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Abstract

Deep Learning Artifactdentification and Correction Methodisr Accessible MRI

Marina Manso Jimeno

Despite its potential, 66% of the world's population lacks access to magnetic resonance
imaging (MRI). Themain factors contributing to the uneven distribution of this imaging modality
worldwide are the elevated cost and intricate nature of MRI systems coupled with the high level
of knowledge and expertise required for its operation and maingernbnemprove its worldwide
accessibility, MRI technology and techniques must undergo modifications to deliver a mere cost
effective system that is easier to st@ usewvithout compromising on the diagnostic quality of
the imagesThis thesispresentawo deep learningnethods, ArtifactID and GDCNedleveloped
for artifact detection andorrectionand tailored for theintegration into accessible MRI systems.

ArtifactID is targeted to resouramnstrained settings where skilled personnel are scarce.

It automates part of the quality assessment step, critical during image acquisition to ensure data
quality and the success of downstream analysis or interpretatienstudy utilized two types of
Ti-weighted neuroimaging datasets: publicly available and prospective. Combining the two,
ArtifactID successfully identified wrapround and rigid head motion in mdfieeld strength and
multi-vendor data. We leveraged theblic datasets for artifact simulation, model training, and

testing. In contrast, prospective datasets were reserved for validation and testing and to assess the



model s6 performance in data representative
individual convolutional neural networks for each artifact. The venramund models perform
binary classification, while the muitiass motion classification modélaavs distinction between
moderate and severe motion artifa@sir mode$ demonstrateé strongagreement with ground
truth labels and motion metrics and provpdtential for generalization twarious data
distributions. FurthermorezradCAM heatmaps alloed early identification of failure modes,
artifact localization within the image, and finingthe pre-processingteps

GDCNet correction applies tmaging techniquekighly susceptible to local®Rleviations
and systems whose design entails highifBlomogeneity. The method estimates a geometric
distortion map by nofinear registration to a reference image. The-seaffervised model,
consisting of a tNet and a spatial transform function unit, learned the correction by optimizing
the similarity betveen the distorted and the reference images. We initially developed the tool for
distortion correction oéchoeplanar imaging functiondiRl images at 3 T. This method allows
dynamic correction of the functional data as a distortion map is estimatedtideegporal frame.
For this model, we leveraged:weighted anatomical images as target images. We trained the
model on publicly available datasets and tested it-alisitnibution and oubf-distribution datasets
consisting of other public datasets unseen during training and a prospectively acqusetl data
Comparing GDCNet to statef-the-art EPlI geometric distortion methods, our technique
demonstrated statistically significant improvementsdrmmalized mutual informatiometween the
corrected and refence images and 14 times faster processing times without requiring the
acquisiton of additional sequences for field map estimation.

We adapted the GDCNet method for distortion correction of-Hamdwidth images

acquired in a 47 mT permanent magnet system. These systems are characterized bypatige B

(0]



inhomogeneity and low signal sensitivity. In this case, the model usedi¢ligimages or images

acquired with higher acquisition bandwidths as reference. The goal was to exploit thécsignal

noise ratio improvements that low bandwidth acquisition sffdrile limiting geometric distortion

artifacts in the images. We investigated two versions of the model using different similarity loss
functions. Both models were trained and tested on an in vitro dataset ofgunalgg phantoms.
Additionally, we evalat ed t he model sé generalization abil
successfully reduced distortions to levels comparable to those of the high bandwidth images in
vitro and improved geometric accuracy in vivo. Furthermore, the method indicated robust
performance on reference images with large levels of noise.

Incorporating the methods presented in this thesis into the software of a clinical MRI
system will alleviate some of the barriers currently restricting the democratization of MR
technology. First, automating the tiraensuming process of artifact idertdtion during image
guality assessment will improve scan efficiency and augment expertstedry assisting nen
skilled personnel. Second, efficient-eéfsonance correction during image reconstruction will ease
the tight B homogeneity requirements wfagnet design, allowing more compact and lightweight

systems that are easier to refrigerate and site.
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Chapter 1: Introduction

1.1 Overview

Magnetic resonance imaging (MRI) is one aaintemporary medicine's most powerful
diagnostic and research tooBespite its potential, a 2018 WHO report revealed that 66% of the
world's population lacks access to this technology. The elevated cost and intricate nature of MRI
systemsgcoupled with the constant pursuit of faster imaging and improved image resauation
the high level of knowledge and expertise required for its operation and maintearante main
factors contributing to the uneven distriton of MRI scanners worldwidéotaldy, the magnet
subsystem plays a pivotal role nimost ofthese challenges, as its design significantly influences
these critical aspects. Currently, the stringent magnetic fiedjl HBmogeneity standards for
accurate spin excitation and spatial encoding pose limitations on magnet design. As a result, many
accessible MRI strategies compromise by reducing field strength or employing specialty systems
tailored to specific anatomical gens, inevitably sacrificing imageuglity and application
versatility. Nevertheless, this imaging modality is still limited to advanced healthcare facilities
with adequate infrastructure and skilled personnel, highlighting the urgent need for transformative
solutions to democratize MRI temblogy.

In response to these challenges to MRI accessibility, this dissertation aneseiop
software methods for artifact identification and correction.ti@one hand, artifact identification
methodscontribute to deliveng consistent image quality and ease of operation by assisting the
MR technician and alleviating the requireméarta highlytrainedworkforce On the other hand,
correction of Bo homogeneityartifacts will provide flexibility to magnet design without

compromising image quality



This chapteintroduceghe topic by firsfprovidingthe background and context, followed
by the problem statement, the specific research aims, and their significance and contribution to the
research problenPart of the content of the background section has been published as a review

paper in the journal NMR in Biomedicir#].

1.2 Background

1.2.1 The Uneven Distribution of MRI: Problem and Causes

Despite its potential for biomedical research and clinical medicioegss to MRIs
predominantly limited to wealthcountries and healthcare facilitigy. Low and lowemiddle-
income regions, particularly in Africa, the Americas, and Southeast Asia, suffer from the lowest
scanner densitiesigure 1.1), with numbers below the global averagre particular, the number
of MRI systems per million people in African and Saagitt Asian regions asreported to be 0.7
and 1.1, respectively, with some countries hatiimgeor fewer MRI units and some not at [&].
In contrast, in the Eurasian regjdinis number corresponds to 114%. The globahveragescanner
density is approximately 5]3]. Besidegheincome group, scanner density correlates with other
demographic factors such as population, life expectancy, and internet use. Low MRI density
regions are often characterized by large population concensatiamral and remote areas, a
shortage of traine@dersonneland frequent power outagfs. Conversely, countries exhibiting
higher scanner densities show increased life expectancy and are classified in higher income groups.
However, the accessibility issue is likewise applicable to developed nations, where insufficient

scanner density results in lengthy wait times for diagnoste[5&].
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Figure 1.1: Proportion of MR units classified by field strength in various countries
worldwide. Country gray scale coding is based on the WHO's  country classification by
income 20214 2022. The number in parentheses next to the name of each country is the MR

density, that is, the number of MR units per million inhabitants.

MRI scanners are sophisticated instruments that operate through the diligent orchestration
of multiple subsystemsancluding the magnet, gradient amddio-frequency (RF)coils, and
advanced softwarfer image acquisition and reconstructidie intricacy of its nature enables the
extensive array of techniques and applications attainable with MRI. However, it imposes tight
constraints on hardware design, manufacturing, production, and infrastructure requirements and
contributes to the elevad cost of MRI ompared to other imaging modalitigd. Moreover, MRI
is a resourcéntensive imaging modality. Its operation requires large quantities of hektirah
is scarce, not locally available, and expendive In addition, it demands dependable power
sources, powerful computer stations, a robust internet connection, and trained personnel for the
safe and dicient operation and interpretation of the imagBsese factorgFigure1.2) contribute

to the elevated costs that this imaging modality entails. Besides a high acquisitiaf pyigghly



$ 1 M per Teslainstallation, operation and maintenance costs are large and often result in elevated
charges to the patientsThese ensembles of attributesnstitutethe main barriers to the

widespread availability of MRI
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Figure 1.2: Diagram of the main components of an MRI system. The drawing represents the
system's complexity along with the infrastructure requirements and resources it demands.

The goals of i mproving MRIG&6s spati al reso
toward higher Bstrengths since its early dgy3. The first wholebody superconducting scanners
were operated at 0.12 and 0.1§9T11], while conventional clinical field strengths today are 1.5
and 3 T[8,9,12] Neverthelesshigher field strengths come with increased complexity, costs, and
infrastructure challengefyrther exacerbating the accessibility probldfor instance, the length
and weight of a 6@m bore 1.5 T clinical MRI are 1.71 m and 4.5 tons, respectively. It requires a
minimum space of 28 frand less than 1500 L of liquid helium for cooling purposes. By contrast,
the first available clinical 7 T scanner is 2.97 m long and weighs approximately 20 tons, demanding
a 65 nt room and 4000 L of cryogen.

The negative impact of system cost and complexitRI accessibilityis evident in the
distribution of MR systems and their field strength across the diibare1.1). Field strengths
of 1.5 T and above represent 85% of the MRI market in thiet) Statesand Europg13].
Conversely, scanners below 1.5 T are still the most abundant inekmwrce settingg3,14].

Figure 1.3 shows how ranufacturers have progressively reduced the length and weight of their
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magnets relative to early modethanks to innovations in optimization algorithms and
superconducting wire desigihlowever,conventionalMRI hardware and software methods for

image acquisition and reconstruction must undergo urgent transformaiiopact cost and MR

access significantl{2].
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Figure 1.3: Evolution of whole -body superconducting cylindrical MR magnets across the last
three decades (years). The magnets are classified by field strength from 0.5 3 T, indicated by
the marker diameter, and each color represents one magnet design.

1.2.2 SuperconductingMagnet Design and MRI Accessibility

Superconducting magnbased MRI systems present the most -effgictive
configurationghat deliveroptimal image quality, signal sensitivity, and a wide range of contrasts
and image applicatiorid5,16] Conventional higHield magnets are large in size and bathed in
abundant liquidhelium to maintain superconductivity, impacting the scasoegerall dimensions,
weight, and codtl5]. Together with the refrigeration subsysteéhgyaccount for approximately
38% of the total scanner cd§i, primarily dictated by the type and length of superconducting
wire. Therefore optimizingthe superconductor volumand using superconducting materials that

reduce liquid helium usage would render scanners more compact and affofdedblsection



explores how modifications to the ubiquitous cylindrical superconducting magnet design can
improve MRI accessibility.
Bore Diameter and Length

Bo homogeneity requirements dictate the lower limit on magnet size, which for a-whole
body scanner must be 10 parts per million (ppm) giegdeak (pp) over a 4550 cm diameter of
spherical volume (DS\)L5,16] Some imaging techniques even requisé@&mnogenization active
shimming to reduce this value below 2 ppiipmover thefield of view (FOV) during image
acquisition[17]. When the spatial uniformity condition is not met,-#gonance effects pose
difficulties for spin excitation, refocusing, and spatial encoditfjgand negatively affect image
quality [2,18]. Thus, magnet design algorithms optimize uiformity by constraining other
parameter§l9].

Minimizing field deviations and conductor wire volume in the magnet coils are the primary
objectives of magnet design algorithms. Coil volume is a measure of the length of superconducting
wire required to build the magnet, given by:

i

w5
0

i €0s (1.1

wherei and'Qare the radius and current in @ coil, respectively, andis the current density

inall 0 coils[19]. The current density depends on the superconducting wire critical current, which

is determined by the type of superconducting material, its wire composition, and other wire
parameterg20]. Theiterative optimization proces®turns the optimum values for parameters
such as the magnet's number of coils, the number of turns per coil, their spatial coordinates, and
dimensions. These parameters guarantee that the resultant magnetic field distribution fulfills the

homogeneity regirements. Theoretically, only an infinitely long solenoid can achieve a perfectly



homogeneous field. Because of the unfeasibility of such configuration, algorithms set constraints
on field strength, DSV size, final magnet dimensions, weight, and cost depending on the target
application[19]. However, the tradeoff between field uniformity and magnet length often results
in exceedingly large and heavy MRI scanners.

Field homogeneity at 40 cm DSV
depending on magnet’s length and weight
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Figure 1.4: Magnetic field homogeneity (Vrms) at 40 cm DSV versus magnet length (left) and
weight (right) for different commercially available magnets. The data represent publicly
available specifications of the magnets used by the most common MRI vendors, classifie d
according to patient bore diameter (60 and 70 cm) and field strength (1.5 and 3 T).

Short, narrowbore magnets can significantly reduce superconductor volume. Additionally,
shortbore systems improve patient comflaytallowingthe head to lie outside the cylinder in most
procedureg16,21] However, Parizh et aJ22] demonstrated that, in order to achieve 10 ppm
homogeneity over the DSV and maintain the same stray field, the field strength has to rise by 0.1
T per cm cut off of magnet length. Bore length ranges from approximately 1.25 to 1.95 m for 1.5
T systemsandfrom 1.65 to 2.13 m for 3 T systentdgure 1.4 exemplifies the effects of magnet
length, bore diameter, ando Bn field homogeneity. Shorter magnets entail increased field
inhomogeneity, while long magnets are needed to attain satisfactory field uniformity for higher
Bo. Ultrashort magnets may even require more than the standard eight cqingsiry coils, two

shield coils) to fulfill uniformity standard§l5,16] The magnet length also determines the



dimensions of the homogeneity volume, which sometimes can be an ellipsoid instead of a sphere
because of reduced uniformity along the axial direction.

The quest for openness has moved the standard patient bore from a 60 to a 70 cm diameter.
The adventofthesoa |l | e eéb oftrveiod eMRI occurred in 2004, and
now present this configuratid@2]. Despite the benefit to patient comfa@tiperconductor length
increases with patient bore for fixed field strength it directly impacts the magnet warm bore
diameter. Similarlya fixed patient bore size requires more extensive superconductor lemgths
generate higher field strengths. Xu ef28] determined that decreasing the patient bore diameter

is the best method to reduce magnet cost and minimum magnet length.

Choice of Superconductor and Refrigeration Mechanism

Niobium-titanium (bTi) is a mature, mechanically robust, manufactufimendly
superconductor material optimized for MRI production. However, its low critical temperature of
9.3 K requires operation at liquid helium temperature, which results in a higher refrigeration and
installation cosf22]. The regular NbTi liquid heliuabathed magnets operate at 4.2 K and contain
approximately 1502000 L of this cryogerj24]. Liquid helium is a nonrenewable resource
paramount in the field of superconducting magnets. Its high demand and the limited number of
suppliers have led to increased and fluctuating prices, global shd2&gesnd uncertainty about
its future availability[6]. Furthermore, the lack of liquid helium sources is a crucial cause of the
reduced access to hidgield MRI in remote areas and developing countf&g27]

Recently, conduction cooling has emerged as an alternative refrigeration mechanism to
move away from liquid helium. These-soal | ed fAdryo magnets el i mina
achieving magnet refrigeration via thermal conduction. Additionally, cormucboled magnets

are fully sealed and do not require the construction of a venting pipe, allowing a more flexible and



affordable siting of these systems. NibEsed commercially available examples of this magnet

configuration reduced their liquid helium use to 7 and 0.7 L.

Table 1.1: Characteristics of three different magnet configurations using Low versus High -
Temperature Superconductors (LTS and HTS) and conventional Liquid helium bath versus
conduction cooling assuming a field strength of 1.5 T.

