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Abstract

Inverse problems in computational imaging seek to recover an unknown image of in-
terest from observed measurements acquired using a known forward model. These
inverse problems are often ill-conditioned, requiring some form of regularization. The
corresponding objective function for inverse problems in computational imaging can
often be solved using iterative optimization approaches that alternate between two
sub-problems that enforce data consistency and promote the regularization approach,
respectively. Such inverse problems arise in a multitude of imaging modalities, in par-
ticular in magnetic resonance imaging (MRI), which is the main application area for
this thesis. Lengthy scan times remain a challenge in MRI, thus accelerating MRI
scans has remained an open research problem over decades. Conventional accelerated
MRI techniques acceleration rate is limited by noise amplification and residual artifacts.
Recently, deep learning has emerged as an alternative approach for accelerated MRI.
Among deep learning techniques, physics-guided deep learning (PG-DL) has drawn
great interest, as it incorporates the known physical forward model into the network
architecture. PG-DL unrolls a conventional iterative algorithm for solving a regularized
least squares problem for a fixed number of iterations, and replaces the proximal oper-
ation corresponding to the regularizer implicitly with neural networks. These unrolled
networks are trained end-to-end, with the goal of minimizing the difference between the
network output and the corresponding reference data. Most of the existing deep learn-
ing approaches in MRI reconstruction are based on supervised learning, which requires
ground-truth/ fully-sampled data for training. However, acquisition of fully-sampled
data is infeasible in many applications due to physiological constraints, such as organ
motion, or physical constraints, such as signal decay. In several other scenarios, such
as high-resolution anatomical brain imaging, it is impractical to acquire fully-sampled
datasets as the scan time becomes extremely lengthy. Therefore, enabling the training
of PG-DL reconstruction without fully-sampled data is essential for the integration of

deep learning reconstruction into clinical MRI practice.



The present thesis introduces novel frameworks to enable the training of deep learn-
ing reconstruction methods for inverse imaging problems in the absence of ground-
truth/fully-sampled data. First, we introduce self-supervised learning via data under-
sampling (SSDU) approach to enable database training without fully-sampled data.
Succinctly, SSDU partitions available measurements into two disjoint sets. One of these
sets is used in the data consistency units of the unrolled network, while the other is
used to define the loss in the measurement domain. Subsequently, we extend SSDU for
processing 3D datasets and provide solutions for GPU memory constraints and data
scarcity issues faced in 3D processing. To cope with potential performance degrada-
tion at very high acceleration rates, we develop a multi-mask self-supervised learning
approach, which retrospectively splits available measurements into multiple 2-tuples of
disjoint sets to perform training and define a loss function. Furthermore, we introduce a
zero-shot self-supervised learning approach to enable training from a single scan/sample
without any external training databases. ZS-SSL partitions the available measurements
from a single scan into three disjoint sets. Two of these sets are used to enforce data
consistency and define loss during training for self-supervision, while the last set serves
to self-validate, establishing an early stopping criterion. Finally, we introduce a self-
supervised learning algorithm for referenceless image denoising. Self-supervised deep
learning algorithms split the pixels for each image into two disjoint sets to perform
training and defining loss. In existent self-supervised denoising approaches which are
purely data-driven, the set of pixels used as input to the network is not re-utilized in the
end-to-end training since the network is only comprised of a neural network. Reusing
the pixels within the network would promote consistency with acquired measurements,
thus leading to a more robust and improved denoising performance. To tackle this
challenge, we build upon existent self-supervised learning algorithms and recast the
denoising problem into a regularized image inpainting framework which allows use of

algorithm unrolling for denoising.
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a) Acquired measurements for the single scan are partitioned into three

sets: a training (0©) and loss mask (A) for self-supervision, and a self-

validation mask for automated early stopping (I'). b) The parameters, 6,
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in the data consistency (DC) units of the unrolled network and for defin-

ing loss, respectively. c¢) Concurrently, a k-space validation procedure is

used to establish the stopping criterion by using Q\I' in the DC units

and I' to measure a validation loss. d) Once the network training has

been stopped due to an increasing trend in the k-space validation loss

the final reconstruction is performed using the relevant learned network

parameters and all the acquired measurements in the DC unit.| . . . . .
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Reconstruction results for the generalization performance of supervised

training across different image matrix sizes. The networks are trained in

by taking actual k-space, the central 5 of the k-space (i.e. reducing the

resolution by 2-fold), and the central 7 of the k-space (i.e. reducing the

resolution by 4-fold). All trained networks are then applied on actual size

data to test generalization. The generalization performance of CNNs on

actual image size degrades as training image size get smaller, with 1/4

k-space performing the worst.| . . . . . . .. .. ... ... L.
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Reconstruction results for supervised training with image domain and

k-space losses. When using image domain loss, the reconstruction sufters

from residual artifacts (red arrows), whereas using k-space loss suppresses

these artifacts. Difference images also show that the supervised training

with k-space loss has tewer residual artifacts. Across the dataset, the two

approaches perform quantitatively similar. The median and interquar-

tile range for SSIM values across test dataset were 0.967 [0.955, 0.978],

0.966 [0.956, 0.0977|, and for NMSE values were 0.001 [0.001, 0.002],

0.001 [0.001, 0.002] for supervised with image domain and k-space losses,

respectively. | . . . . . L oL
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osub-sampling masks used in the brain MRI study. Prospective subsam-

pling was equispaced with R = 2 in ky and 32 ACS lines. Subsampling
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keeping the center 32x32 ACS region in the k, — k, plane.|. . . . . . ..
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Reconstruction results from self-supervised training with uniform random

selection and variable-density Gaussian selection of A for p € {0.1,0.2,0.4}.

Gaussian random selection consistently outperforms the uniform random

selection at all p values in terms of reconstruction quality and suppression

of residual artifacts, which is also highlighted in the difference images.

For p € {0.1,0.2} both uniform and Gaussian random selection show vis-

ible residual artifacts, marked by red arrows, with former showing more

residual artifacts. For p = 0.4, uniform random selection still sufters

from visible residual artifacts, whereas Gaussian selection further sup-

press those artifacts and achieves artitact free reconstruction. Difterence

images further confirms the observations.| . . . ... ... ... ... ..
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a) Training loss for supervised and self-supervised training approaches.

In both cases, the loss decreases over epochs. Self-supervised approach

achieves a lower loss value, as the loss is only measured on A, whereas

the supervised loss is measured on the fully-sampled k-space. b) For both

supervised and self-supervised training, the outputs of the networks is

evaluated on the fully-sampled k-space loss, for every 10th epoch. Using

a similar metric, the two approaches show similar trends over epochs

with the supervised training achieving a slightly lower loss than the selt-

supervised approach. | . . . . . .. ..o o Lo oo

A6

Representative reconstructed test slices from fastMRI sagittal PD, sagit-

tal T9 and axial T9 knee sequences for retrospective equispaced under-

sampling R = 4. In all three sequences, CG-SENSE and TGV sufter

from visible residual artitacts, marked by red arrows. Both proposed selt-

supervised and fully-supervised DL-MRI approaches successtully remove

these residual artifacts, while showing similar quantitative and qualita-

tive performance. Note the former does not require any fully-sampled

data for training unlike the latter supervised approach. | . . . . . . . ..
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Reconstruction results for CG-SENSE and proposed selt-supervised ap-

proach for brain MRI. CG-SENSE suffers from significant noise ampli-

fication at high acceleration rates. Proposed selt-supervised approach

achieves high-quality reconstruction at high acceleration rates, and achieves

a lower noise amplification at rate 8 compared to CG-SENSE at acquisi-

tion acceleration rate 2. 1. . . . . . . . ...

A8

Average reader scores for all knee sequences for the proposed selt-supervised

training, supervised training with image domain loss and CG-SENSE.

Both supervised and selt-supervised DL-MRI approaches get comparable

scores to the reference image in terms of SNR, blurring, aliasing artifacts

and overall image quality. There was no statistical difterence between ret-

erence and DL-MRI approaches in terms of SNR and blurring in the knee

sequences in general, except for blurring between reference and DL-MRI

approaches in coronal PD-F5. In terms of aliasing artifacts and overall

image quality, there were no statistical difference between reference and

the two DL-MRI approaches for coronal PD, coronal PD-F'S and sagittal

PD sequences. However, for sagittal Ty sequence, supervised DL-MRI

was ranked statistically worse than the reference, while for axial Ty, it

was ranked lower than both the reference and self-supervised DL-MRI.

Thus, in general, both DL-MRI approaches pertormed well, but the self-

supervised approach was slightly more favored by the reader, who was

blinded to the reconstruction method. CG-SENSE was significantly out-

performed by both DL-MRI approaches, while showing statistically sig-

nificant differences to the reterence and both DIL-MRI approaches for all

knee sequences, except in blurring for coronal PD and PD-FS sequences.

Finally, we also note that the supervised training with k-space loss (Fig-

ure 10) outperforms supervised training with image domain loss in terms

of reader scores for axial T'5, coronal PD-F'S and sagittal Ty sequences.|.

xxiv

127



IA.9 Reconstructed images from an 8-fold accelerated snapshot cardiac MRI

data with 1.3x1.3 mm? in-plane resolution, acquired using a transient

bSSEP sequence. These type of acquisitions are commonly used in cardiac

parametric mapping, where the 1mage data for one contrast weighting

need to be acquired within the diastolic quiescence of one heartbeat. A

fully-sampled acquisition at this higher resolution would take >700 ms,

which 1s impossible to fit in the diastolic quiescence of a single heart-beat.

Training data was acquired on 14 subjects, and testing was performed on

a different subject, using the approach described in the manuscript. The

proposed self-supervised approach achieves high-quality reconstruction

outperforming CG-SENSE, which sufters from residual artifacts and high

DOISE. | . v v v v o o e e e
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alent to training the network with an equispaced undersampling pattern

of R = 8 (24 ACS lines) with 21440 k-space points. The results show

that supervised training at R = 4 with p = 0.4 is visibly similar with

supervised and proposed self-supervised training at R = 4, and outper-

forms supervised training at R = 8. These results are visibly highlighted

in difference images, which show supervised training at R = 8 suffering

from residual artitfacts, while other approaches show similar performance.

(Quantitative metrics on test dataset aligns with these qualitative assess-

ments. The median and interquartile range for SSIM across test dataset
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supervised at R = &, respectively. | . . . . .. ... ... ...
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|A.15 Reconstruction results from SSDU, and multi-mask SSDU with unitorm
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p = 0.4. Multi-mask SSDU with Gaussian random selection fails to re-

move the artifacts apparent in SSDU, whereas multi-mask SSDU with

uniformly random selection significantly suppresses these artitacts. Dif-

ference images show that multi-mask SSDU with uniformly random se-

lection shows tewer residual artifacts compared to its multi-mask Gaus-

sian counterpart. The median and interquartile range of SSIM values
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p € {0.1,0.2,0.3,0.4,0.5,0.6}. SSDU reconstructions suffers from resid-

ual artifacts for low p values of 0.1, 0.2 and 0.3. The best reconstruc-

tion quality i1s achieved at p = 0.4. Residual artifacts start to reappear

after p = 0.5, becoming more pronounced as p increases. [The quan-

titative assessment from hold-out validation set align with these qual-
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|
|
|
|
|
itative assessments. The median and interquartile range of SSIM val- |
|
|
|
|
|
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Chapter 1

Introduction

Inverse problems in computational imaging aim to recover an unknown image of inter-
est from acquired measurements. These measurements are acquired based on a known
forward imaging model characterizing the domain knowledge. Recovering the unknown
image from the acquired data is often an ill-posed problem, requiring additional regu-
larization. Such regularized objective functions for inverse imaging problems can often
be solved using iterative optimization approaches that alternate between data consis-
tency and regularization sub-problems. These inverse problems arise in a multitude of
imaging modalities, such as magnetic resonance imaging (MRI), computed tomography,
microscopy. The main application area for this thesis is MRI, but developed frameworks
are applicable to a broad range of imaging modalities.

MRI is a non-invasive, radiation-free medical imaging modality that provides excel-
lent soft tissue contrast for diagnostic purposes. However, the data acquisition process
in MRI is inherently slow, as imaging in MRI is a sequential process that requires re-
peating data acquisition to image a volume. These lengthy acquisition times remain a
main limitation in MRI and an open research problem, often requiring trade-offs be-
tween scan time, resolution and signal-to-noise ratio. However, improved resolutions
are highly desirable to better delineate small structures not visible with current tech-
nology. Higher resolutions can be achieved by acquiring more data, which may lead
to prohibitively long scan times or may be physically impossible in some cases such as
signal decay or organ motion. Hence, accelerating MRI acquisitions has been a main

motivation for numerous studies over the decades [1-10].
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In clinical MRI systems, multi-coil receivers are used during data acquisition. Ac-
quired MRI data is in Fourier domain, which is also known as k-space. In presence
of fully-sampled k-space data, the desired image of interest for clinical evaluations is
obtained by applying inverse Fourier transform, followed by coil combination. Acceler-
ating MRI process requires performing data acquisition in a sub-sampled manner, often
below the Nyquist rate. A direct image reconstruction approach using inverse Fourier
transform on such sub-sampled data leads to aliasing artifacts in the reconstructed im-
age. Therefore, accelerated MRI techniques use redundancies in the acquisition system
or the images to remove the resulting aliasing artifacts during reconstruction. The im-
age reconstruction from sub-sampled measurements is often an ill-posed problem, hence
regularizers that induce prior information is utilized during reconstruction. Possible
choices for the regularizer include total variation [11-13], ¢;-norm of wavelet coeffi-
cients [4l/14,/15], sparsity in adaptive transform domains [6l/16], and more recently neural
networks (7,9, 17.|18].

Parallel imaging (PI) is the most clinically used method for accelerated MRI, and
exploits the redundancies between these coils for reconstruction. PI uses linear methods
to recover the image from the undersampled measurements. The clinical implementation
of PI relies on a so-called uniform undersampling pattern, where acquired k-space lines
are equispaced. This leads to coherent foldover artifacts in the aliased images, but also
allows a non-iterative unaliasing solution in the image domain [1]. We note that the
problem can also be solved in k-space via interpolation [2,13]. PI typically suffers from
noise amplification at high acceleration rates [1,2].

Compressed sensing (CS) is another conventional accelerated MRI technique that
exploits the compressibility of images in sparsifying transform domains [4-6}/14,19,20],
and is commonly used in combination with PI. In CS reconstruction, a sparsity-inducing
regularizer is used. A popular choice is the #; norm of transform-domain coefficients, in
a fixed linear sparsifying domain, such as wavelets [4]. CS-based approaches utilize ran-
dom undersampling patterns to generate incoherent aliasing artifacts. One of the main
limitations of CS approaches is blurring and residual artifacts seen at high acceleration
rates [21].

Recently, deep learning (DL), which has shown great performance in various fields
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such as computer vision and medical imaging, has recently emerged as an alternative ap-
proach for high-quality accelerated MRI. DL-based MRI reconstruction algorithms can
be roughly divided into two categories, purely data-driven and physics-guided [18,22]. In
purely data-driven approaches, a mapping between the undersampled k-space/aliased
image to full k-space/artifact-free image is learned using neural networks [8},23/-26].
Hence, neural networks aims to learn the whole inverse problem solution without the
forward operator, which models the physical process underlying the problem. This leads
to very fast runtime for data-driven approaches, but it may face issues with general-
izability especially when forward operator varies among test samples. Moreover, these
approaches often require very large datasets, that can be challenging to acquire in many
applications, to learn the underlying representation without overfitting [22].

In the physics-guided deep learning (PG-DL) methods, the forward encoding op-
erator modeling the physical process of the problem is taken into account to solve an
inverse problem based on a regularized least squares objective function [7,9,/17,27-32|.
These techniques are based on the algorithm unrolling concept, which unrolls a con-
ventional iterative reconstruction algorithm that alternates between data consistency
and regularizer units for a fixed number of iterations. The regularizer units in the un-
rolled networks pare implicitly implemented with neural networks. The parameters of
the unrolled network can be different |7,29] or shared [9,/31] across the unrolled itera-
tions. The unrolled networks are then trained end-to-end with a loss function that aims
to minimize a reconstruction error with respect to an available reference [1§]. Incor-
porating the forward operator for solving the inverse problem leads to a more robust
network architecture and reasonably sized datasets suffice for achieving a good quality
reconstruction [22].

The end-to-end training of physics-guided methods are typically performed in a
supervised manner by using fully-sampled data as a reference. While supervised PG-DL
provides state-of-the-art reconstruction results, it is infeasible to acquire fully-sampled
datasets in many applications. One such impediment relates to imaging moving organs,
such as in real-time MRI, where data acquisition needs to be performed in a short
period of time [33]. In some other applications such as diffusion MRI with echo-planar
imaging, the signal decays quickly hindering the acquisition of the fully sampled data

[34]. In several other scenarios such as whole-heart coronary MRI or high-resolution
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anatomical brain imaging, it is impractical to acquire fully-sampled datasets, as the
scan time becomes extremely lengthy. In the absence of fully-sampled data, supervised
deep learning approaches become inoperative. Hence, it is highly desirable to be able to
train the state-of-the-art physics-guided deep learning reconstruction methods without
fully-sampled data. In this thesis, we introduce novel methods detailed below to tackle
such challenges.

In Chapter 2] we introduce a self-supervised learning approach that enables training
of physics-guided neural networks without fully-sampled reference data [10,35]. Our
self-supervised learning approach, which is called Self-Supervised Learning via Data
Undersamping (SSDU) splits the acquired k-space measurements for each scan into two
disjoint sets. One of these sets is used during training to enforce data consistency within
the network according to the MRI physics acquisition model, while the other set is used
to define a k-space loss function to measure the reconstruction quality of the model.
Thus, SSDU enables end-to-end training and evaluation of the network using only the
acquired measurements. The extensive experiments on knee and brain datasets show
that SSDU achieves state-of-the-art performance.

An extension of the SSDU for enabling training of 3D datasets is introduced in
Chapter [3| [36]. In particular, we apply SSDU to late gadolinium enhancement (LGE)
cardiac MRI (CMR) datasets. LGE is the clinical gold standard for identification of
myocardial scar and fibrosis. The 3D LGE CMR imaging offers improved SNR, and spa-
tial resolution compared to 2D as 3D processing enables the capturing interdimensional
interactions |37]. However, training of 3D large datasets is challenging due to several
factors including the absence of fully-sampled datasets, lack of samples and GPU mem-
ory constraints. In order to enable the training in absence of fully-sampled data, we
extend the self-supervised learning study introduced in Chapter [2| to 3D setting, using
the same two-way splitting strategy to perform training and defining the loss. Fitting
large volume of 3D datasets is challenging due to limitations in GPU memories. To
tackle these challenges, we partition the large volumes for each subjects into smaller 3D
sub-volumes. Moreover, the partitioning of a large volume into sub-volumes lead to an
augmented dataset, which also helps to overcome the lack of datasets.

While SSDU enables training networks without fully-sampled data, its performance

starts to degrade at very high acceleration rates due to scarcity of acquired data. Hence,
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a more efficient usage of acquired undersampled data is essential for enhanced recon-
struction quality at such high acceleration rates. In Chapter [4 we introduce a multi-
mask SSDU technique to enhance reconstruction quality of self-supervised learning ap-
proaches, especially at high acceleration rates [38,39]. Multi-mask SSDU retrospectively
splits available measurements into multiple 2-tuples of disjoint sets for each training
sample, while using one of these sets for DC units and the other for defining loss. Thus,
the multi-masking approach enables augmentation of the training dataset. Experiments
on knee and brain datasets show that multi-mask SSDU provides enhanced and artifact
free reconstruction quality.

SSDU and its extensions enable database training without fully-sampled data. How-
ever, they still require a database for training in order to learn the large number of
parameters for the neural network. However, in some MRI applications involving time-
varying physiological processes, dynamic information such as time courses of signal
changes, contrast-related uptake or breathing patterns may differ substantially between
subjects, making it difficult to generate high-quality databases of sufficient size for
the aforementioned strategies. Furthermore, database training in general brings along
concerns about generalization [40,/41]. Particularly, for MRI reconstruction, this may
translate to training and test dataset mismatches on image contrast, sampling pat-
tern, SNR, vendor, and anatomy. For instance, the fastMRI transfer track challenge
shows that the performance of pretrained models degrades due to distribution shift or
changes in acquisition parameters at inference time [42]. Moreover, bias due to datasets
lacking examples of rare and/or subtle pathologies increases the risk of generalization
failure |40,41]. Such challenges necessitate a new methodology to enable subject-specific
DL MRI reconstruction without external training datasets, since it is clinically impera-
tive to provide high-quality reconstructions that can be used to identify lesions/disease
for every individual. In Chapter we introduce a zero-shot self-supervised learning (ZS-
SSL) approach to perform subject-specific accelerated DL MRI reconstruction to tackle
these issues [43,/44]. The ZS-SSL partitions the available measurements from a single
scan into three disjoint sets. Two of these sets are used to enforce data consistency and
define loss during training for self-supervision, while the last set serves to self-validate,
establishing an early stopping criterion. In the presence of models pre-trained on a

database with different image characteristics, ZS-SSL can be combined with transfer
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learning for faster convergence time and reduced computational complexity. Experi-
mental results show that ZS-SSL methods perform similarly to database-trained learn-
ing methods despite being trained on a single sample. Moreover, ZS-SSL tackles the
robustness and generalizability issues associated with database training such as domain
shift and difference of acquisition parameters that can occur at inference time.

