bscans, and cscans that analysts interpret manually. The mechanics of data
acquisition, probe characteristics (such as frequency and beam geometry), and how signal
reflections encode flaw information are clearly outlined.

Current analysis procedures relying on amplitude-based methods to flag anomalies and
time of flight information to characterize them are described. As is the flaw characterization
process, which is resource intensive but reliable and produces high confidence results.

This chapter highlights both the sophistication and limitations of current practice. The
understanding it brings provides the context for evaluating whether proposed machine-
learning-based improvements achieve performance that meets or exceeds the current stan-

dard.
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Chapter 4

Literature review

4.1 CANDU reactor innovation

Most in-service nuclear reactors were built before the wide-spread digitization of the last
several decades. As a result, nuclear systems often lack the connectivity associated with
today’s internet of things. The application of often network-connected, digital, modern
methods to support reactor component health and safety monitoring is considered in [29]
which provides a comprehensive survey of prognostics and health management in nuclear
reactors. Of late, attention has turned to the automation of inspection data analysis

[40][131][132][133][141].

The application of machine-learning techniques in the context of tasks related to Ultra-
sound (UT) inspection data has been widely reported on. All manner of model architecture,
feature extraction, data pre-processing, and learning approach have been investigated. [20]
surveys much of this work and makes predictions and recommendations for directions in
future research based on a projected arc of progress in methods. Another survey [22] of
methods in structural health monitoring cites several supervised deep learning methods
and applications for UT.

K-Means clustering with Support Vector Machine (SVM) classification is used in [15]
for artifact detection in preprocessed ultrasonic data to automate flaw detection. In [101],
a discriminative system is developed that estimates the length and orientation of cracks
measured in UT data. Results show that in some cases, the system performs with greater
accuracy than manual analysis. However, researchers caution that training datasets must
exhibit “all significant variation that is expected to occur in the real inspection.” This is a
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fundamental fact of machine-learning, and the difficulty is that, except for trivial circum-
stances, there are no means to prove such coverage has been attained [7][][93][126]. [105]
proposes Gaussian Feature Approximation(GFA), a novel technique for data-dimension
reduction intended to improve the interpretability and explainability of machine-learning
results in UT data analysis. Several architectures and data processing techniques for fea-
ture extraction for use with architectures proposed in [127] are investigated in [35] and

[102].

Numerous publications document research performed on the same Pressure Tube (PT)
UT datasets treated in this thesis. [30] proposes an end-to-end expert system for automa-
tion and decision support of manual PT UT data analysis. The work integrates signal
processing and ad-hoc heuristics in an expert system. The expert system codifies a man-
ually compiled database of subject matter knowledge, which provides good explainability
for results [118]. Benchmarking against the results of manual analysis on data from six
PTs is performed. There is some weakness with respect to the accuracy of results which
achieves a mean of 86% relative to manual analysis. The authors remark that data-driven
processes might be used to improve results which appeared to suffer due to wide variability
in data. [152] proposes unsupervised clustering using Density Based Spatial Clustering of
Applications with Noise (DBSCAN) [12] to support cscan analysis. The method clusters
on the basis of learned features and location, providing an approach to identify and lo-
cate PT flaws. A proof of concept supervised Convolutional Neural Network (CNN)-based
architecture able to identify and locate flaws is proposed in [19]. Labels are provided by
manual data analysis, and training data is down-sampled and concatenated to manage
compute requirements. Results are adversely impacted by noise in the dataset.

With the exception of [152], which is based on the unsupervised but parameter sensitive
DBSCAN [17][12] method, all Canada Deuterium Uranium (CANDU) specific research is
dependent on labelled datasets. In the case of [79][80], and [141] the labels provided by
manual dataset analysis are used to generate the set of heuristics on which the proposed
system operates. In the case of [19] labeled data is required to train the neural networks
used to identify and characterize flaws. In each case, consistent performance relies on
out of distribution generalization, which dictates that the labeled datasets be large. But
because field conditions may vary widely and unpredictably, no guarantee can be made
that a dataset contains the information required for the desired level of generalization

[7][5)93]126).
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4.2 Generative methods and models

Given sets of data and labels X and Y with elements x and y respectively, generative
models, such as Variational Autoencoder (VAE) [72] and Diffusion Probabilistic Model
(DPM) [55], seek to learn underlying data distributions p(z,y) and p(x)(respectively),
while discriminative models learn the conditional distribution p(z]y). When tasked with
classification, i.e., finding label y given datum x, a generative model may use Bayes’ rule to
calculate p(y|z) from the learned joint distribution and then use the posterior to stochasti-
cally sample y. In contrast, the discriminative model arrives at the posterior p(y|x) directly,
via a learned deterministic mapping, without reference to the joint probability or use of a
stochastic process [95].

Introduced in [72] the VAE provides a type of Autoencoder (AE) [ 11][112] that trains
over a variational lower bound. By way of an involved derivation [73] develops an objective
that moves target distributions from exact and intractable to approximate and feasibly
calculated. Thus, given data X, VAE learn a latent distribution z ~ ¢4(z|x), and posterior
x ~ pg(x|z) by optimizing objective Ly 4p(X;0,¢) with stochastic gradient descent over
parameters 6 and ¢. [96] provides a derivation of the VAE objective and [73] provides a
tutorial on practical usage.

The Beta Variational Autoencoder (BVAE) [54] implements methods for learning disen-
tangled latent representations. BVAE insert a § hyperparameter in the VAE loss function
that modulates the contribution of error between data reconstruction and information bot-
tleneck channel capacity [129]'. The tunable trade-off between reconstruction error and
channel capacity can be used to encourage models to learn disentangled latent represen-
tations. For even greater control modulating contribution to the loss function [13] adds a
hyperparameter C' to arrive at objective:

L(x,2:0,0,7, k) = Eq, 21y [log po(x|2)] — 5| Dk1(4o(2[%)||p(2)) = C]| (4.1)

The Conditional Variational Autoencoder (CVAE) [125], is a deep conditional genera-
tive model for structured output prediction with Gaussian latents that extends the stan-
dard VAE architecture by incorporating a conditional mechanism to perform tasks such
as occluded image reconstruction and segmentation. The CVAE architecture consists of a
recognition encoder and a prior encoder. The outputs from the encoders are concatenated
and passed into a generator, which features skip connections to the prior encoder. During

1The information bottleneck is the restriction between the encoder and decoder in a VAE neural network
architecture. It may also be considered as an encoding, representation, or embedding.
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training, the recognition encoder takes both occluded images and their corresponding in-
tact images as input, concatenating their outputs to produce an encoding that is fed into
the generator. The CVAE learns to sample from the conditional distribution p(y|x), where
x represents occluded images and y the desired intact images by training over the three
separate parameterized networks.

The Variational Autoencoder with Arbitrary Conditioning (VAEAC) [01] extends the
CVAE. Given a dataset X composed of vectors x € R?, VAEAC conditions on an arbitrary
subset of observed features to enable sampling of the remaining, masked or possibly un-
observed, features. Specifically, VAEAC samples from p(xr|xi\r), where U represents the
set of all features, and U \ T is an arbitrary, potentially unobserved, subset of features in
U defined by T'. Learning over all possible 7" is computationally intractable without strong
assumptions on x, so the formulation is refined to model arbitrary distributions of 7. These
distributions can be fixed to apply conditioning specific to a particular application.

Generative methods have demonstrated remarkable results in audio signal processing.
Self Supervised Sequential VAE (S3VAE) [155] uses regularization at the VAE information
bottleneck to enforce learning disentangled representations of sequential audio and video
data. WaveGAN [37] is a GAN [16] for unsupervised raw audio waveform synthesis. Wave-
GAN implements a flat convolutional GAN architecture with a phase shuffle mechanism
to mitigate artifacts in generated audio. WaveGAN is capable of synthesizing short slices
of realistic, coherent audio similar to the small, domain-specific audio datasets on which
it is trained. DiffWave [75] is a Denoising Diffusion Probabilistic Model (DDPM) based
approach to audio synthesis that avoids the instability of GAN-based adversarial training,
is more versatile than a VAE-based system and trains and synthesizes audio more quickly
than autoregressive approaches such as WaveNet [13%]. Conditional Score Based Diffu-
sion (CSDI) is an extension of DiffWave and is a major component of Diffusion Partition
Consensus (DiffPaC). CSDI is described in detail in Chapter 7 [128].

4.3 Disentanglement and manifolds

Alongside a stream of practical developments in architectures and objective functions, a
principled discussion concerning the underlying nature of distributions learned by gener-
ative models has evolved. Borrowing from disciplines such as abstract algebra, topology,
homology, statistics, category, and information theory, much of the conversation is focused
on the concept of disentanglement. The discussion finds it basis in the assumption of the
manifold hypothesis [I 1] and develops a principled basis for understanding, interpreting,
and explaining the usefulness of learned representations.
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Under the manifold hypothesis, the distribution of a dataset X is a composition of
effects arising from a set of independent data-generating factors. These factors express
in the data a set of independent factors of variation over dataset features. The distribu-
tions of learned latent representations are informed by these independent data-generating
factors. A learned representation may be considered disentangled when independent data-
generating factors of variation map onto isolated, possibly compact, regions of the learned
representation space.

Various attempts have been made to define disentanglement but none has gained wide
acceptance. In the opinion of the author a useful definition acknowledges the existence
of independent data generating factors, and given a specific task to be performed on a
dataset, groups the factors as providing information relevant to the task or as providing
irrelevant nuisance information [1]. Achilles and Soatto speak of optimal representations
and qualify disentanglement as follows:

To simplify the inference process, instead of working directly with the ob-
served high dimensional data x, we want to use a representation z that captures
and exposes only the information relevant for the task y. Ideally, such a repre-
sentation should be (a) sufficient for the task y, i.e. I(y;z) = I(y;z), so that
information about y is not lost; among all sufficient representations, it should
be (b) minimal, i.e. I(z;x) is minimized, so that it retains as little about = as
possible, simplifying the role of the classifier; finally, it should be (c) invariant
to the effect of nuisances I(z;n) = 0, so that the final classifier will not overfit
to spurious correlations present in the training dataset between nuisances n
and labels y. Such a representation, if it exists, would not be unique since any
bijective mapping preserves all these properties. We can use this to our advan-
tage and further aim to make the representation (d) maximally disentangled,
i.e., choose the one(s) for which TC(z) is minimal. This simplifies the classi-
fier rule, since no information will be present in the higher-order correlations
between the components of z.

Where I(y; ) is the mutual information between y and z, and T'C(z) is the total correlation
of z [84].

Network architecture selection, dataset curation, and regularization as provided by
objective functions, hyper-parameters, and training methodology are known to induce or
enforce the learning of disentangled representations as described by Achilles and Soatto.
[L1] contains an early extended discussion with respect to these tools and [108] considers
explicitly inductive biases to support the learning of representations.
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To measure disentanglement, [70] introduces methods for exploring the Riemannian
geometry in learned manifolds. The curvature in learned manifolds was found to be low,
with straight lines in the latent space mapping to approximately geodesic curves on the
manifold. This supports an intuitive understanding of how latent space manipulation can
smoothly transform or morph samples across modes. Based in part on the work done
in [70], [151] provides a dataset and model-independent disentanglement measures using
persistence barcodes to characterize persistent manifold topology.

4.4 Anomaly detection

Well-cited surveys such as [23] and [24] summarize some of the many approaches to anomaly
detection that have been proposed over the years. They also document an evolution of
interest from classic to machine-learning-based approaches. [121] questions whether deep
generative models outperform traditional peers. Well-defined benchmarking is performed
across a broad swathe of datasets and models. Results show that One Class Support Vector
Machine(OC-SVM) [117] outperformed other methods on tabular data and a stacked VAE
[72] with OC-SVM outperformed on image datasets. [101] demonstrates CVAE [125] based
anomaly detection. They use reconstruction error to score and threshold incoming signal.
The method performs favorably against a small group of alternative approaches. They
develop a concise appraisal of developments in semi-supervised anomaly detection and
give good insight into the use of the VAE in an industrial anomaly detection context.

An entirely different class of techniques involves the use of non-parametric Bayesian
methods [13]. Temporally Reweighted Chinese Restaurant Process Mixture Models [113]
extends these techniques, by way of a cohesion function that ignores the identically inde-
pendently distributed assumption to introduce time dependencies, for multivariate time
series with non-stationary dynamics. Memoized Online Variational Bayes (MOVB) [5]
implements a Bayesian non-parametric code base with a memoization technique to provide
similar functionality with capped resource usage for scalability. Temporally Reweighted
Dirichlet Process Mixture Anomaly Detector(TREDMAD) [130] integrates a cohesion func-
tion, as in TRCRPM, and memoization, as in MOVB, to provide an anomaly detection
algorithm with a fixed amount of computational resources. TREDMAD captures the tem-
poral dynamics of time series data and enables good online anomaly detection on industrial
datasets without a requirement for domain expertise.

35



4.5 Learning the nominal

Similar to DiffPaC [133] are methods for unsupervised anomaly detection that seek to learn
only that which is relevant to the nominal component of the data. This allows the contrast
between model outputs and inputs, when fed newly observed data, to form the basis for
anomaly detection. This approach is seen as a practical and necessary response to working
with data that is unlabeled, strongly class imbalanced, and without a set of predictable
failure modes [23].

In a straightforward example of this type of anomaly detection, [3%] trains a VAE [72]
on nominal UT and uses the L; data reconstruction error of newly observed data as an
anomaly score. In a slightly more complex arrangement, [20] separately trains an AE [112]
encoder and decoder to predict and filter nominal data components from UT data. This
makes a possibly obscure anominal component of the data identifiable. The unsupervised
method requires a curated nominal training dataset and provides real value estimates for
desired target parameters.

Defects in UT data acquired by scanning carbon fiber-reinforced plastic composites are
detected in [137] using a two-stage anomaly detection training pipeline. The first stage
of the pipeline uses DBSCAN [12] to filter anomalous data from a training dataset that
an AE is later trained to reconstruct. The trained AE is then used to find anomalies in
complete, unfiltered datasets directly.

Even more complex, [(2] mitigates the effects of non-stationary ambient and operating
conditions on anomaly detection by fusing a VAE [72] with Singular Value Decomposition
(SVD) [11] and a Forced Variational Autoencoder(f-VAE). The proposed f-VAE enforces
linearity in the learned latent space. Training the composition of components on a set
of curated and labelled datasets allows it to learn the effect of changing ambient and
operational conditions which facilitates robust anomaly detection.

The weakness of work cited so far in this section is that each learns, or defines, nominal
and anominal on the basis of a pre-trained model and a fixed, often currated, training
dataset. This pre-training statically binds model performance to the distribution of the
training dataset. For performance to remain stable, new data must either be stationary or
the model must generalize. However, the distribution of newly arriving data will change
with the ambient system and operating conditions. Even when changing conditions are
anticipated, as in [62], they cannot be fully accounted for, and generalization cannot be
guaranteed [7][3][93][126].

The failure to provide guarantees on generalization challenges the use of these methods
in safety-critical contexts. The techniques developed in this thesis are motivated by a desire
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to overcome these deficiencies and decouple performance from a requirement for stationary
datasets or generalization. DiffPaC [133], in part, accomplishes this by forsaking the use
of a pre-trained model and learning each dataset distribution independently.

4.6 Other methods informing DiffPaC

The CSDI [128] model, on which DiffPaC [133] is based, is a current state-of-the-art model
in multivariate time series data imputation. But blindly training a CSDI model on each new
incoming dataset does not by itself produce results usable within a safety critical context;
and without access to ground truth, means for fault diagnosis and remediation must be
developed. An ablation study of DDPM and CSDI models [132](DDPM) demonstrates
that, while the inclusion of conditional inference and a modified loss function improves
CSDI results over DDPM, accuracy still suffers from even very low outlier rates [55][128].
DiffPaC improves the accuracy of vanilla CSDI by accessing means to remove outliers
from the training dataset during training. This Fine-tuning or data forgetting is inspired
by Large Language Model methods that service concerns for data privacy, the right to

be forgotten, and fairness and use similar techniques to bias the information learned by
models [78][31][142].

Numerous methods that actively manipulate training signal, or data, while training
exist. Unsupervised time series anomaly detection by way of comparison to a learned
nominal distribution, with active suppression of anominal training signal, is implemented
in [39] by placing a filter between a GAN decoder and discriminator [16]. The filter is
informed by data reconstruction error and effectively removes the impact of diagnosed
anomalies from discriminator training.

[149] uses the confidence of model prediction to boost the effect of high confidence
data and reduce the impact of low-confidence data during training. Low-confidence data
is further isolated and perturbed to establish a boundary or envelope around the nominal
distribution.

AFE [112] reconstruction error is used in [71] to decompose reconstructed time series into
nominal and anominal components. The learned anominal component is then subtracted
from time-lagged input to an auto-encoder to enhance nominal reconstruction and anomaly
detection.

DiffPaC provides a rationale for output that is readily visualized and characterized in
terms of consensus between estimates and an underlying binary data classification. This
accommodates means for error correction with a human in the loop to act as an oracle
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correcting any errors that may occur. This is similar to Active Learning [15] and Data
Triage [98]. Both techniques are designed to enable the usefulness of machine-learning
techniques by explicitly accounting for edge cases in the data where methods invariably
fail. The use of active learning in DiffPaC provides a means towards fail-safe analysis as
required in a safety-critical context.

Chapter summary

This chapter provided a review of the literature relevant to the provision of automation
and decision support to UT data analysis. It emphasized the use of machine-learning
techniques in this context. A wide range of machine-learning approaches has been explored
in prior work, including discriminative, heuristic, and generative models. However, much
of the research relies heavily on labeled datasets and is dependent on out-of-distribution
generalization. Such generalization cannot be guaranteed, and this limitation leads one to
consider new approaches that are robust to data variability.