(A) (B) (©)
Characteristic Liquid helium-bathed  Conduction-cooled NbTi Conduction-cooled HTS
NbTi magnets magnet magnet
Refrigeration
Liquid helium capacity ~1500 7 1
(®)
Liquid helium refills In the event of quench NA NA
&gera“”g temperaturBy 42 Higher than (A) 4-20
Stability
. Depends on 4 but higher
Temperature margin (K) 1 1 than NbTi
MQE (mJ) 1-10 1-10 Up to several Joules
Quench protection
Protection system type Passive Passive Active (research stage)
Quench pipe Required NA (sealed magnet) NA (sealed magnet)
Persistence
Joint resisi 1012 1012 Must allow persistent
operation (research stage
It depends on the materie
log/lc ~70% Lowerretgjé‘e(dAj dueto '\ value anddbutis
P usually lower than (A)
Commercialization
$3$$ (expected to decreas
Conductor cost $ $ if massproduced)
KAmp-km 1520 Larger than (A) due to Larger than (A) due to

reduceddp

reduced

Conduction cooling is more appropriate for higimperature superconductor (Hft&sed

magnets that allow larger temperature margins. Theegeerconductors include magnesium

diboride (MgB), yttrium barium copper oxide (YBCO), rare earth barium copper oxide (ReBCO),
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and bismuth strontium calcium copper oxide (BSCCO). They offer higher critical temperatures
than NbTi and allow higher operating temperatures, eliminating the need for a liquid helium bath.
Furthermore, HTSs®6 high mini rulmlesg(d) eenderbiverg ner gy

stable magnets and practically eradicates accidental quenches.

1.2.3 Accessible MRI:Challenges and Opportunities

PreviousaccessibleMRI strategies have included reducing the field strerdgbreasing
the DSV, or compromising Buniformity. Novel ultralow, permanent Halbach array magnets
[28i 30] deliver substantial benefits in portability and cost but entail prolonged scanning times and
reducedsignalsensitivity and image qualif1]. Moreover, advanced imaging techniques are not
readily feasible at such low field strengths. MRI manufacturers are also revisiting lower field
strength superconducting magng82] to reduce costs and infrastructure requirements by
decreasing the amount of superconducting material and liquid helium usage. On the other hand,
specialty magnets preserve field homogeneity by reducing the imaging vliheTheir
anatomytargeted design and efficient use of bore space render compact magnets with reduced
costs and footprints, facilitating siting and operation while maintaining image q[&8it@5].
However, their implementation in traditional clinical settings is scarce betaséackclinical
universality compared to wheleody scannerR2]. Tablel.2 summarizes these approaches with
examples of these systems and their respective most relevant advantages and disadvantages.

In a thorough review of superconducting magnet configurations and their impact on MRI
accessibility{1], we found that an accessible MRI system calls for intelligent systems based on a
compact, conductienooled, midfield (~1 T) wholebody HTS superconducting magnet able to
deliver diagnostic image quality and high MR value. WHmdey, midfield supercondcting

magnets can deliver sufficient image quality for most clinical applications regarding signal

10



sensitivity and image resolution while limiting the superconductor volume. Prioritizing compact
and lightweight designs will further reduce costs and infrastructure requirements, and the use of
HTS will allow conduction cooling and lower or eliminate thepdndency on liquid helium.
Additionally, integrating intelligent software to optimize image quality and provide more effortless
system operatigmnmaintenance and assistance on routine tasks will be critical for successfully
deploying an accessible MRI iow-resource settings where this technology is most scarce.

Table 1.2: Approaches to novel magnet configurations for accessible MRI.

Approach to

Field Advantages and

System name System type strength Improve disadvantages
accessibility
V Portable
] Sggﬂgg BV Low-cost
: U Long scan times
Swoop. by Ultra-low field 0064 T DSV U Reduced signal
Hyperfine  permanent magne - Compromise o )
Bo sensitivity and image
homogeneity qya!lty L
U Limited applications
V Efficient use of bore
space
Specialty i V Small footprint
Synaptive superconducting 05T - 223322 B V No cryogen
MRI magnet (head ' V High-performance
DSV .
only) gradients
U Reduced efficiency
and versatility
V Reduced liquid
helium and no quencl
pipe required
Low-field V Ease of siting
MAGNETOM conductloncoo!ed 055T - ReduceB \% Wholgb(_)dy
Free.Max superconducting capabilities
magnet U Reduced signal
sensitivity
U Limited gradient
performance
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This accessible MRI design requires significant changes to the entire scanner and imaging
process as we currently kndatvem[2,6,24] While significant efforts are being devoted to allow
its realization, the development of specific components and their successful integration into a
functionalsystem remains a work in progress at the time of the writing of this thésse are
still pending challenges before manufacturing a viable commerciatdd§&dscanner. These
include the conductor properties and piitb,22], availability of joints for persistenbperation
[361 38], and safe active quench protection systenm®6,39] Furthermore, minimizing the
superconductor volume will inevitably entail increasedrilomogeneity, posing difficulties for

image acquisition and resulting in loss of image quality due to artifacts.

1.3 ResearchAims and Significance

There is a critical need for atcessible MR$ystemthat reduces costs and infrastructure
requirements while delivering diagnostic image quality and whotéy capabilities Such a
system will require a superconducting magnetapproximatelyl T to deliver clinical image
guality and allow advanced imaging methods. This magnet should redubenigeneity
constraints to render a compact and lightweight system that allows conduction cooling and reduces
the amount of liquid helium requiredddditionally, an accessible system must ensure consistent
image quaty and ease of operation by leveraging autonomous operation, remote assistance,
artifact correctionand image quality optimizatiof.his thesis proposdhkree specific aimgat
contribute to the software methods requiteedealizesuch a system.

Artifact correction may require a simple adjustment of the acquisition scheme, but spotting
and correcting them requires expertise and MR physics knowld@jeThe MR technician
performs a quality asssmen{QA) checkafter acquiringeach series, including inspection for

unwanted artifacts. However, personnel with the mentioned skills are scarce in developing

12



countrieg3,41]. Specific aim 1, covered in Chapter 2, seeks to implemerdréficial intelligence
(Al)-based quality assessment tool to assist MR technicians in identifying and localizing wrap
around and motion artifactduring image acquisition. We devele@ binary and multiclass
classification models for artifact identification and employ explainable Al (XAl) methods to
interpret the model sd decisions and | ocalizat

Inhomogeneities in the main magnetic field disturb the frequspage relationship of
spins, leading to offesonance effectscluding signal loss, geometric distortion, and blurriBg.
inhomogeneity artifacts may be intrusive and challenging to eliminate by merely modifying the
acquisition parameters. Even small localp@rturbations produce severe-césonance artifacts
in standard clinical scanners. At 3 T, gradieaho (GE)based sequences with long readout
trajectories, such as spirals and egi@nar imaging (EPI), produce the most disruptive off
resonance artifacts. Phase ermcsumulatealong the long readout trajectory, especially in areas
with rapid changes in magnetic susceptibility, such aissiue interfaces in the braiSpecific
aim 2, covered in Chapter 3, focuses developng tools for mitigating these artifacts using
analytical andleep learningL) methods

Bo artifact correction strategies will allow the relaxation of the field uniformity constraints
currently restricting the flexibility of superconducting magnet desigraccessible MRIThe
optimal magnet design characterized by lesser amounts of superconducting material and cryogen
to lower its cost, complexity, and siting requiremdmis inevitably entails compromising its B
homogeneityBecause this system is not yet technically viadpecific aim 3 covered in Chapter
4,focuses on evaluating the feasibility of the propd3kedlistortioncorrection methods in highly
inhomogeneous fields produced by a 47 mT Hallzachy permanent magnkeased MRI system.

Although this system lacks some of the charactessif our definition of an accessible MRI, the

13



high inhomogeneity produced by Halbaatiay magnets makét a suitable testing ground for
new software while other hardwarelated challenges are addressed.

The convergence of the proposed aims will advance the field closealiningan MRI
system for the worldntegrated ito the final system, ar efforts will contribute to democratizing
MRI diagnostic capabilities by easing geographical, financial, and-dppertunity barriers to
MRI accessThis technology will contribute to making MRI accessible to a larger population and
facilitating earlier access to diagnostic care and treatrakimately improvwng patient outcomes
and redumg healthcare expendites. Furthermore, it will aid in reducing health disparities,
particularly in underserved communitied/e conclude the thesis in Chapter 5 wihfinal

summary and discussion @urturedirections
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Chapter 2: ArtifactID: Identifying Artifacts in Brain MRI Using

Deep Learning

The content of this chapter has been published in part as a manuscript in the journal
Magnetic Resonance Imagifg2]. Part of it is currently under review in the journal NMR in
Biomedicine.

2.1 Introduction

Magnetic Resonance ImagingiRI) offers good quality softissue contrast compared to
computedomography but suffers from long acquisition time and artifd&g4] Sources of these
artifacts include subject motion, acquisition parameters, and hardware imperfections. These
artifacts negatively affect the diagnostic quality and are sometimes confused with paf#8]ogy
Artifact-corrupted images may be unsuitable for diagnostic interpretegiguiyingscan repetition
andleading topatient discomforandadditional cos, time, and resourcg45,46]

Artifact correction may require a simple adjustment of the acquisition scheme by the
technician, but spotting them requires expertise, and eliminating them demands prior knowledge
of their source and underlying phenom@@. Identifying artifacts in MRI is challenging due to
the expertise requirements, the variety of artifacts that can,cmedrthe imaging techniques
available[47]. Skilled personnel with the mentioned expertise are scarce in developing countries
[3,41]. In these regions, low MR scanner densities (scanners per million people) and low magnetic
field strengths (< 1.5 T) are prevalent and further compound this sdaicityis results in poorly
managed systems that lead to erretgeh as artifacts in the dd#8]. Wraparound andnotion
artifactsfrequently occuand could lead to misdiagnosis and misinterpretagispecially in brain

imaging[49,50]
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Wrap-aroundor aliasing artifact®ccur when the chosdield of view (FOV) is smaller
than the body region being imagpt®]. The anatomy outside the FOV folds over the anatomy
within it. The artifacitcan manifest througplane or inplane Figure2.1 A&B) depending on the
axis chosen for phassncoding.Despite being edg recognizabé, this artifact may present

challenges during diagnosis and analysis when the overlap reduces the region 0$ ivits ekty

[50].

(A

Figure 2.1: Commonly observed artifaéts in brain MRI. (A) Through -plane wrap -around. (B)
In-plane wrap -around. (C) Rigid head motion [51].

Patient voluntary or involuntary physical motion is a common cause of artifacts irstoday

MR imaging[52], resulting in an estimated cost of $115,000 per MR scanner pgdggaractors
such as pain, restlessness, agitation, and anxietytadlgng scan times and claustrophobia
sensation can contribute to patient moveni&8{. Images corrupted by motion may include
blurring and ghosting artifac{&igure2.1 C)[52,54,55] degrading image quality, and potentially
impacting image interpretaticand quantitative analys§s6i 58]. The random nature of motion
patterns makes their prediction and correction challengb®]. While prospective and
retrospectivecorrection strategig$1,60] can be applied to mitigate motion artifagesgovering
ideal images is not possible once the data is corrupteerefore, inline motion detection and

control or prevention during image acquisition represent more effective methods to ensure data

16



quality [52,61] Table 2.1 summarizes the cause and stait¢he-art correction or prevention
strategies for wrajaround and rigid motion artifacts available in brain imaging at the time of image
acquisition.

Table 2.1: Wrap-around and rigid motion artifact source and correction, mitigation, and
prevention strategies

Artifact source CorrectioriPreventiorstrategies

1 Increase FOV

Swap frequencyand phasencoding
axes

Saturation bands

Acceleration techniques like parallel
imaging

Motion insensitive sequences

Foam restraints

Sedation

Prospective and retrospective correctic
methods

Wrap-

Signal aliasing due to small FO\ T
around

= |=2

Rigid Voluntary and involuntary
motion patient motion

= =4 =4 -4

Recent studies demonstrate the applicatiateep learningliL) to correct artifacts across
multiple imaging modalities. In MRI, DL methods have been employed to d468i68], remove
Gibbs ringing artifactf63], deblur[64], and correct motiof65] and spectral artifac{§6], among
others. These correction strategies are typically appliedgoostisition to improve the quality of
the images before diagnosidowever, they do not alleviate the burden on acquisition time and
cost arising from artifacts. Nonetheless, artifact detection techniques need to be applied post
correction to ensure complete artifact removal.

Existing DL-based artifact identification methods primarily focus on identifying motion
artifacts at high fields (>1.5 T)lglesias et al67] and Kustner et db8] implemented
convolutional neural network€{NN) to derive voxel and patchwise motion probability maps,
respectively. Fantini et dl69] and Mohebbian et gdl70] combined the results of four specialized

CNNs for ensemble motion classification, while Vakli et[@l] useda lightweight 3D CNN
17



yielding comparable results to models trained on ingagdity metrics. Despite the ability of deep
CNNs to capture complex data pattetightweight model architectures capable of fast inferences
are preferred for inline artifact detection during image acquidifiah especially in lowresource
settings where higperformance computing systems might be unavaildliiés requisite favors
volumewise or slicewise classification over patetor voxelwise approaches, which entalil
additional layers or processing stépsompute the overall motion score or clgss 69]. Except
for the work ofMohebbian et al[70], all methods implemented binary classification to determine
data viability without considering scenarios where motion levels might be tolerable or confined to
areas outside the region of interest (ROI). Furthermore, the dakdask of data annotation and
the scarcity of motiomworrupted publicly available datasets often led to small prospective datasets
[67169] or the need to synthesize motion artifafds training, testing, and generalization
assessmelfif0,71] Thus, to enhance trust in the models' results and facilitate their interpretability
[73], two of these methods incorporatexplainable artificial intelligenceX@l) tools [68,70]
Finally, Graham et al[.74] demonstrated the detection of irtralume movement on diffusien
weighted MR data. Ideally, the artifact is first detected and later corrected usif@f[Ib] So
far, this has only been demonstrated on MR spectra data foigpalbity spectra and ghosting
artifacts.

The MR technician performsopality assessmen®@) check of the imageafter acquiring
each series during an MR scan. This QA includes inspecting for unwanted artifacts and checking
for full-region coverage, among others. The technician flags data that do not pass these checks and
repeats the corresponding sequences before the subjedhexMd&R scanner. A comprehensive
QA check is performed ofite when local expertise is unavailable or as an additional reagew

in the case of mulsite neuroimagig studies. Any tests failing downstream will result in
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discarding the dat@L methods can be leveraged to bring this expertisaterio support the MR
technician in performing an exhaustive QA and provide timely intervention. These tools are
advantageous when dealing with thw@nsuming and skiddlemanding tasks such as artifact
identification. The eventual outconaé our tool, ArtifactID, is to perform artifact identification

after each series while-szanning is still possible, assisting the techniciasitenand potentially
eliminating the requirementf @n additional offsite artifact evaluation.Figure 2.2 depicts the
changes proposed in the artifact identification QA pipeline. As the first step in this direction, we
demonstrate ArtifactID fobrain MR, including lowfield MRI data

ON-SITE OFF-SITE

EE)-Q . Wy
m

-G

PRESENT DAY

T0

DATA STORAGE
SERIES N O\ . b

Q)
SERIES 1 C)\
Y
Q)
Q—-l ARTIFACTID
I f AUGMENTS HUMAN

EXPERTISE TO PROVIDE
TO TIMELY INTERVENTION

-
DATA STORAGE
SERIES N Q - fedidbess

ON-SITE

1
i

EE-Q— .y -

DEEP LEARNING ASSISTED

Figure 2.2: Benefits of leveraging deep learning methods in the MR image Quality
Assessment (QA) pipeline over present -day workflow. This work only demonstrates wrap -
around and motion artifact identification among the QA tests.

This chapter presentgtifactID to identify wrap-around andigid head motiorartifactson
Ti-weighted brain MR imagesSequences with long scan durations, such as d@eighted
acquisitions, are particularly susceptible to motow othemrtifacts[76]. Given thecrucialrole
of this sequence in structural analysis and as anatomical reference images in functional MRI and
diffusion-weighted imaging (DWI) studi€l§'7i 80], earlyartifact detection is crucial to prevent

downstream errordlVe leverage a lightweight 2D CNN fbinary andthreeclass classification
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trained on synthesizedrtifactcorrupted images. We tested our modelsantifactfree and
artifactsynthesized images from publicly available and prospectively acquired dataassess
the moded @eneralization ability to multiple field strengths, vendors, and acquisition parameters.