Finally, we show the utility of self-supervised physics-guided deep learning for ref-
erenceless image denoising. Deep learning based image denoising methods have been
recently popular due to their improved performance [45-51]. Traditionally, these meth-
ods are trained in a supervised manner, requiring a set of noisy input and clean target
image pairs [45,/52]. More recently, self-supervised approaches have been proposed to
learn denoising from only noisy images [48}/50,/53]. These methods assume that noise
across pixels is statistically independent, and the underlying image pixels show spatial
correlations across neighborhoods. These methods rely on a masking approach that
divides the image pixels into two disjoint sets, where one is used as input to the net-
work while the other is used to define the loss. However, these previous self-supervised
approaches rely on a purely data-driven regularization neural network without explic-
itly taking the masking model into account. Thus, the pixels used for training are not
re-utilized in the end-to-end training since the network is only comprised of a neural net-
work. Reusing of the pixels within the network may promote consistency with acquired
measurements, thus leading to a more robust and improved denoising performance. In
Chapter [6] building on these self-supervised approaches, we introduce Noise2Inpaint
(N2I), a training approach that recasts the denoising problem into a regularized image
inpainting framework [54]. We use algorithm unrolling to unroll an iterative optimiza-
tion for solving this objective function and train the unrolled network end-to-end. The
training paradigm follows the masking approach from previous works, splitting the pix-
els into two disjoint sets. Importantly, one of these is now used to impose data fidelity
in the unrolled network, while the other still defines the loss. We demonstrate that N2I
performs successful denoising on real-world datasets, while better preserving details

compared to its purely data-driven self-supervised counterparts.



Chapter 2

Self-Supervised Learning of
Physics-Guided Reconstruction

Neural Networks without Fully
Sampled Reference Data

2.1 Introduction

Data acquisition in MRI is inherently slow, necessitating the use of accelerated imaging
techniques. In these approaches, data is acquired at sub-Nyquist rates, and recon-
structed using additional information. Parallel imaging exploits the redundancies be-
tween receiver coils and is the most clinically used approach [1H3]. Compressed sensing
is another method that utilizes the compressibility of images based on linear sparsifying
transforms for a regularized reconstruction [4-6,14,/19,20], which can also be syner-
gistically combined with multi-coil acquisitions |11,55,56]. At high acceleration rates,
parallel imaging suffers from noise amplification [57-59|, while compressed sensing may
lead to residual artifacts [60,/61]. Furthermore, compressed sensing reconstruction is
computationally lengthy in nature and typically requires empirical fine-tuning of regu-

larization parameters, although recent approaches using rapid self-tuning show promise

This chapter is based on [10}35|.



for principled parameter selection [62,63].

Recently, deep learning (DL) has gained interest for high-quality accelerated MRI.
DL based MRI reconstruction algorithms can be roughly divided into two categories,
purely data-driven and physics-guided [18,22]. In purely data-driven approaches, a
mapping between the undersampled k-space/aliased image to full k-space/artifact-free
image is learned [8}23-26]. In the so-called physics-guided methods, the knowledge of
the forward encoding operator, which contains the undersampling pattern and typically
the coil sensitivities, is taken into account to solve an inverse problem based on a
regularized least squares objective function [7,/9,|17,27-32]. Some other works have
directly worked with multi-coil data without explicitly including the coil sensitivities
[64,65]. These techniques unroll an iterative reconstruction algorithm for solving this
objective method for a fixed number of iterations. The unrolled network alternates
between data consistency and regularization, where the regularization is implemented
implicitly using a neural network. Subsequently, these unrolled networks are trained
end-to-end with a loss function that characterizes similarity with a reference image
obtained from fully-sampled data [18]. The parameters of the network can be different
across the unrolled iterations [7,[29] or shared across them [9,31].

The aforementioned physics-guided methods have been trained in a supervised man-
ner, where fully-sampled data is used as a reference during the training. However, in
many practical imaging scenarios, it is infeasible to acquire fully-sampled datasets. For
instance, when imaging moving organs, such as the heart, there is often a short period
of time during which the data needs to be acquired. Example acquisitions include real-
time imaging, myocardial perfusion, and numerous contrast-enhanced scans [33}/66,,67].
Another hindrance for fully-sampled acquisitions in some applications include the sig-
nal decay. This is pronounced in acquisitions, such as diffusion MRI with echo-planar
imaging, where the signal decays quickly with T3, thus prohibiting use of fully-sampled
acquisitions especially at high resolutions [34,/68|. In several other scenarios such as
whole-heart coronary MRI or high-resolution anatomical brain imaging, it is impracti-
cal to acquire fully-sampled datasets as the scan time becomes extremely lengthy.

Furthermore, accelerated imaging methods are often used to improve acquisition
resolution. When higher acceleration rates are achievable, these are not solely used for

image time reduction, but rather a trade-off is made with improved resolution [20,56,/69)|.
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However, this newer resolution may necessitate re-training of the DL reconstruction,
since neural networks do not necessarily generalize across different resolutions, as de-
picted in Supporting Information Figure Thus, if fully-sampled data is required
for training at higher resolutions, this may lead to excessive scan times, even for anatom-
ical imaging protocols, making it difficult to make protocol changes to fully utilize the
benefits of accelerated imaging.

In this Chapter, we sought to develop a new self-supervised learning approach to
train physics-guided DL-MRI reconstruction without fully-sampled reference data. The
proposed self-supervised approach which we term as Self-Supervision via Data Under-
sampling (SSDU) splits the acquired k-space indices into two disjoint sets. One of these
is used in the data consistency unit for the network, while the other set is used to define
the loss function in k-space. Hence, end-to-end training and evaluation of the network is
done through only the acquired measurements without making any other assumptions
about image output or characteristics. We apply the proposed self-supervised training
without fully-sampled data, on the fastMRI knee datasets and prospectively undersam-
pled high-resolution brain MRI datasets. These are compared to parallel imaging, com-
pressed sensing and a supervised training of a DL-MRI network when fully-sampled ref-
erence data is available. Our results indicate that the proposed self-supervised method
performs similarly to the supervised approach trained on fully-sampled data, although

it is trained only on undersampled data.

2.2 Theory

2.2.1 Physics-Guided Neural Networks for MRI Reconstruction

Let x denote the image to be recovered and yq represent acquired k-space measurements

with undersampling pattern ). The forward model for the acquisition is given as
yo = Eox +n, (2.1)

where Eq : CM1*M2 _ CP is the encoding operator including a partial Fourier matrix
sampling the locations specified by €, and n € C* is measurement noise. The forward
model presented in Eq. (2.1 is usually ill-conditioned due to sub-Nyquist sampling

and hence regularizers that induce prior information is incorporated into the objective
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Figure 2.1:  a) Depiction of a conventional iterative optimization algorithm for solv-
ing regularized inverse reconstruction problems. These algorithms alternate between
regularization (R) and data consistency (DC). b) For neural networks, this iterative al-
gorithm is unrolled for T steps, leading to a feed-forward structure alternating between
R and DC units, where R is implemented by means of a neural network. c¢) The ResNet
architecture used as regularizer (R) in this study consists of 15 residual blocks (RB),

each of which contains two convolution layers with the first one followed by a ReLLU and
the second one followed by a constant multiplication layer.

function for the reconstruction. Possible choices for the regularizer include total vari-
ation |11H13], ¢1-norm of wavelet coefficients ,, sparsity in adaptive transform
domains [6/[16], and more recently neural networks [7,9,/17,[18]. The image recovery is

then formulated as an optimization problem
arg min [lyq — Box|} + R(x). (2.2)

where first term enforces data consistency with acquired measurements, while R(-) is a
regularization term. The optimization problem in Eq. [6.8] can be solved in numerous
ways, including proximal gradient descent, variable splitting with quadratic penalty,
alternating direction method of multipliers among others ,. In this study, we
will consider the variable splitting with quadratic penalty approach , for implemen-
tation, which has also been used in previous physics-guided DL-MRI approaches ﬂ§|,

In this method, data consistency and regularization are decoupled as

argmin [y — Bax§ + i - 2/ + R(2). (2.3
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where z is the auxiliary variable that is initially constrained to be equal to x, and

1 is the parameter for the quadratic penalty for relaxing this intermediate constrained
problem to an unconstrained one. The optimization problem in Eq. is then solved

iteratively by alternating the minimization over the variables x and z as follows

2071 = arg min p|x"Y — 2|2 + R(2) (2.4a)

x(0) = arg m}in lya — EnXH% + pf[x — Z(iil)Hg (2.4b)

where x(© is the initial image obtained from zero-filled under-sampled k-space data, x(*)
is the network output at iteration i and z(® is an intermediate variable. In compressed
sensing methods, these problems are solved in an iterative manner by alternating be-
tween the regularizer and data consistency units until a stopping criterion met as shown
in Figure [2.1].

In physics-guided DL-MRI approaches, this iterative algorithm is unrolled for a fixed
number of iterations, as depicted in Figure[2.1]b. The regularization sub-problem in Eq.
(6.12a)) is implicitly solved using a neural network. The data consistency sub-problem
in Eq. has a closed form solution

where I is the identity matrix and (-) is the conjugate transpose operator. Eq. (6.12b))
can be solved using gradient descent or conjugate gradient, which itself is unrolled for

a number of iterations [9).

2.2.2 Supervised Training with Fully-Sampled Reference Datasets

Supervised learning performs end-to-end training using ground truth images as the
reference labels for the training loss function [7,23]. Ground truth images are obtained
through SENSE-1 coil combination [1], which is the sum across the coil dimension
of the product of the conjugate of the coil sensitivity maps with the corresponding
coil images [29,130]. Suppose xief that is the ground truth image for subject i, and
f(y&, EL; ) denotes the output of the unrolled network that is parametrized by 6 for
subsampled k-space data yéz, and corresponding encoding matrix Eﬁ of the same subject

i. The supervised training of a physics-guided DL-MRI method can be performed by
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minimizing the image domain loss

1 N
NZ refv yQ? 1’0»7 (2'6)

where N is the number of fully-sampled training data in the database, and L(, -) denotes
the loss between the ground truth and network output image [7,19,[29]. Alternatively,

supervised training may be evaluated in k-space as
L N
HEHNZ‘C(Y;LQE E;‘ullf(yaa 2970))7 (27)
i=1

where yref is the fully-sampled reference k-space and E of is the fully-sampled encoding
operator that transforms network output to k-space across coils. Example loss functions

include ¢;—norm, ¢,— norm, mixed norm and perception based loss [25]30,(72(-74].

2.2.3 Proposed Self-supervised Training without Fully-Sampled Ref-

erence Data

As discussed previously, acquiring fully sampled data is often difficult or impossible
in many scenarios, due to constraints such as organ motion, signal decay or lengthy
scan times. Such cases pose an important challenge for the practicality of DL-MRI
reconstruction methods that rely on supervised training, since ground truth data is not
available for training. To tackle this problem, we propose a self-supervised approach
illustrated in Figure where the acquired sub-sampled data indices, €2 from each

scan is divided into two sets © and A as

Q=0OUA. (2.8)

The set of k-space locations specified by © are used within the network during training
in the data consistency units, while the set of k-space points in A are used to define the
loss function. Thus, to enable training without using fully-sampled data, the following

loss function is minimized

N
min - 3 £(vh B (/b Ebi0))) (29)
=1
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In other words, the unrolled network output image f(y4,Ej;6) which only uses the
indices specified by © for data consistency is transformed to k-space using the encoding
operator, Eﬁx specified by the k-space indices in A. Then the loss is calculated in k-space
with respect to the acquired k-space data at these locations. In the proposed SSDU
approach, © was chosen as Q\A.Thus, in our self-supervised training methodology, the
unrolled network only sees the acquired k-space data at locations © = Q\A to enforce
data consistency. The quality of the final reconstruction, i.e. the network output image,
is then checked by mapping to the individual coil k-spaces via E%, and checking the
discrepancy to these acquired measurements at these remaining locations A. Thus, the
network is trained to decrease the discrepancy between the network output transformed
to all the coil k-spaces and the acquired measurements that it does not see within its
unrolled data consistency units. After the network is trained with our proposed self-
supervised approach, the reconstruction for unseen test data is performed by using all
available measurements at locations (2.

Our proposed self-supervised approach share similarities with the widely used con-
cept of cross-validation. In machine learning, cross-validation is commonly used to
evaluate how accurately a model will perform with robustness to bias and over-fitting
issues. Cross-validation is performed by partitioning available data into two sets, one
of which is used to train the model and the other for validation, i.e. check whether the
trained model generalizes to unseen data. The key difference between our approach and
cross-validation is that we perform partitioning per each slice in the dataset, whereas in
cross-validation the whole dataset is partitioned only once. The key hyper-parameter
for success of cross-validation is the number of folds, which should be well-designed [75].
Similarly, in our proposed self-supervised approach, subset selection mechanisms for A

and © are critical, which are thoroughly studied in the next section.

2.3 Methods

2.3.1 Network and Training Details

The network for solving sub-problems (6.12a}) and ((6.12b]) was unrolled for 10 iterations.

The data consistency in the unrolled network was implemented with conjugate gradient

method for solving Eq. which itself was unrolled for 10 iterations. The neural
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network for solving the sub-problem was implemented using a convolutional
neural network (CNN) based on a ResNet structure, which has shown success in other
regression problems [76]. This CNN, shown in Figure [2.1f, consisted of a layer of
input and output convolution layers, and 15 residual blocks (RB) with skip connections
that facilitate information flow during network training. Each RB comprised of two
convolutional layers in which the first layer is followed by a rectified linear unit (ReL.U)
and second layer is followed by a constant multiplication layer, with factor C' = 0.1 |76].
All layers had a kernel size of 3x3 and 64 channels. This ResNet CNN had a total of
592,129 trainable parameters, which were shared across the unrolled iterations. Coil
sensitivity maps were generated from the 24x24 center of k-space using ESPIRIT (56)
using a kernel size of 6x6, as well as thresholds of 0.02 and 0.95 for calibration-matrix
and eigenvalue decomposition.

A normalized ¢1 - {5 loss, defined as

P RO e
M Tl Tl

(2.10)

was used for both the supervised and the proposed self-supervised training. In the su-
pervised setting, u and v correspond to the reference ground-truth image/fully-sampled
k-space and network output image/network output k-space obtained by transforming
network output images to k-space by applying a fully-sampled encoding operator, while
for the proposed self-supervised training these correspond to the acquired k-space mea-
surements at locations specified by A and the k-space corresponding to the network
output image at the same locations. For supervised training, k-space loss was used
throughout the study as it outperforms the image domain loss used in our prelimi-
nary results [35] (Supporting Information Figure , while also matching our self-
supervised framework. Prior to processing, maximum absolute value of the k-space
datasets was normalized to 1 in all cases. The networks were trained using the Adam
optimizer with a learning rate of 10™3 unless specified otherwise, by minimizing the
corresponding loss function with a batch size of 1 over 100 epochs. All training was
performed using Tensorflow in Python, and processed on a workstation with an Intel
E5-2640V3 CPU (2.6GHz and 256 GB memory), and an NVIDIA Tesla V100 GPU with
32 GB memory.
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2.3.2 Choice of the Loss Mask

The proposed SSDU approach divides the acquired sub-sampled data into two disjoint
sets © and A. Furthermore, in our implementation, A is allowed to vary for each
different slice in the training database, i.e. they can be indexed as {A;}Y,. The
subset A is retrospectively selected from the acquired k-space points, €2 in order to
define the loss function. Hence, unlike the data acquisition process for sampling k-
space locations €2, which is affected by concerns about contrast changes or eddy current
artifacts [6], selection of A is not limited by any physical constraints. This is because A
is selected after data acquisition and amounts to the selection of an index set from all
possible acquired k-space locations. Thus, distribution and size of A were the two hyper-
parameters that were studied. For the distribution of A, a uniformly random selection
among elements of 2, as well as a variable density selection based on Gaussian random
weighting were investigated. For its size, the ratio p = A/Q was varied among 0.05, 0.1,
0.2, ...,0.8, 0.9, where |.| is the cardinality of the index set. A 5-fold cross-validation
was also performed on training data for quantitative assessment of the distribution of
A, as well as a subset of p values among 0.1, 0.2, 0.3, 0.4, 0.5, 0.6.

Additionally, the impact of the overlap between © and A on the reconstruction
performance was also studied. The first scenario considered was the limiting case when
Q) = © = A. Subsequently, we created three different partial overlap scenarios for the
best performing p value as: 1) The first case, referred to as disjoint sets, in which there
is no overlap between © and A (as originally proposed); 2) The second case, referred to
as 50% overlap, where we included 50% of points from A in © as well. More formally,
i.e. [ANO]|/|A| = 0.5; 3) Lastly, we have the 100% overlap case where all points in A is
included in © as well (in this case 2 = ©, but A is a subset of Q).

2.3.3 Fully-Sampled Knee MRI

Knee datasets were obtained from the New York University (NYU) fastMRI initiative
database, which was curated with an approval from the NYU School of Medicine In-
stitutional Review Board [77]. Fully sampled raw data were acquired on a clinical 3T
system (Magnetom Skyra, Siemens, Erlangen, Germany) with a 15-channel knee coil

using 2D turbo spin-echo sequences. The imaging parameters used for the knee data
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acquisitions are provided in the Supporting Information Table
The fully-sampled raw data were under-sampled retrospectively for both training
and testing using equispaced sampling patterns provided in the fastMRI database with
an acceleration rate (R) = 4 [7,40,/77]. The center of k-space was fully-sampled with
24 lines of auto-calibrated signal (ACS). The training set consisted of 300 slices from
15 subjects for coronal PD, coronal PDFS, and 10 subjects for sagittal PD, sagittal
Ty, axial Ty. Testing was performed on all slices from 10 different subjects for all
knee sequences. Ground truth images for supervised training were generated with a
SENSE-1 combination of the fully-sampled data [29}30]. The proposed self-supervised
approach was compared with supervised DL-MRI trained on fully-sampled dataset and
conjugate gradient SENSE (CG-SENSE) [78]. Additionally, comparison to a multi-coil
compressed sensing reconstruction incorporating coil sensitivities with total generalized
variation (TGV) as regularizer [12] was carried out for illustration purposes. However,
TGV was not performed on all test datasets since it is computationally expensive, and
a comparison between supervised DL-MRI and TGV was already performed in [7]. For
TGV, the MATLAB implementation provided by authors was utilized [12]. We note that
TGV and CG-SENSE approaches are shown only for comparison purposes with more
traditional methods, and are not considered as competitive baseline images, consistent

with previously reported results in the literature [7].

2.3.4 Prospectively Accelerated Brain MRI

Brain imaging was performed on 19 healthy subjects at a 3T Siemens Magnetom Prisma
(Siemens Healthcare, Erlangen, Germany) system using a 32-channel receiver head coil-
array. The imaging protocols were approved by the local institutional review board,
and written informed consent was obtained from all participants before each examina-
tion for this HIPA A-compliant study. Data acquisition was performed using a standard
Siemens 3D-MPRAGE sequence with the following parameters: FOV = 224 x 224 x
157 mm?3, resolution = 0.7 x 0.7 x 0.7 mm?, TR/TE = 2400 ms/2.2 ms, inversion time
= 1000 ms, flip angle = 8°, band-width = 210 Hz/pixel, 3D matrix size = 320x320x 224,
prospective acceleration R = 2 (equispaced in k), ACS lines = 32, acquisition orienta-

tion = sagittal. The k-space data was inverse Fourier transformed along the read-out
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(foot-head) direction, and these axial slices were processed individually. The prospec-
tively undersampled brain datasets were further retrospectively undersampled to R = 4,
6, 8 using a sheared equispaced k, — k, undersampling pattern [79], with a 32x32 ACS
region in the k, — k. plane. Sampling masks are provided in Supporting Information
Figure We note that while in principle prospectively sub-sampled data can be ac-
quired at all these different rates, we chose to utilize further retrospective sub-sampling
of prospectively accelerated data since our focus is on the reconstruction quality and
this approach avoids confounding factors between different scans, such as subject motion
or variations from T1 recovery. We also note that when the self-supervised approach
was used at one of these higher acceleration rates, it only had access to the k-space
data corresponding to that acceleration rate, both during training and testing. The
learning rate for training was set to 5 x 104, The training set consisted of 300 slices
from 10 subjects, formed by taking the central 30 slices from each subject. Testing was
performed on all slices from 9 different subjects.
The proposed self-supervised DL-MRI results were compared to CG-SENSE method.
We note that a comparison to supervised DL-MRI was not possible in this setting, since

there was no fully-sampled ground truth data.

2.3.5 Image Evaluation

Experimental results were quantitatively evaluated using normalized mean square error
(NMSE) and structural similarity index (SSIM). Additionally, qualitative assessment
of the image quality was performed by an experienced radiologist. For knee MRI, the
proposed self-supervised DL-MRI approach was compared to ground truth fully-sampled
images, supervised DL-MRI trained on fully-sampled data and CG-SENSE at the same
acceleration R = 4. As noted earlier, TGV was not included in the comparison due to its
computational complexity and availability of a previous study comparing supervised DL-
MRI and TGV [7]. For brain MRI, proposed self-supervised DL- MRI reconstructions at
acceleration R = 4, 6 and 8 were compared with CG-SENSE approach at the acquisition
acceleration R = 2. The reader was blinded to the reconstruction method, except for the
knowledge of the reference image in knee MRI datasets. The order in which the methods
were shown was also randomized. There were differences between the sequences used

for the fastMRI database and our institutional sequences, thus this knowledge allowed
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the radiologist to assess the baseline image quality. All five knee MRI weightings and
brain dataset were evaluated on a 4-point ordinal scale, adopted from [7] for blurring
(1: no blurring, 2: mild blurring, 3: moderate blurring, 4: severe blurring), SNR (1:
excellent, 2: good, 3: fair, 4: poor), aliasing artifacts(1: none, 2:mild, 3: moderate, 4:
severe) and overall image quality (1: excellent, 2: good, 3: fair, 4: poor). Wilcoxon

signed-rank test was used to evaluate the scores with a significance level of P < 0.05.