Several generative models, such as the VAE, DDPM, and CSDI were mentioned. These
models provide a principled framework for learning data distributions and support tasks
like anomaly detection, signal reconstruction, and representation learning.

The notion of disentangled latent representations, grounded in the manifold hypothesis
and information theory, was also presented as a key theoretical concept underlying the
explainability and efficacy of generative models.

We also reviewed literature on anomaly detection, particularly methods relevant to
UT data. While numerous methods have demonstrated potential, many rely on curated
training datasets and lack robustness to changing ambient conditions.

Approaches that modified training signal by some treatment of outliers such as, algo-
rithmic active data selection, adaptive training signal filtering, and human-in-the-loop were
also discussed. As were model unlearning and forgetting, which present results important
to proposed methods.

Taken as a whole, this literature review discusses both the opportunity of possible
approaches and methods to attain an efficient, principled, explainable, and fail-safe ap-
proach to automation and decision support for UT data analysis. It motivates the methods
presented in subsequent chapters and highlights, by exposing gaps and opportunities for
synthesis, the specific contributions this thesis makes within the broader field of machine-
learning for UT data analysis.
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Chapter 5

Datasets

This chapter describes the Calibration Fixture (CF), Pressure Tube (PT) High Stress
Area (HSA), and synthetic datasets used during the course of research to evaluate the
performance of proposed methods. The datasets exercise proposed methods over a range
of task complexity. The CF and PT dataset present what might be considered the least
and most difficult contexts for analysis in observed real-world data. The synthetic datasets
simulate extreme complexity that is not likely to be observed in a real-world dataset. This
range in dataset complexity is chosen to demonstrate the capacity of proposed methods.

5.1 Real world datasets

Evaluation of methods was performed based on work done with two real-world datasets
derived from scans of a CF and PT. As shown in Figure 5.1, the calibration fixture fea-
tures a relatively clean, smooth, and deformation-free Inner Diameter (ID) surface with
notches inscribed for calibrating Ultrasound (UT) inspection tool response. CF geometry
matches that of the PT at time of manufacture. Calibration scans are performed prior
to each PT inspection to ensure the inspection tool is operating within intended design
parameters. This quality assurance component helps to bound variation between datasets
and supports the quality of both manual and machine-learning-based downstream analysis

BOJOT[I34[135).

The PT data for which results are reported is obtained from the HSA. This region is
characterized by significant geometric regime change, deformation, oxidation, and sediment
accumulation. The turbulent coolant flows in and around the HSA vibrate the reactor fuel
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Figure 5.1: The calibration fixture includes a ring of notches of known depth, width, and
length. These are used to calibrate the response of UT inspection tools. All distances are
in millimeters (mm). Figure used with permission Bruce Power LLP.
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bundles and lead to considerable fuel bundle bearing pad fretting on the ID surface of the
PT. Oxidation and sediment accumulation create a noisy, specular-reflected UT response
that obscures nominal trend. These factors result in high-variance data that increases
the subjectivity and difficulty of manual analysis [131][135]. Previous work with PT UT
datasets in [30] and [141] work with main body of tube data and avoids the difficulty
associated with analyzing this region of the PT.

Both real-world datasets were acquired using a 20 M Hz Normal Beam (NB) probe
sampled at 250 M Hz to obtain ascans containing 3250 samples each. The full calibration
dataset contains over 8 - 10° ascans, and the full PT dataset, of which the HSA is a
small subset, contains more than 5.8 - 107 ascans. Training data subset sizes are indicated
throughout this document as required.

A pseudo ground truth partition () for the CF dataset has been formed by manually
classifying the data. X, is generated as M, (X[Q]) with X the CF dataset.

5.2 Synthetic datasets

The proposed methods do not rely on out-of-distribution generalization. Instead, they
are designed to learn the approximate on-hand data distribution [133]. To validate this
approach, Diffusion Partition Consensus (DiffPaC) was tested on a series of 25 synthetic
univariate datasets. These datasets simulate real-world data by introducing noise, random
geometric regime change, and random simulated anomalies of varying size to a sinusoidal
base curve. Each synthetic dataset is built on a base curve containing r» randomly generated
geometric regime changes, where r € 0,2,4,8,16. Random anominal data (i.e. flaws) are
incorporated into the base curve at a rate of approximately f € [0%,2%, 4%, 8%, 16%)].
This allows each synthetic dataset to be identified by a unique (r, f) tuple. Figure 5.2
provides a plot of each synthetic dataset, and the code used to generate them is listed in
Appendix C.

5.3 Ranking dataset complexity

Dataset standard deviation is used as a naive metric to rank the CF, PT HSA, and synthetic
datasets in terms of their complexity [¢1]. Synthetic datasets have standard deviations
ranging from 9.41 - 107> to 8.40 - 107, In comparison, the CF and PT datasets have
standard deviations of 1.41-10~* and 1.92 - 107, respectively. By this measure, the CF
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and PT datasets rank in the very low end of the complexity scale, falling between the
synthetic datasets (0,0) and (0, 2).

5.4 Nomenclature, syntax, symbols, and convention

A full listing of the nomenclature, symbols, and syntax is found in the List of Symbols
at the front matter of this document. A few additional conventions and details are noted
here.

Let A € R™? be an ordered set of n € Z* ascans, with a € R?. Though ¢ varies
depending on probe type, for the majority of what follows, work is done on ascans taken
by 20 M H z NB probe for which ¢ = 3250. Each ascan has a unique tuple (¢, 9, t) associated
with its location and time of acquisition. Radial coordinate ¢ is in degrees, axial coordinate
0 in meters(m), and time of acquisition ¢ is in second(s). The ascans may be ordered by
their evenly spaced locations, or times, of acquisition.

Throughout the various descriptions that follow. Array indexing is zero-based, and
array indexing or slicing occurs as in the python programming language. Also, as in
python, arrays of any type may be indexed by boolean arrays, or partition vectors as
they are referred to. Arrays indexed by partition vectors carry the data ordering and
spacing information of the arrays from which they were derived. Savitzky-Golay Filter
(SGF) models [116] applied to arrays of length less than n (where n is the size of the
complete dataset) use this persistent information with linear interpolation to return fits
with dimension n.

To relieve possible confusion going forward, the array index of a feature in an ascan,
the associated time of flight of the feature, and the associated probe to pipe wall ID
distance are bijective mappings. Being in this sense synonymous, the terms are used
interchangeably as context dictates. This makes sense because human error and inspection
reporting requirements are given in terms of times of flight and distance, while algorithms
are expressed in terms of indexes to arrays.

A time of flight ¢ is generated from an index ¢ as t = % where f is the ascan sampling
frequency of 250 M Hz. The time of flight ¢ of peak amplitude response in each ascan
relates to the distance d between the probe and the pipe wall ID surface as d = %U -t, where
the speed of sound v in deuterium oxide is & 1410 = at the pressures and temperatures
observed during inspection, and division by two accounts for the fact that times of flight
are round trip.
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Figure 5.2: The tested synthetic datasets are shown with geometric regimes and flaw rates
as given by their associated tuples. The standard deviation of each dataset is listed beside
its identifying tuple. The scale of synthetic data approximately matches real data.
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In some places, the vertical bar operator |z| takes the absolute value of its operand
z. In other places, vertical bars may denote cardinality of a set operand. ¢ ~ d is read
c is distributed as d, and ¢ & d is read ¢ is approximately distributed as d. p(X) is the
probability function of its operand, in this case X. We use probability statements and
associated notation in a way that, if not abusive of notation, is at least mildly passive-
aggressive; apologies for any confusion, annoyance, or mild heartburn this lack of formalism
may elicit.

5.5 Chapter summary

This chapter introduced the datasets used to evaluate the performance of proposed methods
for UT analysis. Three dataset types were described: real-world data from the CF and PT
HSA, and a suite of synthetic datasets designed to stress-test method performance under
simulated variations in data complexity.

The CF dataset represents an idealized case with smooth geometry and low noise, while
the PT HSA dataset presents a more difficult context due to high geometric variability,
surface fretting, oxidation, and sediment. Synthetic datasets simulate increasing levels
of regime complexity and flaw density, allowing to benchmark methods beyond observed
real-world conditions.

Standard deviation was used as a naive complexity metric to position real-world and
synthetic datasets on a comparable scale. The real-world datasets were shown to be among
the least complex by this measure, falling below all but one of the synthetic cases. The
chapter concluded by describing nomenclature and conventions used throughout the doc-
ument.
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Chapter 6

VAE based analysis

Most of the material in this chapter was originally published in [131] and has been updated
to align with the nomenclature that developed over the course of two subsequent publica-
tions [132] [133]. This chapter documents a first phase of research where the Ultrasound
(UT) data analysis process is modeled using simple probabilistic statements and imple-
mented by a Variational Autoencoder (VAE) that learns the approximate distributions of
high-dimensional ascan datasets. The work was done to secure confidence in the capac-
ity of machine-learning methods to perform tasks with UT datasets, provide a baseline
for performance, and demonstrate a relation between results and assumptions about the
dataset in a way communicable to technically oriented process stakeholders.

Proposed methods use the Mean Squared Error (MSE) of data reconstruction by a
VAE to rank the likelihood of the data, and form binary classification partitions [12][72].
The MSE based ordering allows for the identification and removal of outliers, enhancing
the efficacy of traditional model-fitting techniques. The reduction of outlier bias facilitates
downstream deterministic modelling and enables Nominal Profiling (NPROF), a method
for characterizing nominal response, and deviation from it, in UT ascans, to produce type
i/ii/iii analysis.

In this work, VAE models are used as tools, like slide rules or colanders, to measure
and sift through each dataset independently. This approach minimizes reliance on out-
of-distribution generalization and reduces model development, training, and maintenance
efforts, particularly in managing the technical debt tied to dataset curation and mainte-
nance [3][18].

Taken as a whole, the integrated techniques establish a stepwise process rooted in
information theory and supported by a principled technical foundation [72]. The strength
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of the integration lies in its straightforward and principled nature. It does not rely on
out-of-distribution generalization, data preprocessing, curation, labelling, or require class
balance. Its limitations include the lack of a strong fault diagnosis mechanism, the absence
of robust error correction, explainability that requires interaction with information theory,
and a dependence on a manually selected MSE threshold for data classification. Despite
these weaknesses, the approach provides the desired analysis of type i/ii/iii data deviations
and serves as a baseline for performance that may potentially be usable in safety-critical
contexts.

6.1 A probabilistic model of data analysis

Fundamental to manual UT Non Destructive Evaluation (NDE) data analysis are esti-
mates of unobserved nominal data. We model these estimates as ~ p(X,,), where X, is the
available pseudo ground truth for dataset X. In the manual process, the first step in gener-
ating estimates is the classification of observed data X as nominal or anominal [134][135].
Here, classification is implemented by the construction of a Boolean partition vector Py so
that X [Py] selects nominal data, and X [—Py| selects anominal data. Given Py accurately
classifies X, we can assume X |[Py] =~ p(X,,) and proceed to use some type of model fitting
to fill the gaps in X[Py] at =Py . It is reasonable to assert that this method is effective only
if there is strong nominal majority in the dataset, i.e., when |X[Py] >> X[-Py]|. Since
anomalies are the exception in safety-critical contexts, this assumption may be justified.

Given X [Py] =~ p(X,,), the process of estimating X,, may be modelled as drawing:
X ~ p(X|X[Py]) (6.1)
Where X is an estimate of pseudo ground truth X,. Sampling ~ p(X|X[Py]) is approx-

imated using Savitzky-Golay Filter (SGF) M, (X[Py]) which fits a curve on the basis of
evidence X[Py]. What remains is a means to construct a relevant Py .

6.2 Method description

Let dataset A be a set of ascans taken from a Canada Deuterium Uranium (CANDU)
Calibration Fixture (CF) or Pressure Tube (PT). Thresholds on M;}, the MSE of training
data reconstruction of VAE V trained on A, are used to construct a partition vector Py
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and, slightly more restrictive P|,. Py completes the implementation of Expression 6.1 and
obtains estimates X ~ p(X|X[Py]).

Estimates X are used to eliminate the noise due to rotational wobble in A and con-
struct denoised A’. Maximum nominal response profile N,,,, characterizing the nominal
component in A, is constructed as A'[P/,].mz(). Np, is them compared to each element
of A’ to obtain A”, where A” recovers the times of flight of features in A’ that exceed
the nominal profile V,,,. This provides type i/ii analysis. Similarly, the mean nominal
response profile N,,, is constructed as A’[P},].mn() and provides type iii analysis by way
of comparison with each denoised ascan in A’. This provides full analysis of type i/ii/iii
data deviations in A. These steps are developed as pseudocode in Algorithm 1.

6.3 MSE based data likelihood ranking

VAE are parameterized neural networks that consist of an encoder and decoder. The en-
coder compresses input data to a low-dimensional learned representation, and the decoder
works in the opposite direction, reconstructing learned representations to their original
data dimension. The objective is to learn network weights for the encoder and decoder
that generate reconstructions as similar to the input data as possible [72].

VAE train by gradient descent with a loss function, based on the Kullback Leibler
Divergence(Dgyr) [31], a measure of the distance between the distributions implied by
the neural network and the true data distribution. But computation dependent on the
unknown true data distribution is intractable. Instead, a bound on the true data distri-
bution, given by the Evidence Lower Bound (ELBO) and dependent only on the observed
data distribution, is optimized. And so the VAE loss function computes the ELBO, and
the gradient descent method moves the encoder and decoder weights in a direction that
maximizes its value.

Unless the input data is pathologically uninformative VAE compression is guaranteed
to cause information loss [72]. In the case of 20 M Hz Normal Beam (NB) data, ascans are
compressed from ¢ = 3250 sampled values down to a representation of 32 values from which
they are reconstructed. VAE optimization seeks to mitigate the impact of this information
loss on reconstruction error. In each training pass the optimization schedule updates the
network weights so that the information encoded is that to which the aggregate loss function
is most sensitive. The aggregate behavior of optimization and the assumption regarding
a nominal majority in the dataset imply that loss of data reconstruction M;{} provides an
ordering that may be used to generate relevant partitions of UT datasets [0][72]. So data
is ordered and partitioned by training V on A to obtain M;}.
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Figure 6.1: With CF dataset |A| ~ 8¢5, the leftmost plot is a histogram of MY on 10e3
bins. In the column on the right, the time axes order M} in terms of the time of acquisition
of ascans in the CF dataset. The top right plot shows M{! for the entire dataset. The
bottom-right plot displays Mi} over two rotations of the tool head with Savitzky-Golay
based dynamic threshold determining Py, and F,.
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6.4 Taking estimates

We desire Py such that X[Py| =~ p(X,,) with cardinality |X[Py]| large enough to ensure
M, (X[Py]) = p(X,). The bottom right panel of Figure 6.1 features a plot of M} over
two revolutions of the UT probe. The plot reveals a clear correlation between M{ and
periodic tool wobble every second, or 3600 ascans. Thus, dynamic SGF-based thresholds
are selected to provide dense nominal support throughout the dataset. To generate Py,
first set Py = M{ < M{.mn() + M .st(), and then generate P, with dynamic threshold
as Py = M{* < Ma(M;{[Py]). Estimates X are then obtained as X = M, (X[Py]).

Algorithm 1 NPROF: Given 4, X, M, and Pp returns A” and S. A” contains the
time of flight of possible type i and ii data deviations relative to X. S provides a type
iii characterization based on summary statistics. Pp is an optional argument included to
accommodate integration with DiffPaC. Pp defaults to all True if not supplied.

Input: A,X,M{;‘,PD
AVA" +— A A
Pl + (M < Mo (MPM3 < M3 mn()])) A Pp
for i € [0,..,n] do
A'li,:] < leftShift(A'i,:], X[i])
end for
N < A'[P]].ma()
N < A'[P[;].mn()
for i € [0,..,n] do
S <« |A'[i,:] = Nyn| . mn()
A"[i,:] < rightShift(A'li,:] — Ny, X[i])

end for
A"A" <=0]«+0
return A”, S

6.5 Nominal profiling

As outlined in Algorithm 1, given A, X, and M} (with Pp being optional), NPROF
performs type i/ii/iii analysis by first isolating and characterizing the highly likely nominal
subset of A identified by P/,. And then reporting variance in the comparisons of each
denoised ascan in A" and nominal profiles N,,, and N,,, generated on the basis of F},.
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The comparison is enabled by a denoising process that uses X to eliminate noise caused
by the rotational wobble of the tool during inspection. This wobble, clearly depicted in
the second-from-left plot of Figure 6.2, exhibits as non-stationary, periodic, oscillating,
positioning error in X. X estimates this noise and is used to transform A to denoised
dataset A’. A’[P]] is then used to generate nominal profiles N, = A'[P/].mz() and
Ny = A'[P;].mn(). Type i/ii/iii data deviations are then identified by comparing the
denoised ascans in A’ to the nominal profiles.

The sensitivity of this analysis is dependent on cardinality |A[P],]|. To understand this,
consider that as |A[P],|| approaches |A| anominal ascan information is admitted to A'[F{[;
this decreases the sensitivity of comparative analysis using profiles based on P{,. Using
threshold M, (M#} M < M#.mn()]) ensures that A’[P},] contains information about only
commonly occurring and easily reconstructed ascan features.

Thus, having P, A, and X in hand enables the application of Algorithm 1 to arrive
at A” containing the times of flight, if they exist, of the exceedances of each ascan relative
to the bounds provided by the maximum nominal profile N,,,, and S the mean difference
of each ascan relative to the mean nominal profile N,,,.

6.6 Results and discussion

The proposed techniques are applied to the CF dataset, and estimates for flaw dimensional
analysis are obtained. First, a VAE is trained to reconstruct the CF dataset. Then,
dynamic thresholds on M{} used to determine Py and generate X. Finally NPROF, as
given in Algorithm 1, is applied to obtain A” and S which provide the desired type i/ii/iii
analysis.