Additionally, we utilize XAl tools to develop trust and interpret the model results.

2.2 Methods

2.2.1 Model Development

We trained separate classification modelsittependently identify the occurrence of wrap
around and motiorartifacts Figure 2.3 shows the network architectures of the models
implemented with Kera§ensorFlow 2.181]. These architectures utilize the Adam optim[82j
to reduce the sparse categorical crasgopy loss with the rectified linear unit (ReLI838] asthe
layer activation functioriThe last dense layer of the motion model has three filters to allow a three
class classification and two filters in the wsagound models for binary classification. The
rationale behind employing individual models for artifact identification was motivate
differences in the underlying physical nature responsible for the occurrence of the artifacts.
Furthermore, we adopted such a modular implementation to simplify implementation and improve
explainability.

We trained the models by simulating the artifacts on artffaet datasets using Python's
Numpy library[84]. The following sections explore the datasets, artifact simulation pipeline, and

preprocessing steps leveraged for each artifact.
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---- 256x256

----- n=16, ReLU
_,-- Nn=2,ReLU (wrap-around)
m e n=3, ReLU (motion)
No artifact Artifact

Figure 2.3: Architectures of the 2D convolutional neural networks implemented in Keras-
TensorFlow. Motion artifact identification was treated as a three-class classification problem ,
whereas wrap -around artifact identification was treated as a binary classification problem

2.2.2 Wrap-Around

The wraparound artifact can be classified into two types based on the axis of overlap: in
plane and througplane. Therefore, we trained two independent models to separately identify the
occurrence of these two types of wiaound artifacts. We categpe inplane wraparound as the
top-bottom or leftright regions of the image overlapping onto the center and thiplagle wrap

around as bottom slices overlapping onto the top slices of the dataset.
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Prior to artifactsimulation, data preprocessing included four steps, appliedliper 1)
reorienting to the axial plane, 2) resizing to 256 x 256, 3) masking the background, and 4) intensity
normalization between [0,1]. Steps 1) and 2) were applied if the input images were not axially
oriented or hadifferent image dimensions. Peattifact simulation, step 4 was repeai@ad each
slice was saved as a separate Numpy file of-flGadlatatype. We resized the input images to 256
x 256 and saved the sinatkd output as float6 data type to mitigate potential memory exhaustion
issues during model training.

The wraparound artifact models utilized two datasets. The first dataset was the publicly
available Information eXtraction from Images (IXI, https://brdeve lopment.org/ixdataset/). It
contained 581 Fweighted brain images, which were artitéee to the best of olknowledge
and were acquired on a combination of Philips 1.5 T, GE lamd Philips 3.0 T scanners. The
second was a lovfreld dataset acquired on a 0.36 T MagSense 360 (Mindray, China) open MRI
scanner from University College Hospital, Ibadan, Nigeria. It consisted of 1-2&ighted
pathological brain images acquired from subjects aged <80 years. The acquisition parameters were
TE =15 ms, TR = 56814 ms, slice thickness =gdmm. The acquisition matrix size varied from
192 x 192 to 512 x 512. Two expamced lowfield MRI neureradiologists annotated the
occurrence of wrajaround artifactin the lowfield dataset per subject. From the volumes labeled
as wraparound corrupted, two neuroradiologists with expertise infleld validated the hand
picked slices for training, validatipand testing to enable slizgise classification.

Through-Plane Wrap-Around

Across all IXI volumes, the bottom 15 slices were overlaid onto the top 15 slices with a

gradient opacity gradually decreasing fromi0.2 to simulate the artifact. We chose the number

of slices and overlay opacity to match the artifact appearance othsene lowfield data. 810
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slices were manually selected from the {fi@ld dataset: 405 througblane wraparound and 405

no-artifact slices. From the IXbased dataset, 17,567 slices were used.

NO ARTIFACT VERTICAL HORIZONTAL

TOP + BOTTOM SLICE SLICE OVERLAP

Figure 2.4: Representative slices of forward modeled in -plane (top row) and through -plane
(bottom row) wrap -around artifacts.

In-Plane Wrap-Around

Across 82 IXIl volumes, 30 voxelside patches from each volume's left/right or
top/bottom edges were extracted shwse and overlaid onto the central region. We discarded the
slices below the braiatem level as the anatomy was considerably smallerttre@®OV and,
therefore, unlikely to be distorted byatane wraparound. The code randomly chose Vieetical
or horizontal overlap orientatiomhile ensuring a 5®0% distribution. We only used 82 volumes
for simulation to approximate the number of atian the througiplane model. The final number
of IXI slices was 16,631. From the lefreld dataset, 13 slices exhibiting horizontal wiapund
and 13 neartifact slices were chosen, totaling 26. There were no slices with verticabvanapd

in the lowfield dataset.
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Input to the models were magnitude slideéigure2.4 presents representative examples of
each type of wrajaround artifactWe combined wrafaround simulated and artifatee images
from the IXI datasetThe training split included 95% of this combined dataset, from which 5%
was assigned to the validation split. The test set included the remaining 5%. Additionally, we hand
picked wraparound corrupted and wragyound free slices from the lefield datasetind evenly
distributed them among the validation and test $atgire2.5 illustrates the data splits for both
types of wraparound artifacts. We trained separate models for eachaveamd artifact fofive
epochs using a batch size of 32 on Google's Colaboratory platform with hardware acceleration

enabled. The number of trainable parameters for both-an@amd models was 15,481,970.

95%

—+  Training set
5%
_ ==+ Validation set
4
50%
Low-field )J==C_
50% -
——=—] Test set
5%

Figure 2.5: Dataset splits for training, validation , and test sets for the two wrap -around
artifact identification models.

2.2.3 Rigid Head Motion

The motion artifact model utilizeldoth retrospective and prospectively acquired datasets.
The retrospective dataset includegwieighted data from publiclgvailable sources. In particular,
we leveraged the IX[B5], HCP[86], ADNI-3 [87], SUDMEX [88], SRPBY89], and LAC[90]
datasetsand assume their images are mofi@e We usedthe first 100 volumes of the IXI
datasetind 36 subjects from each of théherfive public datasets. These contained images from
healthy volunteers or an even split of healthy and pathological data, wherever applicable, across

three vendors (Siemens, GE, and Philips) and two field strengths (1.5 T and 3 T).
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The prospective dataset included artifiee and artifacinduced data from five healthy
volunteers acquired in a GE SIGNA Premier 3 T scarBBefore data acquisition, all subjects
provided written informed consent piére protocol approved by thastitutional review board
(IRB). Theacquisitionprotocol included three 3D;dweighted sequences. On the first sequence,
the subject was instructed to lay as still as possible to avoid motion artifacts; on the second one,
we instructed the subject to slightiyove the head during the center portion of the sequence; and
on the third one, wencouragedhe subject to freely move the head during the entire duration of
the sequence. The acquisition parameters were: TE=3.1 ms, TR=7.6 ms, TI=450 ms, matrix
size=256x256, number of slices=140.

Motion artifact simulation followed the method proposeddi] on Ti-weightedsagittal
images.This methodassumes that motion events happen along the phase encoding direction.
Involuntary, rigid head motion requires six degrees of freedom, comprising three translations and
three rotation$2]. We generated a gradual motion curve of four motion e¥entsach forward
simulated volume, eachventoccurring near the-kpace center at the 93rd, 118th, 238th, and
163rd phasencoding lines. For motion class 1, the motion events had random extent of rotation
and translation along the three axes of up to 1° and 1 mm, respectively. For motion class 2, th
extent of rotation and translation along the three axes was witdifi éd (34] mm, respectively.

We experimentally set these values as theyigeal the best visual discrimination between motion
classes 1 and At each phase encoding step, we applied the corresponding rigid transformation
given by the motion curve to the 3D image volume. After each rigid transformation, the relevant
k-space lines were concatenated in a new volume that was ultimately convekdd baage

space to obtain the motiaorrupted volumerigure2.6 illustrates the forwargnodeling pipeline.
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Figure 2.6: Pipeline for the forward modeling of motion artifacts on sagittal brain T 1-
weighted images. Based on the motion curve, the 3D volume iteratively undergoes rigid
transformation, and the corresponding k -space lines are concatenated in a new motion -

corrupted volume.

We performed artifact simulation on the IXI datagegure 2.7 illustrates the results of
motion synthesis on the sarsebject Motion artifacts in the images labeled as class 1 primarily
manifest as ringing and blurring. In contrast, label 2 artifacts severely corrupt the images with
ghosting and smearing, challenging the visualization of the brain strudtusamportant to note
that motion levels are not strictly equivalent to image qualitglioical acceptance levels. After
motion level classification, the user should visually or experimentally assess which artifact level

is tolerable for the specific imaging poge or application.

Class 0 Class 1 Class 2

Figure 2.7: Representative slices of forward modeled motion artifacts on the same dataset.
Class 1 motion includes mild ghosting and blurring artifacts while class 2 artifacts are severe
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We used the IXI dataset for training, validation, and testing. The motion simulation
pipeline randomly assigned classes to each subject's volume while ensuring class balance. We split
the IXI motionsimulated data subjegtise and maintained class balamgehin each set. The split
proportions were 820% between the training and testing sets, and 20% of the training set was
used for validation. Before training and testing, each volume was intensity normalized &m¢D,1]
slices with less than 10% of signeere removedThe total number of slices used for training was
6,296 We trained the model for 20 epochs using a batch size of 32. The number of trainable

parameters was 15,481,987.

2.2.4 Experiments

We evaluated the trained models on the deshsetso obtain theclasswise and overall
accuracies. We leveraged Gr@dM [92] to develop trust in the modéfwedictions and analyze
failure modes. Gra€€CAM's heatmaps highlighted regions of the input that most significantly
contributed to the modsl decision. We obtained these heatmaps forpositive (TP), false
positive (FP), truanegative (TN)and falsenegative (FN) inputs for all modelBesides testing
on the artifacsimulated 1XI| datasets unseéuring training, we further tested the models on other
artifactfree and artifactorrupted datasets to assess their performance af-digtribution data.
For the wraparound model, outof-distribution testing was performed on the i6eld dataset,
previously annotated by two experienced neuroradiologists. In cortrastiotion models' out
of-distribution testing includectlean and motiosimulated publicly available datasets and
motioninduced prospectively acquired datasets.

For statistical analysf the wraparound modelsve computed Coh&nKappa coefficient
to assess the level of agreement of the models with the grounthtrelsin the lowfield test sets.

Due to the lack of annotatiofy an image quality speciali&ir the motion prospective dataset,

27



we Ccompar e dpredittiens tmthe imagé quality metric average edge strength (AES).
This metric is an indirect metric of blurriness in the image and has been reported to correlate with
motion [56,93] To assess the agreement bet ween AES

predictions, we computedthenpnar amet ri ¢ Spearman's rank corre
Kappa statistic between the tw&'e modified AES to be a categorical variable by thresholding
the histogram using Otsubds met hod tacaldulatbi nni n

Cohenés Kappa values

Segmented Acquisitions

Weimplemented segmented acquisitions to reduce scan time by minimizaegquesition
events. The approach consistgartitioning a sequence into segments and levsgaigtifactiD
to automate inline artifact identification. The segmented sequences cover adjacent sections of the
entire FOV such that thevhole volume can be obtained by concatenating the segmented data.
After the first segment, ArtifactlD notifies the technician about the presence of artifacts, allowing
the acquisition parameters to be adgdstor the following segments, saving time and reducing
data loss .

Figure 2.8 compares the conventional image acquisition workflow to the proposed
segmented acquisition approach. Conventionally, if severe artifacts are identified, the full FOV
sequence, of duration T has to be repeated after the necessary modifications havplieeeio ap
the sequence. This results in twice the acquisition time (2T). In contrast, by segmenting the
acquisition in two or more patrtitions, the technician can scout for artifacts on the first segment of
duration teg If artifacts are identified, only the corresponding segment has to be repeated, and the

time lost is only deg
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Figure 2.8: Comparison of conventional and proposed workflows. (a) Conventionally, if
severe artifacts are identified, the full -FOV sequence (duration T) has to be repeated. (b)
Proposed workflow - a full -FOV sequence is partitioned into two segments (duration tseg). If

artifacts are identified, only the corresponding segment has to be repeated.

We leveraged vendesupplied sequences for the 0V and segmented acquisitions on
GE 3 T Signa Premier and Siemens 3 T MAGNETOM Prisma scanners. FR®Mlacquisition
was a 3D T-weighted sequence with FOV=256 x 256 mm, N=256 x 256 and 172 slices,
duration=5:12 (minutes:seconds). The slice offsets of the segmented acquisitions weoelbdrd
to cover a specific section of the entire FOV. Each segment acquired 96 slices watn¢hieV
and matrix size, duration=3:01.
2.3 Results

Training the two wragaround identification models required 9 min fiwe epochsFigure

2.9 presents the loss and accuracy curves as a function of epochs for both treeonrap

identification models. In prior experiments, we trained the modeldefoepochs. Since the
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training accuracy and loss value stabilized befordfitiie epoch, we deemed training for more

thanfive epochaunnecessary
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Figure 2.9: Loss and accuracy curves for training the in -plane and through -plane wrap -around
artifact identification models for five and ten epochs.

The throughplane wraparound model achieved an accuracy of 99% with precision and
recall metrics of 98.8% and 93.5% for the validation set and 98.8% and 93.7% for the test set. The
in-plane wraparound model achieved a training accuracy of 100% afterefroehs with 100%
precision and recall metrics for validation and testing s@&tsee confusion matrices on the

validation and test sets are displayeéigure2.10.
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Figure 2.10: Confusion matrices (CM) for the two wrap -around models across the validation
and test splits.
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Figure2.11 presents the GraGAM visual explanations for TP, FP, TN, and FN input brain
images across the validation and test sets for-arapnd artifact identification. TP and TN images
indicate that the models can distinguish the occurrence of trigagk andn-plane overlap of

anatomies from ordinary brain volume surrounded by background voxels.

True Positive True Negative False Positive False Negative

Validation

Through-plane
wraparound

Testing

Validation

In-plane wraparound

I\
Figure 2.11: Representative Grad-CAM heatmaps localized both types of wrap -around
artifacts across TP, TN, FP, and FN samples from the validation and test sets. The heatmaps
are overlaid on input slices and displayed next to the original images. There were no
incorre ctly classified FP or FN samples for the model identifying in  -plane wrap -around.
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Agreement analysis of the models and the radiologists' labels returned Cohen's kappa
values of 0.768 £ 0.062 and 1.00 £ 0.00 for the threpighe and irplane wraparound models,
respectively. These kappa values imply substantial to perfect agreement.

The motion model achieved training and validation accuracies of 100% and 96.5%,
respectively.Macro-averaged gecision and recall metrics on the IXI motismulated test set
were 982% and 98.33%. Figure 2.12 shows the confusion matrix and receiver operating
characteristic (ROC) curve resulting from inference on the IXI formaodeled test sethe area

under the curve (AUC) scores were 1.00 for thenmion class and 08for motion classes 1 and

Three-class motion classification model ROC Precision=98.29%, Recall=98.33%
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Figure 2.12 Receiver operating characteristic (ROC) curve and confusion matrix for the three -
class motion artifact classification model on the forward -modeled IXI test set.

Figure2.13 presents the Gra@AM visual explanations after inference on the IXI motion
simulated test sefA small fraction of theno-motion and motion class &lices vereincorrectly
classified as motion class(Eigure2.13ii)) and motion class grigure2.13iv)). However, no
slices of classs1 or 2 were classified atass 0 (motioffiree) The GradCAM heatmaps indicate
that the model pays attentionregions withinthe anatomy when motion artifacts are identified

In contrastpackground regions are highlighted in the heatmaps of slices classifiedragion.
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We observed that the magnitude of the GZa#M heatmaps increases from class 0 to 2 as the

severity of the artifact grows.