2.4 Results

2.4.1 Choice of the Loss Mask

Figure depicts the self-supervised network training using varying subsets across
slices by uniformly random and variable-density Gaussian selection of A C €2 for p = 0.1.
Uniformly random selection of A suffers from visible residual artifacts, marked by red
arrows. These artifacts are further suppressed in the Gaussian-based approach and dif-
ference images align with these observations. The quantitative assessment from 5-fold
cross-validation are consistent with these qualitative assessments. The median and in-
terquartile range of SSIM values were 0.9380 [0.9197, 0.9527], 0.9457 [0.9293, 0.9575],
and NMSE values were 0.0021 [0.0016, 0.0027], 0.0019 [0.0015, 0.0023] using uniform
random selection and Gaussian selection, respectively. Supporting Information Figure
[A.4] shows additional reconstructions for uniform random and Gaussian selection for
different p values, which further highlights that Gaussian selection consistently out-
performs uniform random selection across different p values. Thus, a variable-density
Gaussian selection was used for A for the remainder of the study.

Figure shows the impact of network training with varying p € {0.05,0.1,0.2, ...
,0.8,0.9} using variable-density Gaussian selection. Red arrows show visible residual
artifacts for low p values of 0.05, 0.1, 0.2. As cardinality of A increases towards p = 0.4,
residual artifacts decrease. At p = 0.4, visible artifacts seen at lower p values are
further suppressed. Residual artifacts start to reappear starting from p = 0.5, and
these artifacts become more pronounced as p increases. The quantitative assessment
from 5-fold cross-validation aligns with these qualitative assessments. The median and
interquartile range of SSIM values were 0.9457 [0.9293, 0.9575], 0.9477 [0.9323, 0.9591],
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0.9488 [0.9328, 0.9603], 0.9507 [0.9352, 0.9614], 0.9450 [0.9297, 0.9569], 0.9391 [0.9225,
0.9524], and NMSE values were 0.0019 [0.0015, 0.0023], 0.0018 [0.0013, 0.0023], 0.0018
[0.0014, 0.0022], 0.0017 [0.0013, 0.0021], 0.0020 [0.0015, 0.0024], 0.0022 [0.0016, 0.0028]
using Gaussian selection for p € {0.1,0.2,0.3,0.4,0.5,0.6}, respectively. Hence, p = 0.4
was used for the remainder of the study.
Figure shows the impact of different degrees of overlap between A and © for
p = |A|/|2] = 0.4, as well as the limiting case that uses all available data for both
data consistency and loss (i.e. € = © = A). For the limiting case with Q@ = © = A,
the reconstruction results suffer from residual noise amplification. On the other hand,
when A and © were disjoint as proposed, such noise amplifications are significantly
suppressed. Quantitative SSIM and NMSE evaluation of these methods over the dataset
are presented in Supporting Information Table indicating that for different rates
of overlap between A and © with p = 0.4, the performance degrades as the amount of

overlap increases. Thus disjoint sets were used for the remainder of the study.

2.4.2 Knee MRI

Figure demonstrates the reconstruction results of coronal PD images using CG-
SENSE, TGV, supervised DL-MRI and proposed self-supervised DL-MRI approach
along with the ground truth reference, as well as difference images with respect to
this reference. CG-SENSE and TGV suffer from visible residual artifacts, marked by
red arrows, with the latter having fewer artifacts. The proposed self-supervised and su-
pervised DL-MRI approaches successfully remove the residual artifacts, while achieving
similar qualitative and quantitative performance. Quantitative metrics and difference
images displayed in the figure are in agreement with these observations. Supporting
Information Figure shows the training loss curves for both approaches where loss
decreases over epochs in a similar trend.

The same trends were observed for coronal PD-FS as depicted in Figure Both
proposed and supervised DL-MRI approaches show similar performance, while improv-
ing the suppression of residual artifacts that are visible in CG-SENSE and TGV meth-
ods. Quantitative evaluation and the residual artifacts apparent in the difference images
also highlight these observations. Supporting Information Figure show reconstruc-
tion results for axial T, sagittal Ty and sagittal-PD weighted knee dataset which align
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with observation from coronal weighted knee datasets.

Figure shows a box-plot displaying the median and interquartile range (25-
75" percentile) of the quantitative metrics, SSIM and NMSE, across all test datasets for
each knee sequence. In all sequences, supervised and self-supervised DL-MRI approaches
achieve similar quantitative performance for both SSIM and NMSE, while significantly
outperforming the CG-SENSE approach. We note again that TGV was not included
in these comparisons, as it is computationally expensive, and a comparison between
supervised DL-MRI and TGV was already performed in [7].

2.4.3 Prospectively Accelerated Brain MRI

Figure depicts a sagittal slice of the 3D MPRAGE dataset at acquisition acceler-
ation R = 2 and further retrospective acceleration R = 4, 6 and 8 reconstructed with
CG-SENSE, as well as R = 4, 6 and 8 reconstructed with the proposed self-supervised
DL-MRI on a representative test subject, following reformatting to the original ac-
quisition (sagittal) plane. CG-SENSE suffers from significant noise amplification at
higher acceleration rates. Self-supervised DL-MRI successfully performs reconstruction
at these higher acceleration rates, while achieving lower noise level and similar overall
image quality with CG-SENSE at R = 2. Results from another subject are depicted in
Supporting Information Figure and shows similar trends. TGV was not applied
due to the high computational runtime across all axial slices, and supervised DL-MRI

cannot be applied in this setting due to the lack of fully-sampled references.

2.4.4 Image Evaluation Scores

Figure [2.10| summarizes the results of the reader study for knee and brain datasets.
For knee datasets, both supervised and self-supervised DL-MRI approaches get com-
parable scores to the reference image in terms of SNR, blurring, aliasing artifacts and
overall image quality. There was no statistical difference between reference and DL-
MRI approaches in terms of the evaluation criterions for all knee sequences, except for
blurring between reference and DL-MRI approaches in coronal PD-FS. CG-SENSE was
significantly outperformed by both DL-MRI approaches, while showing statistically sig-

nificant differences to the reference and both DL-MRI approaches for all knee sequences,
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except in blurring for coronal PD and PD-FS sequences. More comprehensive bar plots
of the average scores including CG-SENSE and supervised training with image domain
loss as in Eq. are presented in Supporting Information Figure |A.8

For the 3D MPRAGE dataset, DL-MRI reconstructions trained using the proposed
self-supervised approach at acceleration rates 4, 6 and 8 show similar statistical prop-
erties in terms of SNR and blurring with CG-SENSE at acquisition R = 2. However,
in terms of aliasing artifacts and overall image quality, proposed self-supervised ap-
proach at all three acceleration rates (R = 4, 6 and 8) outperform CG-SENSE at R
= 2. In terms of aliasing artifacts, proposed self-supervised approach for rates 4 and
6 show similar statistical behavior with each other, while significantly improving upon
self-supervised DL-MRI at R = 8 and CG-SENSE at R = 2, which perform statistically
similar among themselves. Proposed self-supervised approach at R = 4 shows the best
overall image quality and shows statistically significant differences with self-supervision
at R = 6, 8 and CG-SENSE at R = 2. As expected, the overall image quality decreases
with higher acceleration rates using the proposed self-supervised DL-MRI approach,
although these techniques still outperform CG-SENSE at R = 2.

2.5 Discussion

In this study, we developed a framework for self-supervised training of physics based
DL-MRI reconstruction without fully sampled data. The proposed approach split the
acquired under-sampled k-space indices into two disjoint sets © and A, where the former
was used across the unrolled network to enforce data consistency, while the latter was
used to define the loss function for the training. The results on retrospectively under-
sampled knee datasets showed that our SSDU approach achieves comparable results
with a supervised DL-MRI approach using the same neural network architecture, while
outperforming conventional CG-SENSE and TGV approaches. Results on prospectively
under-sampled brain datasets, for which supervised learning methods cannot be applied
due to unavailability of fully-sampled data, further confirmed the effectiveness of the
proposed self-supervised training approach for DL-MRI reconstruction. These recon-
structions at higher acceleration rates of 4, 6 and 8, visually outperformed CG-SENSE
at R = 2 according to the reader study. We note that CG-SENSE was implemented
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without regularization, and its performance may be improved using Tikhonov regular-
ization with the regularization parameter selected over a training set [7].

Most DL-MRI approaches use supervised learning for network training in order to
provide improved accelerated MRI reconstruction [9,(17}/18.27},30.[31,40]. However, ac-
quiring fully-sampled data is challenging in many practical scenarios of interest. These
may be due to constraints on timing, physiological constraints, signal decay or long scan
times [33134.,66-68]. As an example, the fully-sampled acquisition for the 3D MPRAGE
sequence with the resolution used in this study would be more than 15 minutes [34],
which is impractical for large studies and may lead to patient discomfort. Furthermore,
such long scan times increase susceptibility to motion artifacts, which would be more
pronounced at these high resolutions. To further highlight the need for training data, we
have also performed experiments on prospectively sub-sampled snapshot cardiac MRI,
where it is infeasible to collect the ground truth data. Results from these experiments
are shown in Supporting Information Figure showing the applicability of our
method in this setting as well. Thus, being able to train DL-MRI reconstruction meth-
ods without fully-sampled data is imperative to broaden their application to settings
in which such data is challenging to acquire, where supervised training are no longer
practical. Furthermore, this may also facilitate the integration of DL-MRI methods to
many clinical scans that readily include a form of accelerated imaging, most commonly
in the form of parallel imaging, by enabling the use of prospectively undersampled raw
k-space data for training.

Given the importance of training without fully sampled data, there have been sev-
eral works which have tried to tackle this issue. For purely data-driven de-aliasing of
single-coil data using image domain to image domain mapping without the encoding
operator, a self-supervised approach has been proposed [80] using a mixture of mea-
surement and k-space losses. Unlike our approach, it uses all available data for training
and loss, i.e. identical sets. As a result, the reconstructions suffer from visible noise
amplifications which also align with our observation about usage of identical sets in Fig-
ure An alternative approach, which assumes the same data is acquired with two
separate acquisitions using different undersampling patterns was also proposed [81,82]
extending on the Noise2Noise denoising framework [83]. In the same image-domain re-

construction setting, a self-supervised learning scheme using cycleGANs with optimal
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transport cost minimization was proposed [84], although initial results exhibit blurring
artifacts. Although purely data-driven image domain methods have been used for DL-
MRI reconstruction, physics-guided DL-MRI techniques are more desirable as they offer
a degree of interpretability by incorporating domain knowledge on the MRI encoding
mechanism [7,/9,/18,22,29]. In this physics-guided setting, earlier work used the output
of a regularized CG-SENSE algorithm based on compressed sensing as the reference
for supervised training , showing that such training may outperform the compressed
sensing output, as some images are over-regularized while others are under-regularized.
However, this approach assumes that the compressed sensing algorithm output will be
a reliable estimate of the image without residual aliasing artifacts, and thus is limited
by sampling strategies and acquisition acceleration rates, as high acceleration rates or
equispaced sampling may lead to degradation in the compressed sensing results. More
recently, an unpaired learning approach using Wasserstein GANs was proposed [85],
but this procedure still assumes the presence of high-quality images albeit not requir-
ing pairwise matching with undersampled data. Another approach uses the so-called
unsupervised basis pursuit [86], where the unrolled network consists of regularizer units
followed by several consecutive DC units. This approach uses the current output of the
DC unit as the training label, and iteratively updates both network parameters and this
training label, in a method reminiscent of semi-supervised training. This method was
investigated with random undersampling patterns, where intermediate outputs tend to
suffer from noise amplification but without significant residual artifacts. In this setting,
this approach was able to reduce noise further, even though noise amplification was
observed when compared to supervised training [86]. However, this method was not
investigated for equispaced undersampling, as is the focus of this study, where interme-
diate DC outputs are both noisy and likely to have residual aliasing artifacts. Thus,
the utility of this method in equispaced undersampling is unclear and warrants further
investigation. In contrast, our SSDU approach uses physics-guided DL-MRI reconstruc-
tion, while not making any explicit assumptions about the final output in image space.
In particular, we do not enforce the output of our network to align with a generative
model or consider intermediate estimates as reference output for training. The training
in SSDU only considers the acquired k-space data to evaluate the reconstruction quality,

in effect using a physics-guided self-supervision approach. Furthermore, SSDU works
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for both equispaced undersampling patterns, as is the focus of the study, and random
undersampling patterns (results not shown). Note the former was considered to be more
challenging for physics-guided DL-MRI reconstruction in previous studies, as networks
trained with equispaced sampling were shown to generalize well to random sampling,
but not the vice versa [7,[87].

Our training method is also reminiscent of the broader and fundamental concept of
cross-validation in machine learning and statistics [88]. When testing generalizability,
the training database is partitioned into two sets of complementary datasets, one which
is used for training the model (often called training set), and the other used to assess the
performance in unseen data (often called validation/testing set). In our approach, we do
a similar partitioning of the acquired data to two sets we denoted © and A. The main
difference to typical cross-validation is that our partitioning is done for each subject in
the training set from the database. But the intuition for partitioning within the network
is similar, as the unrolled network only sees © for data consistency during training, while
A is only used to establish the network loss. Indeed, as our experiments in Figure
show that when © and A are taken to be the same as {2, such training leads to poor
image quality with insufficient removal of aliasing artifacts and noise amplification, as
the DC unit operating on the full 2, inherently matches well with the acquired data at
these locations.

Selection of the loss mask, A plays an important role in the performance of the pro-
posed self-supervised training. One major design advantage is that since it only exists
in post-processing, it can be chosen freely among all the acquired measurements retro-
spectively, without physical constraints that are imposed during acquisition. Thus even
though 40% of the acquired indices in 2 were included in A, this is not the equivalent
to training with an ~8-fold accelerated acquisition, especially for the 2D setting, since
the points in A do not need to constitute fully-sampled readout encoding lines along
k.. This point is further illustrated in Supporting Information Figure in the
context of supervised training. This advantage is not as clear in the training for the 3D
brain dataset in this study, since the data had to be inverse Fourier transformed along
the foot-head readout direction and axial slices had to be processed due to memory
issues in the GPUs. In this case, the sheared equispaced k, — k. undersampling pattern

readily do not include any lines, thus the selection of A, may affect the DC units more
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substantially than in the 2D knee MRI experiments. Accordingly, the self-supervised
approach is expected to show more gains and better reconstruction quality at higher
acceleration rates for 3D imaging if 3D neural networks can be used. Thus memory-
efficient 3D neural network designs [89] may warrant further investigation, although it
is beyond the scope of the current study.

The data reduction arising from data splitting between © and A poses more chal-
lenges for training and reconstruction at higher acceleration rates, even for 2D acqui-
sitions. This was further investigated to check how the performance of self-supervised
and supervised training would change at higher acceleration rates when all the train-
ing parameters and datasets are the same as described earlier. The results shown in
Supporting Information Figure indicate that both training methods perform sim-
ilarly at R = 4 and 6 for knee MRI. However, at R = 8, where the supervised training
is able to suppress artifacts albeit at the cost of blurring artifacts, the self-supervised
approach starts suffering from additional residual aliasing artifacts. Thus, at higher ac-
celeration rates, where reconstructions from the supervised training can operate without
aliasing artifacts but with quality degradation, the self-supervised approach faces addi-
tional challenges including residual aliasing, due to the scarcity of data, especially after
the splitting to two sets. The problem of data scarcity has been addressed by several
important transfer learning methods when using supervised training with fully-sampled
datasets [90,91]. These approaches pre-train neural networks on fully-sampled large
datasets and then fine-tune them on smaller datasets of interest. In such cases, if the
smaller dataset of interest is additionally not fully-sampled, then the proposed self-
supervised approach may be combined synergistically with transfer learning to tackle
this challenging issue of both data scarcity and not having fully-sampled data, though
this was beyond the scope of this study. We also note that there are differences between
the weights of the networks from supervised and self-supervised training approaches.
However, a quantitative difference, such as NMSE, between learned weights of these
two training approaches does not directly translate to reconstruction performance, as
shown by our results. Nonetheless, it is noteworthy that two different trained networks
with differences among their weights have similar reconstruction performance during the
testing stage, further alluding to the complexity of the parameter space for the neural

network.
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All experiments in this study were based on Cartesian acquisitions. The pro-
posed self-supervised approach can be extended to non-Cartesian acquisitions. In non-
Cartesian acquisitions such as radial or spiral acquisitions, one can choose the subsets
for training and loss mask from the acquired radial spokes and spirals, similar to Carte-
sian acquisitions used in this study, since this amounts to selecting a subset of individual
k-space points on the spokes or spirals. We also note that for non-Cartesian acquisi-
tions, the encoding operator also contains the gridding/de-gridding operation to account
for non-uniform Fourier transforms. These extensions were not investigated, as it was
beyond the scope of the current work.

In this study, we compared uniformly random selection with a variable-density ap-
proach based on Gaussian weighting for selecting A. In our experiments, the latter
selection was favored as it statistically outperformed and visibly improved upon the for-
mer. A self-supervised mask selection during the network training may further remove
these hyper-parameters and potentially lead to further improvements in reconstruction.
However, this is a difficult problem, which warrants further investigation, beyond the
scope of the current study. Using different distributions for selecting a number of dis-
tinct © and A pairs per subject may further improve performance, but currently these
distributions would need to be empirically chosen. Due to the ad-hoc nature of such a
process and the wide range of available distributions, this was not explored in detail,
but this idea also warrants more investigation in the context of self-supervised mask se-
lection in future works. We also investigated the reconstruction performance using the
same sets, © and A, across all training slices versus letting these vary across slices as ©;
and A;, as proposed. Although one can choose these sets to be same for all slices, such
an approach bears the risk of a sub-optimal loss mask being used for all slices. Hence,
having different sets for each slice in the dataset may provide additional robustness.
Supporting Information Figure shows that having different loss and training sets
for each slice shows slight improvement over using the same sets across all the training
dataset. Finally, a heuristic choice was made to keep 4x4 central k-space lines in the
O set, as the DC units did not work well without these high-energy components. In
our experience, use of larger (8 x8 or 16x16) or smaller (2x2) regions deteriorated the
overall performance.

The same residual network structure for regularizer and unrolled conjugate gradient
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for data consistency units were used throughout the study. However, our approach
is not restricted to these network and DC unit choices. Alternative approaches, such
as a DenseNet, U-Net or variational neural network as a regularizer CNN [7,/92,|93],
or gradient descent for the DC unit are also possible |7,31]. However, these were not
explored, since such network optimization was not the focus of our study. Instead we
fixed one architecture, and used this for both supervised and self-supervised training. In
this study, we also shared the regularizer CNN parameters across the unrolled network,
similar to [9,31], in order to enable training with a smaller training dataset. However, it
is possible to use different parameters for each unrolled regularizer unit, as in [7,29], at
the cost of a higher number of trainable parameters. A comparison between supervised
training with shared and non-shared parameters in the unrolled network is provided in
Supporting Information Figure The results indicate that the two approaches
perform similarly in terms of qualitative and quantitative assessments.