The region plotted in Figure 6.2 contains the greatest density of flaws in the CF dataset.
By inspection, all type i/ii data deviations corresponding to notches Q,R,S,T.U,V W X,
Y, and Z (as in Figure 5.1) are located. The leftmost panel plots A” as an image and
provides a depth map of the calibration facility inner diameter surface. Though A” is based
on a restrictive P, it still contains false positives; thus Density Based Spatial Clustering
of Applications with Noise (DBSCAN) is used to remove randomly occurring singleton
exceedances in A [12].

The second panel in Figure 6.2 shows the estimated X tracking tool wobble well. The
accuracy of this estimate is critical to the denoising process that generates nominal profiles
for the dataset. Further evidence of this goodness of fit is given in the top row plots of
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Figure 6.2: The plots visualize the various components of NPROF generated type i/ii/iii
analysis. The leftmost plot gives a denoised depth map provided by the time of flight of
maximum values in each row of A”; this constitutes type i/ii analysis. The second plot
gives the bscan along the red line of the leftmost plot. The olive shaded bands highlight
ascans selected as anominal by = P,. The time of flight of the maximum exceedances in
A" relative to N,,, are plotted in red, and the cyan trace gives X. The third panel plots
information in A”. The fourth plot shows type iii analysis as given by S. And the last
panel provides the width of gaps in nominal support, where nominal support gaps of width
ten samples or less are filtered from view.
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F iAgure 6.4, which show absolute error \X — X, <£9.23- 10~% m and absolute nominal error
|X[P] — X[P]] <3.33-107° m.

Flaw axial, radial, and depth dimensional estimates may be taken directly from A”. The
third panel in Figure 6.2 shows A” over the same region of the dataset as in the second
panel. Radial and depth dimension estimates may be taken directly from the plot as shown,
while the axial dimension may be estimated by considering the number of rotations over
which A” exceedances are identified.

Measures of the quality of data on which dimensional estimates are based are given in
panels four and five of Figure 6.2. Panel four provides S, which gives the mean difference
of each ascan with N,,, over the range depicted. Consistent with Figure 3.6, panel four
shows a region with noisy ascans between 225 and 250 degrees. And as expected, it
identifies significant variance with nominal in the ascans associated with regions where
A" exceedances occur. The density of nominal support for estimates X is an important
confidence measure as high density ensures M, (X[Py]) ~ p(X,). The rightmost plot in
Figure 6.2 shows that a significant majority of the data in X [Py] are within one degree
(ten samples) of at least one other nominally classified datum in X[Py]. Nominal support
over the range is given in panel five, where it can be seen that gaps in support occur
mainly at regions with identified A” exceedances. Both S and nominal support may be
used in support of arguments to demonstrate inspection processes have met data quality
requirements as given in [150].

The information in A” is used to automatically generate the dimensional estimates
given in Table 6.1, which also provides the as manufactured specified dimension with error
tolerances, and figures for required accuracy of analysis in each dimension [150]. Kernel
density estimation is used to process the information in A” and determine the most likely
values for dimensional estimates [119]. Figure 6.3 plots the results given in Table 6.1.

Figure 6.4 characterizes error and data quality. The first row of plots gives the difference
between nominal estimates and pseudo ground truth |X — X,,|. The maximum difference is
9.23 - 1075 m. Although well within the desired range of error (2.0 - 107° m) in practice,
without reference X,, other means are required to verify model performance. The second
row of plots characterizes |X[P] — X[P]|, the difference between estimates of nominally
classified data and the nominally classified data. The maximum difference is 3.33- 1075 m.
If using this metric in a safety-critical process, differences above 2.00- 107> m would likely
require some sort of manual disposition [135][150].
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Figure 6.3: Results from Table 6.1, which provide dimensional analysis of CF notches
Q,R,S, T.UV .W.X)Y, and Z, are plotted. Green bars reflect the sum of error tolerance
and the required accuracy of analysis in the relevant dimension.
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Figure 6.4: Error, confidence, and nominal support measures. The top plots give the
absolute error of estimates X vs. pseudo ground truth X,,. The middle plots show the
error between estimates and nominally classified data, which is an error metric available
in the absence of ground truth. The bottom row quantifies nominal support for estimates.
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Dimensional estimate ‘ Dimensional specification ‘ Required accuracy

Notch  Axial Radial Depth ‘ Axial Radial Depth ‘ Axial Radial Depth

Q 4.00-107% 1.09-1072 2.57-107%[1.50-107* +e; 1.00-1073+e; 2.50-107*+e¢; [5.0-107% 1.0-107% 2.0-107°
S 6.00-107% 1.18:1072 1.47-107%(6.00- 1073+ ey 1.00-1073+e; 1.50-107*+es |5.0-107% 1.0-1073 2.0-107°
X 6.00-107% 1.46-1072 2.01.1073|6.00-10"%+e; 1.00-107°+e; 2.00-10"°+¢ [5.0-107% 1.0-107° 2.0-1072
W 5.60-107% 1.18:1072 7.47.107%(6.00- 103+ ey 1.00-10734+e¢; 7.50-107*+¢; |5.0-107% 1.0-1072 2.0-107°
T 6.00-107% 1.18:102 2.93.107%|6.00-10"% + e, 1.00-107%+e¢; 3.00-10"%*+es [5.0-107% 1.0-1073 2.0-1072
U 1.20-1072 6.28:107% 1.47-1074|1.00- 1072 +e; 6.00-10"% +es 1.50-10"*+e3 [5.0-107% 1.0-107% 2.0-107°
\% 1.20-1072 5.37-107% 3.05-1074|1.00- 1072 +e; 6.00-10"% +ey 3.00-10"*+e3 [5.0-107% 1.0-107% 2.0-107°
Y 1.20-1072 6.19-107% 7.47-1074|1.00- 1072 +e; 6.00-10"% +ey 7.50-10"%*+e; [5.0-107* 1.0-107% 2.0-107°
7 1.20-1072 5.73.107% 1.99:1073|1.00- 1072 +e; 6.00-107% +e; 2.00-1073+¢e; [5.0-107* 1.0-107% 2.0-107°
R 8.00-107% 5.46-107* 2.45.107%4|1.00-107%+e; 1.50-107%*+e; 250-107%+e [5.0-107% 1.0-107° 2.0-107°

Table 6.1: Dimensional estimates, specified dimensions (with error tolerances), and re-
quired accuracies, in meters. Let ¢, = 5.0-107° m, e =1.0-107* m, e3 = 1.0 - 107° m.

6.7 Conclusion

We have proposed a VAE-based method that uses NPROF to provide decision support
and automation to CANDU NDE UT data analysis. This method addresses many of the
drawbacks of prior similar work based on supervised training or heuristics. In particular,
it provides type i/ii/iii analysis that does not depend on dataset curation, labeling, or
management of any kind and does not depend on out of distribution generalization.

Experimental results show the method performs well and meets requirements for accu-
racy with respect to specified dimensions of the CF. However, there are no strong means
for fault diagnosis in the absence of ground truth. |X — X,| is available but blind to all
regions with nominal support gaps. Thus, the method does not include means for robust
fault diagnosis.

In terms of a principled basis and explainability, each step in the process has a clear
and transparent methodology. Model behavior may be understood in terms of probabilistic
statements and some basic information theory. However, the interaction with information
theory required to fully understand the method, challenges explainability.

The choice of a threshold values to partition MSE is somewhat arbitrary. While the
ordering provided to M{/“ implies the general properties of the partitions that may be
derived from it, there are no means by which to determine optimal thresholds.

As demonstrated, outputs are sufficient to support downstream data related tasks such
as flaw dimensional analysis. A host of unsupervised clustering, object detection, edge
detection, and segmentation techniques exist that may support this task more ably than
the extremely simple kernel density estimation technique applied.
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Chapter 7

Diffusion ablation

In Chapter 6 we demonstrated the capacity of a Variational Autoencoder (VAE) and
Nominal Profiling (NPROF) to provide type i/ii/iii for the analysis of the calibration
dataset. Results met requirements for accuracy established by regulatory bodies but fell
short on explainability and fault diagnosis.

Having achieved those results, the research investigated means to improve confidence
in estimates by performing the same analysis using a second independent approach. This
is in keeping with safety-critical contexts that often rely on the consensus of multiple
independent voices to establish confidence in results and use disagreement to flag error.
But to mitigate the risk of common mode faults, a second redundant system must be
sufficiently independent [115].

To achieve the required independence of methods, a univariate approach based on the
nominal peak amplitude times of flight X rather than A was devised. This change in
data dimension necessarily reduced the number of spurious correlations in the dataset
and improved resource loading. These positively impacted performance relative to the
requirements listed in Chapter 2.

Research began by considering various machine learning models for time series analysis.
Detailed evaluation involved several models regarded as state-of-the-art. Comparing out-
comes, it became apparent that the ability to smooth the presence of outliers in a largely
unimodal distribution varied. It was also apparent that all models were susceptible to
overfitting and often appeared to memorize data.

The behavior relative to over-fitting seemed important. If an industrial process includes
elements that monitor or guard against over-fitting, then the explanation of the process
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will likely involve some interaction with advanced concepts in machine learning; this chal-
lenges explainability. For this reason, the proposed method in Chapter 8 is designed to be
insensitive to overfitting.

Among the models evaluated, diffusion processes were found to be able to learn approx-
imate data distributions. The generative aspect of these models facilitated working with
datasets with missing data and supported sampling for both observed and missing values.
In the final analysis, two models, Conditional Score Based Diffusion (CSDI) and Denoising
Diffusion Probabilistic Model (DDPM), were leading candidates for in-depth evaluation.

CSDI is an extension of a DDPM model for time series that includes a score-based
loss function and a conditional inference mechanism. CSDI differentiates itself by exhibit-
ing state-of-the-art results on numerous bench-marks and time series performance metrics

[128].

This chapter compares the performance of CSDI and DDPM architectures. Models are
tested on the Calibration Fixture (CF) dataset with data classified by a series of candidate
binary partitions generated using M;}. Data classified as anomalous is presented to the
models as unobserved. The results demonstrate that CSDI achieves superior results relative
to DDPM, given datasets with outliers and possibly missing data,

7.1 Analysis and the manifold

Ultrasound (UT) data analysis often involves the identification and characterization of
variance from nominal trend in some set of quantities assumed to be continuous. In most
industrial contexts anomalies have a relatively low rate of occurrence. This puts discrimina-
tive learning methods which rely on large datasets with balanced classes at a disadvantage
[24][51]. The premise on which this research rests is that generative models like VAE
and Diffusion Probabilistic Model (DPM) are accommodating in this regard and can be
made to access means to learn a prevalent nominal trend and predict it when unobserved.
Additionally, the probabilistic expressions used to describe these models lend well to the
expression of UT data analysis as sampling from their learned approximate data distribu-
tions. This facilitates a principled basis on which a technical justification for the use of
generative methods may be based.

An extension of the manifold hypothesis [10] is that there exists a set of distinct data-
generating factors, each contributing to the distribution of an observed data set [54]. Given
this is true, it could be argued that the process of manual UT data analysis is simply to
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classify the data caused by these factors as nominal or anominal and then use the classifi-
cation to identify and infer a possibly obscured nominal trend. Thus, the existence of two
groups of factors in Non Destructive Evaluation (NDE) datasets is assumed. A nominal
group consists of all factors supporting the smooth operation of the data acquisition system
over a continuous surface of the material under test. And an anominal set of data gen-
erating factors causing spurious or noisy operation in data acquisition and unanticipated
discontinuity in otherwise continuous features of the material under test. On the basis
of this understanding, the task of analysis is reframed as the determination of a binary
data classifying partition, over nominal and anominal data, and subsequent estimation of
a prevalent nominal trend.

Traditional approaches establishing a useful partition may involve some form of data
classification and curve fitting. For instance, some threshold may be used to partition
observed data, and then some curve fitting technique applied to identify nominal trend.
However, accurate identification of the nominal trend is sensitive to the quality of the
partition. Given a correct partition, the relative ease of identifying nominal trend follows.
But as in Figure 7.1, heuristic approaches are brittle and fail when the partition mixes
support from nominal and anomalous data generating factors. This detracts from the
usefulness of such methods and leads to the consideration of a probabilistic approach.

7.2 A probabilistic model for UT data analysis

Given an ordered set of ascans A taken as a UT probe passes over the surface of a test
subject. Let dataset X be the peak amplitude response time of flight of the ascans in A.
Let P be a boolean partition vector over X such that:

X = X[P]UX[~P] (7.1)

According to the given understanding of data-generating factors, X is distributed as joint
probability:
X ~ p(X[P], X[=P]) (7.2)

Let X[P] select observed data that is classified nominal, and X[—F] select observed data
classified anominal. A method is sought to generate estimates X ~ p(X,) where X, is
pseudo ground truth for X.

Analysts make desired estimates X by first classifying observed data as either nominal
or anomalous and then estimating unobserved nominal data on the basis of the observed
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Figure 7.1:  The upper plot shows the peak amplitude response time of flight X for a
subset of ascans in A taken in a PT over two rotations of the probe. The depicted notch
in the PT is a void in material taken as part of a scrape inspection. Detail of the two
passes over the notch is given in the second row of plots. The lower plot gives a histogram
of VAE error of data reconstruction M. The red and cyan lines on the histogram are
at M{#.m() and M{#.m() — 2.75E — 6 respectively. These thresholds are used to form
partitions R = MSE < M{#.m() and C = MSE < M{#.m() — 2.75E — 6, and generate
curves M, (X[R]) and M,(X[C]). Across the first peak neither curve tracks the nominal
trend well but are nearly identical. On the second peak the curves diverge so that the cyan
trace appears to represent the nominal trend.
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nominal. This estimation process is modeled as sampling estimates X with a conditional
dependence on observed nominal:

X ~ p(X|X[P]) (7.3)

Because Pressure Tubes (PTs) are well maintained, and data is acquired with very strict
quality controls, it is expected that cardinality |X[P]| > |X[-P]|. This implies that in
general p(X[P]|X) > p(X[-P]|X) and allows to consider the naive approximation:

X ~ p(X|X) (7.4)

Equations 7.3 and 7.4 are referred to as the Nominal Data Model (NDM) and Observed
Data Model (ODM), respectively.

7.3 Diffusion Probabilistic Models

Diffusion Probabilistic Models(DPM) are a class of latent variable models of the form
po(x0) 1= [ po(Xo.r)dx1.r where:the data vector xo ~ ¢(x¢) is of the same dimension as
latent vectors xi,...,Xy, p is parameterized by 0, and T is some positive integer [55].
The model chains the input variable vector x, with the 7' latent variable vectors and
defines a forward and reverse process over the chain. The model architecture presumes a
learned Gaussian transition from each vector in the chain to the next, with each transition
parameterized by a neural network of input and output dimension equal to the input
variable vector.!

The approximate posterior ¢(x.7|Xg), or forward process, is defined as a Markov chain
that transforms input data vectors to a target distribution by gradually adding noise at
each of T' steps according to a learnable variance schedule [, ..., B7:

T

q(X1.7(x%0) 1= HCJ(Xt|Xt—1)a q(x¢|x¢-1) == N(x¢; /1 = Bixs—1, Be) (7.5)

t=1

'We assume that the reader is familiar with the semantics and notation that is the lingua franca of
variational inference and diffusion processes so that this high-level overview may serve as a refresher.
For a full treatment and development of variational inference and VAE see [73], for Denoising Diffusion
Probabilistic Models see [55], and for Conditional Score-Based Diffusion see [128].
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The reverse process is a joint probability pp(xo.r) defined as a Markov chain starting
at p(xr) = N(xr;0,I) that transforms its input across 7" learned Gaussian transitions:

Po(Xo.1) == p(X7) Hpe(Xt—1|Xt), Po(Xi—1]x¢) = N(Xe—1; (%, 1), Xg (x4, 1)1) (7.6)

t=1

Diffusion models admit closed-form expressions for sampling x; at arbitrary step t.
Being differentiable, they support training by stochastic gradient descent to optimize the
variational lower bound L on negative log likelihood:

—log p(xr) Zl Po(Xi- 1’Xt> =L

t>1 Xt‘xt 1)

Do (XO:T)

E[—log py(x0)] < E, {— log m} =E,

(7.7)

Where E is the expectation, and [E, is the expectation taken with respect to ¢. Sampling
of x; at arbitrary time step ¢ is achieved as:

q(xi[x0) = N(x4; vVauxo, (1 — ay)I) (7.8)

Where a; :=1— 3, and a; := H';:l .

Denoising Diffusion Probabilistic Models (DDPM) reformulate the variational bound
in Equation 7.7 [55] as:

L:=E, | Drr(q(xr[x0)||p(x7)) + Z Drer(q(xe-1]x¢, X0)||po (x¢-1/%1)) — log pa(xo|x1)
t>1

(7.9)

Where the forward process variance schedule 3;, which may be learned, is fixed to constants.
This removes all learnable parameters from the first term of Equation 7.9; removing it
from consideration during training. The reverse process covariance matrix Yg(x;,t) = oI
is also set to step-dependent unlearned constants, which removes it from consideration
during training as well. Parameterizing the sampling procedure in Equation 7.8 with
x¢(X0, €) = /ayxo + /1 — az€, where € ~ N(0,1), leads to the parameterization:

1
[,l,g(Xt;t) = a_t (Xt - \/%Gg(xt,t)), O'Q(Xt,t) t1/27 (710)
l—ar—1
> —— 0 t>1
— 1 at 11
where By { 8, - (7.11)
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€g is a learnable denoising function that reverses the forward process. With this parame-
terization, the DDPM loss function reduces to:

LDDPM<9) = Et7xo,€ [HG — 69(\/6_(_tX0 + vV 1-— O_étﬁ,t)HZ] (712)

The DDPM model includes a decoder in the final step of the reverse process to improve
sampling. The decoder relies on the linear scaling of data on the range [—1, 1] and allows
the direct sampling of p,(x1,1) without any addition of noise.