Ground truth class
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Figure 2.13: Representative Grad-CAM heatmaps localized two levels of motion artifacts on
the IXI motion -simulated test sets. The heatmaps are overlaid on input slices and displayed
next to the original images. Blank spaces mean there were no misclassified samples.

As expectedperformancewvas reduced aftetesting on the other five forwarodeled
datasetsTable2.2). Inference on the ADNB dataset resulted in the b@strformance after the
IXI dataset, with precision and recall metrics above 90%. In contrast, average precision and recall

values for the HCP, LAC, SUDMEX, and SRPBS datasets were 81.3% and 71.3%, respectively.

Table 2.2: Precision and recall metrics on the motion -simulated retrospective test sets.

Dataset Precision Recall
IXI 0.983 0.983
ADNI-3 0.940 0.927
HCP 0.825 0.752
LAC 0.769 0.661
SUDMEX 0.762 0.693
SRPBS 0.825 0.725
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Motion classification performance initially dropped after testing on the prospectively
acquired dataset. After inference, we observed good accuracy for the data acquired with the first
sequence (assumed motifsae), with at least 95% of the total slicdassified as class O for all
subjects. However, large percentages of slices from sequence 2 and sequence 3 were classified as
motionfree but were visibly corrupted by motioRigure 2.14 shows the distribution of the
reference motion estimation metric AES for the slices classified as class 0, 1, and 2, along with the
confusion matrix comparing the model and AES classifications. We obtained a Spearman
correlation coefficient of0.58 (pvalue < 0.01), indicating a moderate inverse association between
the two variables. The figure shows a large percentage of slices with AES values typical of motion
classes 1 or 2 being incorrectly classified as no motion, resulting in poor agreement (K=0.16)

between the two classification methods.
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Figure 2.14: (Left) Violin plot s of the average edge strength (AES) distribution for slices of
the prospective dataset classified as class 0, class 1, and class 2.The dotted lines represent
the computed thresholds for AES classification. (Right) Confusion matrix of the model
versus AES classification.

Evaluating the Gra€CAM heatmaps of misclassified instancdsg(re 2.15 ii)-iii))
suggested that the model 6s classification is

the head or brain. We noticed that the training data was characteriasdthijler FOV The FOV
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was wellcentered andwasor e f i tt ed t owithrédecedsackgjoend tegiogs oh e a d
each slice. To assess if FOV was the confounding factor, we manually cropped the background

while maintaining squared matrix sizes and repeated the analysis.

AES=0.016, Pred=0 AES=0.013, Pred=0 AES=0.01, Pred=0

Figure 2.15: Representative slices from the prospective dataset and their respective Grad -
CAM heatmaps. Average edge strength (AES) values for cases ii) and iii) indicate motion
presence, but the heatmaps highlight the background, suggesting no artifact was detected by

the model.

After cropping,the Spearman correlation coefficient increaseddt®4 (pvalue < 0.01),
indicating a very strong inverse asHgore2l&ati on |
portrays the improved correlation between motion classes and AES, which decreases for slices
with mild and severe motion from sequences 1 and 2. We obtained a Kappa value of 0.415,
indicating moderate agreement beThevteeemethdd&E S and
agree in classifying motiefiee versus motiocorrupted slices but exhibit differences in their

discrimination between mild and severe motion.
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Spearman CC: -0.836 Kappa=0.415
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Figure 2.16: (Left) Violin plot s of the average edge strength (AES) distribution for slices of
the prospective dataset after cropping and FOV centering are classified as class 0, class 1, and
class 2. The dotted lines represent the thresholds for AES classification. (Right) Confusion
matrix of the model versus AES classification.

After these modifications, the Gr&AM heatmaps Kigure 2.17) showedincreased
heatmap magnitude with motion severity, highlighting areas of motion artifact within the anatomy

for slices classified as classes 1 and 2.

AES=0.015, Pred=0 AES=0.011, Pred=1 AES=0.009, Pred=2

Figure 2.17: Representative slices of the prospective dataset and their respective Grad -CAM
heatmaps after fitting and centering the anatomy within the FOV . Average edge strength (AES)
value ranges present improved agreement P UT wUT 1T wOOETI Oz Uwx Ul EPEUDPOOUS
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2.4 Discussion

In this work, we demonstrated that. classification models can effectively identify the
occurrence of wraaround ananotionartifacts inbrainMR Ti1-weighted datasets.

We resized the input images to 256 x 256 for two reasons. First, we observed multiple data
matrix sizes in th@rospectivedatasebut our models only handled fixesize inputs. Therefore,
we standardized the images by resizing them to 256 x 256 as a balance between the smaller and
larger matrix sizes. Second, we encountered memory exhaustion issues when training-the wrap
around modelsm Googlés Colaboratory platform. Therefore, to mitigate any potential memory

exhaustion issues during model training,re®ized the images to 256 x 256.

2.4.1 Wrap-Around Artifact Identification

Classifying irplane wraparound is typically straightforward to the human eye. However,
it can be cumbersome when dealing with a langeber of images. One can quickly notice that
these images seem zoomadnd lack zerevalue background voxel&igure2.4). Given the large
number of training slices and the small }oeld test set, it is naurprising that the model achieved
100% accuracy both during validation and testing.

The large number of trainable parameters, the fast convergence of the trainjragdioss
high accuracies and precision suggestt the wraparound artifact identification models are
overfitting on the training data. To rule out this possibility, we tested the model on data acquired
on a Siemens 3 T and a GE 3 T scanner and different image orientations. The artifacts on these
two datasts were purposely induced by modifying the acquisition parameters of a\8&ighted
sequence. Therefore, we assumedshtles were corrupted. We validated the presence of the
artifact by manual inspection subsequenilge modelfaithfully localized the occurrence of-in

plane wraparound in the Siemens datdure2.18) with 100% and 99.17% accurafty the axial
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and sagittal data, respectively. However, in cases where the regions outside the FOV appeared to
wrap underneath the central regi¢third columnin Figure 2.18), the faithfulness of artifact
localization deterioratedVe attribute this degradation to the fact that the model was trained on
data where the wrapped anatomies were always overlaid on top of the central region, as opposed
to being underas in the case of the GE 3 T data. The nmsdelcuracy values achieved on this

data were 78.26%.

Siemens axial Siemens sagittal GE sagittal

Figure 2.18 Representative Grad-CAM heatmaps after inference of the in -plane wrap -around
model on multi -vendor, multi -orientation data. The model correctly identifies wrap -around
artifact independently of dissimilarities with the training data.

Throughplane wraparound can be harder to spot as the overlap intensity gradually
decreases from the first slice. An FP could be caused by noise or any other intensity abnormality
near the edges of the skull. In the case of an FN, the opposite etmigacity of the wrapped

slice is subtle, and the model identifies it as backgrobiglife2.11).

2.4.2 Rigid Head Motion Artifact Identification

Motion artifacts are common in MRI and result in blurring and ghosting artifacts in the
images with several ranges of severlfye synthesized motion on the publicly available IXI
dataset to train and test the model. Inference on the IXI test set resulted in optimal classification

performanceKigure2.12), validated by GradCAM heatmaps of each class, which show increased
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magnitude with increased artifact severifjigure 2.13). Testing the model on other motion
simulated retrospective datasets led to a modest drop in performance compared to the IXI test set.
Still, it achieved average precision and recall metrics of 82.42% and 75.16%, respectively. To
further assess the genkation ability of the method, we performed inference on a prospective
dat aset and observed a strong inverse associ a
Ourmo d eclasgsification performance is comparable to other methods employing more
sophisticated architectures or heavier msff,70] We adopted slicavise detection and tailored
the networkoés architecture for inline motion
session. Patetvise training allows the localization of the artifact within the slice and ensures that
input dimensions remain independent of the acquisition matrix{6&eHowever, this approach
results in longer inference times due to the increased number of samglesjuires additional
postprocessing steps to compute an overall motion score and reassemble the patches into the slice
or volume for interpretation. In contrast, our model achieves rapid processing times, averaging 1.8
seconds per volume for the prospeetdataset on an Intel Xeon 2890 v4 CPU with one
NVIDIA Quadro M6000 24 GB GPU. Unlike existing methods primarily focused on binary
classification[67i 69,71] our model discriminates between motfoee data and the presence of
mild and severe artifacts. This capability facilitates a more flexible QA of the images based on the
scan purpose and ROIl. Furthermore, while other methods are often constrained |bgr smal
imbalance prospective datase}88,69,71]or rely uniquely on synthesized data coh§rty, our
utilization of GradCAM heatmaps and extensive testing across both retrospective and prospective
datasets allow the assessment of the method6s

acquisition parameters, system vendors, field sthengind clinical conditions.
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Class 0 Class 1 Class2 Class 0 Class 1 Class2

IX1 LAC

SUDMEX

HCP SRPBS

Figure 2.19: Representative Grad-CAM heatmaps after inference on the assumed artifact -free
retrospective test sets. The numbers on the top -left corner of the images correspond to the
percentage of slices classified as the corresponding class.

The performance decline observed in four mesgnthesized retrospective datasets (HCP,
SUDMEX, LAC, and SRPBS) could stem from differences in data distribution compared to the
| XI training dataset. Il n t hese atkaegisiesedtbsther s ubj
image spacear brain atlasesuch as thontreal neurological institutdNI) space. To test this
hypothesis, we conducted two additional experiments: first, we performed inference on the data,
assumed moticfree, and calculatetthe percentage of total sliceEs each predictionsecond, we
defaced the ADNB dataset and repeated the first experimieigure2.19 displays the results of
the first experiment. Prprocessed datasets exhibit higher percentages of slices classified as
motion-corrupted (class 1 and 2) than the IXI and AEBlNbtatasets. Images previously- co
registered show background pixels around theécamg including at the base of the slice where
the neck should naturally continue (yellow ellipseBigure2.19). The model tends to misclassify
these slices as severely motioorrupted since some moti@ynthesized volumes with large
ranges of translation in the training set display the same effect of detachment from the image base

(Figure2.13v)). Additionally, we presume that smoothing steps dudieigcing or caegistration
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may induce blurring, which the model may interpret as mild mot@ur. second experiment
validated these insightir which inference on the defaced ADBIHataset led to a notaldleange

i n the mod e,lwibhs69%af totdl islices classified as class 0 and 13% and 18% as
classes 1 and 2, respectively.

The motion simulation pipeline was optimized to replicate artifacts induced by subject
motion in 3Dacquisitions. The type (gradual versus abrupt), extent, and timing of the motion event
along the encoding of the-dpace trajectory all influence the appearance and severity of the
artifact, posing challenges to the labeling of the synthetic images aretis@® resulting in
inaccuracies. Despite efforts to mitigate the effect of these confounding factors by confining the
motion events to specific phasacoding lines and constraining the extent of rotation and
translation per class, this remains a limdatbf the study and could contribute to disagreements
bet ween the model 6s prediction and AES values

Evaluating the model across various publicly available datasets and the prospective dataset
revealed its susceptibility to image gyeocessing steps. Sensitivity was notably observed towards
variations in background/anatomy proportion within the slicessking offacial featuresand
transformations resulting from g@egistration. Testing on a variety of distributions and leveraging
GradCAM heatmaps helped identify these sensitivities and refine daf@@cessing. Given our
focus on artifact identifiddon from raw DICOM images immediately pemtquisition, we
perceive thidimitation as manageable. Nevertheless, future model iteratenmeddress this issue
by training the model on a more heterogeneous dataset or implementing data augmentation
techniques.

The lack of expert data annotations for the prospective dataset posed challenges in

evaluating classification performance. To address this limitation, we opted to employ a heuristic
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metric to estimate motion in the images. We chose AES dtsitoplementation’s simplicity and

ability to quantify blurring, a characteristic of motioarrupted images. While statistical analysis
demonstrated agreement between model classifications and AES, qualitative examination of slices
classified as class 1 and 2 revealed inconsistenciexe®et&ES measurements and motion
severity Figure 2.20i)-ii), Figure 2.20iii)-iv)). Thus, while AESis a helpful reference in the
absence of annotations, it cannot be deegrednd truth. Additionally, standardizing motion
severity levels across subjects proved challenging in this jfeafncept prospective study.
Automatic system pogirocessing steps such as signal averaging could also impact motion

severity before expartg the data for inference.

AES=0.01, Pred=1 AES=0.01, Pred=2 AES=0.009, Pred=1 AES=0.009, Pred=2

Pt

Figure 2.20: Representative Grad -CAM heatmaps after inference on the prospective dataset.
Slices with the same average edge strength (AES) motion score present visually diverse
severity, correctly captured by the model prediction.

2.4.3 ArtifactlID Dissemination
We packaged all ArtifactiD models for testing and dissemination using different platforms.
Besides the models introduced in this thesis for verapind and rigid head motion artifact

identification, ArtifactlD includes a Gibbs ringing binary classificatodel.
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First, we developed a Pythdrased command line interface (CLI) approach tailored to our
collaborators at the University College Hospital (Ibadan, Nigeria). This method required copying
the acquired DICOM images to an input folder after running the Cld.dld checked for input
in this source folder and ran inference on the models. Once processed, the images were moved to
an output folder, and the generated heatmaps seeted to diskFigure2.21). This method only
requires Python installation, and it was designed to run without internet connection and with
minimal input from the user, aimed to ensure seamless integration-mresmwrce settings where

internet connection ignreliable and personnel often lack programming skills.
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Figure 2.21: Pipeline for the offline deployment of ArtifactlD in low -resource settings. After

each sequence and while the following sequenceruns, the data is copied to a workstation
where the CLI is deployed for inference. The program waits for input DICOM images and
outputs the heatmaps for artifact localization in a predefined folder.

Second, we tested our models on segmented acquis(iidnsduced in the methods
section of this chapteim a3 T research scanner, leveraging a simple Hiddked graphical user
interface (GUI). After the first segment, we performed inference on the data, and the tool notified
the user about the presence of artifacts, allowing the acquisition parameters testedlddy the
following segments, saving time and reducing data IB$s.acquisition times for the entire FOV
and two segmented acquisitions wes:12 and 6:02, respectively. However, in the case of
sequence repetition due to artifact corruption, the total acquisition time for t#&@lsequence

will be 10:24 versus 9:03 for the segmented acquisitions, saving 1:21 of scan time. The reported
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time gain does not include the time spent manually examining the images. In this way, ArtifactlD
saves additional time by automating the artifact identification process.

The GUI included a series of blocks representing the sequences in the protocol. It auto
refreshed every five seconds to reflect the status of the current and previous sequences, turning
each block orange, red, or green. The color of the blocks refletis ifhference is in progress
(orange), if there were artifacts detected on the acquired images (red), or if the sequence passed
the artifact identification checks (green). If the tool detected any artifact, thed&idcheatmaps
localizing the artifact orthe images were saved to the workstation. A demonstration of this
implementation can be found onlifa in-plane wragaround artifact identificatiof94].

Lastly, we integrated our models as an im&ye pre-processing step in eommercial
workflow for brain volumetry analysis. A preview of this tool can be found ondinethe
MediOMX website(PMX Inc. 2023)

2.5 Conclusion

In this chapter we trainedDL models to identify wraqaround andigid head motion
artifacts. To our knowledge, this is the first dbased tool for identification of wraground across
any field strengthOur mode$ demonstratgstrong potential for generalization to diverse sequence
parameters, vendors, and field strengths, and the use ofd@dddcallowed early identification of
failure modes and the firening of preprocessing requirements.

ArtifactID will help MR technicians identify artifacts occurring in the data that may
interfere with diagnosis at the time of radiological reading, especially irrdsaurce settings
wherepersonnel often lack the requirbtR scanningexpertise to identify and localize artifacts

The ability to reacquire data before the conclusion of the scanning session will help avoid the
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logistical burden of rescheduling an appointment with the subject and alleviate the associated
costs.