Selection of proper loss functions also play a vital role for network training. The
loloss is a frequently used metric in DL-MRI with promising results (20,28), but it is
sensitive to outliers. On the other hand, ¢ loss is more robust to outliers. Hence, we
used a normalized £1-¢5 loss to take advantage of the superior properties of each loss
while minimizing their disadvantages |73]. Other choices of losses such as discriminative
losses have also been popular for supervised training of DL-MRI methods [31,94]. There
have also been works to incorporate the conventional loss functions such as £;or finto
adversarial losses [25,/95,96]. To the best of our knowledge, there are no works that
use an adversarial loss in k-space, but such an extension may benefit the reconstruction

quality when using the proposed self-supervision approach.
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Figure 2.2: The self-supervised learning scheme to train physics-guided deep learn-
ing without fully-sampled data. The acquired sub-sampled k-space measurements, €2,
are split into two disjoint sets, © and A. The first set of indices, ©, is used in the
data consistency unit of the unrolled network, while the latter set, A is used to define
the loss function for training. During training, the output of the network is trans-
formed to k-space, and the available subset of measurements at A are compared with
the corresponding reconstructed k-space values. Based on this training loss, the network
parameters are subsequently updated.
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Figure 2.3: a) Acquired sub-sampling pattern, 2; b) Example uniform random and
c¢) variable-density Gaussian random selection for subset A (allowed to differ for each
slice in the training dataset) that is used to define the training loss; d) Ground-truth
reference data; e) and f) Self-supervised DL-MRI reconstruction and corresponding
difference images with loss masks A as in b) and c), respectively. Red arrows mark
residual artifacts in uniform random selection. These artifacts are further suppressed
in the Gaussian random selection, which is used for the remainder of the study.
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Ground Truth Zero-Filled p=0.05 p=0.1

Reconstructed
Images

Figure 2.4: A representative test slice depicting the reconstruction results for different
ratios of p = A/€2. A is used only for defining loss function, while ® = Q\A is only used
within data consistency units. Red arrows mark visible residual artifacts for p < 0.3
and p > 0.5. These artifacts are suppressed at p = 0.4, which is used for the remainder
of the study.
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Figure 2.5: Reconstruction results for different degrees of overlap between A and O,
ie. |JANOJ/|A|, for p = A/ = 0.4, as well as the limiting case that uses all available
data for both data consistency and loss (i.e. 2 = © = A). For the limiting case with
Q) = © = A, the reconstruction suffers from noise amplification, which is significantly
suppressed for the proposed disjoint A and ©. The performance of the self-supervised
approach degrades as the amount of overlap increases.
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Figure 2.6: A representative test slice from fastMRI coronal PD knee MRI dataset
depicting the reconstruction results for proposed self-supervised DL-MRI, supervised
DL-MRI, CG-SENSE and TGV approaches for retrospective equispaced undersampling
R = 4. Zoomed views and error images show the residual artifacts observed in CG-
SENSE and TGV approaches. Both self-supervised and supervised DL-MRI approaches
successfully suppress these artifacts, while showing similar quantitative performance.
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Figure 2.7: A reconstructed test slice showing reconstruction results from fastMRI
coronal PD-FS datasets for retrospective equispaced undersampling R = 4. Red arrows
indicate visible artifacts, especially apparent in the zoom views and error images for CG-
SENSE and TGV techniques. Proposed self-supervised and supervised DL-MRI elimi-
nate these artifacts, while showing similar quantitative and qualitative performance.
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Figure 2.8: Boxplots showing the median and interquartile range (25-75"" percentile)
of the quantitative metrics, (a) structural similarity index and (b) normalized mean
squared error (NMSE) for all five knee MRI sequences. Both proposed self-supervised
and supervised DL-MRI significantly outperform CG-SENSE in terms of SSIM and
NMSE for all knee sequences, while showing similar quantitative performance.
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Figure 2.9: Reconstruction results from prospectively 2-fold equispaced undersampled
brain MRI. CG-SENSE and the proposed self-supervised approach are applied at further
retrospective acceleration rates of 4, 6 and 8 with equispaced sheared k, — k. undersam-
pling patterns, while CG-SENSE is also used at the acquisition rate of 2. CG-SENSE
suffers from visibly higher noise amplification at high acceleration rates. The proposed
approach successfully reconstructs brain MRI at these higher rates, achieving similar
image quality to CG-SENSE at R = 2. Note the supervised DL-MRI cannot be applied
here due to the lack of fully-sampled ground truth data for training.
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Figure 2.10: The image reading results from the clinical reader study for knee and brain
datasets. Bar-plots show average reader scores and their standard deviation across the
test subjects. Statistical testing was performed by one-sided Wilcoxon single-rank test,
with * showing significant statistical difference with P < 0.05. For knee MRI, both
supervised and self-supervised DL-MRI approaches get comparable scores to the ref-
erence image in terms of SNR, blurring, aliasing artifacts and overall image quality.
There was no statistical difference between reference and DL-MRI approaches in terms
of the evaluation criterions for the knee datasets, except for blurring between reference
and DL-MRI approaches in coronal PD-FS. For brain MRI, CG-SENSE at R = 2 and
self-supervision at R = 4, 6 and 8 do not show any significant differences in terms
of SNR and blurring. Self-supervision at all rates were evaluated to be significantly
improved compared to CG-SENSE in terms of aliasing artifacts and overall image qual-
ity. Additionally, self-supervision at R = 6 and 8 were also significantly worse than
self-supervision at R = 4 in terms of overall image quality.



Chapter 3

Self-Supervised Physics-Guided
Deep Learning Reconstruction
For High-Resolution 3D LGE
CMR

3.1 Introduction

Late gadolinium enhancement (LGE) cardiac MRI (CMR) is the clinical gold standard
for identification of myocardial scar and fibrosis [97]. While 2D LGE CMR remains
popular, 3D imaging offers improved SNR and spatial resolution [98,99]. Isotropic
high-resolution 3D LGE further enables better delineation of small structures, poten-
tially improving the assessment of left ventricular scar heterogeneity, right ventricular
scar and left atrial scar [100]. However, such high resolution 3D scans are prohibitively
long, which is especially problematic in the presence of respiratory motion and con-
trast washout [99]. Thus, image acceleration by means of parallel imaging [1,2] and
compressed sensing (CS) [4,/6,/1015103], are necessary.

Recently, deep learning (DL) has been used for accelerated MRI due to its improved

This chapter is based on [36].

36
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reconstruction quality over conventional approaches [7-9,/18L24,|82]. Among such meth-
ods, physics-guided DL (PG-DL) techniques unroll conventional iterative algorithms
consisting of data consistency (DC) and regularizer units for a fixed number of iter-
ations [7,9]. The DC units utilize conventional linear methods, while the regularizer
units are implicitly implemented using convolutional neural networks (CNNs) [7,9}/17].
PG-DL approaches are typically trained in a supervised manner using fully-sampled
data as ground-truth reference. However, acquisition of high-quality fully-sampled data
is not possible in high-resolution 3D LGE CMR due to contrast washout [99]. Thus,
methods for training PG-DL reconstruction without fully-sampled data for improved
LGE CMR are desirable.

Recently, several methods have been proposed for this goal [10,82,104,105]. Among
these, a recent approach named self-supervised learning via data undersampling (SSDU)
[10,135] trains neural networks without fully-sampled data by splitting available mea-
surements into two disjoint sets. One of these is used for the DC units in the unrolled
network and the other is used to define the loss function. SSDU was applied to 2D knee
and 3D brain MRI [10], showing matching quality to supervised training and improved
quality over conventional methods. But in the latter setting, an inverse Fourier trans-
form was applied along the fully-sampled frequency encoding direction, and the slices
in this direction were processed individually through a 2D unrolled network. However,
a truly 3D processing may further improve reconstruction quality since: 1) Using 3D
CNNs in regularizer units may capture higher-dimensional correlations than the 2D
case, 2) For self-supervised learning, 3D acquisitions provide a higher degree of freedom
along three dimensions for selecting the two subsets for loss and DC units.

In this Chapter, we sought to enable PG-DL reconstruction of 3D LGE CMR by
extending the SSDU approach to 3D imaging. Results on prospectively 3-fold undersam-
pled 3D isotropic high-resolution LGE CMR show that the proposed 3D self-supervised
approach improves the reconstruction quality compared to the clinically-used CS ap-
proach [100], both at the acquisition acceleration rate, R = 3, and further retrospective

acceleration R = 6.
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3.2 Materials and Methods

3.2.1 Unrolling Iterative Algorithms

Let yq be the acquired k-space data with sub-sampling pattern €2, and x be the image
to be recovered. The regularized least squares problem for MRI reconstruction is given
as

argmin [y — Box|3 + R(x), (3.1)

where ||yq—Egqx||2 is a data consistency term, Eq : CM — CF is the multi-coil encoding
operator containing coil sensitivities and partial Fourier matrix sampling, and R(:) is a
regularizer. There exist several approaches to solve Eq. , such as proximal gradient
descent or variable splitting with quadratic penalty (VSQP) |70].

In VSQP, DC and regularizer units are decoupled using an auxilliary variable, z that
is constrained to be equal to x. Then, Eq. is reformulated as an unconstrained

problem by imposing a quadratic penalty
argmin |lyo — Box|3 + plx - 2[5 + R(z), (32)
where p is the penalty parameter. Eq. is solved via alternating minimization as
z() = arg min | x0TV — 2|2 + R(z) (3.3a)
x¥ = arg min lya — Bax|3 + jlx - 203 (3.3b)

where z(® is an intermediate variable and x(%) is the desired image at iteration i. In PG-
DL, these conventional iterative algorithms are unrolled for a fixed number of iterations,
in which each iteration contains a DC and a regularizer unit. In PG-DL, regularizer
sub-problem in Eq. is solved with neural networks and DC sub-problem in Eq.

(6.12D)) is solved via conjugate gradient (CG) [9].

3.2.2 Supervised PG-DL Training

Unrolled networks are trained end-to-end by minimizing a cost function between the
network output and a reference. In supervised PG-DL, fully-sampled data is used as

reference. Supervised PG-DL performs end-to-end training by minimizing an objective
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Figure 3.1: The self-supervised PG-DL training without fully-sampled data splits ac-
quired sub-sampled k-space indices €2, into two disjoint sets, © and A. The first set of
indices, O, is used in the DC units of the unrolled network, while the latter set, A is
used to define the loss function for training. During training, the output of the network
is transformed to k-space, and the available subset of measurements at A are compared
with the corresponding reconstructed k-space values. Based on this training loss, the
network parameters are subsequently updated.

cost function given as
1 X . , o
mein N Z ﬁ(y{refv E%ullf(yéh E’é)a 0))7 (34)
i=1

where N is the number of samples in the training database, £(,-) is a loss function,
y'. is the fully-sampled k-space for subject i, f(y4, E4;6) is the output of the unrolled
network for sub-sampled k-space data yé with the network being parameterized by
0, and Eﬁun is the fully-sampled encoding operator that transforms network output to

k-space.

3.2.3 Proposed 3D Self-Supervised PG-DL Training

When the acquisition of fully-sampled data is either challenging or impossible, hindering

supervised training of PG-DL approaches, SSDU enables training without fully-sampled
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data by splitting available undersampled measurements, €2 into two disjoint sets, © and
A for DC and computing the loss. More formally, the cost function for training is

modified to compute the loss only on indices belonging to A.
1< S o
min 3" £(vh, BA(f(v6, E5:0)) ). (3.5)
i=1

While the original SSDU was implemented with 2D networks [10], 3D processing is
desirable as discussed in Section However, in addition to the difficulty of acquiring
fully-sampled data for 3D scans, it is challenging to generate large databases of 3D
acquisitions to train neural networks with a high number of parameters. We proposed
to tackle these issues by extending SSDU to 3D processing, as shown in Figure In
addition to the selection of ©® and A via Gaussian-weighted masking in three dimensions
[10], we also tackle the issue of training data scarcity in databases by extracting multiple
smaller 3D slabs from a whole heart acquisition of each subject. This is done by taking an
inverse Fourier transform along the fully-sampled read-out direction direction, dividing
the volume in this direction to smaller 3D sub-volumes, and processing the 3D k-space
of these volumes.

End-to-end training was performed by unrolling iterative sub-problems in —
for T' = 5 iterations. DC units employed CG and regularizers used the same
ResNet structure as in [10], except 2D kernels of size 3 x 3 were replaced with 3D
kernels of 3 x 3 x 3. Coil sensitivity maps were generated using ESPIRIT [106]. The
proposed 3D self-supervised PG-DL algorithm was trained using an Adam optimizer
with a learning rate of 5 - 10~* over 100 epochs by minimizing a normalized ¢; - f5
loss [10]. All experiments for PG-DL approaches were performed using Tensorflow in

Python.

3.2.4 Imaging Experiments and Evaluation

3D LGE CMR were acquired axially at 1.5T with a 32-channel coil array on 18 pa-
tients. The imaging protocols were approved by the local institutional review board,
and written informed consent was obtained from all participants. Imaging parameters
were: TR/TE = 5.2/2.6 ms, FOV = 320 x 320 x 100 mm?, resolution = 1.2 x 1.2
x 1.2 mm?®, ACS = 40 x 24, prospective acceleration R = 3 with random ky — k.

sub-sampling [100].
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The prospectively subsampled 3D LGE data was further retrospectively subsampled
to R = 6 by keeping a 24 x 24 ACS region in the k, — k. plane using a random uniform
undersampling pattern. Due to the small training database size, smaller 20 x 270 x
102 3D slabs for training were generated as described in Section Training was
performed on 200 sub-volumes from 10 different subjects, and testing was performed on
the whole volume of 8 different subjects.
The proposed 3D self-supervised PG-DL approach was performed at R € {3,6}. For
R = 6 training, only data available at this rate were used. Results were compared with a
clinically-used CS approach [100], LOST (Low-dimensional structure self-learning and
thresholding) applied at R = 3. We note that results could not be compared with
supervised learning due to a lack of fully-sampled data. Quantitative metrics such as
PSNR or SSIM were also not available due to the lack of ground-truth data. Qualitative
assessment of the reconstruction image quality was evaluated by an experienced cardi-
ologist using evaluation criteria of perceived SNR, blurring and overall image quality.
The reader was blinded to the reconstruction methods and R. Evaluations were based
on a 4-point ordinal scale for blurring (1: no blurring, 2: mild blurring, 3: moderate
blurring, 4: severe blurring), perceived SNR (1:excellent, 2: good, 3: fair, 4: poor), and
overall image quality (1: excellent, 2: good, 3: fair, 4: poor). Wilcoxon signed-rank test

was used to evaluate the scores with a significance level of P < 0.05.

3.3 Results

Figure shows reconstruction results on a representative test slice with negative
LGE. The proposed 3D self-supervised approach was applied at both prospective accel-
eration R = 3 and further retrospective acceleration R = 6, while LOST-CS was applied
only at prospective acceleration R = 3. LOST-CS reconstruction shows a mixture of
noise-like amplification and incoherent aliasing artifacts due to random undersampling,
especially in the blood pool. The proposed 3D self-supervised approach at both R =3
and 6 suppress these artifacts further and achieves improved reconstruction quality.
Figure shows reconstruction results of LOST-CS and the proposed 3D self-
supervised approach on a subject with positive LGE (marked by red arrows). Similar

observations apply in this case, with the proposed method at R = 3 and 6 suppressing
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the residual artifacts in LOST-CS at R = 3, while also allowing a sharper depiction of
the myocardium-blood border. All approaches show the enhancement region clearly.

Figure 3.4 summarizes the reader assessment for the 3D LGE CMR dataset. Bar-
plots show the average and standard deviation of reader scores across the test dataset.
For blurring, all methods were statistically in good agreement, while the proposed 3D
self-supervised at R = 3 and R = 6 was rated higher than LOST-CS at R = 3. For both
perceived SNR and overall image quality, proposed 3D self-supervised at R = 3 and 6
were rated statistically better than LOST-CS at R = 3 which is used in clinical studies.

3.4 Discussion

The proposed 3D self-supervised PG-DL reconstruction enables training neural networks
without fully-sampled data for 3D volumes, by splitting available measurements into two
disjoint sets, and using one of these in the DC units and the other for computing the loss.
Moreover, we proposed to tackle the issue of having a small number of training subjects
in the database for 3D applications by splitting the whole volume for each subject into
sub-volumes and training over these sub-volumes. Results on 3D LGE CMR show that
the proposed approach significantly improves upon the state-of-the-art CS methods.
Training of 3D PG-DL methods has gained interest recently due to their ability
to capture higher-dimensional interactions. Several supervised PG-DL approaches have
been proposed for 3D training [89)/107], either by using fully-sampled data or a surrogate
reconstruction, such as CS or parallel imaging, as reference. However, the former is
difficult in many CMR acquisitions due to scan length, contrast washout or motion;
while the latter inherently limits the potential of PG-DL to existing reconstruction
strategies. While self-supervised learning can tackle these issues by efficient utilization
of acquired measurements, small training dataset size and GPU-memory issue of fitting
large volumes [89] are common challenges for both supervised and self-supervised PG-
DL approaches. The proposed approach of splitting large volumes into sub-volumes

provides an alternative solution to both of these issues.
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LOST-CS R=3 Proposed Self-Supervised Proposed Self-Supervised
3D PG-DLR =3 _ 3D PG-DL R =6

Figure 3.2: Reconstruction results from a representative test slice without enhancement.
LOST-CS was applied at the acquisition rate of 3, while the proposed 3D self-supervised
PG-DL approach was used at R = 3 and 6. LOST-CS suffers from visible noise-like and
incoherent residual artifacts. The proposed approach provides improved reconstruction
at both R = 3 and 6. We further note that the proposed approach at R = 6 only uses
the data available at this rate for training, and does not have access to R = 3 data.

LOST-CS R=3 Proposed Self-Supervised Proposed Self-Supervised
3D PG-DLR =3 3D PG-DL R =6

Figure 3.3: Reconstruction results from a representative test slice with positive LGE.
The proposed self-supervised PG-DL approach at both R = 3 and 6 outperform LOST-
CS reconstruction at R = 3 by suppressing noise and residual artifacts. All reconstruc-
tion methods successfully identify LGE shown with red arrows.
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* 3D LGECMR
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0.5

Perceived SNR Blurring Overall image quality

® Proposed Self-Supervised 3D PG-DL R=3 Proposed Self-Supervised 3D PG-DL R=6 LOST-CS R=3

Image Evaluation: 1 :Excellent 2:Good 3: Fair 4: Poor * Statistically significant difference (P < 0.05)

Figure 3.4: The image reading results from the clinical reader study for the 3D LGE
CMR. Evaluations were based on a 4-point ordinal scale (1:best, 4: worst). Bar-plots
depict average and standard deviation across test subjects, with * showing statistically
significant differences. For blurring, proposed self-supervised 3D PG-DL at R = 3 and
6 were rated higher than LOST-CS at R=3, though the differences were not significant.
For perceived SNR and overall image quality, proposed self-supervised 3D PG-DL at
R =3 and R = 6 were both rated statistically better than LOST-CS at R = 3.



Chapter 4

Multi-Mask Self-Supervised
Learning for Physics-Guided
Deep Learning in Highly
Accelerated MRI

4.1 Introduction

Data acquisition is lengthy in many MRI exams, creating challenges for improving reso-
lution and coverage, hence making accelerated MRI reconstruction an ongoing research
topic. Parallel imaging [1-3] and compressed sensing [4-6, 14,20,/ 108] are two com-
monly used acceleration methods, with the former being the clinical gold standard for
fast MRI, and the latter providing additional acceleration in a number of scenarios.
However, acceleration rates remain limited as reconstructed images may suffer from
noise amplification [57] or residual artifacts [60,109] in parallel imaging and compressed
sensing, respectively. Recently, deep learning (DL) has emerged as an alternative for
accelerated MRI due to its improved reconstruction quality compared to conventional
approaches, especially at higher acceleration rates [7,8.|18,23.|90,96].

Among DL methods, physics-guided DL approaches, which incorporate the MRI

This chapter is based on [38}/39].
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encoding operator to solve a regularized inverse problem, have gained interest due to
its robustness [18,22]. Physics-guided DL approaches unroll an iterative process that
alternates between data consistency (DC) and regularization for certain number of iter-
ations. They are trained end-to-end, typically in a supervised manner by minimizing the
difference between network output and a ground-truth reference obtained from fully-
sampled data [7}(9,[28,130]. However, acquisition of fully-sampled data, especially on
large patient populations, is either challenging or impossible in many practical scenar-
ios [33.[34,/66/-68].

As supervised training becomes inoperative in the absence of fully-sampled data, sev-
eral methods have been proposed to train networks without fully-sampled data |10}35,
80,184.86]. Among these approaches, Self-supervision via Data Undersampling (SSDU)
trains physics-guided neural networks by utilizing only the acquired sub-sampled mea-
surements |10]. In SSDU, the available measurements are split into two disjoint sets
by a masking operation, which reduces the sensitivity to overfitting and is central for
reliable performance. One of these sets is used in the DC units of the network, and the
other is used to define the loss function in k-space. For moderately high acceleration
rates, the networks trained using SSDU match the performance of those from supervised
learning. While SSDU demonstrated that the splitting of acquired points into two sets
was sufficient for training a neural network for reconstruction from undersampled data,
a strategy that augments the use of the subsampled data to improve the performance
is essential for higher acceleration rates.

In this Chapter, we sought to improve the performance of SSDU with multiple
masks. The proposed multi-mask SSDU splits acquired measurements into multiple
pairs of disjoint sets for each training slice, while using one of these sets in a pair for
DC units and the other for defining loss, similar to the original SSDU. The proposed
multi-mask SSDU approach is applied on fully-sampled 3D knee MRI datasets from
mridata.org [110], as well as a prospectively undersampled high-resolution 3D brain MRI
dataset, and compared to parallel imaging, SSDU with a single mask [10], and supervised
DL-MRI when fully-sampled data is available. Results show that the proposed multi-
mask SSDU approach at high acceleration rates significantly improves upon SSDU and
closely performs with supervised DL-MRI, while the reader studies indicate that the

proposed multi-mask approach also outperforms supervised DL-MRI approach in terms
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of SNR improvement and aliasing artifact reduction.

4.2 Materials and Methods

4.2.1 Supervised Training of Physics-Guided DL-MRI Reconstruction

Let yq be the acquired subsampled measurements with 2 denoting the subsampling

pattern and x the image to be recovered. The forward model for encoding is
yvao=Eox+n (4.1)

where Eq : CM — CF is the encoding operator including the coil sensitivities and
a partial Fourier matrix sampling the locations specified by Q, and n € C? is mea-
surement noise. For sub-Nyquist sampling at high rates, the forward model may be
ill-conditioned, necessitating the use of regularization, leading to an inverse problem for
image reconstruction:

arg min [yo — Box[3 + R(x). (4.2)

where the first term represents DC and R(+) is the regularizer. Several approaches may
be used to iteratively solve the above optimization problem [70]. In this work, we use
variable splitting via quadratic penalty method [10}30}/70], which decouples DC and

regularizer operations:

z) = arg mzin | x0TV — 2|2 + R(z) (4.3a)

x(0) = arg min lye — Eax|3 + plx — 293 (4.3b)

where p is the quadratic penalty parameter, x) is the network output at iteration i, z(*)
is an intermediate variable, and x(©) is the initial image obtained from zero-filled under-
sampled k-space data. In physics-guided DL, this iterative optimization is unrolled for
a fixed number of iterations. Eq. corresponds to a regularizer, which is implicitly
solved by a neural network, whereas Eq. has a closed form solution [10] that can
be solved by gradient descent methods such as conjugate gradient [9].