CSDI [128] models introduce a conditional into the reverse process of the DDPM as:
Po(Xpir|X57) : Hp9 X2 [x%, %), x7 ~ N(0,1), (7.13)
po(xi% 4 [x;", x(7) := N (x;” 17“9(Xt HXG7), 00 (x3 %)) (7.14)

Where imputation targets xi* € X' are unobserved data, and x5° € X are the
observed data on which estimates of the unobserved data are made conditional. Introducing
a conditional into the expression for €y in the DDPM parameterization in Equation 7.10,
we arrive at the parameterization for CSDI:

1 B
t _ ta Mt tlx 1
ottt = - (xi = Lt o) (7.15)
l—ay—
og(x\% t]x’) = 2 where B, = { ﬁll_at b ;ii (7.16)

Which implies the corresponding CSDI loss function:

min L(8) = min B yuq) e-nviom ]l € — €(x{%, 11x57) 3 (7.17)
CSDI implements a self-supervised learning method inspired by training in masked lan-
guage models, which holds back observed data, in an amount determined by the “missing
ratio” hyperparameter, as simulated unobserved targets with ground truth. The CSDI
architecture uses an attention mechanism with multi-head and fully connected layers to
identify temporal and feature dependencies. The feature dependencies are used to gener-
ate “side information” that is passed to the gated activation unit in each residual diffusion
layer. The diffusion layers are each composed as a U-Net with skip connections, all passing
information to the final convolutional output layers.
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7.4 Experiments and results

Experiments are performed in order to uncover detail concerning model performance and
behaviour. Results are interpreted in terms of their agreement with the probabilistic models
developed in Section 7.2. Alignment between the models and their implementations will be
taken to imply a principled basis to which an understanding of performance may be fixed.
The hope is that this may, in the future, provide the basis for a technical justification of
novel methods.

Relevant observations are made using a series of training datasets constructed using a
series of partitions on X. Manual classification is first used to construct a pseudo ground
truth partition vector @), and pseudo ground truth X, is constructed as X,, = M, (X|[Q)).
Then, similar to Chapter 6, a series of partition vectors based on percentile values M;}
is generated. So that given percentile value p, partition vector P, is constructed as P, =
M3 < M‘é P This allows the construction of datasets X [P,] for a range of p.

DDPM and CSDI diffusion models are trained on each of the datasets for five epochs.
Implementations of the models are based on the code provided with [128]. The CSDI condi-
tional mechanism requires a missing ratio hyperparameter that determines the percentage
of observed data held back as simulated ground truth during training. This percentage
regulates the degree to which the conditional mechanism of the model is trained on ob-
served data. DDPM models do not exercise a conditional mechanism when training, but
their performance on datasets with missing data is also tested. The models are tested on

the range [10%, 20%, 30%, 40%, 50%| of missing data rates.

CSDI and DDPM models are trained on each training dataset for five epochs. Then,
five estimates of each data-point in the dataset are sampled from each trained model to
obtain Xp. The mean and standard deviation of each five wide set is taken to obtain X7}
and X73,. Using mask X3 < 1 curve M, (X[X3 < 1]) is generated. Then, standard error
measures for each curve are taken with respect to X,.

Figure 7.2 shows the dynamics related to model training. In general, the CSDI models
outperform their DDPM counterparts and, with few exceptions, achieve the best perfor-
mance in each error measure. The hatched constant vertical lines in the plots of Figure
7.2 show the performance of the models when trained on the ground truth dataset X[Q)].
Tables A.1-A.5 present the complete results.

Although there are some minor exceptions, generally, models trained on ground truth
out-perform their counterparts trained on the series of M{;"p datasets. As advertised,
this suggests that models trained on the ground truth datasets are learning to sample
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Figure 7.2:  The plots summarize error terms, calculated with respect to M,(X}) and
M, (X[Q]) for the CSDI and DDPM models. The models were trained against the datasets
indicated on the x axis for five epochs. Shown are the results for data missing rates of 10%
and 50%. The hatched cyan and orange constant lines mark the baseline performance of
the CSDI and DDPM models trained on pseudo ground truth X|[Q)].
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Figure 7.3: The plots on the first row show the growth in the cardinality |X[-Q] N X[P,]|
generated on the range of percentile values [0,1] and high range [0.95,1]. The second
row shows the same plots for the growth in the cardinality of intersection |X[Q] N X[P,]|
generated on like ranges.

~ p(X[Q]). It also demonstrates that even low levels of noise and outlier density in the
data materially affect model performance.

Tables A.1-A.5 and Figure 7.2 show that standalone CSDI performance improves as
the missing data rate increases. The gap between CSDI and DDPM performance also
increases, from negligible to substantial, with missing data rate. This suggests that the
conditional mechanism in the CSDI model improves as it is exercised and that it meaning-
fully contributes to model performance.

A consistent feature of the plots in Figure 7.2 is a spike in error rates somewhere
above the 96" Mean Squared Error (MSE) percentile. It is at this point that strongly
anominal information enters the datasets. The spike may represent the impact of the
naive approximation in Equation 7.4 taking hold as the conditions required for Equation
7.3 to hold are challenged.

Figure 7.3 provides insight into the quality of the data being added to the nominal
population at the high percentile M{} range. As in the top row plots, it is at just above the
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96" MSE percentile the qualitative rate of change in | X [~Q] N X[P,]| increases strongly.
The response in model performance speaks directly to the type and quantity of information
in the data being added to the intersection set. As per information theory, the more unique
a datum, the more information it carries relative to the data. So as new intersecting set
members become increasingly unique, the model error in Figure 7.2 increases dramatically

[34].

Figure 7.2 shows that at thresholds less than the 96! percentile, and as missing data
rates increase, CSDI models generally outperform DDPM models. But, Figure 7.2 also
illustrates that CSDI results deteriorate more rapidly than those of DDPM as anomalous
data is introduced into the training dataset. This suggests that the conditional mechanism
lends the CSDI model a greater sensitivity to outliers. Ideally, the CSDI conditional loss
would somehow rate anominal information content as largely irrelevant. After all, an outly-
ing time of flight has very little information to relate about the largely continuous nominal
data in and around which it occurs. Moreover, with their high information content, out-
liers may generate some number of spurious correlations. But the conditional CSDI model
struggles to make sense of the anomalous information. Conversely, when on average there
is less information per element in the nominal partition, the CSDI model appears enabled
to learn the possibly continuous, possibly well-defined structure of the data; this is implied
by CSDI performance at high missing data rates below the 96" percentile. This suggests
that in the case of a highly structured dataset, each datum bears a strong, identifiable,
possibly causal conditional relation to neighboring data. CSDI leverages possible structure
and, given a largely nominal signal in the dataset, readily learns the nominal distribution.

Figure 7.4 shows the results of a second set of experiments with the CSDI model. Here,
the test dataset is enlarged while its anominal content is fixed. A CSDI model is trained
on each of the three datasets and, to ensure like-for-like comparison, error for each model
is calculated only over the data in the smallest dataset. The experiments is designed
to confirm that lim xpy ,, P(X|X) = P(X|X[P]) is true of the model, which is again to

X1

provide a confirmation that, depending on the quality of the dataset, the CSDI implements
the Nominal Data Model (NDM) and Observed Data Model (ODM) of Equations 7.3 and
7.4 respectively.

The curves in Figure 7.4 show that, as dataset size increases, Mean Average Error
(MAE) error improves across the entire series of partitioned datasets. The range of error
also increases so that over and above the 96" percentile error ramps up more extremely as
dataset size enlarges. This suggests that as training becomes saturated by nominal signal,
the loss function responds by encoding information in the neural network weights that
secure the greatest numerical benefit. This causes the error statistic to become increasingly
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Figure 7.4: The top plot shows peak amplitude time of flight data, and three color-coded
vertical bars mark three increasingly large datasets, with size n of 111222, 219438, and
435369 elements. The density of ground truth anominal data decreases as the dataset
grows. This is because the vast majority of anominal information is in the leftmost region
of the data. The second-row plot shows the color-coded MAE error of a CSDI model trained
with 50% missing data ratio on the three datasets for five epochs. When the density of
anominal information is high, CSDI appears to “split the difference”, so that while overall
performance is adversely impacted, worst case performance is improved.
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sensitive to anominal data.

7.5 Practical application and future work

Figure 7.5 gives the error against ground truth, for estimates of peak amplitude time of
flight as provided by CSDI models trained on X[Fg5| and X[ Py 7] partitioned datasets.
Here error on X[Pyg5] and X [Py 7] relative to pseudo ground truth is +6.6 um and
+8.15 pum respectively. This suggests that CSDI based estimates for nominal time of
flight X could meet regulatory requirements for accuracy|[l50].

In field usage of DPM based estimates would require some means for fault diagnosis
without reference to ground truth. There are numerous engineering solutions that could
leverage agreement between multiple independent estimation techniques. Diffusion Parti-
tion Consensus (DiffPaC), developed in the next chapter, is one such solution. DiffPaC
uses an array of estimates for nominal inner diameter time of flight, generated on the ba-
sis of multiple dynamically updated partitions, to generate self-supervised signal training
signal.

A number of opportunities exist for improving results. Figure 7.6 shows M, (X}}) and
support from nominal classified data for CSDI trained on X[P,g5]. What is clear is that
the Savitzky-Golay Filter (SGF) fit on estimates overshoots the weight of the data in and
around regions where the derivative of X with respect to its ordering variable is close
to zero. This wig wag could, in part, be due to the Gaussian prior distribution used
by CSDI models and could also, in part, be due to the nature of SGF curve fitting. A
post-processing step that introduced weight to the SGF from observed data in and around
the neighborhood of inflection points might serve to ameliorate the wig wag. A slightly
more involved improvement might involve the use of alternative priors with more degrees
of freedom than the Gaussian in the diffusion process [92].

One area of concern is the degree of support from nominal data on which estimates are
based. Typically, inspection processes have some data quality argument attached to them
that specifies the minimum level of local support from observed data on which an estimate
must be based [150]. Figure 7.6 includes a shaded gray region where set membership in
X [Pygs] is sparse. There, we see that the partition selected by the 95" MSE percentile
discriminates against likely nominal observed data. Although the estimates are reasonable,
it is desirable, from a process quality point of view, to enlarge the nominal set. An iterative
training process with a human in the loop could include tools that identify regions of low
support, allow for suitable data reclassification, and then retraining.
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Figure 7.5: The practical distance-based error of a CSDI model trained on the X[P; g5]
and X[Py7] partitioned datasets with n = 435369, as shown in Figure 7.4, for 5 epochs.
The X [Py95] and X [Py 7o) trained models have MXAE, relative to ground truth, of 6.60 um
and 8.15 pm respectively.
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Figure 7.6: The plot shows detail of the CSDI prediction fit and nominal data support
from X{o5. Estimates M, (X})) overshoot at predictable locations where error increases.
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7.6 Conclusions

The UT data analysis task is modelled probabilistically, and the potential to provide deci-
sion support and automation using CSDI and DDPM based implementations of the model
is evaluated. The veracity of the NDM and ODM models is indirectly demonstrated and
confirmed by way of their ability to explain CSDI and DDPM model performance across
a variety of uniquely partitioned UT NDE datasets. The NDM and ODM provide a prin-
cipled basis for understanding the behavior of CSDI and DDPM models. And may inform
a technical justification supporting the use of such models in safety-critical contexts.

Trained CSDI models are sampled to obtain estimates of nominal peak amplitude re-
sponse time of flight. Sample estimates were found to be accurate to within bands of
+6.60 um and £8.15 um, which supports a requirement for accuracy of depth estimation
[150]. The unsupervised training procedure does not rely on dataset labelling or anno-
tation, and the accuracy of sampled estimates depends only on learning the distribution
of a single dataset. In this way, the approach may be used offline on a per-inspection
basis, with no data annotation and without recourse to out-of-distribution generalization.
Various means to improve results and confidence therein are considered, and the inclusion
of a human in the loop of an iterative training and verification process is also contem-
plated, in lieu of the availability of ground truth, as a means to support fault detection
and remediation.

The method, though not directly comparable, qualitatively improves upon prior work
based on discriminative methods where results rely on data annotation, pre-processing,
brittle heuristics, and out of distribution generalization. The probabilistic model and
corroborating results, imply a principled basis underlying model behaviors and provide
a means to interface with regulatory bodies seeking some justification for usage of novel
methods in safety-critical contexts.
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Chapter 8

Diffusion Partition Consensus based
analysis

In Chapter 7, an evaluation of Conditional Score Based Diffusion (CSDI) and Denoising
Diffusion Probabilistic Model (DDPM) model performance illustrated the deleterious effect
of anominal information in a training dataset. Having identified that outliers negatively
impacted model performance, attention is paid to developing methods to ameliorate their
impact.

Diffusion Partition Consensus (DiffPaC) is a method that ably identifies and removes
outliers from training datasets during training. The novel technique relies on an iterative
approach that uses training to push forward towards a learned approximate data distri-
bution, while a greedy technique operating on biased partitions of the dataset, prunes
and reconstitutes elements of the training data. Active selection in the training dataset
is applied based on criteria derived from data-driven summary statistics. This shapes the
distribution learned by a diffusion model and induces a self-supervised training signal. This
chapter describing DiffPaC closely follows material first published in [133].

DiffPaC is a novel generative technique for time series anomaly detection and data
imputation in the presence of outliers. To illustrate the method, an implementation with
design choices tailored for well-structured time series typical of Canada Deuterium Ura-
nium (CANDU) Ultrasound (UT) Non Destructive Evaluation (NDE) datasets is proposed.
The technique relies on cross-talk between a CSDI model and two well-chosen Savitzky-
Golay Filters (SGFs). Testing and evaluation are performed on a series of progressively
information-rich synthetic datasets, and two real-world UT NDE datasets taken from a
CANDU nuclear reactor Pressure Tube (PT) and Calibration Fixture (CF). The iterative
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technique is a blend of stochastic and deterministic methods that develops confidence and
consensus in target parameter estimates using several dynamically updated binary parti-
tions over the dataset. This, in turn, allows a new set of estimates and confidence measures
to be established. Data classification induces a progressive bias in the training datasets and
allows a diffusion model to identify the prevalent distribution. Methods for fault diagnosis
support the efficacious inclusion of a human in the loop, making the technique suitable for
safety-critical applications. Its main advantages are that it is an unsupervised technique
with principled performance and strong explainability. It does not require dataset curation
or significant data pre-processing, does not rely on out-of-distribution generalization, pro-
vides means for fault diagnosis without recourse to ground truth, converges with stability,
provides results that are insensitive to over-fitting, and naturally includes a human in the
loop for fail-safe verification of results. The quality of results, the checks and balances
provided by the fault diagnosis mechanism, and the opportunity to include a human in the
loop support the case for usage in safety-critical contexts such as UT NDE data analysis.

By and large, UT data analysis depends on the ability of analysts to accurately esti-
mate nominal trend in acquired data [79][30][132]. As is true for many materials under
test in NDE contexts, PT Inner Diameter (ID) surfaces are generally smooth and well-
defined. Because strong departures from nominal are the exception rather than the rule,
datasets with strongly unbalanced multimodal data distributions are typical. DiffPaC ex-
ploits unbalanced multimodal distributions using the consensus of various estimates from
a parameterized data-smoothing technique and generative samples to expose data that
contradicts an assumption of unimodality. Methods are integrated to develop DiffPaC, a
novel unsupervised process that classifies UT data as nominal or anominal, and acquires
nominal peak amplitude times of flight, across the dataset.

DiffPaC integrates a CSDI [128] model and a pair of SGFs [110] to generate meaningful
semi-supervised training signal. The signal allows the dynamic selection of a data clas-
sifying binary partition over the dataset. The partition is updated on a per-epoch basis,
using evidence from the models, to learn a progressively more accurate data classification,
which necessarily improves ensuing estimates and samples of nominal trend. Progressive
learning is facilitated by the susceptibility of CSDI to fine-tuning, which allows it to learn
and unlearn information as training data is manipulated [81]. Epoch-wise progression of
the algorithm is supported by the conditional inference mechanism embedded in CSDI and
stochastic data partitioning.

DiffPaC is suitable for use in safety-critical contexts because it trains on each dataset
independently and so does not rely on out of distribution generalization. This makes it
robust to non-stationary ambient and physical plant condition. DiffPaC uses the summary
statistics of SGF fits of biased data partitions as means for fault diagnosis. Which, in

73



conjunction with the epoch-wise training regime, facilitates the insertion of a human in
the loop for remediation and verification of results. This provides a fail-safe back-stop
against model error and strengthens the case for use in safety-critical industrial contexts,
contexts that might benefit from the efficiency of machine learning but cannot bear the

risk or consequence of automation error. Thus, given a dataset A of 20 M Hz Normal
Beam (NB) ascans taken over the ID surface of a CANDU PT with flaws DiffPaC:

e Finds a principled basis of operation in the mathematical formulation of CSDI [128],

e Supports explainability by reducing the estimation of nominal target parameters to
an easily understood binary classification problem,

e Provides real value continuous estimates for nominal peak amplitude times of flight
in A and classifies observed times of flight as nominal or anominal. Estimates are
accurate on the tested calibration facility dataset to within +6.67 pm. Well within
the accepted band of accuracy (£20 pm) for this measurement process [134][135],

e Learns the approximate distribution of each dataset, maximizing model robustness to
ambient system and operational conditions to relax dependency on out-of-distribution
generalization,

e Has no requirement to label, maintain, or curate a reference training dataset of any
kind,

e Provides fault diagnosis and supports the inclusion of a human in the loop, for ac-
tive learning, to remediate edge cases and provide fail-safe analysis in safety-critical
applications.!