Future studiesvill focus on improving the motiomodel andmotion synthesis pipeline,
and deploying the tool in a clinical setting, including quantifying its impact on scan efficiency and
comparing the model s 0o resul ts .tAomore metalled qu al

description of future directions is included in Chapter 5.
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Chapter 3: Mitigating Off-ResonancéArtifacts in High-Field MRI

3.1 Overview

Magnetic resonance imaginlylRI1) relies on the spatial uniformity of the main magnetic
field Bo over the imaging volume to deliver optimal image quality. Taguirementis rootedin
the spin excitation andpatial encoding of thBR signal as a function of §2], as seen in the
equations inFigure 3.1. The standard for clinical wheleody MRI systems is to deliver
approximately 1(artspermillion (ppm) over adiameter of spherical volum®gV) of 40 cm
[15,16] In practice, however, local perturbatiomay arise frommagnet imperfections, improper
shimming, differences in tissue magnetic susceptibility, and chemical [96ift When B
uniformity is compromised, the spins within the imaging volume experience disparate precessing

frequenciesdisruptingthe frequencyspace relationship and resulting in a phenomenon called off

resonance.
£ DSV _
A Wo =Y ¥ Gyromagnetic ratio
t~--. ' ' _--7 G : Magnetic field gradient
T w(s) =y(F) + GsS)  s:Position in space
MAGNET

Figure 3.1: Accurate spin excitation and spatial encoding mandates tight requirements on the
spatial uniformity of the magnet's main magnetic field BO over the diameter of spherical
volume (DSV).

Singleshottrajectories such as eciptanar imaging (EPI) and spiradse advantageous
due to their ability teefficiently acqure the entirek-space in a single repetition time (TR). These
trajectories deliver extremely fast sequences suitable for applications that demand high temporal
resolutionto capture dynamic processssich as functional MRI (fMR]971 99]. However, they

arehighly sensitive tdocal Bo perturbations due to their loacquisitionbandwidth,causing the
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accumulation of phase errdd0i 102]. These errorsesult inoff-resonancartifactsthatdegrade
image quality and may interfere with diagnesigatial localization of brain activatiorns, image

analysig103i 105].

Original EPI Spiral

Figure 3.2: Image simulations of EPI and spiral off -resonance artifacts. (A) Shepp-Logan
phantom numerical simulations. (B) Brain numerical simulations reproduced from [105].
Blue arrows indicate regions of geometric distortion in the EPI images, including anatomy
compression or stretching, whereas red arrows point to blurred areas in the spiral images.

Off-resonance artifacts manifest differently for spirals and EPI trajectories due to their

distinct k-space trajectory patternBigure 3.2 illustrates the effect on the imagegeometric

distortion is characteristic of EPWhereas blurring is a common feature of spiral acquisitions

[105]. Moreover, B inhomogeneities cause rapid spin dephasing, shorteniran@ resulting in
signal loss in images acquiredth long echo time (TE) gradiemicho (GE) sequences, commonly

employed in fMRI.Multi-shot[106i 108] and point spread function (PSF) EP09,110]Jmethods

include modifications to the sequence parametersspake trajectory to mitigate these artifacts,

albeit at the expense of acquisition time and temporal resolution. Consequentbgooiince

correction strategies are often favored and applied duategmieprocessingl111i 114].
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In this chapter, we present differergtrospective offesonance mitigatiomstrategies.
These methods are applicable for-af§onance correction in standard clinical 3 T MRI systems
with small B inhomogeneity levels. First, we proposed OCTOPUS, a Pytthsad opeisource
software package that implements staft¢he-art off-resonance corrdcin methods. We leveraged
OCTOPUS as benchmark correction method when applicable throwigihis thesis. Second, we
developed GDCNet, a method for calibrationlessmgetric distortion correction of EPI images
using deep learning.

3.2 OCTOPUS: Off-Resonance Correction OpefSource Software
The content of thisectionhas been published in part as a manuscript inJdlenal of

Open Source Softwafé15].

3.2.1 Introduction and Statement of Need

Multiple widely-usedoff-resonance correction methods have been reported in the literature
[114]. Conjugate phase reconstruction (CPR) is a family of methods that counteract the phase
errors accumulated along the long read by demodulating-kpace data with its conjugdiel 6].
Faster and more efficient implementatiafshe original CPR technique have been developed,
such as frequenesegmented CPHR117] and multifrequency interpolation (MFI)[118].
Frequencss egment ed CPR reconstructs the corrected
images according to each pixel value on a field map. Each base image corresponds to the data
demodulated at a fixed frequency, with the frequency values forbeasehimage equally spaced
within the field map frequency range. MFI wodkimilarly tofrequencysegmented CPR, withe
main differences being that it requirkswver base images (L) and that these images are added

together into the corrected image a veighted sunusing a set of linear coefficients derived from
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the field map. Because the exaedpace trajectory is often unavailable for vendor EPI sequences,
other approaches are ugedcorrectthe offresonance artifacts of this imaging technique.

One can find optimized offesonance correction capabilities within existing packages.
Examples are SPIRITL19], a MATLAB-based approach for autalibrated parallel imaging
reconstructi on; Os t e n snmagnétisresbhincdingerpynting (MRR)t at i o n
[120]; FUGUE, a tool for EPI distortion correction part of the FSL libfai31]; and the MIRT
toolbox, a MATLAB-based MRI reconstruction package that offers field inhomogeneity
correction using iterative reconstruction methfid22,123] Ny | un {ldd$alsd dordasns s
source MATLAB code for #CPR and MFI correction of spirahages.

These implementations are highly specific, defined for a particutmake trajectory or
application,or include a single correction method. SPIRIT is devoted to cangedata acquired
using parall el i maging met hods; Ogsmagepancdb n 6 s p
implements onhthe MFI method and FUGUE corrects distortion solely on EPI images. These
limitations typically lead researchers to adapt their taféa them into the available pipelines or
write their own version of the methods. Eittapproach results in a significant investment of time
and effort and can generate isolated implementations and inconsistent results. Furthermore, most
of the available packages are also MATLABsed, whiclrequires users to pay a license fee,

unlike Python

3.2.2 Methods

We implemented OCTOPUS (Gfésonance CorrecTion OpesoUrceSoftware) in
Python leveragingtandardibraries, specifically NumPy84], SciPy[125], scikitimage[126],

NiBabel[127], Matplotlib [128], OpenCV, Pydiconil29], and PyNUFFT130].
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To demonstrate the package -tdsonance simulation and correction capabilities, we
performed in silico numerical simulations using a sirgliet EPI trajectory, a singkhot spiral
trajectory and a simulated field mapNe used a Sheppogan head phantom for these
experimentswhichmimicsa section of the skull and is widely used to tegtgereconstruction
algorithms[131]. We simulated a 2D phantom with 128128 matrix size and 256 256 mn?
FOV. The singleshot EPI and spiral trajectories had a total +eaidduration of 65.5 and 63.7 ms,
respectively. The field map consisted of a blurred version of the phantom image obtained by
convolution with a Gaussian filter and rescaled to haveesffinance ranges af100,+150, and
+200 Hz. We simulated the efésonance artifacts using OCTOPUS forward model capabilities
and then corrected the resulting images using the threernmepted methods: CPR; &R, and
MFI. To test the effect of noise on the correction performaneeintroduced different levels of
Gaussian noise(i€0.025 and(=0.05) to the singlshot EPI trajectonpased simulation and
measured the peak sigrtatnoise ratio (PSNR) and structural similarity index metric (SSIM)
before and after correction with the three methods.

We performed in vitro studies using the ACR phantmrdemonstrate the correction
capabilities in 3D multslice and multichannel dataWe corrected imagescquired witha 3D
stackof-spiralssequencavith a matrix size of 72 x 72, FOV of 240240 x 180 mrm, and 54
slices. Each slice was acquired by a sgimahot of 9.66 ms readut duration. The shot is rotated
by 120 at each slice and tirfeame, with three consecutive tirfimmes summing up to a fully
sampled kspace volume. The images were acqliom a Siemens 3 T MAGNETOM Prisma
scanner using a 2thannel head coiRdditionally, Section 6.1 demonstrates the use of OCTOPUS
on an opersource endo-end pipeline for analysis of spirbhsed restingtate (RS) fMRI images

and Section 6.3 leverages OCTOPUS foireffonance correction in highly inhomogeneous fields.
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3.2.3 Results

The qualitative evaluation of thesults of the numerical simulation experirtseallowed
the validation of OCTOPUBothasaforwardmodeling and offesonance correction toéligure
3.3 depicts how artifact simulation resulted in geometric distortion along the phase encoding (PE)
direction for the singkshot EPI trajectory, with regions of the phantom being either stretched or
compressed. In contraghe artifact that arose frorthe singleshot spiral trajectorywas primarily
blurring of highfrequency componentssuch as the edges. Note that the -partesian
reconstruction pipeline also introduced artifacts on the background of the image. As expected, the
severity of the artifacts imeased proportionally with larger efésonance ranges. Visual
inspection of the correction resultskigure 3.3 suggests that the three methods implemented in
OCTOPUS successfully mitigate the-oéisonancénduced geometric distortion and blurring for

the three offresonance ranges explored with no discernible differences between them.

Original phantom EPI Spiral Field map
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-1+ 150 Hz

/+ 200 Hz
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Figure 3.3: Top row (left -right): Original Shepp -Logan phantom image, simplified single -shot
EPI k-space trajectory, simplified single -shot spiral k -space trajectory, and simulated field
map. Bottom row (left -right): numerical simulation results for the EPI and spir  al trajectories.
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Corrupting the phantom image with Gaussian noise prior to geometric distortion simulation
along the singleshot EPI trajectory resulted in a drop in correction performarkégure 34
displays the quantitative results after forward modeling and correction using CERRfand
MFI. PSNR and SSIMIropped as the ofesonance range widens and the noise level in the image
increases. These metrics waremputed using the original, noifee phantom image abe

reference Nevertheless, in all cases, the three implemented methods improved both metrics

compared tdhe offresonance corrupted image dhdir corrections showed minimal differences

No noise o0 =0.025 0 =0.05

pSNR
No noise o =0.025 o =0.05
Range (Hz) |[Corrupted CPR fs-CPR MFI Corrupted CPR fs-CPR MFI Corrupted CPR fs-CPR MFI
+100 16.73 40.06 40.06 40.06 16.62 32.84 33.13 32.84 16.51 27.52 27.52 27.52
+150 16.46 40.39 36.76 40.39 16.34 321 321 321 16.23 27.48 27.39 27.48
+200 15.56 38.13 38.13 38.13 15.47 31.43 31.43 31.43 15.42 27.18 27.18 27.18
SsiM
No noise o =0.025 o =0.05
Range (Hz) [Corrupted CPR fs-CPR MFI Corrupted CPR fs-CPR MFI Corrupted CPR fs-CPR MFI
+100 0.77 1 1 1 0.65 0.86 0.85 0.86 0.5 0.64 0.64 0.64
+150 0.74 0.99 0.99 0.99 0.62 0.86 0.86 0.86 0.48 0.64 0.65 0.64
+ 200 0.7 0.99 0.99 0.99 0.59 0.86 0.86 0.86 0.45 0.65 0.65 0.65

Figure 3.4: Effect of noise introduction on OCTOPUS correction performance measured using
PSNR and SSIM.

Figure3.5 shows three representative slices of the ACR phantom acquired with-&ftack
spirals slices and their efésonance corrected versions. The regions of the images pointed by the

red arrows show improved image quality aha@rperedges after correction with OCTOPUS.
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Original CPR corrected fs-CPR corrected MFI corrected

Figure 3.5: Off -resonance correction results of three representative slices of a stack -of-spirals
3D acquisition of the ACR phantom. The red arrows point to regions of the phantom where
off -resonance blurring was significantly reduced after correction.

3.2.4 Discussion

OCTOPUSaims to fill the gap in MR offresonance correction packages for researchers
working with longreadout or fielelnhomogeneity susceptibledpace trajectories or acquisition
methods. limplementsthree fundamental methods (CPRCBR, and MFI). Theorrectionis
independent of the application and the image acquisition schaciigating integration into any
reconstruction pipeline. OCTOPUS can also run in the browser through Google Colab, a freely
hosted Jupyter notebook environment that alltivesexecution oPython code in the browser.

Given this feature, OCTOPUS is the first zéootprint off-resonance correction software,
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meaning it doesat require any download, installation, or configuration dheus er 6 s | oc a
machine.

OCTOPUSis independent of thk-spacetrajectory used to acquire the datacluding
Cartesian or noiCartesiarsampling The input of the correction methods can be either image or
k-spacedata. However, usinkg-spaceadata as input is more efficient and may avoid-nartesian
trajectorydependent artifact@sdditionally, OCTOPUScapabilities include the correction 8D
multi-slice and multichannel data bgtructuring the inpuin a slice and channelise manner
and then applying channel combination with th

The software limitations include correction restricted to data acquitbdutacceleration
techniques, long correction times for large datasets, and degraded correction quality in the presence
of highly-inhomogeneous fields. Additionally, the tool has been only tested on Cartesian, EPI, and
spiral data.
3.3 GDCNet: Calibrationless Geometric Distortion Correction of Echo Planar

Imaging Data Using Deep Learning

This section is currently under review in the journal NMR in Biomedicine.
3.3.1 Introduction

EPI acquires spacan a zigzag manner, alternating the frequemrcoding direction for
each consecutive-gpace line and applying short and wépkaseblip" gradients along the PE
direction between lines. Assumingas the PE direction, the acquiredpace datfil32] can be

represented as:
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where” ¢fw is the spin density of the scanned objeds, the gyromagnetic rati¥d afto is the
spatial deviation from the centrab Balue,"Yis the echo spacing, i.e., the time interval between
two consecutive echoes, a¥dlis the dwell timel andi are the indexes along the frequency and
phase directions, respectively, which range betweénf¢ & 0 ¢ and 0 g ¢

0 T¢. YQ andYQ are gradient area increments in the reatland phasencoding directions,
respectively.

EPI's long total readut duratiorrenders a low bandwidth along the PE direction compared
to the bandwidth along the frequeregycoding direction. Offesonance artifacts in EPI images
lead to notable geometric distortion, which appears as shifts in local positions and stretched or
compressed areas in the images along the PE direction. Traditional EPI distortion correction
methods estimate a voxel displacement map (VDM), which portrays the shift of each voxel
required to unwrap the distorted images andicedthe severity of geometric inaccuracitise
VDM can be estimatedsing multipleapproaches, the most common being frarfield map
acquisition[103,133] or a pair of reverseBE-polarity EPI set$134,135]

Y6 afw

w00 . Y6 ofto TYD (3.2)
0w

Analytical Methods
Field mapbased methods estimate the figld distribution from two GEbasedimages
with different TEs.Equation(3.2) illustrates the computation of the VDM from the field map

DB(x, y) and the bandwidth along the PE directipi , which is then utilized for unwrapping

the distorted EPI images. Mukicho EP[106,107]approaches estimate dynamic field maps from

the EPI data to avoid additional sequence acquisitions. The dynamic correction is more robust to
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patient motion, but the estimated field maps are susceptible to distortion and other Ei8&cts
impacting the correction performance.

In contrast, the reversed encoding method involves acquiring a pair of EPI sets with
opposite PE polarity, commonly dubbed "blip/blip-down" acquisitions. This method assumes
that the distortions have equal magnitude but opposite directions in the poodig)
reconstructed imagd434]. The VDM is estimated voxeatlise by calculating the displacement
that minimizes the error between the pair of EPI images after unwrapping. Existing tools compute
it using discrete cosine basis functions (TOPUP in the FSL togll8%) or by solving a non
linear registration cost functiofl35]. Additionally, reversed encoding methods may include
signal intensity correction and ndinear regularizers to anatomical reference scans for optimized
performance. Nevertheless, voxdke iterative optimization is timeonsuming and
computationally burdensome.