In traditional DL-MRI approaches, training datasets contain pairs of undersampled
k-space/ image and fully-sampled k-space/ground-truth image [7,9,(17,[30]. Let yief be
the fully-sampled reference k-space data for subject 7 and f (yéz, 6; 0) denote the output
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of the unrolled network that is parametrized by 6 for subsampled k-space data yéz, and
corresponding encoding matrix Eéz The supervised PG-DL training is performed by
defining the loss function in image domain or k-space [10]. Training can be performed

by minimizing a k-space loss function as
1 . . o
Hgn N Z ﬁ(yieﬁ E}ullf(yav Eé}a 0))7 (44)
i=1

where N is the number of fully-sampled training data in the database, E? w18 the fully-
sampled encoding operator that transforms network output to k-space, and L(-, -) is the
loss between the fully-sampled and reconstructed k-spaces. The sampling locations, {2
may vary per subject in a more general setup, i.e. indexed by 7. However, this was not

included for simplicity of notation.

4.2.2 Self-Supervision via Data Undersampling (SSDU)

In order to enable training without fully-sampled datasets, SSDU has been proposed [10],
where the acquired sub-sampled data indices, €2, from each scan are divided into two
disjoint sets @ and A. © is used in DC units in the unrolled network and A is used to

define the loss function, and the following self-supervised loss function is minimized

N
min = 3" £(yh, BA(f(vh BL:0)) ). (45)
=1

Unlike the supervised approach, only a subset of measurements, © are used as the
input to the unrolled network. The network output is transformed to k-space, where
the loss is calculated only at unseen k-space indices, A. After training is completed,

testing is performed on unseen data using all available measurements €.

4.2.3 Proposed Multi-Mask SSDU

SSDU reconstruction quality degrades at very high acceleration rates due to higher
data scarcity, arising from the splitting into © and A. In order to tackle this issue, we
propose a multi-mask SSDU approach, which retrospectively splits acquired indices €2

into disjoint sets © and A multiple times as shown in Figure Formally, we split
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Acquired
k-space locations: Q

EngLaj Sensitivity Maps Set1:0; Set 2: A;

Unrolled Network

Figure 4.1: The proposed multi-mask self-supervised learning for PG-DL MRI recon-
struction. Acquired k-space locations for each scan, €), are retrospectively sub-sampled
into two disjoint sets of ©; and A; for j € {1,..., K}. For each such partitioning, ©; is
used for DC units and A; = ©/0; is used to define the loss function. Loss is performed
in k-space by comparing acquired data with the multi-coil k-space of the network out-
put at indices A;. Based on this training loss, the network parameters are subsequently
updated.

available measurements multiple times for each subject i such that for each partition

partitioned K times such that
Q:@jUA]’, ji=1... K (4.6)

where K denotes the number of partitions for each scan. Similar to SSDU, each pair of
sets in each scan were disjoint, i.e., A; = Q/0; for j =1,..., K. In other words, Q is

retrieved by the union of each pair of A; and ©; for any j = 1,..., K. Hence, the loss
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function to minimize during training becomes

min Kzzﬁ(yA,EA (/(v6, Eb,:0))). (4.7)

=1 j=1

The proposed multi-mask approach enables efficient use of available data by ensuring a
higher fraction of low and high frequency components are utilized in the training and
loss masks. Such utilization was inherently limited in the original SSDU approach, since

each acquired k-space point was either used in training or loss masks only once.

4.2.4 3D Imaging Datasets

Fully-sampled 3D knee dataset were obtained from mridata.org [110],which were ac-
quired with approval from the local institutional review board on a 3T GE Discovery
MR 750 system with an 8-channel knee coil array using a fast spin-echo (FSE) sequence.

3 resolution = 0.5

Relevant imaging parameters were: FOV = 160 x 160 x 154 mm
x 0.5 x 0.6 mm? matrix size = 320 x 320 x 256.

Brain imaging was performed on healthy subjects using a standard Siemens 3D-
MPRAGE sequence at a 3T Siemens Magnetom Prisma (Siemens Healthcare, Erlangen,
Germany) system using a 32-channel receiver head coil-array [10]. The imaging protocols
were approved by the local institutional review board, and written informed consent was
obtained from all participants before each examination for this HIPAA-compliant study.
Relevant imaging parameters were: FOV = 224 x 224 x 157 mm?, resolution = 0.7 x
0.7 x 0.7 mm3, matrix size = 320 x 320, prospective acceleration R = 2 (uniform in
ky), ACS lines = 32 |10].

The 3D k-space datasets were inverse Fourier transformed along the read-out direc-
tion, and these slices were processed individually. The knee and brain datasets were
retrospectively undersampled to R = 8 using a uniform sheared 2D undersampling pat-
tern [79]. Additionally, for the knee datasets, where a fully-sampled reference is avail-
able, further undersampling was performed at R = 8 using uniform 1D and 2D (k, —k.)
random, and 1D and 2D and Poisson undersampling masks. The undersampling masks
are provided in Supporting Information Figure Finally, knee datasets were also
undersampled to R = 12 using 2D random and Poisson undersampling masks. A 24 x 24

and 32 x 32 ACS regions in the &k, — k., plane were kept fully-sampled for knee and brain
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datasets, respectively [10]. The training sets for both knee and brain datasets consisted
of 300 slices from 10 subjects, formed by taking 30 slices from each subject. For knee
MRI, 2 different subjects with 200 slices were used for validation in multi-mask hy-
perparameter tuning, and 8 other different subjects were used for testing of the final
method. For brain dataset, the testing was performed on 9 different subjects. The
proposed multi-mask SSDU approach was compared to SSDU and CG-SENSE for both
datasets, as well as supervised DL-MRI for knee MRI.

4.2.5 Choice of Multi-Mask Hyperparameters

There are several tunable hyperparameters in multi-mask SSDU, including the number
of partitions, K in Eq. as well as the distribution and size of A as in SSDU.
A variable-density Gaussian distribution was used for A in [10] for a single mask. In
this study, we used a uniformly random distribution for the proposed approach, as the
benefits of a variable density distribution diminish with multiple masks (Supporting
Information Figure [A.15). In [10], the size of A was optimized to p = |A[/|Q| =
0.4, which is also the optimal choice for the distribution considered here (Supporting
Information Figure . After these two hyperparameters were set, the number
of partitions of each scan, K was varied among 3, 5, 6, 7, 8 and 10 to optimize the

remaining distinct hyperparameter of the multi-mask SSDU.

4.2.6 Network and Training Details

The iterative optimization problem in — are unrolled for 7" = 10 iterations.
Conjugate gradient descent was used in DC units of the unrolled network [9,(10].The
proximal operator corresponding to the solution of Eq employs the ResNet struc-
ture used in SSDU [10]. It comprises input and output convolution layers and 15 residual
blocks (RB) each containing two convolutional layers, where the first layer is followed by
a rectified linear unit (ReLU) and the second layer is followed by a constant multiplica-
tion layer. All layers had a kernel size of 3x3, 64 channels. The unrolled network which
shares parameters across the unrolled iterations had a total of 592,129 trainable param-
eters. As in SSDU, a ResNet structure as used for the regularizer in Eq. [6.12a], where

the network parameters were shared across the unrolled network [10]. Coil sensitivity
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maps were generated from central 24x24 ACS using ESPIRIT [106].

As a pre-processing step, maximum absolute value of the k-space for each slice in the
datasets was normalized to 1 in all cases. The real and imaginary parts of the complex
MRI dataset were concatenated as two channels prior to inputting into the network.
Separate networks for knee and brain datasets were trained using the Adam optimizer
with a learning rate of 5 x 104, by minimizing a normalized ¢; — ¢ loss function with a
batch size of 1 over 100 epochs. All training was performed using Tensorflow in Python,
and processed on a workstation with an NVIDIA Tesla V100 GPU with 32 GB memory.

4.2.7 Image Evaluation

Quantitative assessment of experimental results was performed using normalized mean
square error (NMSE) and structural similarity index (SSIM) when fully-sampled data
was available as reference. Moreover, qualitative assessment of the image quality from
different reconstruction methods was performed by an experienced radiologist. For knee
MRI, proposed multi-mask SSDU was compared with ground-truth obtained from fully-
sampled data, SSDU and parallel imaging method CG-SENSE, all at R = 8 with 2D
uniform undersampling. For brain MRI, the proposed multi-mask SSDU was compared
with SSDU at R = 8. Additionally, CG-SENSE approach at the acquisition acceleration
R = 2 was evaluated to serve as the clinical baseline. The reader, with 15 years of
experience for musculoskeletal and neuro imaging, was blinded to the reconstruction
method, which were shown in a randomized order to avoid bias except for the knowledge
of the reference image in knee MRI dataset. Evaluations were based on a 4-point ordinal
scale, adopted from [7] for blurring (1: no blurring, 2: mild blurring, 3: moderate
blurring, 4: severe blurring), SNR (1: excellent, 2: good, 3: fair, 4: poor), aliasing
artifacts(1: none, 2:mild, 3: moderate, 4: severe) and overall image quality (1: excellent,
2: good, 3: fair, 4: poor). Wilcoxon signed-rank test was used to evaluate the scores

with a significance level of P < 0.05.
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Figure 4.2: A representative test slice showing the reconstruction results for different
number of partitions K. Red arrows mark residual artifacts for K <6 and K >8. These
artifacts are suppressed at K=7, which is used for the remainder of the study.

4.3 Results

4.3.1 Number of Partitions for Multi-Mask SSDU

Figure [4.2]shows the effect of the proposed multi-mask self-supervised network training
at R=8 using 2D uniform sheared undersampling with varying number of masks, K =
3, 5,6, 7,8, 10, as well as the ground-truth reference and the zerofilled undersampled
data. Multi-mask SSDU approach suppresses residual artifacts as K increases from 3
to 6. At K = 7, the visible residual artifacts are removed completely. When K is
further increased to 8 and 10, residual artifacts reappear. The quantitative assessment
on validation dataset further confirms this qualitative assessment. The median and

interquartile range of SSIM values on validation set were 0.8256 [0.7980, 0.8507], 0.8260
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[0.8002, 0.8516], 0.8264 [0.8016, 0.8527], 0.8267 [0.8027, 0.8537], 0.8263 [0.8007, 0.8519],
0.8257 [0.7989, 0.8511], and NMSE values were 0.0138 [0.0121, 0.0158], 0.0135 [0.0119,
0.0158], 0.0135 [0.0119, 0.0157], 0.0134 [0.0118, 0.0156], 0.0135 [0.0119, 0.0158], 0.0137
[0.0121, 0.0159] using Gaussian selection for K € 3, 5, 6, 7, 8, 10, respectively. Hence,
K = 7 used for the remainder of the study.

4.3.2 3D Imaging Datasets

Figure depicts representative reference and reconstruction results of the 3D knee
dataset using CG-SENSE, supervised DL-MRI, SSDU and proposed multi-mask SSDU,
as well as the difference images of these methods with respect to the reference for 2D
uniform sheared R = 8 undersampling mask. Red arrows indicate that CG-SENSE suf-
fers from highly-visible artifacts. SSDU alleviates these artifacts substantially, though
residual artifacts remain. The proposed multi-mask SSDU further removes these arti-
facts for both slices shown, while achieving similar reconstruction quality to supervised
DL-MRI for the first slice, and further reducing the residual aliasing artifacts visible
in the supervised DL-MRI approach for the second slice. Quantitative metrics and dif-
ference images in the figure further confirm that multi-mask SSDU outperforms SSDU,
while performing similarly to supervised DL-MRI. Additional experimental results on

3D knee dataset using different undersampling patterns at R=8 and R=12 are pro-

vided in Supporting Information Figures [AT7[A'18] and[A-T9] In all these experiments,

multi-mask SSDU visibly and quantitatively outperforms SSDU, further reducing the
gap between self-supervised learning and supervised DL-MRI.

Table summarizes the median and interquartile ranges for NMSE and SSIM val-
ues metrics for different undersampling masks and acceleration rates across the whole
knee MRI test datasets. In all cases, CG-SENSE reconstruction is significantly outper-
formed by all the DL approaches. Among DL approaches, supervised DL-MRI outper-
forms self-supervised learning methods, while multi-mask SSDU quantitatively improves
upon SSDU.

Figure demonstrates CG-SENSE reconstruction of a slice of the SD-MPRAGE
dataset at prospective acceleration R = 2, as well as CG-SENSE, SSDU and the pro-

posed multi-mask SSDU approach at retrospective acceleration R = 8 using 2D uniform
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sheared undersampling mask. SSDU at high acceleration R = 8 achieves similar re-
construction quality as CG-SENSE at acquisition acceleration R=2. Multi-mask SSDU

further improves reconstruction quality by suppressing the noise evident in SSDU and
CG-SENSE.

4.3.3 Image evaluation scores

Figure and b summarize the reader study results for knee and brain datasets for
2D uniform sheared R = 8 undersampling mask., respectively. For knee MRI, proposed
multi-mask SSDU was rated highest in terms of SNR, with a statistically significant
improvement over all methods except supervised DL-MRI. For blurring, ground truth
data was rated better than all methods. In terms of aliasing artifacts and overall image
quality, the proposed multi-mask SSDU approach was rated best compared to other
methods and the ground truth. In terms of these two evaluation criteria, all DL-MRI
approaches and the reference showed similar statistical behavior, except SSDU was
statistically worse than proposed multi-mask SSDU and supervised approach in terms
of aliasing artifacts. A more comprehensive comparison also containing reader scores
for CG-SENSE is presented in Supporting Information Figure

For brain MRI, DL-MRI reconstructions trained using the proposed multi-mask
SSDU and SSDU approach at acceleration rate of 8 performed similar with CG-SENSE
at acquisition R = 2 in terms of SNR and blurring. However, in terms of aliasing
artifacts, the proposed multi-mask SSDU significantly outperformed its counterparts.
In terms of overall image quality, both SSDU methods at R = 8 showed statistically
significant improvement over CG-SENSE at R = 2, while the proposed multi-mask
SSDU achieved the best performance.

4.4 Discussion

In this work, we extended our earlier work on self-supervision via data undersampling,
which trains physics-guided neural network without fully-sampled data, to a multi-
mask setting where multiple pairs of disjoint sets were used for each training slice in the
dataset. Training of physics-guided DL-MRI reconstruction without ground-truth data

remains an important topic, since acquisition of fully-sampled data is either impossible
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or challenging in a number of scenarios [33,34,/66-68]. Among multiple methods pro-
posed for this goal [10,80,84(86], self-supervision directly uses the acquired data without
relying on generative models or intermediate estimates. Our work makes several con-
tributions to these approaches. The main contribution of the proposed multi-mask
self-supervised learning approach is to use the available undersampled data more effi-
ciently to enable physics-guided DL training, by retrospectively splitting these data into
multiple 2-tuple of sets for the DC units during training and for defining loss. Another
resulting contribution of the proposed multi-mask SSDU is an alternative data aug-
mentation strategy for DL-MRI reconstruction, via the retrospective hold-out masking
of the acquired measurements multiple times, with potential applications even beyond
self-supervised learning [111]. Finally, we applied the proposed multi-mask approach
on knee and brain MRI datasets using different undersampling and acceleration rates,
showing its improved reconstruction performance compared to single mask SSDU ap-
proach. Specifically, the extensive experimental results using different subsampling pat-
terns on retrospectively subsampled 3D knee dataset at R = 8 and R = 12 show that
the proposed multi-mask SSDU consistently outperforms SSDU, while performing sim-
ilarly with the supervised DL-MRI approach. Similarly, on prospectively subsampled
brain MRI, multi-mask SSDU at R = 8 enhances the reconstruction quality of SSDU,
while achieving lower noise level compared to SSDU at R = 8 and CG-SENSE at the
acquisition R = 2.

As mentioned earlier, the proposed multi-mask SSDU approach can be interpreted
as an alternative technique for data augmentation in DL-MRI reconstruction. With the
proposed multi-mask data augmentation, self-supervised training was rated higher than
supervised training in the reader study for knee imaging by a musculoskeletal expert
reader in terms of noise and aliasing artifacts. Furthermore, Figure 3 showed example
slices, where multi-mask self-supervised learning showed better performance in han-
dling artifacts compared to supervised DL-MRI despite having lower SSIM and NMSE
values. While these observations may seem surprising at first, it is consistent with
recent studies that show quantitative metrics may not always align with the reconstruc-
tion performance [41]. Additionally, there are recent studies that show self-supervised
deep learning approaches outperforming its supervised counterparts in various applica-

tions [112,|113]. These and other studies suggest that supervised learning may preclude
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discovery, hence it may not generalize well on unseen data or may not be as robust as
self-supervised learning techniques [114]. Another interesting finding from the reader
study on knee data was the worse scores given to the fully-sampled ground truth com-
pared to DL-MRI methods. The expert reader noted the low SNR, of the fully-sampled
acquisition, due to the high acquisition resolution compared to conventional clinical
scans, which was substantially improved visually using the inherent noise reduction of
DL-MRI reconstruction.

While the proposed multi-mask SSDU approach enhances the SSDU performance,
it also has a longer training time by a factor of K compared to SSDU due to the
increased size of the training dataset. Due to these lengthy training times, holdout
cross-validation was used for the hyperparameter selection sub-study for optimizing K
instead of n-fold cross-validation. Furthermore, while the proposed multi-mask approach
enables data augmentation, helping overcome data scarcity and enhance reconstruction
quality, it also bears the risk of overfitting. In a broader context, it is understood
that data augmentation can lead to massive datasets, but when this idea is applied to
augment initially limited datasets, it may result in overfitting [115]. This phenomenon
was also observed in our study as the reconstruction quality does not monotonically
improve with increasing K, and residual artifacts reappear for K >8. The problem of
choosing the optimal size of the post-augmented dataset, which corresponds to K in
our setup, remains an open problem in the broader machine learning community and
this challenge has been highlighted in a recent survey on data augmentation as “There
is no consensus as to which ratio of original to final dataset size will result in the best
performing model” |115]. Hence, while we have optimized K, this was done using the
same experimental settings of [10]. We note that the optimal value for K may differ
based on the selection of hyperparameters, such as the number of epochs or the learning
rate. Nonetheless, our results readily show that multi-mask SSDU improves upon the
single-mask SSDU in terms of quantitative metrics for any choice of K1, while also
suggesting that it is not advantageous to choose a very high value of K, both from a
performance perspective, and from a practical viewpoint due to the increased training
time.

A uniformly random selection of masks was used in the multi-mask SSDU. This

was motivated by the issue that splitting {2 based on a Gaussian random selection
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leads to selecting mostly low-frequency components from scarce data, especially at high
acceleration rates. With a Gaussian selection of A, a multi-mask approach still tends
to select low-frequency components for each mask. Supporting Information Figure
showed that using uniformly random selection in combination with multi-mask
selection may circumvent this issue, since this will ensure both low and high frequency
are contained in the loss masks of each scan.

The multi-masking approach proposed in this work may also be adapted to the
supervised learning setting by using multiple random ©; in the DC units of the unrolled
network, while calculating the loss on the fully-sampled k-space. This extension to
supervised training, which introduces an additional degree of randomness to the training
process, was recently shown to improve performance over conventional supervised DL-
MRI approach [111]. However, we note that since this is a new extension arising from
this work, comparisons in this study were made to the conventional DL-MRI approach
that is used in the literature [9].

The proposed multi-mask SSDU approach also shares similarities with bootstrap
aggregation mechanisms. In bootstrap approaches, multiple sub-datasets are generated
by randomly sampling from a main dataset. The final prediction is performed by av-
eraging outputs from each of these sub-dataset to reduce the variance among trained
models. However, in multi-mask SSDU, each sample in the main dataset is sub-sampled
multiple times by retrospectively splitting its measurements into disjoint sets. As a re-
sult, an aggregated large dataset which contains the measurements of each sample in
the main dataset multiple times is obtained and used for training. Unlike bootstrap-
ping approaches, the proposed approach performs final prediction by directly using the
model trained on the aggregated large dataset.