To our knowledge, DiffPaC is a first of a kind, and novel, usage of a diffusion model in a
UT NDE or Structural Health Monitoring (SHM) context and establishes state of the art.
DiffPaC is also the first unsupervised machine learning method to simultaneously provide
anomaly detection, anomaly localization, and real value target parameter estimates for UT
NDE data. DiffPaC is readily customized for other applications requiring custom ascan
peak or feature following in the presence of outliers.

The ability to estimate nominal peak amplitude time of flight is significant as it con-
stitutes the necessary initial heavy lifting of UT NDE data analysis. Downstream tasks,
typical of many inspection processes, such as flaw sizing (estimating depth, length, and

IThe results reported in this research were achieved without the use of a human in the loop or active
learning.
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width) are well-supported by DiffPaC outputs, which may be routed to existing foundation
models, or other methods for object detection and segmentation [74][39][107].

8.1 Learning nominal criteria

DiffPaC dynamically learns the definition of nominal in a dataset. Manual analysis is based
on the amplitudes and times of flight of features in a set of ascans. The first step in manual
analysis is to locate ascans whose peak amplitudes deviate from nominal. Excursions and
deviations in peak amplitude are evidence of atypical reflectors and often indicate that an
ascan contains information about a flaw or anomaly. Analysis consists of locating atypical
peaks within these ascans and assessing their times of flight. Finally, reference nominal
peak amplitude times of flight are established. The reference nominal values are those that
would have occurred if the surface under test had been nominal. In nominal ascans the
peak amplitude response is associated with reflection from the PT inner diameter pipe wall

[134][135].

DiffPaC estimates nominal peak response time of flight by learning performed on dimen-
sionally reduced datasets that have shed amplitude-related information. In this context,
the meaning of nominal and anominal data classifications differs from the broader analysis
task. The DiffPaC specific task is to learn the nominal and assumed prevalent distribu-
tion within the dataset, where the definition of nominal and anominal is data-driven. The
process begins by assuming the entire dataset is nominal and then culling data that most
strongly challenge the assumption. The SGF based culling criteria rely on stochastic be-
haviors, and the summary statistics of fits and residuals on biased partitions of nominally
classified and sampled data. Summary statistics evolve as samples and data classifications
improve, and the definition of nominal and anominal is learned progressively as this occurs.
Figure 8.1 illustrates the progression from initialization to convergence and, Figure 8.2 pro-
vides a visualization of SGF' estimators M, and My acting on data biasing partitions Pp,
I, and F.

8.2 Analysis and the manifold

Given the strength of the manifold hypothesis [10][32] we assume the existence of two sets
of disentangled, or identifiable, data generating factors underlying CANDU PT UT NDE
data distributions. Let F, be the distribution of nominal data generating factors and
F, the distribution of anominal data-generating factors. Given dataset X and a Boolean
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Figure 8.1:  Depicted is a bscan(top) of CF features T,U, and V (see Figure 5.1) with
derived univariate time series (middle, bottom). The middle plot shows DiffPaC initial-
ization with all data assumed nominal and an initial nominal inference band biased by
outliers. Bottom plot show convergence with data classification. An improved nominal
inference band develops based on learned summary statistics over fits and residuals of the
nominal classified data.
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le—3 Multimode response
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Figure 8.2: Fits of models M, and Mg to Pp, I, and I partitioned subsets of synthetic
dataset X, and samples X7)'. The three lower plots give the contents of partitions Pp, I,
and F'.

partition vector Pp, the stage is set for a probabilistic binary classification problem: find
Pp such that X[Pp|~F, and X[-Pp|~F,.

Given the existence of a pseudo ground truth binary partition ) of X we can generate
X,, = M,(X][Q)]), the pseudo ground truth of X. We have access to true ground truth X
for the synthetic datasets, and pseudo ground truth X, for the calibration facility dataset;
these are used in Section 8.6 to gauge the performance of DiffPaC and its fault diagnosis
mechanism.

DiffPaC provides a method to distill the data generating factors of X and learn partition
vector Pp such that: X[Pp| ~ p(X|[Q]), X = X[Pp]U X [-Pp|, X[Pp] ={z|lr € X Nz ~
Fn} and X[-Pp| = {z|]x € X ANz =~ F,}. Additionally, DiffPaC imputes missing data
~ JF,, at locations where observed data is ~ F,.
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Algorithm 2 DiffPaC:Terminates on criteria function 7(6) dependent on basis for criteria
6. Yields Pp ~ p(Q) and X ~ M,(X[Q]).
Input: M,, Mz, D, X
Pp « {TruelVx € X}
while 7(4) do
# Learn approximate data distribution
D, Xp, Pp, I, F < trainOneEpoch(D, X, Pp)
# D stochastic nominal cull
Se — X} > Xp[I].m()
Pp[S.], I[S.], F[S.] < False, False, False
# M, geometric nominal cull
M. < M3z > M3,
Pp[M.], I[M.], F[M,.] < False, False, False
# dx,, dx geometric nominal restoration
RdXD — dXD < dXD.m() +3- dXD.S()
RdX —dx < deO +3- dX.SO
Ppl[Ray, V Ray] < True
Pp < manual Remediation(Mys, X, Pp) > optional
end while
X « M, (Xp[I]) return Pp, X
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8.3 Algorithm

@ is unknown, and an unsupervised system requires some data derived signal to facilitate
learning. We generate signal by constructing an iterative process on a Bayesian prior
posterior chain used to drive a binary classification:

~

p(X[Pp]) = p(X[pD”X[PD])p(X[PDD (8.1)

Direct implementation of Equation 8.1 is problematic as the right-hand side terms are
intractable. Instead, DiffPaC implements the approximation given in Algorithm 2.

On each iteration of the while loop in Algorithm 2 D trains on X|[Pp] to learn an
approximate data distribution; this stands as proxy for prior p(X[Pp]) in Equation 8.1.
Likelihood p(X [Pp]|X[Pp]) and its interaction with the prior is approximated by a three-
phase process that includes a stochastic cull based on the confidence D expresses in samples
Xp, acull using Mg to test the assumption that Pp = @), and reconstruction based on the
assumption that the two culling operations have indeed moved p(X[Pp]) towards p(X[Q)]).
This produces an aesthetically pleasing, fully learned algorithmic flow wherein decision
criteria for the classification of z € X are:

1. Dependent on underlying stochastic behaviors,

2. Understood as identifying data that most strongly challenges or supports the as-
sumption that Pp = Q,

3. Based on standard deviations of fits and fit residuals and may be expressed in ex-
plainable terms and units natural to the dataset,

4. Learned from the data.

Learned updates to Pp consistently bias the training dataset X [Pp] towards ~ F,,. This
engages fine-tuning to bias the distribution learned by D on subsequent epochs towards
~ F,. Updates to Pp are generated based on discordant SGF sensitivity to multimodal
data distributions. Discordant response is stimulated by intentionally biased partitions of
X and X7} (as described in Section 8.5). This provides a series of datasets with initially
varying unbalanced multimodal distributions that eventually converge to a single mode.
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DiffPaC convergence curves on synthetic datasets
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Figure 8.3: DiffPaC convergence over 50 epochs of training on the synthetic datasets

described in Chapter 5. These curves report the training runs whose results are provided
in Table 8.1.
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8.4 Termination criteria and fault diagnosis

Termination criteria 7(J) may be time based, as in the number of epochs trained or based
on the convergence of some metric. Generally speaking, as DiffPaC training progresses
epoch by epoch the following traits exhibit:

1. Cardinality |X[Pp]|| converges,

2. The distribution of M, tightens about its mean.

Trait 1 is visualized in Figure 8.3. There we see that as error measures initially decrease
and stabilize | X [Pp]| tends to stabilize and drift towards or around some value. We explain
these results as DiffPaC oscillating about a point or region on the manifold from which it
cannot escape. The point may be a location where X [Pp| ~ p(X[Q]) and results are good,
or it may be that some data miss-classification error has occurred which requires manual
remediation. In some sense DiffPaC is a greedy algorithm and some data configurations
may cause it to paint itself into a corner it cannot step out of.

Trait 2 is used for fault diagnosis as exceptions to convergence about the mean indicate
likely misclassified data. The lower plots of Figures 8.4, 8.5, and 8.6 show this behaviour.
The bottom plot in Figure 8.5 shows an M_; converged tightly around its mean with no
strong exception to the group behavior. On the other hand, Figure 8.4 shows a plot with
strong exceptions, or errors, relative to tight convergence; these align with L, error against
ground truth. As shown in the plots M7 and M, jg may be used as a means to characterize
confidence in results. For high-confidence results, the bulk of the diagnostic should reside
evenly below M3

As in all machine learning, faults invariably arise due to edge cases and pathologies in
the data. With DiffPaC, faults are directly attributable to an underlying data misclassifi-
cation. Mj; behavior provides a means for fault diagnosis that allows a human in the loop
to quickly identify and remediate data misclassifications. This is easily accomplished using
some graphical user interface that allows manual interaction with the data, and is a step
most would regard as necessary in a safety-critical verification and acceptance process.

The M;; diagnostic is weak in the sense that it does not rank or order associated errors
in terms of their size. This is demonstrated in Figure 8.8, where the ordering of L error
magnitude vs. ground truth does not match the ordering of diagnostic magnitudes. This is
a weakness of parameterized models which overfit or ring unanticipatedly; DiffPaC exploits
ringing but does not solve this weakness. The reliance on parameterization also leads to
modest errors in alignment between L; error and M,z peaks so that ground truth errors
and their indications are slightly askew on the time axis.
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8.5 Partition based data biasing

[33] proves that the unsupervised learning of disentangled factors cannot occur without
bias. The directed manipulation of dataset content to provide bias to training is critical to
DiffPaC. SGF models are fit on partitions of data and samples that expose and stimulate
divergent sensitivity to multimodal data distributions. This allows D to train on a pro-
gressively improved X [Pp|. Data of various types are useful in this regard: (i) all observed
data classified as nominal, (ii) observed data classified as nominal that have associated
high confidence diffusion samples, (iii) high confidence diffusion samples of observed nom-
inal classified data, (iv) high confidence diffusion samples of observed anominal classified
data. DiffPaC partitions data according to these subtypes to generate intentionally biased
datasets, each with a unique multimodal distribution.

The CSDI model tracks unobserved, or missing, data in a dataset using a mask provided
to it at initialization. DiffPaC uses this mask as the binary data classifying partition Pp,
and dynamically classifies data by updating this mask between epochs during training. To
this end, the CSDI observed data mask becomes the DiffPaC binary classifying partition
Pp and X[Pp] indexes nominally classified data made available to train on.

CSDI implements a ground truth mask G to hold back a randomly selected fraction
of the observed data as labels for training its conditional inference mechanism. CSDI
training proceeds such that samples of the marked ground truth data exhibit high variance
or low confidence. DiffPaC discriminates against these and uses high-confidence samples
exclusively as it performs partition updates. I = —Pp V (Pp A =G) is constructed so
that X7[I] yields the means of high-confidence samples of both nominal and anominal
classified data. Because CSDI randomly selects G from observed data Pp each epoch, each
G dependent partition is to some degree stochastic.

High confidence CSDI samples for anominal data are relatively inaccurate when com-
pared to samples for nominal data. This divergence is exposed by using F' = I A Pp so that
X [F] selects high confidence samples of nominally classified data only and X |[F] selects
nominal classified data that has associated high confidence sample means.

As ~ p(Pp) approaches ~ p(Q), high confidence diffusion samples become progres-
sively ~ p(X|[Pp]). At the same time, each partitioned dataset listed above also tends
to ~ p(X[Q]). But, when ~ p(Pp) is dissimilar to ~ p(Q) the datasets carry variously
multimodel mixtures. The divergent sensitivity of the SGF models to the various data
mixtures supplies training signal to update Pp.
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Figure 8.4: Synthetic dataset (16, 16) is the most challenging of those tested. Of note: M4
excursions match the L; ground truth error and Mz does not lie evenly between M7, and
Mg%, indicating the presence of data classification errors. Detail of the first and second
grey-filled regions is found in Figure 8.8.
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region is found in Figure 8.1.
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le—3 HSA dataset
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Figure 8.6: Sediment, fretting, and strong geometric regime change increase the complex-
ity of the HSA dataset. M, lies somewhat unevenly in and around M, 275 This decreases
confidence in results. However, as in Figure 8.7, which provides detail of the gray shaded
region, estimates X7}[I] are within a band of acceptable error that encompasses any rea-
sonable set of estimates manual analysis might attribute to this data.
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Table 8.1: Standard error measures, and confusion matrix components, for DiffPaC per-
formance trained on the synthetic and CF datasets. DiffPaC was trained for 50 epochs
on each dataset with no active learning. Fach synthetic dataset is identified by its (r, f)
tuple and plotted in Figure 5.2. Shaded gray rows highlight results with MXAE less than

420 pum. The synthetic and CF datasets have sizes 71643 and 107715, respectively.
Dataset Std. dev.(m) True Pos. False Pos. False Neg. True Neg. MSE(m) MXAE(m)
0

(0,0)  941E—05 71643 0 0 1.20E —11 1.05E —05
(02)  251E—04 69971 0 0 1672 9.80E —12 9.43E — 06
(04)  272E—04 69037 0 0 2606  9.55E —12 9.41E — 06
(0,8)  4.02E—04 65684 0 0 5959  8.53E—12 1.12E —05
(0,16)  5.02E—04 61946 289 49 9359  1.04E—11 3.75E — 05
(2,0)  330E—04 71643 0 0 0 9.52E — 12 9.94F — 06
(2,2)  364E—04 70352 24 0 1267  9.73E—12 1.49E —05
(24)  411E—04 69214 0 0 2429  9.03E—12 1.07E — 05
(2,8)  5.02E—-04 66772 0 6 4865  8.34E—12 9.19E — 06
(2,16)  5.98E—04 60540 374 396 10333 7.67E—11 1.24E —04
(40)  451E—04 71643 0 0 0 9.18E —12 1.19E — 05
(42)  472E—04 70350 0 0 1293  845E—12 1.25E—05
(44)  5I2E—04 68984 0 264 2395  7.97TE—12 1.03E — 05
(4,8)  584E—04 66505 8 0 5130  8.02E—12 1.20E — 05
(4,16)  684E—04 60728 292 295 10328  1.85E —10 2.75E — 04
(80)  534E—-04 71613 0 30 0 8.52E —12 9.82F — 06
(82)  5.68E—04 69896 0 17 1730 8.16E—12 1.04E—05
(84)  6.19E—04 68464 0 331 2848  7.8TE—12 9.98E — 06
(88)  6.92E—04 65639 0 35 5969  8.32E—12 4.39E — 05
(816) 737E—04 61514 24 77 10028  7.24E—12 1.76E — 05
(16,0)  6.90E—04 70050 0 1593 0 2.39E —11 2.11E — 04
(16,2)  735E—04 68783 0 1407 1448  7.80E —12 8.39E —05
(16,4)  TATE—04 67443 0 1252 2948  6.63E —12 2.36E — 05
(16,8)  7.86E—04 65177 321 1394 4751  8.07TE—12 3.08E — 05
(16,16)  8.40E—04 60395 427 816 10005  2.58E—09 1.56E — 03
CF 141E—04 106312 0 209 1194  232E—12 6.67E — 06
HSA  1.92E — 04 N/A N/A N/A N/A N/A N/A

8.6 Results

Figures 8.4, 8.5, and 8.6 show the results of running DiffPaC on synthetic dataset (16, 16),
the CF dataset, and the High Stress Area (HSA) dataset respectively. Each figure shows
the data, its classification, estimates X7[I] and diagnostic M35 When ground truth
X is available Ly error | XB[I] — X4 [I]| is also provided. Table 8.1 tabulates DiffPaC
performance on the various datasets. Error measures such as Mean Squared Error (MSE)
and Maximum Absolute Error (MXAE) relative to ground truth and various partition
cardinalities are reported, along with relevant dataset characteristics. The cardinalities
may be used to generate confusion matrices for tested datasets with ground truth.
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Of particular interest are the MXAE figures, which are, in some cases relatively large
so that even with seemingly excellent MSE results, large estimate error occurs. This is
shown in Figure 8.4, where, though performing well overall, a handful of data classification
errors lead to estimates with errors over 10 pum relative to ground truth.

MXAE performance was especially poor on synthetic dataset (16,16). With a standard
deviation of 8.40e — 4, 16 regime changes, and an approximately 16% anominal data rate,
this dataset challenges the initial assumption of a strongly imbalanced multimodal distri-
bution with only irregular variance from a prevalent nominal distribution. Contrast with
the real world calibration dataset having a standard deviation of 1.41e — 4, no discernible
regime change, and a flaw rate of 0.98%, and the HSA dataset with standard deviation of
1.92e —4 and only one observed regime change - and the exceptional nature of the synthetic
data should be clear. Even given the challenge of this data, the M, based diagnostic pro-
vides the appropriate information to facilitate a human in the loop towards manual error
correction that would quickly restore results.

The calibration dataset results tell a good story about performance in real-world con-
ditions. With a maximum absolute error of 6.67 um, the calibration results are within the
accepted accuracy band of £20 um and are arguably usable for any practical intent and
purpose. This figure compares favorably with results in Section 6.6 of 9.23 um using a
Variational Autoencoder (VAE), and results in Section 7.4 of 6.6 pm using CSDI.

In terms of identifying nominal data. The calibration facility confusion matrix entries
in Table 8.1 show that DiffPaC produced no false positives and 209 false negatives. This
demonstrates a conservative bias in data classification that can be expected as the learned
nominal criteria consistently weed out the tails of the classified nominal data distribution.
This conservative bias is also expressed in the synthetic data results where false positives
tend to occur in the datasets with a high flaw rate, but false negatives generally occur at
a much higher rate.