Both approaches require additional scans and rely on a static VDM to correct the fMRI
time-series data, leading to prolonged scanning times and susceptibility to errors arising from
motiorrinduced B changeg107]. Another approach involves ndinear registration of the EPI
images to available anatomical images, traditionalyw&ighted[138,139]images commonly
acquired in fMRI imaging protocols less susceptible¢p@turbations. Various approaches exist
including different fitting methods and cost functipssch as the sum of squared differences and
mutual information. Although this method avoids additional acquisitions, it is computationally

intensive and slow in practi¢&40,141]

Learning-based Methods
Deep learningbased methods have been employed to learn complex distortion patterns and

provide EPI distortion correction. In the realm of supervised training, Liao[é#a].proposed a
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referenceless cascaded CNN architecture to correct sihgteEPI distortions using distortion
free simulated data as ground truth. Hu ef1213] utilized a UNet[144] architecture and images
acquired with a PSEPI sequence as distortibree ground truth to correct singsbot EPI
diffusionweighted images (DWI)However, the dependence on ground truth data presents
challenges as undistorted EPI images are difficult to obtain via acquisition grposssing, and
simulationbased results may not accurately reflect real clinical scenarios.

Since the introduction of the unsupervised medical image registration framework
VoxelMorph [145], several studies have explored its potential for correcting EPI susceptibility
artifacts. VoxelMorph architecture involves aNét that predicts a displacement field based on
two input volumes and a spatial transform function that unwraps the movingaoipuote to align
it with the fixed target volume. Leveraging a similar approagdef146]addresses susceptibility
artifacts in 3D reverseBE EPI images. It applies the predicted displacement field with opposite
signs to unwrap the two input volumes and computes a similarity loss function between the
outputs. Legouhy et dl147] proposed a similar sersupervised method incorporating Jacobian
signal intensity modulation and a supervised loss for the displacement map. Deep {lb48het
adds density weighting to the unwrapping operation to jointly correct signal intensity errors. It
computes the smoothing loss function at two image resolutions, including a penalty term to restrict
the displacement map values within reasonable rangeblef[149] and DLRPGnet[150] both
leverage a forwardistortion module that applies the predicted displacement field to the predicted
distortioncorrected image to generate a forwdrstorted pair of reverseE images for which
the similarity loss is calculated against the inpuisiditionally, DLRPGnet predicts the
coefficients of predefined cubic spline vectors that determine the displacement maps instead of

predicting the displacement map directly and includes a loss term that maximizes normalized
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mutual information (NMI) against a reference image. However, all studies mentioned required the
acquisition of reversedncoded EPI images. The input images used were in the majority Spin
Echo (SE) EPI, which va a direct application for distortion correction of DWI or diffusion tensor
imaging (DTI) images. However, their application to correction ofEFE fMRI images has not

been tested, and only Duong et[d46] demonstrated this unsupervised approach on an fMRI
dataset using doublkencoded GEEPI images as input. In contrast, we leveragavaighted
images, making our model applicable for distortion correction of both GE ariePSEnages

while saving acquisition time.

This studypresers GDCNet (Geometric Distortion Correction Network)technique
partly motivated by VoxelMorpfL45], for dynamic distortion correction of GEPI images. Our
method estimates a geometric distortion f@pPM) from ssePI fMRI andl';-weightedimages
and appksit for distortion correctiorof the functional data. By utilizing the readily availabte
weightedanatomical data, we avoid the needddditional sequencacquisitions, reducing scan
time and improving efficiencyA predecessor of this version of the GDCNet model is presented

in Section 6.2.
3.3.2 Methods
Network Architecture and Implementation

Let EPI,,and T,w be the two input D images witle = 2, 3. We leverage@nvolutional
neural network CNN) to map the functioiQ "YOROD 'O OO {) where—are the network
parameters. The input images are concatenated aschamoel input with dimensions 64 x 64 x

2 or 64 x 64 x 32 x 2 for 2D and 3D images, respectively.@bl is ane D image that reflects

the displacement field that registers the input images along the PE direction (first dinf2nsion
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The CNN architecture follows a-Net, consisting of an encoder and a decoder path with
skip connections between the two, as depicteignire 3.6. We apply 2D or 3D convolutions
across all layers of the CNN depending on the input dimensions with a kernel size of 3, followed
by LeakyRelLU activations. We add a stride of 2 to the convolutions of the encoding layers to
reduce the image dimensions byfhahereas, in the decoding path, we include upsampling blocks
between convolution layers to obtain an outltM of the same spatial resolution as the input
images. The outputs of the decoding and encoding layers with equal image resolution are
concatented via skip connections to reduce the effects of vanishing gradients during training and
retain highfrequency informationThis configuration allows the localization of tligstortion

regions and enables correction of the EPI images

[T,w, EPlgc] GDM

32 32 32
32

32 33 1616 1

Figure 3.6: U-Net architecture. The two inputs are concatenated before the first convolutional
layer. The number below each layer corresponds to the number of filters, and the arrows
represent skip connections and concatenation between the encoder and decoder layers . The
last layer is a single -filter convolution to output the ~ GDM along the phase encoding
dimension.

The output of the tNet and the EPI image are then fed to the unwrapping module to

generate the distortiecorrected imageEPI,.. The final objective is to minimize the cost
function betweerEPI ,. and T,w. The network parameters are updated after computing the loss;

therefore, the unwrapping module operations must be differentiable. Based GDNMhethe
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unwrapping moduleRigure 3.7) computes the voxel location shift and applies it to the distorted
image. It approximates the voxel values in the unwrapped image by linear interpolation of the
values of neighboring voxels at the original voxel position. Since EPI distortions are bilegligi
along the frequency encoding direction, the spatial transform unit only unwraps the image along

the PE direction.

/ INPUTS \ VOXEL LOCATION \ GAGE SHIFT & LINEI-\R\ / OUTPUT \

SHIFT INTERPOLATION

GDM

\ EPlgoc j
Figure 3.7: The unwrapping module applies the spatial transformation or image shift (red
arrows) provided by the input GDM to the distorted EPI image. After transformation, linear

interpolation approximates the voxel intensities in the distortion  -corrected image.

We trained the network in supervised, sempervised, and setupervised formulations.
Inputs and outputs for each of the model implementations and loss functions are depichgatin
3.8. The supervised network consists exclusively of tiédt] and its loss function minimizes the
mean squared error (MSE) voxeise difference between the estima@dM and the ground truth
VDM. The semisupervised model includes the differentiable STU and adds sugmdfvised term
to the loss function. This loss term penalizes differences in appearance between the distortion
corrected and anatomical referengemeighted images by optimizing their local crassrelation
[151]. We utilized this loss function because of its robustness to intensity variations due to the
difference in contrast between-Weighted and 7*-weighted GEEPI images. Finally, the self

supervised model substitutes the supervised MSE loss term with a smoothness constraint that
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penalizes abrupt spatial variations in the estim&@M using a diffusion regularizer on its spatial

gradientd145].

The three model configurations were trained on 2D and 3D data, rendering six models in

total. Due to the large number of models, we primarily report the results of theupelfvised

models in this work, as they achieved the best distortion correction performance and do not require

ground truth data for training. The results of the other modelsegorted in Appendix AWe

implemented our method using the Tensorflderas[81] framework and ADAM optimizef82]

with a learning rate of 10 We trained our models for 100 epochs with a batch size of 1.
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Figure 3.8: Network diagrams and loss functions for the supervised, semi -supervised, and
self-supervised implementations . Inputs and outputs are color -coded with the legend at the

top of the figure.
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Datasets
1) Retrospective

We used four publicly available OpenNeuro datasets to train and test our models. The total
number of subjects across datasets is 48, each including at least a refesgeicghied anatomical
scan, &GE-EPI restingstate fMRI session, and magnitude and phase difference images to calculate
a field map. Certain acquisition parameters, subject age ranges, and health conditions are different
for each dataset. The most relevant parameters for each datasetanarized ifable3.1. All
EPI images had an4plane base resolution of 64 x 64. Imageprecessing was performed using
the FSL toolbox and included brain extraction andegistration of T-weighted images to the
EPI data space, field map calculation, selection of teniiamees out of the EPI functional data,
and their geometric distortion correction using FUGUE. Before trainingyvelghted and EPI
images were scaled to 32 brain slices and normalized to the range [0, 1], and the VDM was
computed from the field map askguation 3. All ten subjects from ds000224 were considered
only for outof-distribution testing. We split the remaining 38 subjects by-20% for training
and indistribution testing, respectively.

Table 3.1: Demographics and acquisition parameters for the retrospective dataset.

Number Isotropic . .
Bitﬁzeei of '[A‘%er] I[\ézle/Female Condition Scanner  resolution ?H;i
Subjects y [mm]
1:ds000224 10 24-34  50/50 Healthy Siemens 4 26.48
[152] Trio
2:ds001454 24 1938 42/58 Healthy Siemens 3 47.35
[153] Skyra
3: ds002799 9 3050 44/56 Refractory Siemens 3 27.9
[154] epilepsy Trio
4: ds004101 5 4361 0/100 Emotional Siemens 3 30.64
[155] dysregulation Verio
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2) Prospective
We tested our models on a prospective dataset consisting of 2 sessions from 15 subjects

acquired in a 3 T Siemens MAGNTETOM Skyra. This data includedéighted data (TE=2.07
ms, TR=2.4 s, TI=1 s, isotropic resolution=0.8 mm), two sets eEBEacquisitions (TE=65 ms,
TR=8.6 s, FA=80°, isotropic resolution=2.1 mm) with reversed PE polarity and a resting state and
taskbased GEEPI acquisition (TE=35 m§,R=1 s, FA=60°, isotropic resolution=2.1 mm) with
at least 600 timgoints (approximately 10 minutes of acquisition time). The bandwidth along the
PE direction for the EPI acquisitions was 13.62 Hz. The total humber of 5BREEMVRI
acquisitions acrossubjects and scans were considered for correction using GDCNet. We
calculated the field map and VDM from the reversadoded data using FSL's TOPUP and used
it as a benchmark method. All images were downsampled from 108 x 108 to 64 x 64 to fit the
model'sinput dimensions prior to inference. The remaininggmacessing steps were the same as

for the retrospective datasets.

Experiments and Evaluation Metrics

We conducted a regularization analysis on thesgdervised modsto refine theweight
of the smoothnedsss term We investigated its impact atistortion correctiorperformanceby
trainingthe model for 25 epochgith variousvalues of the regularization parameter

The performance evaluation of the proposed GDCNet models involved gqualitative and
guantitative assessments using three different testing scenartbstribution (ID) testing, out
of-distribution (OOD) testing, and prospective testing. For ID testingised a subset of 20% of
the subjects from datasetsiqTable3.1). In contrast, the OOD test set included all ten subjects
from dataset 1. This experiment evaluated the generalization capability of the models on data that

differed from the training distribution. Prospective testing was carried out to assess-therlictal
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performance of the model on new, unseen data acquired prospectively and generalization to
differences in acquisition parameters.

To assess EPI distortion correction performance, we compared GDCNet unwrapped EPI
images with the corrected images obtained by the benchmark methods, namely FUGUE and
TOPUP. FUGUE was utilized when field maps were available, whereas TOPUP was used with
reversedPE data. We calculated SSIM and PSNR for quantitative analysis. Additionally, we
computed NMI to evaluate the anatomical alignment of the EPI images te-theightedimage
before and after correction with GDCNatd the benchmark methods. NMI values range from 0
(no mutual information) to 1 (complete correlation). All metrics were computedveisee
Additionally, we compared the processing speeds of GDCNet and TOPUP on the prospective
dataset. This experimentag performed on an Intel Xeon 2690 v4 CPU with one NVIDIA
Quadro M6000 24 GB GPU.

Statistical analysis to compare distortion correction performance betwe&DiGblet
modelsandthe benchmark methedncludedhe nonparametric repeatesheasures Friedman test
of NMI valuesamong the groups, followed by pdsic analysis usinGonovertest to determine
specific group differences. The null hypothesis for Bnedmantest was that there were no
significant differences in NMI among the correction methods. Subsequently, the null hypothesis
for each pahwise comparison was that there wassignificant difference in NMI between the

two groups being compate
3.3.3 Results

Regularization Analysis
We evaluated the se#upervised models using varying values of the smoothness

regularization parametenitlthe ID and OOD test sef&gure3.9 illustrates the resulting average
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Dice scores for each model, along with a representative slice for their predicted GDM and
distortioncorrected EPl images. Not imposing any constraint on the GBB) (esulted iralarge

and unrealistisignal displacemenh the corrected images. Among the remaining models, both
quantitative and qualitative analyses indicated that séttfg asthe regularization parameter
yieldedoptimal distortion correctiarHowever, the reduced smoothness of the GDM caused voxel
displacement in undistorteorain reyions occasionally leadingo undesired changes in brain
anatomy, such as a shrinkage ofsiee of the ventriclem the example irsupplementary Figure

1. We opted for a more conservative apprqaid the results presentdtere correspond to
models trained with=1. Training for 100 epochs took 4 & min, and 39 min for the 2D and 3D

selfsupervised models, respectively.
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Figure 3.9: Quantitative and qualitative results of the regularization analysis of the 2D and
3D self-supervised models evaluated on the in -distribution and out -of-distribution test sets.

For visualization purposes, we chose the display range of the GDM based on the a bsolute
OERPOUOWEDPUxOEEI OI OUwWOi wOT 1 wxUl EPEUI Ew&#, UwoOil wUT |

EPI Distortion Correction

The unwrapping of EPI images is achieved by the Sitggrated within the semi
supervised and sefupervised models or performed independently as apposéssing step
utilizing the output of the tNet in the supervised modeRepresentative slices of the unwriygp

results from the ID and OOD test sets are showRigure 3.10. Upon visual inspection, the
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unwrapped images demonstrate better alignnvatit Ti-weighted images Areas of voxel
stretching pointed out by the arrows frigure3.10, arenotably improvedy the selsupervised
models,whereasfor areas of voxel compression (rectangled-igure 3.10), the correction is
analogous to FUGUESupplementary Figur2 shows the distortion correction results from the

supervised and sersupervised models.

Uncorrected FUGUE 2D se_lf— 3D se_lf-
EPI supervised supervised

0.49

ID test set

00D test set

Figure 3.10: EPI distortion correction results for representative slices of the in  -distribution
and out-of -distribution test sets. The top -right numbers over the images are NMI values
computed with respect to the T 1-weighted images. The red contours correspond to the edges
of the T1-weighted images, overlaid over the models' results for visual reference. The colored
arrows and rectangles indicate areas of distortion, such as voxel stretching, compression, and
signal loss.

Quantitative results revead that the selsupervised models achieve unwrapped images

with improved NMI compared taincorrectedEPI images andorrections usinghe reference
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method FUGUE for both the ID and OOD test §Etgure3.11). The unwrapped images achieved
average SSIM values above 0.85 and PSNR values of approximately 25 dB compared to FUGUE
corrections.Supplementary Figur8 displays the quantitative analysis of distortion correction
results for all modelsThe corrections of the supervised maglehow modestly higher NMhan

the uncorrected images but are outperformed by FUGUE. In contrast, theugmmiised models

achieved NMI values analogous to FUGUE.
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Figure 3.11: (Top) NMI values of the EPl and T 1-weighted images before and after correction
with FUGUE and the models' correction results on the in  -distribution and out -of-distribution
tests. (Bottom): SSIM and PSNR values of the models' EPI geometric distortion correction
results on the in -distributio n and out -of -distribution test sets with respect to the benchmark
FUGUE correction

Prospective Testing

Figure 3.12 illustrates the results of the qualitative analyses on the prospective dataset.
Visual examination of the GDM predicted by tkelfsupervised modelsdicates increased
similarity to the TOPURestimated VDM thanthosederivedfrom field mapacquisitions.Both
methodsachievedsimilar distortioncorrection performance. The predicted GDMs are smaxth

lack regions of abrupt magnitude changes within the brain, such as regions of large tissue
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susceptibility differenced.OPUP correction resulted in overstretching in areas where EPI images
exhibit signal loss artifacts (yellow circle Figure3.12). The corrections of the sedupervised
models avoided such an effeBupplementary Figuré includes inference results for the other

four models.