The study has limitations. In the proposed multi-mask SSDU, we optimized the hy-
perparameters p and K independently for two main reasons: 1) If the joint optimization
led to a different p value, then this would create a confounding variable for the direct
comparison to the single-mask scenario, 2) Optimizing over the two hyperparameters
jointly leads to a large number of trainings for marginal gain. Such large number of
trainings, which does not show a substantial implication in terms of the perspective of
the study may also come at an environmental cost, as training of DL models have been

shown to lead to considerable amount of carbon emissions |[116]. Thus, in the study, we
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concentrated on the individual optimization of the K parameter for the fixed p value
that works best for single-mask SSDU [10], as this provides a more fair comparison.
Additionally, this study focused on methodological development to improve the per-
formance on single-mask SSDU without a specific application that may leverage large
stores of existing undersampled data. With the methodology in place, such applications
are being pursued in subsequent studies, both in LGE cardiac and brain MRI applica-
tions [36,/117]. Moreover, the proposed multi-mask SSDU may also be synergistically
combined with dynamic cardiac MRI applications, in which spatio-temporal informa-
tion can be leveraged to boost the performance at high acceleration rates [107,[118,/119].
More recently zero-shot learning approaches based on generative networks such as deep
image prior and self-supervision have gained interest as they enable training from a
single slice [431|120,121]. While multi-mask SSDU is a database learning approach, the
concept of multi-mask SSDU approach may also be beneficial for developing improved

zero-shot learning approaches [43].
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Figure 4.3: a) and b) Representative test slices from 3D FSE knee MRI dataset show-
ing the reconstruction results for proposed multi-mask self-supervised DL-MRI (multi-
mask SSDU), self-supervised DL-MRI (SSDU), supervised DL-MRI and CG-SENSE
approaches for retrospective equispaced undersampling R = 8, as well as the error im-
ages with respect to the fully-sampled reference. CG-SENSE suffers from substantial
residual artifacts that are shown with red arrows for both slices. DL-MRI with SSDU
learning suppresses a large portion of these artifacts, but still exhibits visible residual
artifacts in both scenarios. Proposed multi-mask SSDU successfully suppresses these
artifacts further for both slices, in a) closely matches the performance of supervised
DL-MRI and in b) reduces residual aliasing further compared to supervised DL-MRI.
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CG-SENSE Supervised DL-MRI SSDU Multi-mask SSDU

NMSE | 0.0994 [0.0949, 0.1419] | 0.0122 [0.0108, 0.0139] | 0.0166 [0.0147, 0.0191] | 0.0140 [0.0124, 0.0161
SSIM | 0.4698 [0.4193, 0.5353] | 0.8505 [0.8306, 0.8751] | 0.8211 [0.7947, 0.8527] | 0.8315 [0.8084, 0.8600
NMSE | 0.1475 [0.1291, 0.1779] | 0.0124 [0.0112, 0.0143] | 0.0164 [0.0148, 0.0189] | 0.0135 [0.0123, 0.0155
SSIM | 0.4411 [0.3797, 0.4976] | 0.8421 [0.8201, 0.8662] | 0.8150 [0.7877, 0.8426] | 0.8298 [0.8067, 0.8560
NMSE | 0.0994 [0.0805, 0.1236] | 0.0121 [0.0107, 0.0139] | 0.0156 [0.0135, 0.0177] | 0.0137 [0.0121, 0.0155
SSIM | 0.4886 [0.4305, 0.5571] | 0.8524 [0.8314, 0.8756] | 0.8328 [0.8089, 0.8615] | 0.8367 [0.8144, 0.8633
NMSE | 0.1473 [0.1301, 0.1759] | 0.0130 [0.0117, 0.0149] | 0.0173 [0.0155, 0.0199] | 0.0145 [0.0131, 0.0165
SSIM | 0.4239 [0.3631, 0.4766] | 0.8379 [0.8164, 0.8637] | 0.8123 [0.7853, 0.8417] | 0.8224 [0.8002, 0.8509
NMSE | 0.1035 [0.0937, 0.1206] | 0.0101 [0.0091, 0.0112] | 0.0131 [0.0118, 0.0149] | 0.0108 [0.0098, 0.0121
SSIM | 0.4885 [0.4394, 0.5397] | 0.8554 [0.8365, 0.8793] | 0.8312 [0.8066, 0.8585] | 0.8421 [0.8212, 0.8679
NMSE | 0.1331 [0.1207, 0.1556] | 0.0157 [0.0141, 0.0179] | 0.0221 [0.0198, 0.0254] | 0.0185 [0.0167, 0.0208
SSIM | 0.4325 [0.3756, 0.4796] | 0.8148 [0.7916, 0.8431] | 0.7809 [0.7517, 0.8151] | 0.7982 [0.7722, 0.8288
NMSE | 0.0876 [0.0795, 0.1012] | 0.0119 [0.0107, 0.0133] | 0.0151 [0.0136, 0.0169] | 0.0129 [0.0117, 0.0145
SSIM | 0.5119 [0.4638, 0.5597] | 0.8362 [0.8156, 0.8625] | 0.8133 [0.7862, 0.8442] | 0.8326 [0.8098, 0.8609

Uniform 1D R=8

Uniform 2D R=8

Random 1D R=8

Random 2D R=8

Poisson R=8

Random 2D R=12

Poisson R=12

Table 4.1: The median and interquartile ranges for NMSE and SSIM metrics for different
undersampling masks and acceleration rates. Note that due to the different size of the
ACS data, 1D masks correspond to an effective acceleration rate of 5.2, while the 2D
masks yield an effective acceleration rate of 7.7.
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Multi-mask
CG-SENSE R=2 CG-SENSE R=8 SSDU R=8 SSDU R=8

Subject 1

Subject 2

Figure 4.4: Reconstruction results from prospectively 2-fold equispaced undersampled
brain MRI. SSDU, multi-mask SSDU and CG-SENSE are applied at further retrospec-
tive acceleration rates of 8 with equispaced sheared k, — k. undersampling patterns,
while CG-SENSE is also used at the acquisition rate of 2, which serves as the clinical
baseline. CG-SENSE suffers from visibly higher noise amplification at R = 8. SSDU
DL-MRI performs successful reconstruction at R = 8, while achieving similar image
quality to CG-SENSE at R = 2. The proposed multi-mask SSDU DL-MRI further en-
hances the SSDU DL-MRI performance by achieving lower noise level in reconstruction
results.
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a) 3D FSE (Knee, R=8) b) 3D MPRAGE (Brain, R=8)
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Figure 4.5: a) Reader study for knee MRI. Bar-plots show average reader scores and
their standard deviation across the test subjects. Statistical testing was performed
by one-sided Wilcoxon single-rank test, with * showing significant statistical difference
with P j0.05. In terms of SNR, the proposed multi-mask SSDU was rated highest, and
statistically better than all approaches except supervised DL-MRI. For blurring, ground
truth data was rated statistically better than all methods except the proposed multi-
mask SSDU. In terms of aliasing artifacts and overall image quality, the proposed multi-
mask SSDU approach was rated best compared to other methods and ground truth. In
terms of these two evaluation criteria, all DL-MRI approaches and the reference showed
similar statistical behavior, except SSDU was statistically worse than proposed multi-
mask SSDU and supervised approach in terms of aliasing artifacts. b) Reader study for
brain MRI. CG-SENSE at R = 2, and proposed multi-mask SSDU and SSDU at R = 8
were in good agreement in terms of SNR and blurring. In terms of aliasing artifacts and
overall image quality, the proposed multi-mask SSDU approach received the best scores,
while CG-SENSE at R = 2 was rated lowest and showed significant statistical difference
with proposed multi-mask SSDU in terms of both evaluation criteria and SSDU in terms
of overall image quality. The proposed multi-mask SSDU was also rated statistically
better than SSDU in terms of aliasing artifacts.



Chapter 5

Zero-Shot Self-Supervised

Learning for MRI Reconstruction

5.1 Introduction

Magnetic resonance imaging (MRI) is a non-invasive, radiation-free medical imaging
modality that provides excellent soft tissue contrast for diagnostic purposes. However,
lengthy acquisition times in MRI remain a limitation. Accelerated MRI techniques ac-
quire fewer measurements at a sub-Nyquist rate, and use redundancies in the acquisition
system or the images to remove the resulting aliasing artifacts during reconstruction.
In clinical MRI systems, multi-coil receivers are used during data acquisition. Parallel
imaging (PI) is the most clinically used method for accelerated MRI, and exploits the
redundancies between these coils for reconstruction [1,2]. Compressed sensing (CS)
is another conventional accelerated MRI technique that exploits the compressibility of
images in sparsifying transform domains [4], and is commonly used in combination with
PI. However, PI and CS may suffer from noise and residual artifacts at high acceleration
rates [21,57].

Recently, deep learning (DL) methods have emerged as an alternative for accelerated
MRI due to their improved reconstruction quality compared to conventional approaches

[7,73]. Particularly, physics-guided deep learning reconstruction (PG-DLR) approaches

This chapter is based on [43}/44].
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have gained interest due to their robustness and improved performance |7,9,17,29]. PG-
DLR explicitly incorporates the physics of the data acquisition system into the neural
network via a procedure known as algorithm unrolling [22]. This is done by unrolling
iterative optimization algorithms that alternate between data consistency (DC) and
regularization steps for a fixed number of iterations. Subsequently, PG-DLR methods
are trained in a supervised manner using large databases of fully-sampled measurements
[7.19]. More recently, self-supervised learning has shown that reconstruction quality
similar to supervised PG-DLR can be achieved while training on a database of only
undersampled measurements [10].

While such database learning strategies offer improved reconstruction quality, ac-
quisition of large datasets may often be infeasible. In some MRI applications involving
time-varying physiological processes, dynamic information such as time courses of sig-
nal changes, contrast uptake or breathing patterns may differ substantially between
subjects, making it difficult to generate high-quality databases of sufficient size for the
aforementioned strategies. Furthermore, database training, in general, brings along con-
cerns about robustness and generalization [41,|122]. In MRI reconstruction, this may
exhibit itself when there are mismatches between training and test datasets in terms of
image contrast, sampling pattern, SNR, vendor, and anatomy. While it is imperative to
have high-quality reconstructions that can be used to correctly identify lesions/disease
for every individual, the fastMRI transfer track challenge shows that pretrained models
fail to generalize when applied to patients/scans with different distribution or acqui-
sition parameters, with potential for misdiagnosis |[42]. Finally, training datasets may
lack examples of rare and/or subtle pathologies, increasing the risk of generalization
failure [40,/41].

In this Chapter, we tackle these challenges associated with database training, and
propose a zero-shot self-supervised learning (ZS-SSL) approach, which performs subject-
specific training of PG-DLR without any external training database. Succinctly, ZS-
SSL partitions the acquired measurements into three types of disjoint sets, which are
respectively used only in the PG-DLR neural network, in defining the training loss, and
in establishing a stopping strategy to avoid overfitting. Thus, our training is both self-
supervised and self-validated. In cases where a database-pretrained network is available,

ZS-SSL leverages transfer learning (TL) for improved reconstruction quality and reduced
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computational complexity.

Our contributions can be summarized as follows:

e We propose a zero-shot self-supervised method for learning subject-specific DL
MRI reconstruction from a single undersampled dataset without any external

training database.

e We provide a well-defined methodology for determining stopping criterion to avoid

over-fitting in contrast to other single-image training approaches [47].

e We apply the proposed zero-shot learning approach to knee and brain MRI datasets,
and show its efficacy in removing residual aliasing and banding artifacts compared

to supervised database learning.

e We show our ZS-SSL can be combined with with TL in cases when a database-

pretrained model is available to reduce computational costs.

e We show that our zero-shot learning strategies address robustness and generaliz-
ability issues of trained supervised models in terms of changes in sampling pattern,

acceleration rate, contrast, SNR, and anatomy at inference time.

5.2 Background and Related Work

5.2.1 Accelerated MRI Acquisition Model

In MRI, raw measurement data is acquired in the frequency domain, also known as
k-space. In current clinical MRI systems, multiple receiver coils are used, where each
is sensitive to different parts of the volume. In practice, MRI is accelerated by taking
fewer measurements, which are characterized by an undersampling mask that specifies
the acquired locations in k-space. For a multi-coil MRI acquisition, the forward model
is given as

yi = PoFCix+n,;, i€ {1, . ,nc}, (51)

where x is the underlying image, y; is the acquired data for the i*" coil, Pq is the

masking operator for undersampling pattern {2, F is the Fourier transform, C; is a

diagonal matrix characterizing the i*" coil sensitivity, n; is measurement noise for it
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coil, and n. is the number of coils |1]. This system can be concatenated across the coil

dimension for a compact representation
yo = Eox +n, (5.2)

where yq is the acquired undersampled measurements across all coils, Eq is the forward
encoding operator that concatenates PoFC; across i € {1,...,n.}. The general inverse

problem for accelerated MRI is given as
argmin [y — Box|[3 + R(x), (5.3)

where the ||yq — Eqx||2 term enforces consistency with acquired data (DC) and R(-) is

a regularizer.

5.2.2 PG-DLR with Algorithm Unrolling

Several optimization methods are available for solving the inverse problem in [70].
Variable-splitting via quadratic penalty is one such approach that decouples the DC and
regularizer units. It introduces an auxiliary variable z that is constrained to be equal

to x, and is reformulated as an unconstrained problem with a quadratic penalty
argmin [|yo — Box| + ullx — 2[5 + R(z), (5.4)

where p is the penalty parameter. The optimization problem in (6.10) is then solved

via alternating minimization as
2 = argmin p||x"Y — 2|2 + R(z), (5.5a)
z
x = arg min [lyq — Eox||3 + ullx — 23, (5.5b)

where z(" is an intermediate variable and x( is the desired image at iteration i. In
PG-DLR, an iterative algorithm, as in (6.12a]) and ((6.12b]) is unrolled for a fixed number
of iterations [18]. The regularizer sub-problem in Eq. is implicitly solved with
neural networks and the DC sub-problem in Eq. is solved via linear methods
such as gradient descent [7] or conjugate gradient (CG) [9].

There have been numerous works on PG-DLR for accelerated MRI [7}9,|10,/18.29].

Most of these works vary from each other on the algorithms used for DC and neural

networks employed in the regularizer units. However, all these works require a large

database of training samples.
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Figure 5.1: An overview of the proposed zero-shot self-supervised learning approach. a)
Acquired measurements for the single scan are partitioned into three sets: a training
(©) and loss mask (A) for self-supervision, and a self-validation mask for automated
early stopping (I'). b) The parameters, 0, of the unrolled MRI reconstruction network
are updated using © and A in the data consistency (DC) units of the unrolled network
and for defining loss, respectively. ¢) Concurrently, a k-space validation procedure is
used to establish the stopping criterion by using Q\I" in the DC units and I to measure
a validation loss. d) Once the network training has been stopped due to an increasing
trend in the k-space validation loss, the final reconstruction is performed using the
relevant learned network parameters and all the acquired measurements in the DC unit.

5.2.3 Supervised Learning for PG-DLR

In supervised PG-DLR, training is performed using a database of fully-sampled reference
data. Let y'; be the fully-sampled k-space for subject n and f(yg,Eq;0) be the
output of the unrolled network for under-sampled k-space yg, where the network is

parameterized by 6. End-to-end training minimizes |10, 73]

N
mén N Z L(Yrets B f (y0, Eg; 0)), (5.6)
n=1

where N is the number of samples in the training database, Ef, is the fully-sampled

encoding operator that transform network output to k-space and L(-, -) is a loss function.
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5.2.4 Self-Supervised Learning for PG-DLR

Unlike supervised learning, self-supervised learning enables training without fully-sampled
data by only utilizing acquired undersampled measurements |[10]. A masking approach
is used for self-supervision in this setting, where a subset A C € is set aside for checking
prediction performance/loss calculation, while the remainder of points ©® = Q\A are
used in the DC units of the PG-DLR network. End-to-end training is performed using

the loss function
L N
mgnN;E(yx, B (/(v6,E5:0)) ). (5.7)

5.3 Zero-Shot Self-Supervised Learning for PG-DLR

As discussed in Section lack of large datasets in numerous MRI applications, as well
as robustness and generalizability issues of pretrained models pose a challenge for the
clinical translation of DL reconstruction methods. Hence, subject-specific reconstruction
is desirable in clinical practice, since it is critical to achieve a reconstruction quality
that can be used for correctly diagnosing every patient. While the conventional self-
supervised masking strategy, as in [10] can be applied for subject-specific learning, it
leads to overfitting unless the training is stopped early [123]. This is similar to other
single-image learning strategies, such as the deep image prior (DIP) or zero-shot super-
resolution [47,[124]. DIP-type approaches shows that an untrained neural network can
successfully perform instance-specific image restoration tasks such as denoising, super-
resolution, inpainting without any training data. However, such DIP-type techniques
requires an early stopping for avoiding over-fitting, which is typically done with a manual
heuristic selection [47},123,/125]. While this may work in a research setting, having a
well-defined automated early stopping criterion is critical to fully harness the potential
of subject-specific DL MRI reconstruction in practice.

Early stopping regularization in database-trained setting is conventionally motivated
through the bias-variance trade-off, in which a validation set is used as a proxy for the
generalization error to identify the stopping criterion. Using the same bias-variance
trade-off motivation, having a validation set can aid in devising a stopping criterion,

but this has not been feasible in existing zero-shot learning approaches, which either
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use all acquired measurements [47,80] or partition them into two sets for training and
defining loss |123]. Hence, existing zero-shot learning techniques lack a validation set

to identify the stopping criterion.

ZS-SSL Formulation and Training: We propose a new ZS-SSL partitioning frame-
work to enable subject-specific self-supervised training and validation with a well-defined
stopping criterion. We define the following partition for the available measurement lo-

cations from a single scan, €2:

Q=0UAUT, (5.8)

where LI denotes a disjoint union, i.e. ©, A and I' are pairwise disjoint (Figure .
Similar to Section © is used in the DC units of the unrolled network, and A is
used to define a k-space loss for the self-supervision of the network. The third partition
I' is a set of acquired k-space indices set aside for defining a k-space validation loss.
Thus, ZS-SSL training is both self-supervised and self-validated.

In general, since zero-shot learning approaches perform training using a single dataset,
generation of multiple data pairs from this single dataset is necessary to self-supervise
the neural network [126]. Hence, we generate multiple (0, A) pairs from the acquired
locations €2 of the single scan. In ZS-SSL, this is achieved by fixing the k-space valida-
tion partition I' C €2, and performing the retrospective masking on Q\I' multiple times.

Formally, Q\I' is partitioned K times such that
ON\I=0,UA;, kef{l,...,K}, (5.9)
where Ay, O and ' are pairwise disjoint, i.e. =1 U O U Ag,V k. ZS-SSL training
minimizes
| XK
min - > ﬁ(YAk, En, (f(ye,: Eey; 9)))
k=1

In the proposed ZS-SSL, this is supplemented by a k-space self-validation loss, which
tests the generalization performance of the trained network on the k-space validation
partition I'. For the [*! epoch, where the learned network weights are specified by (),

this validation loss is given by:

£(yr. Er(f(yor Boyri09)). (5.10)
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Note that in , the network output is calculated by applying the DC units on
O\I' = © UA, i.e. all acquired points outside of I', to better assess its generalizability
performance. Our key motivation is that while the training loss will decrease over
epochs, the k-space validation loss will start increasing once overfitting is observed.
Thus, we monitor the loss in during training to define an early stopping criterion
to avoid overfitting. Let L be the epoch in which training needs to be stopped. Then
at inference time, the network output is calculated as f(yq, Eq; O(L)), i.e. all acquired

points are used to calculate the network output.

ZS-SSL with Transfer Learning (TL): While pretrained models are very efficient
in reconstructing new unseen measurements from similar MRI scan protocols, their
performance degrades significantly when acquisition parameters vary [42]. Moreover,
retraining a new model on a large database for each acquisition parameter(e.g. sam-
pling, contrast, anatomy, acceleration), may be very computationally expensive [40)].
Hence, TL has been used for re-training DL models pre-trained on large databases to
reconstruct MRI data with different characteristics [40]. However, such transfer still
requires another, often smaller, database for re-training. In contrast, in the presence
of pre-trained models, ZS-SSL can be combined with TL, referred to as ZS-SSL-TL,
to reconstruct a single slice/instance with different characteristics by using weights of
the pre-trained model for initialization. Thus, ZS-SSL-TL ensures that the pretrained
model is adapted for each patient/subject, while facilitating faster convergence time and

reduced reconstruction time.

5.4 Experiments

5.4.1 Datasets

We performed experiments on publicly available fully-sampled multi-coil knee and brain
MRI from fastMRI database [77]. Knee and brain MRI datasets contained data from
15 and 16 receiver coils, respectively. Fully-sampled datasets were retrospectively un-
dersampled by keeping 24 lines of autocalibrated signal (ACS) from center of k-space.
FastMRI database contains different contrast weightings. For knee MRI, we used coronal

proton density (Cor-PD) and coronal proton density with fat suppression (Cor-PDFS),
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and for brain MRI, axial FLAIR (Ax-FLAIR) and axial T2 (Ax-T2). Different types of
datasets and undersampling masks used in this study are provided in Figure in
the Appendix.

5.4.2 Implementation Details

All PG-DLR approaches were trained end-to-end using 10 unrolled iterations. CG
method and a ResNet structure [76] were employed in the DC and regularizer units of
the unrolled network, respectively [10]. The ResNet is comprised of a layer of input and
output convolution layers, and 15 residual blocks (RB) each containing two convolu-
tional layers, where the first layer is followed by ReLLU and the second layer is followed
by a constant multiplication [76]. All layers had a kernel size of 3 x 3, 64 channels.
The real and imaginary parts of the complex MR images were concatenated prior to
being input to the ResNet as 2-channel images. The unrolled network, which shares
parameters across the unrolled iterations had a total of 592,129 trainable parameters.
Coil sensitivity maps were generated from the central 24x24 ACS using ESPIRIT [106].
End-to-end training was performed with a normalized ¢1-¢5 loss (Adam optimizer, LR =
5-10~%, batch size = 1) [10]. Peak signal-to-noise ratio (PSNR) and structural similarity

index (SSIM) were used for quantitative evaluation.

5.4.3 Reconstruction Method Comparisons

In this work, we focus on comparing training strategies for accelerated MRI reconstruc-
tion. Thus, we use the same network architecture from Section for all training
methods in all experiments. We note that the proposed ZS-SSL strategy is agnostic to
the specifics of the neural network architecture. In fact, the number of network param-
eters is higher than the number of undersampled measurements available on a single
slice, i.e. dimension of yq. As such, different neural networks may be used for the

regularizer unit in the unrolled network, but this is not the focus of our study.