The HSA dataset is from a region at the end of the PT where the tube is pressed in a
rolled joint to form a pressure boundary with interfacing components at the reactor face.
The high variance in both the data and estimates comes as a result of densely occurring
fuel-bundle bearing pad frets, oxidation, and sediment. This alignment of circumstance
challenges manual analysis, which requires some degree of subjective decision-making to
assess the data fully. As shown in Figure 8.7, DiffPaC finds the data’s relevant statistical
weight and structure with systematic and repeatable objectivity. And estimates provided
are, by inspection, within £20 um of any reasonable interpretation of the data.

The convergence curves in the bottom row of Figure 8.3 plot log(| X [Py]|) over the course
of 50 epochs of training. The curves show relative stability in the cardinality | X [Py]|, which
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of miss-classified data, the accuracy of estimates suffers. While the M, diagnostic flags

errors, it does not order their magnitude or precise location. Despite these shortcomings,
fault diagnosis allows a human in the loop to visually locate errors and manually update

Pp.
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appear to converge and oscillate around some fixed point. Our testing showed this behavior
remained consistent as training runs were extended up to 200 epochs. The stability in
| X [Py]| implies that the solution is insensitive to over-fitting and improves the method’s
usefulness in general; training time beyond initial convergence is one less parameter that
requires treatment by the practitioner.

8.7 Discussion

DiffPaC sets itself apart from alternative approaches. It trains independently on each
dataset, which removes any requirement or blind faith in generalization. The ability to
place a human in the loop reduces the risk associated with errors of automation. This tem-
plate for generative model usage is different from the discriminative approaches reviewed
in Chapter 4 where results ultimately depend on generalization achieved by training over
very large datasets and seek possibly in vain, and certainly with no guarantees, to deal
with edge cases by curating an increasingly large dataset. De-emphasizing generalization
and the forthright disposition of edge cases by facilitating a human in the loop successfully
leverages generative modelling to potentially provide automation and decision support in
a wide range of real world, possibly safety critical, contexts involving largely nominal data.

Given an appropriate choice of parameters for the SGF models and CSDI architec-
ture?, DiffPaC is largely parameter-free, with updates relying only on the learned summary
statistics of fits and fit residuals and the stochastic behaviors of the CSDI diffusion model.
There are however many opportunities to tune the update method for dealing with specific
datasets. For instance, it is trivial to implement bias that increases the reliance on stochas-
tic behaviors or causes a preference during updates for data with desired characteristics.
This supports customization of the method for use cases in various contexts.

2See Appendix B for details on these.
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Chapter 9

Recommendations for
implementation and commissioning

In this chapter proposed methods are integrated to take advantage of their respective
strengths, the integration is scaled for use on multi-probe inspection datasets, and the
challenges related to commissioning such a system are considered.

9.1 Process implementation at scale

Figure 9.1 outlines a process workflow that generates the analysis of time of flight in-
formation for an arbitrary Ultrasound (UT) probe. The process integrates elements from
Chapters 6 and 8, using Diffusion Partition Consensus (DiffPaC) generated Pp and X with
Variational Autoencoder (VAE) generated M;} as inputs to Nominal Profiling (NPROF).

During a Pressure Tube (PT) inspection, each of ten UT probes acquires in and around
5.8 - 10" ascans. Manual UT data analysis may access any of this data but, in general,
analysis for a given flaw requires data from only a subset of the available probes [134][135].

Our test system was configured with an AMD 64 core 2.7 GH z chip, with 1 TTB RAM,
SSD data storage, and an NVIDIA RTX A6000 GPU. The nearest equivalent system on a
well-known Cloud Platform is an A2 series with 48 cores, 1.36 7B RAM, and an NVIDIA
A100 GPU. This system is available in the cloud for just under $3.75/hr.

Using the test system described above, DiffPaC training on UT datasets 1-10% ascans
in size typically converged in and around 10 epochs, and each epoch took less than 20
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minutes. VAE training was performed for 10 epochs at about two minutes training time
per epoch. This gives a total compute requirement of under 215 GPU hours per probe.

Moving to a system in the cloud with a larger GPU would improve both time to
convergence and the associated economics. But, the worst case as based on test system
compute times, would cost just under $800 per inspected probe, or approximately $4K to
inspect all the data acquired on the five probes most often considered relevant to analysis

[134] [135].

Multiple GPUs may be used to decrease training time. The entire five-probe dataset
may be processed in 4 hours using 64 GPUs. This level of parallelization is trivial to
implement and allows analysis to occur during data acquisition. However, cloud com-
pute services may not be able to provision such requirements on demand unless special
arrangements are made with service providers.

The given figures represent the worst case. They are based on processing the com-
plete five-probe dataset using a desktop system. Though beyond the scope of the present
treatment, means to reduce compute requirements significantly exist. This is true because
most analysis is straightforward and relies on data from only one probe [134][135]. Taking
advantage of this fact could reduce total training costs by as much as 80%.

Sketching this out in greater detail, one approach to reducing required training time is
to perform analysis on only the most accurate 20 M Hz Normal Beam (NB) probe (used
to demonstrate and report results throughout this research). Additional analysis using
data from the remaining probes would be performed only at regions where the 20 M Hz
data is incomplete or ambiguous. This matches the intent of the legacy process which, by
procedure, utilizes data from probes only on an as-needed basis [135].

9.2 Elements required for regulatory approval

Adopting an agile software development process would allow a small team of software
engineers, human factors engineers, and UT data analysts to quickly integrate a scaled
and working system. Initial development and testable usage of a decision support and
automation system could proceed alongside using the legacy system. This would involve
developing a system offline and testing it in parallel with legacy analysis during inspection
campaigns. Parallel development and testing would support a strong informal verification
and validation of system results. It would also allow a new inspection process to inherit
elements of the legacy process that meaningfully contributed to its success by osmosis. And
there would be opportunity to address, in use, the many human factors challenges known
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Figure 9.1:  Automation and decision support for UT data analysis is achieved by inte-
grating VAE training output M{ with DiffPaC training outputs Pp and X via NPROF to
attain type i/ii/iii analysis elements A” and S.
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to be associated with process automation such as trust, skills fade, and organizational or
cultural resistance [9][14][34][36][120][116].

Scientific computing aids, tools, and code in the nuclear industry are subject to strin-
gent software quality assurance programs. An agile development process would be required
to meet the needs of such a program through the provision of reasonable quality manage-
ment systems and documentation such as requirements and plans for development, test,
validation, and verification [94][143][144]. Further to this, the regulator requires that in-
spection processes be qualified by the CANDU Inspection Qualification Bureau (CIQB). To
this end, a rigorous technical justification of methods mapping system results to regulatory
requirements for inspection [150], and a thorough process for training and testing analysts
using the system software would be required. Ultimately, the provision of a well-engineered
system with demonstrated quality assurance and CIQB qualification is necessary to gain
regulatory approval [18][19].

9.3 Chapter summary

This chapter contemplated the implementation and commissioning of a scalable integrated
multi-probe UT data analysis system based on proposed methods. Analysis costs and
compute requirements, based on training with a desktop PC were evaluated as a worst-
case scenario. To improve feasibility, strategies for reducing training time and resource
usage were explored. These included selective probe analysis, parallel processing, and the
adoption of high-performance GPUs. These approaches suggest that significant cost and
time savings of up to 80%, over and against the worst case, are achievable.

Aspects of system implementation, commissioning, and regulatory approval were con-
sidered. The adoption of an agile development process and parallel validation with the
legacy system supports both system integration and the evolution of appropriate human
factors. Meeting nuclear industry software quality standards and achieving CIQB qualifi-
cation are essential steps toward commissioning and regulatory acceptance.

The technical aspects required to develop and scale a legitimate process moving forward
are fairly well understood. The path to commissioning and regulator acceptance for the use
of novel methods is similar in that it is demarcated by a series of well-defined elements. The
greatest unknown at this point is the human factors engineering required to transform a set
of technologically advanced methods into a process amenable for use by the human analysts
in the loop. We suspect human factors engineering may be the single most important
element contributing to the over-all success of system deployment [21][145].
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Chapter 10

Conclusions

This thesis has addressed the challenge of providing decision support and automation to
Ultrasound (UT) data analysis. Pressure Tube (PT) Non Destructive Evaluation (NDE)
ensures fitness for service and is critical to the safe operation of Canada Deuterium Ura-
nium (CANDU) nuclear reactors. The legacy process relies on manual data analysis, which
is resource-intensive, subjective, and repetitive. Motivated by the opportunity for possi-
ble improvement through the application of modern methods, this research develops a
machine-learning-based approach for decision support and automation that improves pro-
cess efficiency and efficacy while maintaining safety-critical reliability.

Research initially focused on the use of a Variational Autoencoder (VAE) to form
likelihood-based partitions of UT datasets. Nominal Profiling (NPROF), a novel data
profiling technique, was then used to generate the desired analysis by comparing data to
its most likely features. This approach was effective but limited by sensitivity to outliers,
a lack of robust fault diagnosis, and poor explainability.

Research then turned to the investigation of means to limit the impact of outliers
and provide fault diagnosis by integrating generative and deterministic modelling tech-
niques. Diffusion Partition Consensus (DiffPaC) conjoins a Conditional Score Based Diffu-
sion (CSDI) model with a pair of Savitzky-Golay Filter (SGF) models to provide analysis
using explainable mechanisms for anomaly detection and fault diagnosis. DiffPaC achieves
desired objectives using an iterative partitioning process that may include a human in the
loop to provide required safety critical fail-safe behaviours when faced with edge cases.

Testing was performed on real world CANDU Calibration Fixture (CF),PT, and syn-
thetic datasets. Testing exercised model performance at the extremes of possible, or ex-
pected, data distributions. Experiments demonstrated the facility of techniques when
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faced with real-world, highly variable, non-stationary data challenges. The integrated sys-
tem provided estimates and achieved accuracy requirements as specified in [150]. Design
requirements, as laid out in Chapter 2, were also fulfilled. The method is a novel approach
and establishes state of the art in this niche application context.

A pipeline integrating techniques was developed and scaled for use in cloud-based multi-
probe systems. Various elements required for eventual regulator acceptance were consid-
ered. The challenges related to human factors were highlighted.

10.1 Key contributions

This thesis has introduced a novel, unsupervised, generative approach for decision support
and automation in safety-critical UT data analysis. The proposed system integrates two
unsupervised anomaly detection algorithms: VAE-based NPROF and Diffusion-based Diff-
PaC. It meets stringent regulatory accuracy requirements, provides explainability and fault
diagnosis and significantly improves the throughput and consistency of human analysis.

A key innovation of this work lies in its ability to recover hidden time-of-flight infor-
mation from the data, enabling markedly improved analysis over legacy amplitude-based
methods. This represents a first-of-its-kind result with substantial implications for effi-
ciency and diagnostic capability in the UT data analysis workflows.

The core contribution is an efficient and efficacious, safety critical appropriate decision
support and automation system that features:

e A robust, principled, and explainable mechanism for fault diagnosis, error remedia-
tion and results verification.

e A design that avoids reliance on out-of-distribution generalization,

e An approach that eliminates the technical debt of data labeling and curation inherent
to supervised methods.

Together, these contributions demonstrate the viability of generative, unsupervised models
for industrial non-destructive evaluation NDE and support the modernization of legacy
UT data analysis by providing a technically and economically compelling alternative to
existing methodologies. Though not directly comparable, and only in our opinion, the
integrated methods make significant qualitative improvements over prior work in this area,
and establish state of the art for this application.
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10.2 Revisiting requirements and design choices

The development and evaluation of the proposed methods were guided by six requirements
given in Chapter 2. The requirements predicated a set of deliberate design choices, all
aimed at enabling robust, explainable, and efficient UT data analysis.

The requirement for minimal dataset management (1) was addressed through the ex-
clusive use of unsupervised generative models, trained independently on each incoming
dataset. This approach eliminated the need for labelled data or extensive dataset cura-
tion, thereby reducing technical debt, and supports the long-term maintenance lifecycle of
any intended application.

An ability to outperform the efficiency and efficacy of manual data analysis (2) was
demonstrated by a scalable implementation and automation of type i/ii/iii signal deviation
detection. The integration of methods provides a system that automates the recovery of
all time of flight information relevant to data analysis much more efficiently than legacy
amplitude-based methods.

The human performance of analysts engaging in a process that has implemented pro-
posed methods will necceasarily improve. The estimation of type i/ii/iii data deviation
constitutes the bulk of the work performed during manual analysis. The tedious repetitive
nature of producing these estimates makes human performance error more likely. Proposed
methods do this work automatically and can be made to provide dimensional analysis of
many flaws with straight forward geometry. This removes a significant opportunity for
human performance error from analyst workflows.

The design emphasized both a principled mathematical foundation and explainability
(3). The use of variational inference and score-based learning provided a rigorous the-
oretical basis for model behavior, while the reduction of the primary task to a binary
classification problem lent visual interpretability of results and supported explainability.

Robustness to out-of-distribution data and class imbalance (4) was achieved by avoiding
model generalization altogether. Training separate models for each dataset mitigated risks
related to non-stationary data and provided a segue for human-in-the-loop oversight during
training.

The system was explicitly designed to operate within the constraints of safety-critical
environments (5). Incorporating a human-in-the-loop and a fault diagnosis mechanism
provided an intentional fail-safe mechanism.

Ultimately, the system provided dimensional analysis to the accuracy required by the
regulator (6). While more complex flaw geometries may still require manual interpretation,
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the automated identification of relevant data deviations ensures that analysts are equipped
with comprehensive decision support sufficient to enable all subsequent analysis.

As a whole, design choices were validated through practical implementation and eval-
uation of proposed methods. They supported the development of a system that satisfies
the given requirements and offers a meaningful path forward for automation and decision
support in UT data analysis.

10.3 Limitations

10.3.1 Formal evaluation of fault diagnostic

Strong confidence in model outputs must be established for use in safety-critical contexts.
It has been demonstrated that there is reason to be confident in using M,z for fault
diagnosis. And though it is reasonable to assume that accuracy of X cannot be better
than some measure related to Mg, given the fault diagnosis mechanism must provide fail-
safe behaviour, the exact nature of this measure and the strengths and weaknesses of the
relation require some formal examination. Integration with some aspects of legacy methods
to guarantee proposed methods are “as good or better than legacy” may be required. This
may be accomplished by testing on a large corpus of data and characterizing M,z response.

10.3.2 Establishing probability of detection

The justification of the legacy process involved a rigorous determination of the proba-
bility of detection of flaws that could be expected from a combination of amplitude and
time-of-flight-based flaw identification. The argument considered probe configurations, the
efficacy of methods, and best practice as defined by industry standard. The net result was
an accepted probability of flaw detection. DiffPaC is a time-of-flight and likelihood-based
method for flaw detection. And though the VAE-based likelihood analysis underlying
NPROF shares many characteristics with amplitude-based flaw detection, it is obviously
distinct from it. Some formal work must yet be done to determine how the probabil-
ity of flaw detection using proposed methods compares to that of legacy processes [150]
[68][135]. From experience, and in our opinion, we believe the proposed methods improve
the probability of flaw detection; however, this result must be formally obtained.
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10.4 Future work

10.4.1 Implementation and regulatory acceptance

As described in the previous section, several elements required for a complete technical
justification of methods remain outstanding. These elements are a subset of the elements
required for commissioning and regulatory acceptance outlined in Chapter 9.

10.4.2 Integrating discriminative methods over time

A significant amount of work has been done in using discriminative methods for flaw sizing
and categorization. The problem with such methods, fully addressed in this research,
is the requirement for out-of-distribution generalization, dataset curation, and labeling.
However, opportunities exist for taking advantage of discriminative methods. Chapter 4
cites the relevant research using discriminative and heuristic methods for flaw sizing and
categorization [19][111]. It may be possible to bootstrap the cited methods using those
presently proposed. The process in Figure 9.1 projects X onto A”. Where A” is in a space
closer to an unobserved noiseless actual system state or common distribution. The analysis
process itself labels this data. Thus, over time, the process accrues a well-projected, or
denoised, labelled dataset. A” is also susceptible to straightforward data augmentation.
This may support integrating discriminative and heuristic methods applied in a denoised
space.

10.4.3 Multidimensional /multivariate applications

Though CSDI supports multivariate data, DiffPaC, as proposed, is a univariate approach.
UT data is high dimensional, so there is ample opportunity to be creative in terms of
expressing and solving a multivariate analysis problem. A univariate approach has been
selected for the following reasons:

e Explainability: DiffPaC approximates sampling an approximate learned data distri-
bution using a pair of SGFs. SGF is available as a two-dimensional filter, but the
one-dimensional use case works well and has the upside that it is explainable. Each
cull and reconstruction of data operates on the basis of a learned summary statistic
and what is essentially a very simple geometric argument that relates assumptions
and contradictions. This translates into readily understood and visualized reasoning
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about the dataset by the machine learning process. Increasing the dimension would
muddy this explainability considerably.

e Accuracy: in unsupervised generative conditional modeling, increasing the dimension
of the problem space necessarily increases the density of spurious correlation in the
dataset. The knock-on effect is a decreased fidelity in learned approximate conditional
data distributions. This finding influenced the arc of research towards framing the
problem in terms of continuous univariate time series rather than a two-dimensional
image.

e CSDI window size: the CSDI model field of vision is based on a window size. DiffPaC
sensitivity is governed by this window size, which must be larger than the flaw for
which analysis is desired. During experimentation with multivariate datasets and
CSDI, when the dataset dimension was increased, window size had to be decreased
in order to maintain reasonable model memory footprint and training time. This is
problematic because, in the axial dimension, reactor fueling operations cause very
long flaws orders of magnitude larger than those in the radial.