2D self- 3D self-
supervised supervised

0:86525.2 05755234

TOPUP

Figure 3.122 GDM prediction and EPI geometric distortion correction results of representative
slices of the prospective test set. The top -left and top -right numbers over the estimated
GDMs correspond to SSIM and PSNR values computed using TOPUP estimated VDM as  the
reference image. The top-right numbers over the EPI -corrected images are NMI values
computed with respect to the T 1-weighted images. The red contours correspond to the edges
of the T1-weighted images, overlaid over the models' results for visual reference. The colored
arrow, rectangle, and circle indicate areas of voxel stretching, compression, and signal loss,

respectively .

Quantitatively, mean SSIM and PSNR values exhibited improvement for GDM prediction

on the prospective sefigure3.13) compared to the ID and OOD test sets. Regarding distortion
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correction, NMI values indicated that both salfpervised models outperformed all the other

models Supplementary Figurg) and the benchmark method for the prospective test set TOPUP.
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Figure 3.13: (Top) GDM prediction and (Bottom) EPI geometric distortion correction results
for the prospective test set. We calculated NMI between the correction methods andthe T 1-
weighted images. SSIM and PSNR metrics used the benchmark TOPUP method as reference
images.

Table 3.2 presents the runtime results of the proposed models and TOPUP for the
correction of the prospective datasaipplementary Tablkincludes the runtime results of all six
models. The benchmark method includes revePEe&EEPI acquisition, VDM estimation, and
unwrapping of the images using the resulting estimated field map. The average processing time
was 14:04 (minutes:seconds) fan EPI acquisition of 600 tiragoints using a standard
implementation of FSL running in the CPU. In contrast, all GDCNet models provided faster
processing times on the same dataset and eliminated the need for additional sequence acquisition
for GDM estimdéion. The 2D supervised model had the slowest processing speed, taking
approximately 8 minutes, while the 3D semand selsupervised models offered the fastest

processing time, completing VDM estimation and EPI distortion correction in 13 seconds.
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Table 3.2: Acquisition, computation time, and processing speed for sequence acquisition,
VDM or GDM estimation, and EPI correction.

TOPUP 2D selfsupervised 3D selfsupervised
Sequence acquisition [s] 34
VDM/GDM estimation [s] 432.53+2.13
74.27 £ 1.56 12.63 £ 0.08
EPI correction [s] 377 £6.18
Total time [minutes:seconds] 14:04 01:14 00:13

Processing times are reported as meatandard deviation of 15 fMRI datasets of 600 tpoits eachNote that for TOPUP, a
single VDM is used to correct all the time frames of the functional data. In contrast, the proposed models &3bividfiar a
each time frame

Statistical Analysis

Table3.3 presents the results of the statistical comparison ddalisupervisedsDCNet
models versus the images before and after correction using FUGUE or TOPUP baseline methods
on the three test sefShe tests with fwvalues below 0.05 are highlighted in bold, and for such
cases, we rejected the null hypothesis with 95% confid@hese pvalues were adjusted for false
discovery control using the BenjamiHochberg method. Botmodelsdemonstrated significant
improvements ttNMI compared to uncorrected daEUGUE correctionand TOPURcorrection
in all test sets.

Table 3.3: Statistical analysis of NMI between the GDCNet models, uncorrected images, and
benchmark corrections.

2D selfsupervised 3D selfsupervised
Mean diff. Sig. Mean diff. Sig.
Uncorrectedvs. GDCNet 0.02 0.0 0.014 <0.00L
ID test set
FUGUE vs. GDCNet 0.017 <0.001 0.011 <0.001
Uncorrectedvs. GDCNet 0.03 0.00 0.023 0.0
OOD test set
FUGUE vs. GDCNet 0.022 <0.001 0.015 <0.001
] Uncorrectedvs. GDCNet 0.03 0.0 0.023 0.0
Prospective test set
FUGUE vs. GDCNet 0.014 <0.001 0.007 <0.001

A p-value below 0.05 (bold) indicates that the null hypothesizoddifferences ilNMI is rejected witha 95% confidence level.
The pvalues in red indicate the models for which the mean NMI improved compared dornegtion or correction with a
benchmark method with statistical significance
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3.3.4 Discussion

In this study, we evaluated the performance of the proposed GD@diets for distortion
correction of GEEPFbased fMRI images by nedimear registration to a nedistorted anatomical
reference image. Our approach explored and compared six neural networks that estimate a GDM
from the distorted EPI andifwveightedimages in a supervised, sesupervised, and self
supervised manner, depending on the loss term minimized during training. We trained three
models slicewise or 2D and three models voluwese or 3D. Since we used the same training
data for both types ahodels,the training of the 3D models took less time, as 32 slices were
processed in a single batch. The training and testing data included EPI data of healthy and
pathological subjects acquired in midite, multtmodel 3 T Siemens systems with varying ranges
in PE bandwidthTable3.1). Our models demonstrated the ability to mitigate geometric distortion
without additional sequences, such as @iedlo GE or a pair of revers&E EPI acquisitions.
Instead, the GDCNet models leveragewkighted images, which are always included in
neuroimaging studies for structural analysis and anatomebalence77i 80]. This feature and
the contrastndependent nature of the cressrelation loss function used to train the semi and
seltsupervised models make this approach adaptable to the correction of otkesqkired
images, such as those for DWI and DTI.

VDM hotspotsindicateareas where distortions are more pronounced, such as regions near
air-tissue interfaces. When estimated from revermembded EPI or duacho GE images, pixel
distortions in the VDM are proportional to perturbations to the main magneti@tieis the sel
supervised models estimate tBBM by nontlinear registration of the input images, firediction
of these modeleeflects only regions of distortion with respect to theveightedimages and dzs

not reflect all hotspots of Berturbations. Therefore, it cannot be considered proportional to the
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Bo map asthe VDM introduced in Equation 3.Z'he predicted GDMs were more similar to
TOPURestimated VDMs compared to deedho GE field mapsSupplementary Figur®). The
increase in SSIM and PSNR may stem fribvm fact that both displacement maps were estimated
only along the PE direction. Additionally, these maps are not masked to remove background
regions as duakcho GE field maps do, improving distortion correction in cases where the EPI
images stretch outf the anatomy boundaries of theWeightedimages.

The selfsupervised models exhibit the best distortion correction performance across the
three test setmeasured by the alignment between the EPI corrected and the anatomical T
weighted imagesThese modelachieved statistically significant improvements in NMI compared
to traditional methods such as FUGUE and TOPUdble3.3). In particular, the seléupervised
modelsperform best at correcting areas of voxel stretching where the EPI voxels stretch out of the
contours of the Fweightedimages Figure 3.10), and they avoid overstretching in regions of
signal voids (circle ifFigure3.12) characteristiccUGUE andTOPUP correction. The benefit of
selfsupervised training compared to supervised or-semervised training and methods that rely
on a field map is that their performance does not depend on the accuracy of the ground truth field
map acquisition, which tn may be impacted by phase unwrappismgnal loss,poor
generalization to different acquisition parametpr alignment between both image volumes,
and other errorfl42,150,156]

Testing the models' performance on data unseen during training is essential to assess the
ability to generalize to diverse data distributions gadge their successrealworld deployment
scenarios, where data is often heterogenebhis. studyevaluated the proposed models on an
OOD retrospectivedataset ad a prospective dataset acquired with different protocol and

acquisition parametergigure3.12 andFigure 3.13 demonstrate that the salfipervised models
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achieved the best EPI distortion correction compared to the other models, with statistically
significant improvements anatomical NMI over TOPUP correctiohgble3.3). This experiment
demonstrates successful distortion correction of EPI images acquired with a very low PE
bandwidthof 13.62 Hz Although with nonstatistically significant differences for the ID test set,

the 2D models outperformed the 3D models in all cases. Our hypotheses are 1) the more extensive
data size used to train the 2D models and 2) the effect of the smoothness ¢onstraiBD sel
supervised modeSlicewise 2D models were trained using a dataset 32 times larger than the 3D
training dataet as each time point had 32 slices. Furthermore, the ground truth field maps were
estimated from 2D acquisitisrwith a gap between slices, making 2D kernels more suitable for

the VDM estimation task.

The runtime analysien the prospective datasmonstrated that all models outperform
TOPUP in terms of processing timedasavings to scan times due to the elimination of
supplemental sequences for VDM estimatibine 3D senmiand selfsupervised models exhibited
the fastest processing time, completing the correatitim an average of3 seconds for an EPI
acquisition of 600 timgooints. Despite the faster computation of 2D convolutions, the 3D models
show reduced inference time dioethe abilityto processa full time-point simultaneouslynstead
of individual slices. The 2D seffupervised model complet&DM estimation and EPI correction
of the same dataset in 1 minated 15 secondapproximatelyl4 times faster than TOPUR ble
3.2). In all cases, the GDCNet models offer the advantage of dynamic correction of the functional
series, whereas traditional methods correct it by leveraging a static VDM. Theoretically, dynamic
VDM estimation renders a more robust EPI correction due to doeed sensitivity to &temporal
changes and intraand intersequence motion. Consequently, we expected that the standard

deviation of NMI across timpoints would be smaller after correction with the 2D-salbervised
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GDCNet model compared to TOPUP. This observation holds for some prospective functional

datasetsKigure3.14), but we could not isolate these differences exclusively to motion robustness
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Figure 3.14: Volume -wise NMI distribution computed across the 600 time -points of 15
prospective functional datasets for the 2D self -supervised GDCNet model and TOPUP
corrections. In all cases, GDCNet renders higher NMI values between the EPI corrected and

the Ti-weighted reference images .

A limitation of this study is the fixed input size of 8464 for the 2D models and
64 x 64 x 32 for the 3D models. Images with different acquisition matrices require resampling
prior to inference. However, our experiment testing the models on the prospective dataset of input
size 108x108 didhat affectthe performancef the selfsupervised models. The other limitation is
the dependence on the-Weightedimages, for which acquisition anithe results ofpost
processing steps such as brakiraction and @registrdion must be carefullyevaluated and
sometimes finguned for each subjetd avoid artifacts and downstream errénsture studies will
further investigate the differences between the 2D and 3B ge#rvised models and investigate

the potential robustness of GDCNet to motion
3.4 Conclusion
In this chapterwe demonstratedff-resonance mitigation tools leveragiagalytical and

DL-based methods. OCTOPUS is an epeurce software toolbox implementing three stdte

the-art methods to correct artifacts caused lgyrlBBomogeneities and long readt trajectories.
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We demonstrated the té®bff-resonance simulation and correction capabilities in both in silico
and in vitro experiments with singtot spiral and EPI-kBpace trajectories. The code and
extensive tutorials, including installation instructiprase availableon OCTOPUSO6 Gi t
repository[157]. However, the methods implemented in OCTOPUS require a field map for off
resonance correction of the artifaxcirrupted dataGDCNet demonstrated fast EPI distortion
correction of fMRI images without acquiring additional sequencesdondp estimation. Among
the compared models, the 2D salipervised configuration resulted in the best NMI between
distortioncorrected EPI and anatomical referencew€ighted images, outperforming the
benchmark methods FUGUE and TOPUP in both correction performance aedging speed.
Our code and link to the models' weights are available oatiGtHub[158].

Future studiesvilf ocus on evaluati ng GDCN-acguisgionr ob ust

motion A more detailed description of future directions is included in Chapter 5.

75



Chapter 4: Feasibility of Geometric Distortion Correction Methods
in Highly Inhomogeneous Fields

4.1 Introduction

Magnetic resonance imaging (MRI) is a valuable diagnostic and reseaging modality
due to its excellent seftssue contrast and variety of imaging methods and applicgfib8sl60]
However, the availability of high filed MRI scanners is primarily limited to specialized radiology
departments in wealthy institutions or developed countti@s5]. The intricacy of the system and
stringent infrastructure requirements are the main factors contributing to the uneven access to MRI
worldwide, leading to high acquisition, installation, and operation a&4]. Thus, recent efforts
to improve MRI accessibility have focused davelopingnovel lowfield systems that reduce
costs and facilitate the integration of MRI in other clinical sett[6gk51]

Permanent Halbaearray ultralow-field (ULF) (<0.1 T]162 165]scanners have emerged
as complementary systems to higld MRI scanners, mainly intended for pewitcare (POC)
diagnosis. The substantial reduction in field strength compared to conventional clinical scanners
eliminates infrastructure requirements dhd need for cryogens, impacting the overall cost and
facilitating their deployment in virtually any settif65]. Imaging at lower field strengths also
reduces susceptibility artifacts and higher specific absorption rate (SAR) limits, allovars
efficient pulse sequences and imaging near metal impja66&. Nevertheless, ULF scanners
entail other hardwareelated artifacts and penaltigl61,165]that currently hinder their clinical
adoption and their diagnostic vall#67], including losgo signatto-noise ratio (SNR) and large

Bo inhomogeneity of up to thousands of pgrés-million (ppm)s.
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Figure 4.1: Typical configuration of a MRI Halbach -array magnet (reproduced from [30]) (a)
Two layers of magnets in each Halbach -array ring. (b) Halbach -array design of variable ring
diameter. (c) Constructed Halbach array.

The field of adiscrete Halbach cylindrical magnet resiutim the field combination of
arrays of permanent magn¢isgure4.1). Analogousto superconducting magnets, only infinitely
long systems can generate a perfectly uniform magnetic field within thg @} Shortening
the length and reducing the bore lentgiftdiameter ratio significantly disturbs field inhomogeneity
[30,168] Manufacturing imperfections of the individuabhgnets, typically neodymium boron iron
(NdBFe) magnets for MRI application, coupledth the large number of magnets required to
produce enough field strength for in vivo imagifigrither compromise 8homogeneity. These
factors result irhighly inhomogeneoumagnet designs, dable 4.1 shows, whichrsummarizes
the magnet specifications and lBomogeneity levels of three Halbaatray MRI systems.

Table 4.1: Magnet specifications and B o homogeneity of three Halbach -array MRI systems.

. Bo
Field # Permanent Magnet bore  Magnet bore homogeneity
strength X I h 5
[mT] magnets diameter [cm]  length [cm] @ 20 cm
DSV [ppm]

O6Rei || 3,000
[30,163] 50 mT (12 mim) 27 50.6 2,500
GuallartNaval 4,200 (12 mrd)
et al.[165] 2mT - 1'100 (64 mi) 21 53 3,100
Cooley et al. 641
[169,170] 80 mT (25.4 mnd) 35 49 13,670
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Field inhomogeneity results in rapid spin dephasing and accumulation of phase errors
[105,171] It limits the use of gradierdchebased sequences in ULF MRI due to signal loss and
results in offresonance artifacts in the images such as severe geometric distortion. Traditional
methods at higfields correct these artifacts by reversing phase errors alonegsthack trajectory
usinga map of the Bfield spatial distribution agguide[116,118,172]Since duakcho gradient
echaebased acquisitions are not feasible at dtiva field strengthd173], efforts to correct off
resonance effects in ULF MRI have focused on alternative methods to estimate the field map.
Koolstra et al[173] implemented an iterative method to compute a field map from a 3Bedbal
turbo spirecho (TSE) sequence and corrected geometric distortion using conjugate phase
reconstruction (CPR)116] and modebased reconstruction approaches. Schote eflal]
implemented a physiesonstrained deep learning (DL) model that estimates the spherical
harmonics of the phase difference between two-dolab acquisitions and reconstsuitte field
map from those coefficients. In contrast, Rodriguez gt7] leveraged reverseehcoded images
to jointly estimate the field map and correct distortion and signal errors bynean registration
of the two corrupted images. However, field map estimation from images with low SNR can lead
to errors during phase tifence calculatiofi.76] and B temporal instabilityf174,175]may limit
the application of the estimated field map to other sequences acquired in the same scanning session.