Supervised PG-DLR: Supervised PG-DLR models for knee and brain MRI were
trained on 300 slices from 15 and 30 different subjects, respectively. For each knee
and brain contrast weighting, two networks were trained separately using random and

uniform masks [7] at an acceleration rate (R) of 4 [41]. Trained networks were used for
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comparison and TL purposes. We note that random undersampling results in incoherent
artifacts, whereas uniform undersampling leads to coherent artifacts that are harder
to remove (Figure in Appendix) [40]. Hence, we focus on the more difficult
problem of uniform undersampling, while presenting random undersampling results in

the Appendix.

Self-Supervision via Data Undersampling (SSDU) PG-DLR: SSDU [10] PG-
DLR was trained using the same database approach as supervised PG-DLR, with the
exception that SSDU performed training only using the undersampled data (Sec. [5.2.4)).

DIP-Recon: We employ a DIP-type subject-specific MRI reconstruction that uses all
acquired measurements in both DC and defining loss [80L|127]

»’3(}’9, EQ(f(YQ,EQ;H))>- (5.11)

We refer to the reconstruction from this training mechanism as DIP-Recon. DIP-Recon-
TL refers to combining with TL. As mentioned, DIP-Recon does not have a
stopping criterion, hence early stopping was heuristically determined (Figure in
the Appendix).

Parallel Imaging: We include CG-SENSE, which is a commonly used subject-specific

conventional PI method [1,/78], as the clinical baseline quality for comparison purposes.

5.4.4 Automated Stopping and Ablation Study

The stopping criterion for the proposed ZS-SSL was investigated on slices from the
knee dataset. The k-space self-validation set I' was selected from the acquired mea-
surements ) using a uniformly random selection with |I'|/|2] = 0.2. The remaining
acquired measurements Q\I" were retrospectively partitioned into disjoint 2-tuples mul-
tiple times based on uniformly random selection with the ratio p = |Ag|/|Q\I'| = 0.4
Vk e {1,...,K} [10].

Figure shows representative subject-specific training and validation loss curves
at R =4 for K € {1,10,25,50,100}. As expected, training loss decreases with increas-
ing epochs for all K. The k-space validation loss for K = 1 decreases without showing a
clear breaking point for stopping. For K > 1, the validation loss forms an L-curve, and

the breaking point of the L-curve is used as the stopping criterion. K = 10 is used for
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the rest of the study, while noting K = 25, 50 and 100 also show similar performance.
Figure shows loss curves on a Cor-PD slice with and without transfer learning.
7ZS-SSL-TL, which uses pre-trained supervised PG-DLR parameters as initial starting
parameters, converges faster in time compared to ZS-SSL, substantially reducing the
total training time. Average computation times for single-instance reconstruction meth-
ods are presented in Table[A.3]in the Appendix. Similarly, corresponding reconstruction
results for the loss curves in Figure and b are provided in Figure in the
Appendix.

5.4.5 Reconstruction Results

In the first set of experiments, we compare all methods for the case when the testing
and training data belong to the same knee/brain MRI contrast weighting with the
same acceleration rate and undersampling mask. These experiments aim to show the
efficacy of the proposed approach in performing subject-specific MRI reconstruction,
while removing residual aliasing artifacts. We also note that this is the most favorable
setup for database-trained supervised PG-DLR.

In the subsequent experiments, we focus on the reported generalization and ro-
bustness issues with database-trained PG-DLR methods [40-42,/128]. We investigate
banding artifacts, as well as in-domain and cross-domain transfer cases. For these exper-
iments, we concentrate on ZS-SSL-TL, since ZS-SSL has no prior domain information,

and is inherently not susceptible to such generalizability issues.

Comparison of Reconstruction Methods: In these experiments, supervised and
SSDU PG-DLR are trained and tested using uniform undersampling at R = 4, repre-
senting a perfect match for training and testing conditions. Figure and b show
reconstruction results for Cor-PD knee and Ax-FLAIR brain MRI datasets in this set-
ting. CG-SENSE reconstruction suffers from significant residual artifacts and noise

amplification in Cor-PD knee and Ax-FLAIR brain MRIs, respectively. Similarly, both

Table 5.1: Average PSNR and SSIM values on 30 test slices.

Metrics | CG-SENSE | Supervised PG-DLR | SSDU PG-DLR | DIP-Recon | DIP-Recon-TL | ZS-SSL | ZS-SSL-TL
Cor-PD SSIM 0.862 0.952 0.949 0.793 0.819 0.948 0.951
PSNR 34.521 39.966 39.545 32.668 33.583 39.550 40.102
AxFLAIR SSIM 0.836 0.934 0.929 0.799 0.818 0.935 0.937
PSNR 31.969 37.375 36.761 30.637 31.249 36.861 37.250
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DIP-Recon and DIP-Recon-TL suffer from residual artifacts and noise amplification.
Supervised PG-DLR achieves artifact-free reconstruction. Both ZS-SSL and ZS-SSL-
TL also perform artifact-free reconstruction with similar image quality. Table shows
the average SSIM and PSNR values on 30 test slices. Similar observations apply when
random undersampling is employed (Figure in the Appendix). For the remain-
ing experiments, we investigate the generalizability of database-pretrained models using
supervised PG-DLR as baseline due to its higher performance, while noting SSDU PG-
DLR, which is a self-supervised database-trained model, may also be used as a baseline
if needed.

Banding Artifacts: Banding artifacts appear in the form of streaking horizontal lines,
and occur due to high acceleration rates and anisotropic sampling [128]. These hinder
radiological evaluation and are regarded as a barrier for the translation of DL reconstruc-
tion methods into clinical practice [128]. This set of experiments explored training and
testing on Cor-PDFS data, where database-trained PG-DLR reconstruction has been
reported to show such artifacts [42,/128]. Figure shows reconstructions for a Cor-
PDEFS test slice. While DIP-Recon-TL suffers from clearly visible noise amplification,
supervised PG-DLR suffers from banding artifacts shown with yellow arrows. ZS-SSL-
TL significantly alleviates these banding artifacts in the reconstruction. While super-
vised PG-DLR achieves slightly better SSIM and PSNR, (Table in the Appendix),
we note that the banding artifacts do not necessarily correlate with such metrics, and

are usually picked up in expert readings [41,[128].

In-Domain Transfer: In these experiments, we compared the in-domain generalizabil-
ity of database-trained PG-DLR and subject-specific PG-DLR. For in-domain transfer,
training and test datasets are of the same type of data, but may differ from each other
in terms of acceleration and undersampling pattern (Figure|A.25|in the Appendix). In
Figure [5.5h, supervised PG-DLR was trained with random undersampling and tested
on uniform undersampling, both at R = 4. Supervised PG-DLR fails to generalize
and suffers from residual aliasing artifacts (red arrows), consistent with previous re-
ports [40L42]. Similarly, DIP-Recon-TL suffers from artifacts and noise amplification.
Proposed ZS-SSL-TL achieves an artifact-free and improved reconstruction quality. In

Figure [5.5pb, supervised PG-DLR was trained with uniform undersampling at R = 4
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and tested on uniform undersampling at R = 6. While both supervised PG-DLR and
DIP-Recon-TL suffers from aliasing artifacts, ZS-SSL-TL successfully removes these ar-
tifacts. Average PSNR and SSIM values align with the observations (Table in the
Appendix).

Cross-Domain Transfer: In the last set of experiments, we investigated the cross-
domain generalizability of database-trained PG-DLR compared to subject-specific trained
PG-DLR. For cross-domain transfer, training and test datasets are of the different data
characteristics and generally differ in terms of contrast, SNR, and anatomy (Figure
in the Appendix). Figure shows results for the case when the testing con-
trast/SNR and anatomy differs from training contrast/SNR and anatomy, even though
the same R = 4 uniform undersampling is used for both training and testing. In Fig-
ure |5.6@, supervised PG-DLR was trained on Cor-PDFS (low-SNR), but tested on
Cor-PD (high-SNR and different contrast). In Figure , supervised PG-DLR was
trained on Ax-FLAIR (brain MRI) and tested on Cor-PD (knee MRI). In both cases,
supervised PG-DLR fails to generalize and has residual artifacts (red arrows). Similarly,
DIP-Recon-TL suffers from artifacts and noise. ZS-SSL-TL achieves an artifact-free im-
proved reconstruction. For both cross-domain transfer experiments, similar results were
observed for brain MRI (Figure in the Appendix). Average PSNR and SSIM
values match these observations (Table in the Appendix).

5.5 Conclusions

We proposed a zero-shot self-supervised deep learning method, ZS-SSL, for subject-
specific accelerated DL MRI reconstruction from a single undersampled dataset. The
proposed ZS-SSL partitions the acquired measurements from a single scan into three
types of disjoint sets, which are used only in the PG-DLR network, in defining the train-
ing loss, and in establishing a validation strategy for early stopping to avoid overfitting.
In particular, we showed that with our training methodology and automated stopping
criterion, subject-specific zero-shot learning of PG-DLR for MRI can be achieved even
when the number of tunable network parameters is higher than the number of available

measurements.
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Finally, we also combined ZS-SSL with transfer learning, in cases where a pre-
trained model may be available, for faster convergence time and reduced reconstruction
time. Our results showed that ZS-SSL methods perform similarly to database-trained
supervised PG-DLR when training and testing data are matched, and they significantly
outperform database-trained methods in terms of artifact reduction and generalizability
when the training and testing data differ in terms of image characteristics and acquisition
parameters. In fact, the subject-specific nature of ZS-SSL ensures that it is agnostic to
such changes in acquisition parameters. As such, the proposed work is able to provide
good reconstruction quality for each subject, and may have significant implications in
the integration of DL reconstruction to clinical studies. We note that hyperparameters,
such as learning rate may be adjusted based on the domain for further improvements.
It is also noteworthy that the subject-specific ZS-SSL eliminates the requirement for
large training sets. This may also facilitate the use and appeal of DL reconstruction
for recently developed acquisitions, as well as pilot studies that are often performed to
determine the acquisition parameters/acceleration rates of large-scale imaging studies,
such as the Human Connectome Project (HCP) [34]. Finally, while we concentrated
on physics-guided models in MRI reconstruction, our ideas and results may inspire
further work in related image restoration problems, as well as for generative models or

data-driven problems without a data consistency term.
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Figure 5.2: a) Representative training and k-space validation loss curves for ZS-SSL
with multiple K € {1,10,25,50,100} masks on Cor-PD knee MRI using uniform un-
dersampling at R = 4. For K > 1 the validation loss forms an L-curve, whose breaking
point (red arrows) dictates the automated early stopping criterion for training. b) Loss
curves for ZS-SSL with/without TL for K = 10 on a Cor-PD knee MRI slice. ZS-SSL
with TL converges faster compared to ZS-SSL (red arrows).
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Figure 5.3: Reconstruction results on a representative test slice from a) Cor-PD knee
MRI and b) Ax-FLAIR brain MRI at R = 4 with uniform undersampling. CG-SENSE,
DIP-Recon, DIP-Recon-TL suffer from noise amplification and residual artifacts shown
with red arrows, especially in knee MRI due to the unfavorable coil geometry. Subject-
specific ZS-SSL and ZS-SSL-TL achieve artifact-free and improved reconstruction qual-
ity, similar to the database-trained SSDU and supervised PG-DLR.
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_2S-SSLTL

Figure 5.4: Supervised PG-DLR suffers from banding artifacts (yellow arrows), while
ZS-SSL-TL significantly alleviates these artifacts. DIP-Recon-TL suffers from clear
noise amplification.

Figure 5.5:  Supervised PG-DLR was trained with a) random mask and tested on
uniform mask, both R = 4; b) uniform mask at R = 4 and tested on R = 6 uniform
mask. Supervised PG-DLR and DIP-Recon-TL suffer from visible artifacts (red arrows).
7ZS-SSL-TL yields artifact-free reconstruction.
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Ground Truth Supervised PG-DLR DIP-Recon-TL ZS-SSL-TL

Figure 5.6: Using pre-trained a) Cor-PDFS (low-SNR) and b) Ax-FLAIR (brain MRI)
models for Cor-PD. Supervised PG-DLR fails to generalize for both contrast/SNR and
anatomy changes, suffering from residual artifacts (red arrows). DIP-Recon-TL also
shows artifacts. ZS-SSL-TL successfully removes noise and artifacts for both cases.



Chapter 6

Self-Supervised Denoising with

Inpainting Unrolling

6.1 Introduction

Image denoising aims to recover clean images from noisy measurements, since it is not
feasible to avoid noise contamination in numerous scenarios due to instrumental imper-
fection or environmental conditions. The implicit assumption of many denoising ap-
proaches is that pixels of the underlying clean images are spatially correlated, while the
contaminating noise instances are uncorrelated [129-132]. In recent years, convolutional
neural networks (CNNs) have gained immense attention for image denoising [45-51]. In
CNN-based denoising, parameters of the convolutional kernels are traditionally tuned to
minimize the discrepancy between pairs of noisy and clean target images as measured by
a pre-specified loss metric [45]133]. The network is consequently expected to generalize
to denoise future images with similar statistical properties.

The classical supervised training of CNN-based denoiser requires availability of clean
target images pertinent to noisy ones, which may not be readily available in some
scenarios [48,/50,/53]. A number of recent research studies have attempted to address
this issue by training CNNs without requiring ground truth. Noise2Noise [50] was the

first method that proposed to perform the training on pairs of noisy images rather

This chapter is based on [54].

81
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than noisy and clean images. The main underlying assumption of Noise2Noise is the
availability of two noisy instances of the same image with independent noise, which may
be difficult to obtain in practice, such as medical imaging applications.

To tackle this challenge, several self-supervised approaches have been proposed to
learn denoising from only noisy images [48./53}|126}/134]. The main underlying assump-
tions in these approaches are the statistical independence of noise across pixels, and the
existence of spatial correlations across the pixels of the true underlying image. These
self-supervised approaches split image pixels into two disjoint sets following a masking
operation, in which image pixels in one of these set is used as input to the network while
the other is used to define the loss. Among such self-supervised approaches, Noise2Self
(N2S) theoretically shows that under a certain masking choice, minimizing the self-
supervised loss on only noisy images is equivalent to minimizing the supervised loss
function up to a constant under the aforementioned assumptions. While self-supervised
approaches learn denoising using only noisy images, all these approaches relies on a
purely data-driven regularization neural network without explicitly incorporating the
masking model in the network architecture.

In this work, we propose a novel self-supervised image denoising approach, called
Noise2Inpaint. Noise2Inpaint utilizes the masking model of N2S, but recasts the de-
noising problem as an image inpainting inverse problem with a well-defined objective
function. Subsequently, an iterative optimization procedure for solving this objective
function is unrolled for a fixed number of iterations via a procedure known as algorithm
unrolling [22//135], incorporating a CNN-based regularizer and a linear data fidelity (DF)
unit in each iteration [7,28,/136]. This unrolled network has only one more trainable
parameter compared to N2S, which arises from the penalty term in the DF. N2I follows
N2S and splits noisy pixels into two disjoint sets. One of these sets is used both as
network input and in the data fidelity units for ensuring consistency, while the other set
is used to define the loss as in N2S.

Our main contributions are summarized as follows:

e We introduce a self-supervised learning approach for referenceless denoising by
recasting the denoising problem as an inpainting task with an objective function

to be minimized in an optimization framework.
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Figure 6.1:  Overview of the self-supervised training mechanism of the proposed
Noise2Inpaint approach. The noisy pixels of each image are split into training and
loss pixels. Training pixels are input to the unrolled network with fixed number of it-
erations where each iteration consist of regularizer and data fidelity (DF) terms. These
training pixels are also used in the DF units to ensure data consistency. The loss is
defined between loss pixels that are not used in the training and network output at
corresponding loss pixel locations.
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Algorithm Unrolling

e We train an unrolled neural network with data fidelity and CNN-based regulariza-
tion units to solve the optimization problem pertinent to the inpainting challenge

using self-supervision.

e Our unrolled network in N2I shares parameters units across iterations. Thus, when
using the same neural network architecture as its purely data-driven counterparts
(e.g. N2S,N2V) in the regularization unit, the N2I network only has one additional
trainable parameter. This single additional parameter arises from the quadratic

penalty parameter in the data fidelity unit.

e We apply the proposed Noise2Inpaint approach to real world datasets, and show-

ing its superiority compared to its purely data-driven counterparts.

6.2 Related Work

In this section, we discuss CNN-based denoising algorithms, including approaches that
do not require ground truth clean data for training.

Image denoising focuses on recovering a clean target image, x € R™ from a noisy
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image, y € R™. Typically, an additive noise model is assumed [130,/131] with

y=x+n, (6.1)

where n denotes the noise which is generally modeled as Gaussian and is independent
from x [129,|130]. More complicated statistical models may also be encountered in

practical applications [137-140].

6.2.1 Noise2True Training

A common setup for deep learning methods in image denoising is the supervised setting,
which is also referred to as Noise2True (N2T), and requires clean ground-truth images
for training. Specifically, N2T training learns a denoising CNN f : R"™ — R™ that is

parameterized by @ and which minimizes the supervised loss
L(6) £ E| f(y;0) —x|*. (6.2)

Denoising function f in Eq. is approximated by minimizing the empirical loss on a

database of pairs of noisy input and ground truth clean images {y*, x* i]\il as

N
min £x(0) 2 3|1 f(v'0) — x|, (6.3)
=1

where f(.;0) is the output of the CNN with parameters 8, and Lx(0) is the empirical
loss function [45,50},52,[53].

6.2.2 Noise2Noise Training

Noise2Noise (N2N) training does not require any clean images [50] as opposed to N2T.
N2N performs training by learning a mapping function between pairs of noisy images
that have the same underlying clean images but independently drawn noises from the
same distribution. The key concept of N2N is that given a set of two such degraded
images, {y’ = x’ +n’,§" = x' + 1'}, the expected value of both of these noisy images

are equivalent to the clean signal. Hence, N2N modifies loss function in Eq. into

N
min ) _[If(y';6) - §'|* (6:4)
i=1
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6.2.3 Noise2Self Training

Self-supervised training approaches enable training of CNNs without requiring a ground-
truth image or pairs of noisy images. Under the assumption of independent zero-mean

noise across pixels, these methods minimize a self-supervised loss on noisy images as

L(6) 2 E|f(y;0) | (6.5)

The early pioneering work in this field is Noise2Void (N2V), which takes random
patches from images and replaces the central pixel with a random pixel in the patch.
Training is performed by minimizing a loss function between only the true central pixel
value and estimated central pixel value of the network. While N2V empirically works
well, it lacks theoretical guarantees as Eq. [6.5]simplifies to learning an identity mapping.
Noise2Self (N2S) provides strong theoretical guarantees by proposing a J-invariant f
that avoids learning the identity function [53].

Definition. Let J = {J1,...,Jn} be a set of partitions of the pixels set of an image,
where SN |J;] = m. A function f : R™ — R™ is J-invariant if the value of f(y);
does not depend on the value of y; for all J € J [53].
In other words, the pixel values of an image is split into two disjoint sets J and J¢ with
|J| + |J]|¢ = m, and denoising function f(y); uses pixels in y e to denoise y;. Hence,
rewriting the self-supevised loss function in Eq. over J-invariant functions leads
to [53]

EJlf(y;0) - yI* = Il f(y:8) — x|2 + ly — x| (6.6)

Thus, minimizing the self-supervised loss over J-invariant function is equivalent to
minimizing supervised loss up to a constant defined by the variance of noise (last
term). Hence, J-invariant denoising function f can be empirically approximated over

a database of noisy images as
N
i Pf(yh:0) — y5l? 6.7
argménggl 7 (53 0) = yil%, (6.7)

where P ; is defined as the masking operator specified by the index set J in order to

perform the loss.
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6.3 Methods

Our proposed Noise2Inpaint (N2I) method builds on the J-invariant masking idea from
N2S [53], as well as a recent self-supervision method from image reconstruction that uses
an optimization-focused algorithm unrolling for neural networks [10]. In conventional

image denoising, a regularized objective function is typically used [46]:
arg min [y — x|3 + R(x), (6.8)

where the first term denotes a data fidelity (DF) term between the desired output and
the noisy input, while the second term R(-) is a regularizer. These regularizers can have
explicit closed forms [141,|142], or the whole objective function can be solved implicitly
either with traditional methods [129}|130] or using CNNs [45,|47,|52.(143,(144].

Here, we formulate the masking approach that estimates a pixel in J from its com-
plement J¢ in N2S as an image inpainting problem [145]. In image inpainting, missing
pixels are estimated from available pixels using a regularized objective function. Similar
to N2S, let J be the masked pixels, and J¢ be the complement pixels that are available
at the input of the neural network. Then, the available non-masked data in Eq.
is given as

v =Pjex+mnj e (6.9)
where P jc is the masking operator as defined in Section While inpainting seems

like a more difficult problem than denoising, this recasting allows us to write an objective

function that can be solved using algorithms that enforce data fidelity and regularization.

6.3.1 Algorithm Unrolling for Inpainting

The objective function corresponding to the measurement model in for the in-

painting problem is given as
argmin ||y ;o — P jex|5 + R(x). (6.10)
X

The regularized inpainting problem has been extensively studied using only CNNs
[146-148]. An alternative approach to solve the regularized inpainting problem is to use
algorithm unrolling [135]. In these methods, an iterative optimization algorithm, such

as proximal gradient descent or variable splitting [149}/150] for solving the objective



87
function in Equation is unrolled for a fixed number of iterations. Each iteration
consists of a DF and regularizer term, as shown in Figure [6.1l The unrolled network
is trained end-to-end by minimizing a loss function that characterizes the discrepancy
between a reference and network output. Algorithm unrolling has gained significant
popularity in many fields such as image reconstruction tasks in MRI or computational
tomography due to its improved precision and accuracy [7,/10},89,151-153].