Pulling the multidimensional thread, given some reasonably well-behaved dataset D &
R 1 with distribution p(D). And some sensible n x m dimensional ground truth binary
classification over the dataset. A necessary condition for a multidimensional approach
would be the existence of a closed form approximation of conditional p(D|D) that could
be bootstrapped or somehow “convolved”, by way of some ad-hoc or formal method, with
a current estimate of p(D) to provide p(D|D)p(D). For a complete generalization, one
might provide some conditions under which closed-form approximations always exist given
an appropriately well-behaved multidimensional dataset. The success of DiffPaC could
imply the existence of this interesting general class of problems and solutions. How such
a thing would improve the near-term state for UT inspection data analysis is uncertain.
And so, this possibility is referenced only as a recommendation for further research.

10.5 Conclusions

This research marks a significant advance in the application of machine-learning to indus-
trial inspection processes. It demonstrates how unsupervised generative methods can meet
stringent safety and reliability standards while enabling practical decision support and

!Formally, there would be some continuity and regularity conditions a dataset must observe.
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automation. However, given the risks associated with possible error, and without mathe-
matical guarantees on performance, it is unlikely that full automation of a safety critical
process, such as UT data analysis will ever be adopted. As such, the quality of results,
decoupled from generalization, and the inclusion of a human in the loop for active learning
through fine-tuning, position DiffPaC as a possible means to address safety-critical require-
ments and realize the efficiency modern machine-learning methods offer a legacy industrial
process [20)].

With accuracy, objectivity, and repeatability that meets or exceeds manual analysis by
some degree, and the efficiency of a learning process that can do in minutes what might have
taken a team of analysts hours or days, DiffPaC gives ample reason for cautious optimism
with regard to its potential. To develop a refactored DiffPaC-based analysis process in
earnest, the next steps may be to implement a prototype that can run in parallel with
manual analysis. This would allow an opportunity to flush out the details of a production
system by exposing edge cases, vagaries and catch points in the datasets and processes
currently in use. Such parallel operation would provide grounds to establish the strengths
and weaknesses of proposed methods and also provide segue to understand the human
factors that will shape an eventual process.
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Appendix A

Diffusion model analysis

The following tables provide the full set of results for experimentation performed in Chapter

7.
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Table A.1: Training with missing ratio of 10%.
Dataset Model MAE MAPE MSE MXAE
Py7o csdi  5.04-10° 1.94-1072 4.71-10° 3.06-1072
P70 ddpm 1.38-10% 1.47-107' 1.67-1073 4.68-107"
Py csdi  5.78-10° 3.55-1072 6.00-107° 3.52-1072
Pys ddpm 8.90-10® 8.67-1072 4.99-10~* 2.68-107!
Po.50 csdi  3.96-10° 2.12-1072 2.83-10° 3.11-1072
P50 ddpm 5.76-10% 4.54-1072 1.08-10"* 9.51-1072
Poss csdi  4.06-10° 1.51-1072 2.82-107° 2.55-1072
Poss ddpm 5.02-10° 4.05-1072 6.09-107° 5.75-1072
Pp.00 csdi  3.89-10° 2.02-1072 2.61-107° 3.46-102
Pygo ddpm 4.06-10° 1.82-1072 3.14-107° 6.28-1072
Pyo1 csdi  4.17-10° 1.60-1072 3.22-107° 3.22-1072
Pooi ddpm 3.92-10° 3.48-1072 3.02-10° 4.55-1072
Pp.g2 csdi  4.69-10° 1.96-1072 3.73-107° 3.17-1072
Pp.g2 ddpm 3.81-10° 1.61-1072 2.56-107° 3.79-102
Pyos csdi  3.91-10% 1.29-1072 2.65-10° 3.07-1072
Pp.o3 ddpm 3.66-10® 2.05-1072 2.20-107° 2.78-1072
Pyos csdi  4.56-10° 1.70-1072 3.53-10° 3.20-1072
Pr.oa ddpm 3.80-10° 1.31-1072 252-107° 2.96-1072
Pp.o5 csdi  4.39-10° 1.53-1072 3.10-107° 2.61-1072
Pp.os ddpm 3.79-10® 1.73-1072 2.86-107° 5.43-1072
Pygs csdi  4.62-10% 1.85-1072 3.51-10° 2.51-1072
Pyos ddpm 4.00-10®° 2.17-1072 2.80-107° 3.95-1072
Po.g7 csdi  4.26-10° 1.90-1072 3.16-107° 2.65-1072
Po.g7 ddpm 3.97-10° 1.38-1072 2.79-107° 3.52-1072
Pyos esdi  830-10 9.13-1072 1.11-10%2 1.94-10%2
Pyos ddpm 5.07-10° 2.62-1072 2.75-107* 3.70-107!
P9 csdi  3.92-10%2 1.53-107' 1.65-10"' 7.33-10%0
Pp.09 ddpm 4.98-10° 1.83-1072 2.31-10~* 3.05-10"
P csdi  4.29-10% 6.27-107' 3.01-1072 2.87-10%0
P00 ddpm 3.60-10> 1.14-10%° 3.71-1072 4.51-10%0
Par esdi  4.31-10% 1.58-1072 3.11-107° 3.01-1072
Peor ddpm 4.07-10®° 1.72-1072 2.62-10"° 2.19-1072
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Table A.2: Training with missing ratio of 20%.

Dataset Model MAE MAPE MSE MXAE
Poo csdi  4.60-107% 2.67-10"2 3.64-10"° 2.70-1072
Pyo ddpm 1.57-1072 3.43-10"' 1.89-107% 5.21-107"
Pys esdi  4.71-107% 3.70-1072 3.74-107° 3.12-1072
Py s ddpm 1.20-107%2 2.15-107! 8.40-10"* 2.65-107!
Pyso csdi  4.89-107% 1.96-1072 4.02-107° 2.62-1072
Pyso ddpm 7.18-107% 5.17-10"%2 1.91-107* 1.35-107!
Pyss csdi  4.65-107% 1.76-10"2 3.60-10"°> 3.50-1072
Py ss ddpm 5.41-1073 3.48-10"%2 6.95-107° 6.77-1072
Pygo esdi  4.34-107% 1.37-1072 3.23-107° 2.69-1072
Pp.90 ddpm 4.12-107% 3.93-1072 3.41-10"° 5.77-1072
Pyo1 csdi  4.13-107% 1.66-10"2 2.95-10"° 3.49-1072
Pyo1 ddpm 4.21-1073% 2.58-10"%2 3.62-107° 5.67-1072
Py oo csdi  4.12-107% 3.65-1072 2.83-10"° 2.08-1072
Pyo2 ddpm 391-107% 4.89-1072 2.86-107° 5.47-1072
Pyos esdi  3.70-107% 1.25-1072 2.22-107° 2.66-1072
Pyos ddpm 3.99-107% 1.64-1072 3.11-107° 5.40-1072
Pyos csdi  4.32-107% 1.31-1072 3.10-107° 2.90-1072
Pros ddpm 3.87-107% 1.55-1072 2.63-107° 4.38-1072
Pp.os csdi  3.88-107% 1.30-10"% 2.78-107° 3.02-1072
Pyos ddpm 4.16-107% 1.05-107! 4.28-107° 8.78 1072
Pyos esdi  3.39-107% 1.35-1072 2.07-107° 2.64-1072
Pyos ddpm 3.73-107% 1.34-107%2 2.87-107° 6.32-1072
Pyo7 csdi  3.40-107% 1.27-1072 2.07-107° 3.73-1072
Ppo7 ddpm 3.99-107% 1.58-10"2 3.15-107° 6.13-1072
Ppyos csdi  4.67-1072 1.67-107' 3.08-10"' 1.22.10%"!
Pyos ddpm 4.64-107% 2.02-1072 1.71-107* 2.85-107!
P99 csdi  1.66-1072 1.79-10"' 243-10"2 3.93-10%°
Py o9 ddpm 5.56-107% 2.88-10"% 4.32-107* 3.94-107"
Pl oo csdi  4.17-1072 3.28-107' 3.63-1072 3.77-10%°
Pl oo ddpm 3.32-1072 1.31-107' 2.60-10"2 3.66-10%°
Por csdi  4.32-107% 1.40-1072 3.13-107° 2.32-1072
Por ddpm 3.69-107% 1.68-10"%2 2.19-107° 2.18-1072
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Table A.3: Training with missing ratio of 30%.

Dataset Model MAE MAPE MSE MXAE
Pyo csdi 185-1073  384-102  4.70-10°  4.77-102
Pyo ddpm 2.01-1072 2.04-10!  2.22.-103  4.06- 107"
Pz csdi 3.98-107%  4.05-102  2.70-107°  2.52.1072
Poos ddpm 123-1072 985-10"2  6.79-107%  2.17-107!
P so csdi 411-107%  2.01-1072  3.13-10~°  3.37-10°2
P o ddpm 1.10-1072  1.02-107!  6.89-107*  3.86-10"!
Poss csdi 3.73-107% 2.18-1072  2.34-107°  2.36-1072
P g ddpm 6.81-107%  4.51-1072  1.40-107%  1.64-107"
Poo csdi 451-1073  1.94-1072  3.39-107°  2.55-102
Poo ddpm 544107  3.70-1072  7.38-107°  1.19-107!
Poor csdi 414-107%  1.49-1072  3.11-10~°  2.40-10"2
Pyor ddpm 544107  2.40-102  815-107°  1.10- 107"
Py.os csdi 3.62-107% 1.20-1072  2.28-107°  2.82.1072
P .oy ddpm 5.04-1073  341-1072  6.21-107°  9.73-1072
P o3 csdi 3.92-107% 1.25-102  2.70-10°  2.75-1072
Py o3 ddpm 473-1073  1.83-1072  5.37-107°  1.08-107!
Py csdi 3.79-107% 1531072  2.49-10~°  2.97-1072
Pyos ddpm 481-107% 294-1072  6.37-100°  1.06-10!
Py o csdi 343-107%  1.07-1072  2.03-107°  3.10-1072
Pos ddpm 474-107%  251-1072  4.23-10~°  5.65- 1072
Pog csdi 3.36-107%  1.19-102  1.91-10~°  2.67-1072
P og ddpm 420-107%  1.72-1072  3.66-10~°  7.12-10°2
Poor csdi 3.71-107%  1.37-1072  2.50-107°  3.52-1072
Poor ddpm 421103 1.95-102  3.81-107°  7.50-1072
P o csdi 524-1072 3.40-10!  3.51-107!  1.51-10*
P o ddpm 3.01-107!  1.01-10"!  9.83-10%°  5.54.10*
P00 csdi 7.87-107  1.05-10"'  1.57-107%  7.01-107"
P00 ddpm 4511072 1.00-107'  1.68-10"'  9.09-10%°
Pi oo csdi 432-1072 4.72-107'  542.1072  5.40-10%°
P oo ddpm 3.21-1072  2.03-10°!  247-102  3.55-10%°
Par csdi 3.48-107%  3.08-1072  2.02-107°  2.44-1072
Por ddpm 4221073 6.94-1072  3.03-107°  3.76-1072
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Table A.4: Training with missing ratio of 40%.

Dataset Model MAE MAPE MSE MXAE
Pyo csdi  4.78-107% 9.55-1072 4.45-107° 3.28-1072
Pyo ddpm 2.81-1072 2.40-10"" 3.31-107% 4.80-107"
Pys csdi  4.77-107% 293-107%2 4.19-107° 3.18-1072
Py ddpm 2.02-1072 4.94-107' 1.64-10~% 3.66-107!
Pyso csdi  4.33-107% 2.01-1072 3.49-10"° 3.07-1072
Pyso ddpm 1.43-1072 9.67-107% 7.76-107* 3.56-107"
Pygs csdi  4.28-107% 1.70-1072 3.07-107° 2.41-1072
Pyss ddpm 9.11-107% 6.59-10"2 2.01-10"* 1.41-107"
Pygo esdi  3.61-107% 2.98-10"2 2.30-107° 2.37-1072
Py oo ddpm 851-107% 4.84-1072 197-107* 1.78-107!
Pyo1 csdi  3.73-107% 1.40-10"2 247-107° 2.62-1072
Pyo1 ddpm 7.44-107% 4.25-107%2 1.94-107* 2.13-107!
Py oo csdi  3.43-107% 1.48-10"2 1.98-107° 2.17-1072
Pp.go ddpm 6.74-107% 4.30-1072 1.51-107* 2.24-107!
Pyos csdi  3.87-107% 1.46-1072 255-107° 2.31-1072
Pyos ddpm 6.62-107% 3.27-1072 1.03-10~* 1.10-107!
Pyos csdi  3.55-107% 1.13-1072 2.20-10"° 2.66-1072
Ppos ddpm 6.23-107% 220-10"% 1.02-10"* 1.15-107"
Pyos csdi  3.80-107% 1.77-107% 2.41-107° 2.83-1072
Pyos ddpm 6.70-107% 2.56-1072 1.22-107* 1.39-107!
Pyos csdi  3.43-107% 1.18-1072 2.02-107° 2.57-1072
Pr.o ddpm 5.75-107% 1.85-107%2 6.82-107° 7.44-1072
Pyg7 csdi  3.46-107% 1.40-10"2 2.09-107° 3.24-1072
Pyor ddpm 5.74-107% 2.26-1072 7.12-107° 9.69- 1072
Pyos esdi  9.62-107% 1.21-107' 3.89-10"% 1.33.-10%°
Pyos ddpm 6.42-107% 1.95-107%2 1.45-107* 1.69-107"
Pp.0 csdi  6.97-1072 9.52-1072 6.84-10"' 1.73-10%!
Py o9 ddpm 6.75-107% 2.36-10"% 2.75-107* 3.32-107!
P00 csdi  3.80-1072 1.65-107' 3.46-10"2 4.06-101°
P oo ddpm 2.40-107%2 8.85-1072 1.13-10"%2 2.05-107%°
Por csdi  3.18-107% 1.67-1072 1.67-107° 2.22-1072
Por ddpm 6.58-107% 4.23-107%2 7.30-107° 5.85-1072
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Table A.5: Training with missing ratio of 50%.

Dataset Model MAE MAPE MSE MXAE
Pyo csdi  5.45-107% 2.91-1072 550-10"° 4.39-1072
Pyo ddpm 6.76-10"2 1.29-10*° 1.69-10"2 8.06-107"
Pys csdi  5.15-107% 3.92-1072 4.83-107° 3.21-1072
Pyrs ddpm 4.79-1072 6.44-107' 8.94-10"% 6.32-107!
Pyso csdi  4.20-107% 1.87-1072 3.16-10"° 3.39-1072
Pyso ddpm 3.21-1072 3.10-10*° 3.93.107% 4.82-107!
Pygs csdi  4.34-107% 2.11-1072 3.28-10"° 2.66-1072
Pyss ddpm 1.94-1072 1.59-10"' 1.18-107% 4.16-107"
Pygo esdi  3.66-107% 1.32-1072 2.24-107° 2.73-1072
Py oo ddpm 1.49-1072 1.55-107! 5.74-10* 1.76-107!
Pyo1 csdi  4.44-107% 2.90-1072 3.39-107° 3.41-1072
Pyo1 ddpm 1.22-1072 4.88-107% 3.48-10"* 2.10-107!
Py oo csdi  3.40-107% 1.46-10"2 1.92-107° 3.22-1072
Pp.g2 ddpm 1.12-1072 4.24-1072 3.70-10~* 2.70-107!
Pyos csdi  3.82-107% 1.16-1072 2.49-10"° 2.55-1072
Pyos ddpm 1.19-1072 4.52-107% 3.88-107* 2.74-107!
Pyos csdi  4.04-107% 1.54-1072 2.83-10"° 2.68-1072
Ppos ddpm 1.09-102 3.92-10"% 2.51-10"* 1.33-107!
Pyos esdi  3.48-107% 1.21-1072 2.15-107° 3.75-1072
Py os ddpm 1.08-1072 7.26-1072 3.28-107* 2.67-107!
Pyos esdi  3.51-107% 1.76-1072 2.11-107° 2.23-1072
Pyos ddpm 9.84-107% 3.66-10"2 2.55-10"* 1.89-107"
Pyg7 csdi  4.17-107% 1.79-1072 5.38-10"° 1.35-10°!
Ppo7 ddpm 2.08-107! 847-1072 5.98-10"° 5.54.10%!
Pyos esdi  1.90-1072 1.38-107' 3.37-1072 4.45-10%°
Pyos ddpm 9.61-107% 3.12-107%2 2.97-107* 2.77-107!
Ppyg9 csdi  5.13-107' 1.10-107' 4.54-10T' 1.25-10%2
Py o9 ddpm 9.58-107% 5.11-107% 4.75-107* 4.05-107"
Pl oo csdi  3.99-1072 2.70-107' 2.62-1072 2.98-101°
Pl oo ddpm 2.45-1072 8.68-1072 1.07-1072 2.24.10%°
Por csdi  3.40-107% 1.42-1072 1.94-107° 2.38-1072
Por ddpm 834-107% 396-10"2 1.13-107* 5.17-1072
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Appendix B

DiffPaC implementation

The Conditional Score Based Diffusion (CSDI) model used to implement Algorithm 2 is vir-
tually unchanged from that provided by its authors at https://github.com/ermongroup/CSDI.
Diffusion Partition Consensus (DiffPaC) implements an extension that operates after each
epoch of training to generate, maintain, and modify partition vectors P,I, and F' (as de-
scribed in Section 8.5), sample Xp, and perform updates as per Algorithm 2. All CSDI
hyperparameters are set to the defaults given by the original authors, except eval_length
which is set to 501 for our dataset and percentage ground truth, which is set to 50%.