In this chapter, & present a sefupervised DL method for distortion correction of ULF
MRI images without the neddr a field map. Our method jointly estimates a distortion map from
a distorted and a reference image and corrects geometric distortion artifacts on 3D TSE data by
nonlinear registration. We build on GDCNet, a method for geometric distortion correctioh of 3

functional MRI echeplanar imaging (EP))and tailor it for distortion correction &7 mrl. A
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preliminary study on offesonance correction and image quality repeatability at low field is

included in Section 6.3.
4.2Methods

4.2.1 Approach and Model Implementation

The proposed approach leverages two input images as input, the target and the moving
images. The aim is to mitigate distortions in the moving image bylinear registration to the
target image. Our concept centers around leveraging images acquired igih acquisition
bandwidth as target image®©@ ). These images suffer from reduced SNR but exhibit less
distortion artifacts due to the shorter read duration However, the framework is not restricted
by a particular bandwidth and can utilize other images with reduced distortion as a refEnence
moving image can be acquired at lower acquisition bandwidts (), optimizing SNR(Figure
4.2).

The seltsupervised model is partially motivated by VoxelMor@#5] and uses a
convolutional neural network (CNN) to map a deformation field thatlimearly registers the two
input images. This field is then applied to unwrap of the moving image utilizing a spatial transform
unit function (STU). The CNN architectureasU-Net [144] (Figure 3.6) with skip connections
between encoder and decoder paths. Each layer performs 2D convolutions with a kernel size of 3
and are activated using the LeakyReLu function. Depending on the model configuration, the output
of the UNet is a 1D or 2D geometric distion map (GDM). This map and the distorted image
are the input to the STU, which applies spatial transforms and linear interpolation to generate the
distortion corrected imag€&igure4.2 summarizes the approach and the main components of the
model. The STU is not trainable but is differentiable, enabling gradient backpropagation to

optimizethe UNet 6 s wei ghts that minimize the | oss
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The similarity ternfl  minimizes differences between the target image and the distortion

corrected moving image while the smoothness loss férm ensures spatially smooth

variations on GDM_ is a regularization parameter that weights the smoothness loss function.
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Figure 4.2: Summary of the approach and main components of the model. The model applies
non-linear registration of a low -bandwidth image ( £ . ).to a less distorted image acquired
with a higher acquisition bandwidth ( Cp: p o mitigate distortion while maintaining the
signal -to-noise ratio. The U -Net generates a geometric distortion map that the spatial
transform unit then applies to the low -bandwidth image BW: bandwidth; TE: echo time;
Nacq: number of acquisitions, . X, Y,  z:voxel dimensions.

We initially tested the feasibility of the approach for distortion correction in ULF MRI by
experimenting with a higfield version of the method (Chapter 2) on {&eld images. This model
wasimplemented to correct EPI geometric distortion in graeemio fMRI images of 64 x 64
input size by nodinear registration to aifweighted image. It was trained for 100 epochs using
normalized local crossorrelation (NCC) as similarity loss function and p. Since EPI
distortions only manifest along the phaseoding direction, the predicted GDM of this method
is 1D. We utilized a cascade approach by concatenating two of these models to address the
distortion along the two dimensions of the ULF images.

We developed a new model with the same architecture with an input shapexdf4ditb
predict 2D GDMs and correct distortion along both directions. We trained two models on ULF

images with different acquisition bandwidths, one utilizing NCC and the other leveraging mean
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squared error (MSE) as the similarity loss term. Based on regularization analyses performed on a
test set, we setto be 0.75 for the NCC model and 0.02 for the MSE mdilelimplemented the
models using the Tensorfleiteras[81] and ADAM optimizer[82] with a learning rate of 10

and batch size of 1 and trained each of them for 100 epochs. The code for our implementation is

available in GitHulj158].
4.2.2 Datasets

In vitro

We acquired in vitro images in a 50 mT Halbachay perman@ magnet system
(Multiwave Technologies, France) using two phantoms, the ProMRI phantom (ProProject, USA)
and a Copper sulfatidled sphericalphantom.The magnet specifications are reported able
4.1(first row). We acquirethree 3D TSE sequencks each phantorwith TE=20 ms, TR=500
ms, ETL=4, FOV=232 30 x 125 mn¥, and reconstructed matrix size of 16455x 25. The
two first sequences had an acquisition bandwidth of 50 kHz and differed in TEekby B®m the
phase difference of these acquisitions, we estimated a field map and used it for distortion correction
using the CPR implantation of OCTOP{X.5]. The resulting distortion corrected images were
used for performance assessment of the proposed models. The third sequence was acquired with
25 kHz bandwidth and presented severe geometric distortions. The ProMRI phantom was
additionally scanned at higireld using a Siemens MAGNETOM Skyra 3 T system with a 2D
TSE sequence (acquisition bandwidth=56 kHz, TE=103 ms, TR=6000 ms, ETL=18, FOx/=192
192x 125, matrix size=258 256x 25). The resulting images were manuallyregistered to the
ULF images of théroMRI phantom.

We performed data augmentation on these datasets for the training of tteldawodel

by randomly applying rotation, translation, flipping, and scaling to obtain 100 3D datasets of each
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phantom.Figure4.3 shows data augmented examples of the center slice of both phantoms. We
performed volumevise intensity normalization within 0 to 1, removed slices with no signal,
masked the object to remove background noise, and eaoigped them to 144 144 prior to
training or inference. We used 80% of the data for training and 20% for testing, ensuring equal

number of datasets form each phantom on each test set.

Cylindrical n . n : |

ProMRI

Figure 4.3: Representative examples of data augmentation on the center slice of the two
phantoms used for the in vitro dataset. Data augmentation included random combinations of
rotation, translation, flipping, and scaling.

In vivo

A healthy subject volunteered for the in vivo dataBeibr to data acquisition, the subject
provided written informed consent according to the protocol approved bystiteitional review
board (IRB). We acquired a-fveighted 3D TSE sequence and.aweighted 3D TSE sequence
with FOV=220x 220x 160 mn¥ and matrix size=118 110x 16. The T-weighted sequence had
an acquisition bandwidth of 40 kHz, TE=20 ms, TR=500 ms, and ETL=4. In contrasiz-the T
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weighted sequence acquisition bandwidth was 25 kHz, with TE=22 ms, TR=3000 ms, and
ETL=16. Additionally, we acquired the same subject in a GE SIGNA Premier 3 T system using a

3D Ti-weighted sequence with acquisition parameters TE=3.1 ms, TR=7.6 ms, TI=450 ms, matrix
size=256x 256, number of slices=140. The hifibld images were manually gegistered to the

ULF in vivo images. All images were resizedto M4 44 t o fit the model s@

intensity normalized between 0 and 1.

4.2.3 Experiments and Evaluation Metrics

To assest he model sé di st ort ioo the ic vitrordatasgtweon per
calculated normalized mutual information (NMI), structural similarity index measure (SSIM), and

peaksignaton oi se rati o of t@& ancci@rencendye Additonallytwe usi n

o™~

computed the eccentricity of the phantom before and after correBeoausdhe phantoms are
known to have circular crossections, weexpect eccentricity to decrease aftelistortion
correction.For the qualitative analysis of the results, we leveraged OCTOPUS correction to
visually compare the model s ébasedonetha.cFurihermose, wi t h
we assessed the models' dality to generalize bygorrectingULF imagesusing the higHield
data adarget imageThis type of correction is beneficial for longitudinal studies, for which it is
customary to acquire a higleld dataset at the beginning of the study andield acquisitions
for follow-up scans. We repeated the qualitative analyses and calculakidfl defore and after
correction for the in vivo dataset.

We evaluated the model sd6 robustness to noi
variance to the high bandwidth images of the coppéshate phantom. The resulting five
simulated images had SNR values of 10.69, 8.91, 7.83, 6.92, and 6 Biguif@4.4 displays the

middle slice of each of these datas@& calculated SNR as the mean of the sum of the phantom
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signal in two consecutive slices divided by the standard deviation of the difference image within

the same region of intere@OI)[177]. Thecomputationwas corrected by a factor pFVic. We
tested the models using these images as reference for thmimwidth images and calculated

NMI and eccentricity of the results.

SNR = 15.60, N =133.60 SNR =10.69, N = 196.41 SNR = 8.91, N = 239.35

SNR = 7.83, N = 274.65 SNR = 6.92, N = 313.35 SNR = 6.38, N = 342.30

Figure 4.4: Center slice of the CuS0O4 phantom after the introduction of random Gaussian

noise. The top-left image corresponds to the original phantom with no added noise. N was

computed as the standard deviation of the difference image of two consecutive slices within
the phantom region.

4.3 Results

4.3.1 In Vitro Distortion Correction Performance

Figure4.5illustrates the qualitative performance of the models. The images acquired with
25 kHz bandwidth show more severe distortions than the ones acquired at 50 kHz. Visual
comparison indicates théte three models perform similarigemonstratedby the alignment of
the contours of@ with those of the correetlimages However, the cascade model images
appear blurred due to the downsampling operation to match the network input shape of 64 x 64
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and the effect of repeating the interpolation s®p. the other hand, OCTOPUS correction
performed best at recovering the circular shape of the phantom but left some outer regions
uncorrected. These errors occurred due to applying a field map calculated frebahdylidth

images to an image with lower agsjtion bandwidth showing more considerable distortions.

Cascade GDCNet GDCNet
Impign Mo GDCNet (NCC) (MSE) OCTOPUS

>

Figure 4.5: Representative examples of the inference results on the in vitro test set. Green
contours correspond to the edges [y | vyhile red contours correspond to the edges of the
respective image on the panel. The overlap of green and red contours denotes optimal
distortion correction.

Quantitative analysig Table4.2 showed the improved alignment of the Kyandwidth
images to the reference images after correction, as all NMI, SSIM and PSNR increased after the
model s6 Bodemrterniceei.ty al so decreased for the mo
MSE loss showing the most similar value t@ . The MSE model demonstrated the best
distortion correction performance, achieving the best values for all performance metrics except
SSIM. This model showed an average relative improvement of 24%, 19%, 26%, and 36% in NMI,
SSIM, PSNR, and eccentricity owlie uncorrected images. The average relative improvement for
the NCC model was 21% for NMlI, 20% for SSIM and PSNR, and 34% for eccentricity.
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Table 4.2: Quantitative analysis of the inference results on the in vitro test set.
GDCNet GDCNet GDCNet

O Oa (Cascade)  (NCC) Msg) ~ OCTOPUS
- o 0376+ 0433+ 0454+ 0466+ 0370+
: 0.067 0.062 0.061 0.062 0.054
0.679 + 0.78 + 0816+ 0806+ 0638+
SSIM 1.0 0.109 0.084 0.072 0.078 0.092
PSR - 20.823+ 23986+ 24916+ 26186+  20.851+
: 2.933 2.240 2511 2,651 2.299
Ccentricny | 0-288% 0475+ 0329 0315+ 0304+ 0389+
Y 0085 0.061 0.098 0.091 0.094 0.107
Using 3 T data as the target i mage demonstr

data distributions unseen during trainifiggure4.6 displays representative slices of the phantom
before and after correction@ . While significant improvement is observed for the correction
both GDCNet models, the slices containing finer structures such as grids are challenging to correct
due to the smoothness constraint on the GDM. The difference in performance between the two
mod el s 6 ver si oFgure4s. ThedBE ntodedfdsbreemininmzing errors between the
target in moving images, resulting in overstretching of certain phantom structures to correct areas
of signal loss in the moving image. In contrast, the model trained with NCC loss maximizes the
structual similarity between the two input images, paying less attention to local signal differences

compared to the MSE model.
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GDCNet GDCNet
(NCC) (MSE)

Figure 4.6: Representative examples of the inference results on the ProMRI phantom images
using 3 T data as target image. Green contours correspond to the edges of the high -field
images while red contours correspond to the edges of the respective image on the panel. The

overlap of green and red contours denotes optimal distortion correction.

4.3.2 Robustness to Noise

Testing the robustness of the models to images with decreasing levels of SNR resulted in a scant
reduction in the performance metrics NMI and eccentriditigyre 4.7). Quantitative results
demonstrated decreasing performance with decreasing SNR on the reference images.
Nevertheless, all corrections significantly improved NMI and the phantom eccentricity compared
to no correction’©a ). Consistent with previous qualitative and quantitative results, the MSE
model demonstrated slightly better metrics compared to the NCC model for all slices. Furthermore,
the model trained with MSE as similarity loss resulted more robust to noise afehende

between the curves Figure4.7 aresmaller.
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Figure 4.7: Distortion correction quantitative results after inference on a test set including
L 09 | iages of varying signal -to-noise ratio (SNR).

4.3.3 Generalization to In Vivo Distortion Correction

Inference on the in vivo dataset resulted in moderate distortion correction of the low
bandwidth imagesFigure 4.8 shows representative brain slices and corresponding corrected
imagesDue to the difference in ETL (4 f60& , 16 for'Oa ), the distortion in both images
is very similar. The overlap of the contours of both types of imag€&sgure 4.8 validates the
similarity. Nevertheless, the models attempted to maximize the similarity of the corrected and the
reference images by stretching and contracting the brain on specific regions (blue arrow and yellow
arrows inFigure4.8, respectively). The MSE loss function resulted in additional deformations in
the corrected images. This effect may result from the contrast difference of the input images or the
stretching of the objectds edgenghetngitrordataszet mi z e

Conversely, the models trained using NCC as the similarity loss function favored structural
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similarity between the corrected and reference images, favoring the alignment of inner structures

such as the brainds ventricles.

Cascade GDCNet GDCNet
GDCNet (NCC) (MSE)

Imm'gh Imlow

Figure 4.8: Representative examples of the inference results on the in vivo test set. In this
dataset, the input images had different acquisition bandwidth and contrast. Green contours
correspond to the edges of the target images, while red contours correspond to the edges of
the respective image on the panel. Yellow and blue arrows point to regions of compression

and stretching due to distortion correction, respectively.
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Distortion correction of the lovbandwidth images improved using 3 T data as reference
images.Figure 4.9 depicts the outputs for the same brain slices dagare 4.8. Both models
successfully corrected areas of voxel stretching (yellow arrows), but only the MSE model
corrected areas of compression (blue arrows) in the uncorrected images. However, improving the
overall shape of the brain resultednmodestdistortions in the inner brain structures, such as the
ventricles specifiallyfor the MSE model corrections.

I n contrast, the cascade GDCNet model 6s r e:
was trained on higfield brain images of different contrast and acquisition bandwidths. However,
distortion correction is less perceptible, and the model introdoicedness in the output images
due to the | ower resolution and the repetitioc
resulted in the best improvement to NMI in both testing scenaraisli€ 4.3), followed by the
low-field model trained with the MSE loss term.

Table 4.3: Normalized mutual information (NMI) values of the images before and after
correction with the three models using low -field images acquired with higher acquisition
bandwidth and high -field 3 T data as reference.

Cascade

Uncorrected GDCNet GDCNet (NCC) GDCNet (MSE)
IMhigh 0.256+ 0.015 0.306+ 0.012 0.274+ 0.013 0.276+ 0.013
3T 0.215+ 0.005 0.248+ 0.003 0.231+ 0.003 0.243+ 0.006

4.4Discussion

This work demonstrates the feasibility of a smipervised DL approach for the distortion
correction of lowbandwidth in vitro and in vivo images 47 mT. Low-bandwidth images
manifest severe geometric distortion duentoweasedusceptibity to Bo inhomogeneities, which
are particularly large in ULF Halbagrray systems. By nelmear registration to a less distorted

reference image such as an image acquired with higher acquisition bandwidth of a high field image,
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we demonstrated mitigation of geometric distortion artifacts while maintaining the SNR benefit of

low bandwidth acquisitions.

Figure 4.9: Representative examples of the inference results on the in vivo test set using 3 T
data as target input images. Green contours correspond to the edges of the target images,
while red contours correspond to the edges of the respective image on the panel. Yellow and
blue arrows point to regions of compression and stretching due to distortion correction,

respectively.
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