Savitzky-Golay Filter (SGF) M, and Mgz are implemented using savgol_filter and
interpld from SciPy[139]. The M, parameters are window size 600 and order 5, The
Mg parameters are window size 100 and order 8. Practically speaking the larger the
window size, the lower the order, the more pronounced the smoothing effect of the filter.
SGF model nominal UT data reasonably well and, as in Figure 8.2, parameter selection
strongly influences sensitivity to the presence of anominal data. Thus SGF models M, and
Mpy are parameterized such that they converge when fitting only nominal data ~ p(F,)
and diverge discordantly when fitting data with outliers. interpld with default parameters
is used to fill in missing partitioned values as required by savgol_filter.
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Appendix C

Synthetic data gen

The following code randomly generates a set of synthetic curves which may be used to test
and verify Diffusion Partition Consensus (DiffPaC) performance.

import numpy as np

import torch

from scipy.signal import savgol_filter
from scipy.interpolate import interpild

# ======================== [Jtility Functions ========================

def get_observed_curve (length, rate, inf=0, lo=1, hi=2, o_ride=False)

Generates an observed curve based on frequency modulation.

Parameters:
length (int): Length of the curve.
rate (int): Sampling rate.
inf (int): Number of inflection points.
lo (float): Minimum frequency.
hi (float): Maximum frequency.
o_ride (bool): Override interpolation type.

Returns:
tuple: Index array, signal array, and frequency curve.
nnn
freq_curve = 2 *x np.pi * get_inflection_curve(length, rate, inf=
inf, lo=lo, hi=hi, o_ride=o_ride)
x = np.arange(0, length, 1 / rate)
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y = np.sin((freq_curve * (1 / rate)).cumsum())

cumulative sum once

return np.arange(len(x)), vy,

freq_curve

def get_inflection_curve(length, rate, inf=0,

False) :

lo=10,

# Compute

hi=20, o_ride=

Creates an inflection curve with optional customization.

Parameters:

length (int): Length of the curve.
rate (int): Sampling rate.
inf (int): Number of inflection points.
lo (float): Minimum value.
hi (float): Maximum value.
o_ride (bool): Override interpolation type.

Returns:

np.ndarray: Inflection curve.

X = np.linspace(0, length,

int (length * rate))

1 = len(x)
if inf > O:
inflection_points = np.sort(np.random.randint(0, 1, inf + 2))
inflection_values = np.random.uniform(lo, hi, inf + 2)
kind = "quadratic" if not o_ride else "linear"
else:
inflection_points = np.array ([0, 1])
inflection_values = np.array([lo, lol)
kind = "linear"
interpolation = interpld(inflection_points,

kind=kind, fill_value="extrapolate")
return interpolation(np.arange(len(x)))

def generate_flaws (ground_truth,

flaw_rate,

inflection_values,

flaw_height, flaw_width):

Introduces random flaws into the ground truth signal.

Parameters:

ground_truth (np.ndarray):

flaw_rate (float):
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Ret

flaw_height (int):
flaw_width (int):

urns :
np.ndarr

flaw_count =

Maximum height of flaws.
Maximum width of flaws.

ay: Signal with flaws.

int (len(ground_truth) * flaw_rate)

flaw_idx = np.random.randint (0, len(ground_truth), flaw_count)
heights = np.random.randint (0, flaw_height, flaw_count)

widths = np.random.randint (0, flaw_width, flaw_count)

observed = ground_truth.copy ()

for

idx, height,

observed [idx:idx + width] += height

return observed

Simulation Parameters

litude, and DC parameters

e e EE e e P
inflections = [0, 2, 4, 8, 16]
frates = [0, 2, 4, 8, 16]
snrs = [1000]
length = 20
sample_rate = 3600
# Frequency, amp
param_ranges = {
"freq": (0, 1, 5),
"amp": (0, 47, 403),
"dc": (0, 1253, 1817)
¥
# ========================

for inflect in inflections:
f_inf, f_lo,
a_inf, a_lo,

dc_

inf, dc_lo, dc_hi = inflect,

Simulation Loop

f_hi = param_ranges["freq"]
a_hi = inflect, x*

# Generate curves

X,

f_inf, lo=f_lo,

y, freq_c

amp_curve =

lo=a_lo,

hi=a_hi,

hi=f_hi,

urve = get_observed_curve (length,
o_ride=True)

param_ranges ["amp"] [1:]

get_inflection_curve(length, sample_rate,

o_ride=True)
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dc_curve = get_inflection_curve(length, sample_rate, inf=dc_inf,
lo=dc_lo, hi=dc_hi, o_ride=True)

# Generate ground truth signal
ground_truth = savgol_filter(y * amp_curve + dc_curve, 600, 5)

for snr in snrs:
for frate in frates:
# Generate observed data with flaws
f_rate = frate * 0.01 / (200 / 2) # Simplified flaw rate
calculation
observed = generate_flaws(ground_truth, f_rate, 800, 200)

# Add noise based on SNR

noise = np.random.normal (0, np.sqrt(np.mean(ground_truth
**%2)) / np.sqrt(snr), observed.shape) if snr != 0 else np.zeros_like(
observed)

noisy = observed + noise

# Convert to temnsors for further processing
observed_data, gt_data, index = map(torch.tensor, [noisy,
ground_truth, x])

# Placeholder for additional processing
pass

Listing C.1: Code used to generate the synthetic datasets.
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Glossary

Autoencoder (AE): An autoencoder is a neural network that learns to encode and de-
code data to an from a learned lower dimensional representation. It is an unsuper-
vised learning model used for tasks such dimension reduction, feature extraction,
embedding, denoising, and data compression. Variants include Denoising Autoen-
coders, Sparse Autoencoders, and Variational Autoencoders (VAEs). 32, 36, 37

Beta Variational Autoencoder (BVAE): A Beta-VAE is a type of generative model
that extends the standard Variational Autoencoder (VAE) by introducing a hyper-
parameter /3 in the loss function to scale the Kullback—Leibler (KL) divergence term.
This encourages the model to learn disentangled and interpretable latent representa-
tions. The ability to modulate loss term contribution provides latent regularization
that can help reveal underlying factors of variation in the data. 32

Calandria Tube (CT): The CT is a zirconium alloy tube that spans the CANDU reactor
main pressure or Calandria vessel. CT are slightly wider in diameter than, and
contain, CANDU PT. Four garter springs lie between the CT and PT to prevent
tube to tube contact. 16, 19, 29

Calibration Fixture (CF): CF are facilities containing small sections of zirconium alloy
PT material with inscribed notches and slots. These are used to calibrate the response
of UT NDE inspection tool probes. 25, 39, 41, 44, 46, 50, 55, 57, 72, 86, 95

Canada Deuterium Uranium (CANDU): The CANDU Reactor is a Canadian nu-
clear reactor design that uses natural uranium as fuel and heavy water (deuterium
oxide) as a coolant and a neutron moderator. By avoiding the use of enriched ura-
nium fuel, this reactor design reduces fuel processing costs and decreases the risk of
nuclear weapons proliferation. 1-3, 5, 6, 8, 11-14, 20, 25, 28, 31, 46, 55, 72, 74, 75,
95
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CANDU Inspection Qualification Bureau (CIQB): The CIQB was established by
the CANDU Owners Group (COG) and administers the inspection qualification pro-
cess for CANDU nuclear reactors. It ensures that inspection procedures, techniques,
methods, and personnel meet stringent standards, and supports the safe operation
of these reactors. 94

Conditional Score Based Diffusion (CSDI): CSDI is a generative modeling technique
based on a conditional, score matching, diffusion process. It learns to reverse a nois-
ing process conditional on observed data to produce estimates of observed and un-
observed or, missing data. 10, 33, 37, 38, 57, 62, 63, 65, 66, 68, 71-74, 82, 87, 90,
95, 99, 100, 124

Conditional Variational Autoencoder (CVAE): A CVAE is a type of VAE that learns
a structured latent space by incorporating conditioning information during both en-
coding and decoding. This allows for controlled data generation, where outputs are
influenced by the conditioning attributes. CVAEs ensure the learned latent space is
more interpretable by aligning it with meaningful conditioning information, and have
found application in guided image synthesis, anomaly detection, and missing data
imputation. 5, 32, 33, 35

Convolutional Neural Network (CNN): A CNN is a type of deep learning model de-
signed to process structured data, such as images, using neural network layers to
detect spatial hierarchies of features such as edges, textures, and objects. CNN
consist of multiple layers, including convolutional, pooling, normalizing, and fully
connected layers, which allow to learn and extract relevant patterns for tasks like
image classification, object detection, and segmentation. 5, 31

Delayed Hydride Cracking (DHC): DHC is a time-dependent fracture mechanism that
occurs in metals, particularly zirconium alloys, due to the diffusion and precipitation
of brittle hydrogen hydrides. When subjected to stress, these hydrides form and grow
at crack tips, increasing the risk of progressive crack propagation over time. DHC is
a major concern in CANDU nuclear reactor components, where hydrogen absorption

from coolant interactions can compromise material integrity and lead to catastrophic
failure. 20, 26, 29

Denoising Diffusion Probabilistic Model (DDPM): DDPMs are generative models
that learn to create data by gradually reversing a noise corruption process through
a series of denoising steps. During training, data is progressively perturbed with
Gaussian noise, and the model learns to reconstruct the original data by predicting
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and removing this noise. DDPMs have gained popularity for generating high-quality
images, surpassing GANs in fidelity and diversity while being more stable to train.
33, 37, 38, 57, 62, 63, 65, 66, 71, 72

Density Based Spatial Clustering of Applications with Noise (DBSCAN): DBSCAN
is an unsupervised clustering algorithm that groups data points based on density,
identifying clusters of varying shapes and sizes while marking outliers as noise. It
relies on parameters €, the neighborhood radius, and minPts, the minimum number
of points required to form a dense region. DBSCAN does not require specifying
the number of clusters in advance and is effective at discovering arbitrarily shaped
clusters in noisy data. 31, 36, 50

Diffusion Partition Consensus (DiffPaC): DiffPaC integrates CSDI and SGF to it-
eratively learn the nominal trend in a UT dataset and provide a binary classification
over the data. 4, 6, 7, 33, 37, 38, 41, 68, 72-75, 77, 79, 81, 82, 86, 87, 90, 91, 95,
96, 98-101, 124, 125

Diffusion Probabilistic Model (DPM): DPM refers to the broad class of Diffusion
based probabilistic models. Generally these models define a forward noising and
reverse denoising diffusion process. During training, the model learns to reverse
incremental noising process, to bring sampled noise a target distribution to a learned
approximate data distribution. 32, 57, 68

Evidence Lower Bound (ELBO): The ELBO is an objective function used in Varia-
tional Inference to approximate intractable posterior distributions in Bayesian mod-
els. It is derived by decomposing the log marginal likelihood as the ELBO and
the Kullback-Leibler (KL) divergence between the true posterior and the variational
approximation. Maximizing the ELBO minimizes the divergence and ensures the
variational distribution closely approximates the true posterior while providing a
tractable optimization target. 47

Fuel Channel Assembly (FCA): A CANDU fuel channel assembly is a key component
of CANDU nuclear reactors, designed to hold and facilitate the flow of heavy water
coolant around natural uranium fuel bundles. Each fuel channel assembly consists
of a PT, which contains the fuel bundles, and is surrounded by a CT, allowing
moderator circulation within the reactor core. This design enables on-power refueling

and supports an efficient neutron economy required for ongoing reactor operation.
14, 16, 29
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High Stress Area (HSA): The high-stress areas in CANDU PT are located at their
inlet and outlet ends in and around the rolled joint between the PT and end fit-
ting, where the tube is mechanically constrained by spacers and bearings. These
regions experience high thermal and mechanical stresses due to temperature and
pressure gradients, from the heavy water coolant, and irradiation-induced material
degradation. Over time, these stresses contribute to creep, hydrogen absorption, and
potential deformation, and require careful monitoring to ensure the integrity and safe
operation of the reactor. 39, 41, 44, 86, 87

Inner Diameter (ID): In this context, the ID surface interface of a pipe such as a PT
or CF. 1,2 11, 12, 16, 19, 20, 22, 23, 25, 26, 39, 41, 42, 73, 74

Maximum Absolute Error (MXAE): MXAE is a performance metric that measures
the largest absolute difference between predicted and actual values in a dataset. It
is computed by taking the absolute differences for each prediction and then selecting
the maximum value, thereby indicating the worst-case error. This metric is useful in
applications where the largest deviation from the true value is critical for assessing
model performance. 86, 87

Mean Average Error (MAE): MAE is a metric used to measure the average absolute
difference between predicted and actual values in a dataset. It is calculated by taking
the sum of absolute errors and dividing it by the total number of observations. Unlike
MSE, MAE is linear, and does not disproportionately penalize larger errors, causing
it to be more robust to outliers in certain applications. 66

Mean Squared Error (MSE): Mean Squared Error (MSE) is a loss function that mea-
sures the average of the squared differences between predicted and actual values. It
is calculated by summing the squared errors for each prediction, then dividing by
the number of observations, making it sensitive to large errors due to the squaring
operation. Because of this property, MSE may be used when penalizing larger errors
more heavily is desirable, such as in regression problems where extreme deviations

must be minimized. 45, 46, 55, 65, 66, 68, 86, 87

Nominal Data Model (NDM): The NDM models nominal data on the basis of that
which is considered, or classified, as nominal:

~

X ~ p(X|X[P)) (1)
66, 71
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Nominal Profiling (NPROF): NPROF is a technique that characterizes the highly
likely nominal component of a dataset and identifies where data exceeds the nominal
characteristic. 4, 6, 7, 45, 49, 50, 55, 56, 91, 95, 96, 98

Non-Destructive Evaluation (NDE): NDE is a set of techniques used to inspect and
assess materials, components, or structures for defects without causing damage. It
includes methods such as ultrasonic testing, radiographic testing, and magnetic par-
ticle inspection, which help detect cracks, voids, or material degradation. NDE is
widely used in industries like aerospace, nuclear, and manufacturing to ensure safety,
reliability, and compliance with quality standards. 1-6, 8, 9, 12, 13, 20, 26, 27, 46,
55, 58, 71-75, 95, 96

Normal Beam (NB): In UT NDE, a NB refers to a testing technique where sound waves
propagate perpendicularly (normal) to the surface of a material to detect internal
flaws or measure thickness. A transducer generates high-frequency sound waves,
which travel through the material and reflect back from interfaces or defects, to
support the NDE function. 1, 11-13, 22, 23, 27, 29, 41, 42, 47, 74, 92

Observed Data Model (ODM): The ODM model data on the basis of all observed
data:

~

X ~ p(X]X) (C2)
66, 71

Outer Diameter (OD): In this context, the OD surface interface of a pipe such as a PT
or CF. 19, 22

Pitch Catch (PC): UT PCis a NDE technique where one transducer (the ”pitch”) sends
an UT wave through a material, and another transducer (the ”catch”) receives the
transmitted or reflected wave. The time-of-flight and amplitude of the received signal

provide information about the material’s integrity, detecting defects such as cracks,
voids, and delaminations. 1, 13, 22, 23, 27, 29

Pressure Tube (PT): CANDU PT are key components of the CANDU reactor core.
They house the nuclear fuel bundles and allows heavy water coolant to flow through
it under high pressure. Made of a zirconium alloy, they are designed to withstand
intense radiation, high temperatures, and mechanical stresses while minimizing neu-
tron absorption. The PT are located inside the CTs in the FCA and are about 4m
in length, 10 cm in diameter, and 5mm thick. 1-3, 6, 8, 11, 13, 16, 19-22, 25-29,
31, 39, 41, 42, 44, 46, 60, 72-75, 87, 91, 95
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Pressurized Heavy Water Transport (PHT): The PHT system in a CANDU nuclear
reactor, circulates heavy water DO under high pressure to remove the heat of nuclear
fission from the fuel channels. The system maintains heavy water in a liquid state
at high temperatures and pressure, and transfers the absorbed heat from the reactor
core to steam generators, where it produces steam to drive turbines for electricity
generation. By using heavy water as both a coolant and a neutron moderator, this
system enhances neutron economy, allowing the reactor to operate efficiently with
natural uranium fuel. 16, 19

Pulse Echo (PE): PE is an UT NDE technique where a single transducer emits high-
frequency sound waves into a material and then detects the echoes reflected from
internal defects or the material’s boundaries. The time delay and amplitude of these
echoes provide information about the location, size, and nature of flaws such as
cracks, voids, or inclusions. 1, 22

Savitzky-Golay Filter (SGF): An SFG is a digital smoothing filter that fits successive
local windows of data with a polynomial using least squares regression, preserving
trends in the data while reducing noise. Unlike simple moving averages, it maintains
the shape and features of the signal, making it useful for applications requiring signal
differentiation or retention of peak details. It is widely used in signal processing, and
time-series analysis where data smoothing without significant distortion is desired.
42,46, 49, 68, 72, 73, 75, 79, 82, 90, 95, 99, 124

Shear Wave (SW): SW are generated in test subject material when UT signal interfaces
with the material at an off normal alignment to the material surface. Shear induces
particle motion perpendicular to the direction of wave propagation, making it sen-
sitive to defects oriented perpendicularly to the wave path. Shear waves can detect
flaws that are not easily identified with NB methods. 1, 22, 23

Ultrasound (UT): UT is sound waves with frequencies higher than the human hearing
range, typically above 20 kHz, used in various applications such as medical imaging
and NDE. These high-frequency waves travel through materials and reflect off inter-
faces or discontinuities, providing information about the material internal structure.
1-6, 8, 11-14, 19-23, 25, 27-31, 36, 38, 39, 41, 44-47, 49, 55, 57, 58, 71-75, 91, 92,
94-101

Variational Autoencoder (VAE): VAE are generative models that learn to encode in-
put data into a lower-dimensional latent space while enforcing probabilistic structure
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using variational inference. They consist of an encoder that maps inputs to a distri-
bution over latent variables and a decoder that reconstructs data by sampling from
this distribution. VAE are widely used in applications such as anomaly detection,
image generation, and data imputation due to their ability to model complex data
distributions effectively. Though similar, VAE are distinct from AE which directly
map inputs to a fixed latent space representation; VAE instead learn a distribution
over the latent space. 4-7, 10, 32, 33, 35, 36, 38, 45-47, 50, 55-57, 60, 87, 91, 92,
95, 96, 98
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