One approach to solve the objective function in Equation is to use variable
splitting [150], which decouples the DF and regularizer term by introducing an auxilliary
variable z that is constrained to be equal to x. Following variable spliting approach,

the objective function in Equation (6.10) can be rewritten using quadratic relaxation:

argmin|ly o — Pyox[3 + plx — 23 + R(z), (6.11)
where i denotes the penalty parameter. This is solved by alternating minimization over
x and z as

x®) = argmin [ly jo — P x|} + pllx — 2|3 (6.123)
z*) = arg mzin || x®) — 2|12 + R(z) (6.12b)

In algorithm unrolling, this problem is unrolled for a fixed number of iterations, with
each iteration including a DF and a regularization block. The regularization subproblem
in Equation does not have a closed form solution and is solved implicitly by
CNNs. Equation corresponds to the DF term, with a closed form solution

k—1 e
ng) _ zgl ) . ifjedJ (6.13)
myj—l-ﬁzj if j € J¢
where j indicates the pixel location in the image. In other words, at iteration k in the
unrolled network, the denoised image is comprised of the CNN output at the masked

locations and a weighted average for the non-masked locations.

6.3.2 Noise2Inpaint Self-Supervised Training

The proposed Noise2Inpaint method performs end-to-end training by minimizing

N
arg Hgn Z; ; 1P (funcon (¥, Pye; 0)) — ¥4 112, (6.14)
1=
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where funrou(y"Jc, PiJC; 0) denotes the output of the unrolled network for inpainting de-
scribed by Equations -, with yf,c and P?. denoting the inputs used at the
DF units of the unrolled network. 6 includes the parameters of the CNN that imple-
ments the regularization unit of Equation , as well as the learnable quadratic
penalty parameter p used in Equation .

We note a few important points about the objective function in Equation (6.14]):

e First, we use the same masking strategy in N2S and split noisy pixels into two set
of pixels: 1) training pixels are used as network input and also in the DF units
to ensure data consistency, 2) loss pixels are used to define the loss between noisy
pixels excluded from the training and the network output at corresponding unseen

locations.

e Second, in contrast to N2S, the N2I network has a well-defined separation between

linear data consistency and the CNN-based regularization units.

e Third, as the weights of the regularization CNNs are shared across the iterations
of the unrolled network, N2I has only a single additional parameter (the penalty
term p) compared to N2S when using the same CNN architecture.

e Finally, when using the masking scheme described in [53] for selecting J, the N2I

enjoys the same theoretical guarantees as N2S.

6.4 Experiments

The proposed Noise2Inpaint method is evaluated on various denoising tasks. We com-
pare our results with Noise2True, Noise2Noise, Noise2Self and a conventional denoising
algorithm BM3D [130].

6.4.1 Datasets

BSD. A grey-scale natural images dataset is generated from the Berkeley Segmentation
Dataset (BSD) [154], following [155]. This dataset contains 400 cropped images of size
180x 180 with a pixel intensity range of [0-255]. BSD68 dataset (68 grey-scale images)

is used for testing.



89

Figure 6.2: Denoising results of one representative image from BSD68 with noise level
25 for training with known specific (-S) and blind (-B) Gaussian noise. (N2S: Noise2Self,
N2I: Noise2Inpaint (Ours), N2N: Noise2Noise, N2T: Noise2Truth)

Hanzi. We construct a dataset of 13029 Chinese characters (Hanzl). As in [53], the
whole dataset comprises of 78174 images (each character is repeated 6 times) of size 64
x 64 and a pixel intensity range of [0-1]. The dataset is split into two as 90% and 10 %
for training and testing, respectively.

ImageNet. To generate a dataset of RGB natural images, ImageNet LSVRC 2012
Validation dataset consisting of 50,000 images is used . The training dataset
of 60,000 cropped images of size 128 x 128 wih a pixel intensity range of [0-255] is

constructed from the first 20,000 images. Another 1,000 different images are used for

Methods | BM3D | N2S-S | N2S-B | N2I-S | N2I-B | N2N-S | N2N-B | N2T-S | N2T-B
o=15 31.09 | 25.54 | 27.31 | 30.14 | 30.1 31.21 30.74 31.23 | 30.85
0=25 28.59 | 26.51 | 25.64 | 28.02 | 28.03 | 28.72 28.35 28.75 | 28.49
0=>50 25.68 | 23.55 | 23.58 | 25.17 | 24.92 | 25.75 25.31 25.75 | 25.56

Table 6.1: Average PSNR results on the BSD68 dataset for known specific
and blind Gaussian denoising using BM3D, Noise2Self-Specific/Blind(N2S-S,N2S-B),
Noise2Inpaint-Specific/Blind (N2I-S,N2I-B), Noise2Noise-Specific/Blind (N2N-S,N2N-
B) and Noise2True-Specific/Blind (N2T-S,N2T-B).
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testing.
Fluorescence Microscopy. To show the utility of self-supervised denoising methods
in real world applications, two fluorescence microscopy datasets from the Cell Tracking
challenge [156] (Fluo-C2DL-MSC and Fluo-N2DH-GOWT1) are used. These datasets
only contain single noisy images [48]. Training dataset for each of these microscopy
datasets contain 100 cropped images of size 512 x 512 with a pixel intensity range of
[0-255].

6.4.2 Implementation Details

Experiments are performed on two U-Net architectures. We use a shallow U-Net archi-
tecture of depth 2, with a linear function in the last layer [48] for all experiments on
BSD and fluorescence microscopy datasets. For the experiments on Hanzi and ImageNet
datasets, we use a deeper U-Net (depth 4) architecture with batch normalization and a
batch size of 64 as in [53]. For both networks: The number of channel in initial level is
set to 32 channels and it doubles as it goes deeper; kernel size 3; Adam optimizer with
learning rate of 107°. Since our study focuses on enabling self-supervised learning from
an algorithm unrolling perspective, we use CNNs that have been previously utilized in
self-supervised denoising literature. However, further improvements may be possible
with other well-designed neural networks. PSNR is used as evaluation criterion, when
a reference image is available. Training datasets are augmented by rotating each image
90° three times and and mirroring them.
Noise2True, Noise2Noise and Noise2Self are trained as described in Section 6.2

These methods use a purely data-driven CNN as previously described. Our Noise2Inpaint
method is trained end-to-end by unrolling the iterative algorithm in Eq. [6.12a], and[6.125|

for 10 iterations. Each iteration contains a data fidelity and regularization term, where

the trainable parameters are shared across iterations. Hence, Noise2Inpaint has only 1
more trainable parameter, which is the u penalty parameter for quadratic relaxation,
compared to N2T, N2N and N2S. During training, we follow [53] and randomly choose
one single mask J for each image with density 1/25 to speed up the training process.
During testing, we input the full noisy image on the trained network as this has been
reported [53] to outperform the strategy of applying a partition J containing |J| sets

and averaging them.
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Ground Truth Input BM3D N2S N2l N2ZN N2T
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Chinese Characters
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Figure 6.3: Denoising performance on Chinese characters (Hanzi) and RGB natural
images (ImageNet) test datasets using traditional denoising method BM3D, supervised
method Noise2True, supervised with second noisy image Noise2Noise, self-supervised
approaches Noise2Self and Noise2Inpaint.

6.4.3 Known and Blind Gaussian Noise Removal

We perform two set of experiments using BSD400 dataset to analyze denoising perfor-
mance in the presence of known and blind Gaussian noise. For known noise level, we
use three noise levels ¢ =15, 25 and 50, and train a network for each noise level .
For blind Gaussian denoising, we train a single model using noisy images selected from
noise levels o € [0, 50].

Average PSNR results on test BSD68 dataset for known and blind Gaussian de-
noising are shown in Table [6.1] We refer to each method trained with known specific
and blind noise level as Method-S and Method-B, respectively following the convention
of . As anticipated, Noise2True and Noise2Noise with known noise levels achieves
the best PSNR results as they use extra information. Among the self-supervised ap-

proaches, our method Noise2Inpaint outperforms Noise2Self for both known and blind
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noise cases. Figure displays denoising results at noise level o = 25. The proposed
Noise2Inpaint approach shows superior reconstruction quality compared to Noise2Self
by preserving more details for known noise removal, and reducing non-uniform back-

ground artifacts with subjectively appealing reconstruction in blind denoising.

6.4.4 Mixture Noise Removal

Hanzi and ImageNet datasets are evaluated with a mixture of different noise models.
For the Hanzi dataset, a mixture of Gaussian (0 = 0.7) and Bernoulli noise (half the
pixels blacked out) are applied to each clean image, as in [53]. For the ImageNet dataset,
multiplicative Poisson noise (A = 30), additive Gaussian noise (¢ = 80) and Bernoulli
noise (p = 0.2) is applied to each clean image, following [53].

Average PSNR values over the test datasets for both Hanzi and ImageNet are listed
in Table While N2T achieves the highest metrics among all methods, Noise2Inpaint
achieves higher PSNR compared to the other ground-truth free approaches, N2S and
BM3D. Figure illustrates the visual results on representative test images. N2I
achieves a better denoising quality compared to N2S and BM3D, which aligns with

the quantitative metrics.

6.4.5 Denoising of Fluorescence Microscopy Data

We evaluate performance of blind denoising methods on Fluorence microscopy datasets,
which contain only single sets of noisy images. Hence, Noise2True and Noise2Noise
are not applicable. Figure [6.4] shows the performance of BM3D, and self-supervised
N2S and N2I approaches. We assess the results qualitatively with visual inspection

as quantitative metrics such as PSNR cannot be reported due to lack of ground-truth

Methods | BM3D | N2S | N2I N2N | N2T
Hanzi 10.69 12.70 | 13.55 | 12.79 | 13.99
ImageNet | 18.18 19.12 | 20.26 | 20.72 | 20.97

Table 6.2: Average PSNR results on the Hanzi and ImageNet dataset for mixture noise
levels.
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Input BM3D N2S N2l

Fluo-N2DH-GOWT1
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Figure 6.4: Representative results from fluorescence microscopy datasets Fluo-
N2DH-GOWT1 and Fluo-C2DL-MSC for traditional denoising method BM3D and
self-supervision methods Noise2Self and Noise2Inpaint. Note that Noise2True and
Noise2Noise are not applicable as microscopy datasets contain only single noisy images.

reference data. The zoomed-in regions show that Noise2Inpaint achieves a superior
denoising quality compared to BM3D and N2S by suppressing the noise further and

achieving a more spatially uniform and visually appealing result.

6.5 Conclusions

We proposed the Noise2Inpaint approach, a self-supervised deep learning algorithm for
image denoising from only noisy images. In particular, we first recast the denoising

problem with holdout self-supervision as an iterative regularized inpainting problem
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consisting of data fidelity and regularizer terms, and then unroll the the iterative al-
gorithm for fixed number of iterations. The training of this network was performed
end-to-end by partitioning the noisy image pixels into two disjoint sets, similar to the
purely data-driven Noise2Self, where one set was utilized in the data fidelity units of
the unrolled network, while the other was used to define the loss. The experiments
on different datasets showed that the proposed Noise2Inpaint outperforms its purely

data-driven counterpart Noise2Self.



Chapter 7

Conclusion

7.1 Thesis Summary

In this thesis, we introduced novel self-supervised learning techniques to solve inverse
problems for image reconstruction. While MRI is a commonly used a medical imag-
ing modality as it is non-invasive and radiation-free, its lengthy acquisition times has
remained a major limitation. Conventional accelerated MRI techniques has been used
in clinical studies, however their acceleration is limited by noise amplification and/or
residual artifacts. Recently, deep learning approaches have emerged as an alternative ap-
proach for accelerated MRI to reduce the scan time further, while providing enhanced
high-quality reconstructions that are clinically relevant. Most of these current deep
learning approaches rely on the availability of fully-sampled datasets to perform super-
vised training. However, training these powerful algorithms with the current approaches
is difficult, since in many scenarios, acquisition of fully-sampled dataset is either infea-
sible or impractical. Impediments include organ motion (e.g. cardiac motion), signal
decay during some MR scans, as well as excessively long scan times during which the
subject has to remain still. In addition to these challenges, database-trained approaches
may face robustness issues due to shifts in acquisition parameters or distribution. More-
over, acquisition of a large databases may not be feasible. This thesis aimed to deliver
state-of-the-art deep learning solutions to tackle these challenges.

In Chapter 2] we proposed the SSDU approach, a self-supervised physics-guided deep

learning technique. Unlike the existent supervised learning techniques, SSDU enables

95
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training for MRI reconstruction without fully-sampled data. Experimental results on
fully-sampled knee datasets showed that conventional approaches suffered from aliasing
artifacts and noise amplification, whereas deep learning approaches achieved artifact free
improved reconstruction. More importantly, proposed self-supervised learning approach
showed on-par performance with supervised deep learning approaches despite using only
undersampled measurements in contrast to its supervised learning counterpart. Exper-
iments on prospectively sub-sampled brain datasets, where supervised deep learning
becomes inoperative, showed that proposed SSDU approach significantly outperformed
the clinical conventional method. A radiologist reader study further validated the ob-
servations, which highlighted the potential utility of SSDU for clinical studies. SSDU
performs end-to-end training and evaluation through only the acquired measurements
without making any other assumptions about image output or characteristics. Thus,
SSDU is broadly applicable in practical applications as it is not limited to a specific
network architecture or acquisition parameters such as under-sampling pattern.

In Chapter 3, we investigated the extension of self-supervised learning for 3D datasets.
Specifically, we analyzed the self-supervised training of 3D LGE CMR datasets, which
is a main diagnostic tool for assessment of myocardial fibrosis. In the 3D SSDU exten-
sion, we introduced partitioning of the large volumes into sub-volumes which helped to
tackle the GPU constraints and data scarcity issues. Experimental results showed that
self-supervised 3D processing of LGE CMR datasets outperformed 2D processing, fur-
ther indicating efficiency of 3D processing in capturing multi-dimensional interactions.
Moreover, expert reader study results showed that the self-supervised 3D processing at
rate 6 outperformed a current clinically used accelerated MRI approach at rate 3. The
promising results on 3D LGE CMR datasets further validated the utility of deploying
self-supervised learning in practical settings for further facilitating healthcare.

In Chapter 4l we proposed a multi-mask SSDU framework. The performance of
SSDU degrades at high acceleration rates due to scarcity of acquired data. Hence,
SSDU performance might suffer from artifacts in highly accelerated MRI reconstruc-
tion. The proposed multi-mask SSDU efficiently utilizes the available acquired dataset
by augmenting the existent dataset by retrospectively splitting available undersampled
measurements into multiple pairs of disjoint sets, in which one of them is used in DC

units and the other is used to define loss. A uniform masking strategy used in multi-mask
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SSDU, ensuring both low and high frequency signals are well represented in training
and loss sets. Experimental results at high acceleration rates showed that multi-mask
SSDU achieves artifact-free reconstruction, while SSDU and supervised deep learning
approaches suffer from artifacts. Reader studies further consolidate findings by consis-
tently rating multi-mask SSDU higher than other reconstruction methods.

In Chapter |5 we introduced a zero-shot self-supervised learning approach. While
self-supervised learning enabled the training of networks without fully-sampled data,
requirement on a database of undersampled measurements remains a challenge for nu-
merous medical imaging applications. We showed that ZS-SSL enables training and
testing on a single slice unlike database training approaches. Zero-shot deep learning
algorithms such as deep image prior suffers from overfitting, thus requires a heuris-
tic early stopping. In ZS-SSL, we presented a rigorous stopping criterion based on
self-validation that ensures avoid overfitting. Moreover, we showed that ZS-SSL can be
efficiently combined with models pre-trained on a database with different characteristics
and distribution via transfer learning for faster convergence time and reduced compu-
tational complexity. Experimental results showed that ZS-SSL significant outperforms
conventional parallel imaging and its zero-shot counterpart deep image prior based re-
construction. Moreover, ZS-SSL achieved on-par performance with database-trained
methods, when training and testing data were matched, and significantly outperformed
them when the training and testing data differed in terms of acquisition parameters or
domain.

Finally, we introduced a new method for self-supervised denoising in Chapter [6]
Although there exists various self-supervised learning techniques, all these approaches
are purely data-driven, which obscures re-utilizing the set of pixels separated as input to
the network in end-to-end training. We showed that recasting denoising as an inpainting
task led to an objective function that can be minimized using algorithm unrolling. Thus,
the developed framework provided an efficient solution for leveraging both training
and loss pixel sets in a single task for training. The experimental results showed that
algorithm unrolling concept was beneficial for denoising as Noise2Inpaint outperformed
its purely data-driven self-supervised counterparts.

In summary, the work presented in this thesis facilitates developing advanced self-

supervised learning algorithms to tackle the real-world challenges. We hope that the
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contributions will inspire new research directions and provide insights for inverse imaging

and deep learning practitioners.

7.2 Limitations and Future Directions

Selection of the sets plays an important role for the SSDU study presented in Chap-
ter 2l We currently partition measurements based on either a Gaussian selection or a
uniform random selection. In a recent supervised learning work, sub-sampling pattern
was simultaneously optimized with the reconstruction model for achieving improved
reconstruction quality [157]. Thus, a self-supervised learning technique that performs
adaptive partitioning of measurements based on the reconstruction error warrants fur-
ther study. Devising such a self-supervised sampling strategy would be beneficial in
gaining further improvements at moderate acceleration rates.

Another limitation of deep learning based reconstruction techniques is the blurring
artifacts. While these approaches attempt to further accelerate MRI and preserve recon-
struction quality, recent fastMRI challenge has considered reconstructions from different
methods at high acceleration rates as clinically not relevant due to blurring [42].Blur-
ring artifacts seen in the current reconstruction methods can be alleviated by using loss
functions that can have finer texture, sharper edges and enhanced reconstruction qual-
ity. Perceptual losses are often used for such purposes. In a recent supervised learning
study [|158|, perceptual losses are shown to outperform distance based losses such as ¢;
and fo in terms of image quality and visual assesment by radiologists. However, such
perceptual losses require a ground truth reference image which may not be possible to
have in many applications. While development of perceptual loss function without a
ground truth warrants further study, such a development can enable clinically relevant
reconstructions at high acceleration rates .

The quantitative metrics used for evaluating deep learning based reconstruction
methods is another limitation in medical imaging applications. Several studies and
fastMRI challenges has reported the quantitative metrics may not always align with
the reconstruction quality. For example, banding artifacts can not be captured by any
currently available quantitative method and it can be assessed only visually [41,(128]. In

another striking case reported in the fastMRI challenge [41], none of the deep learning
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reconstruction method reconstructed a lesion despite having very high quantitative met-
rics. Therefore, developing new clinically relevant metrics that can capture and provide
pathology is essential for clinical translation of deep learning methods. More recently,
a new dataset named fastMRI+ has been released and it contains bounding box and
annotation for various pathologies in fastMRI dataset [159]. These annotations would
enable reporting new clinically relevant metrics such as false positive rate which can
also help in developing methods that are clinically more relevant.

Finally, we showed the zero-shot learning removes dependency on a database. How-
ever, zero-shot learning requires long computational times compared to inference time of
database-trained deep learning approaches. The computational times can be further de-
creased with the design of more compact architectures. Despite the long reconstruction
times, zero-shot learning might be very important in certain clinical and practical ap-
plications, where it is difficult to procure large training databases, such as whole 3D /4D
volumes of functional, diffusion or perfusion MRI. This is especially important for trans-
lational studies that propose new acquisition schemes at ultra-high resolutions. Thus,
future studies exploring the utility ZS-SSL for such datasets could further facilitate the

efficientevaluation of new acquisition schemes.
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Trained on % of Trained on " of Trained on actual
Reference actual image size actual image size image size
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Difference
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Figure A.1: Reconstruction results for the generalization performance of supervised
training across different image matrix sizes. The networks are trained in by taking
actual k-space, the central § of the k-space (i.e. reducing the resolution by 2-fold),
and the central 1 of the k-space (i.e. reducing the resolution by 4-fold). All trained
networks are then applied on actual size data to test generalization. The generalization
performance of CNNs on actual image size degrades as training image size get smaller,
with 1/4 k-space performing the worst.
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Reference

Image Domain Loss

k-space Loss

Reconstructed

Difference
Images(x10)

Figure A.2: Reconstruction results for supervised training with image domain and
k-space losses. When using image domain loss, the reconstruction suffers from residual
artifacts (red arrows), whereas using k-space loss suppresses these artifacts. Difference
images also show that the supervised training with k-space loss has fewer residual ar-
tifacts. Across the dataset, the two approaches perform quantitatively similar. The
median and interquartile range for SSIM values across test dataset were 0.967 [0.955,
0.978], 0.966 [0.956, 0.0977], and for NMSE values were 0.001 [0.001, 0.002], 0.001 [0.001,
0.002] for supervised with image domain and k-space losses, respectively.
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Ky K, a) Prospective b) Retrospective c) Retrospective d) Retrospective
Subsampling, R =2 Subsampling, R =4 Subsampling, R=6 Subsampling, R =8

ky

Figure A.3: Sub-sampling masks used in the brain MRI study. Prospective subsampling
was equispaced with R = 2 in ky and 32 ACS lines. Subsampling patterns for R = 4, 6,
8 were obtained by sheared sub-sampling, while keeping the center 32x32 ACS region
in the k, — k. plane.
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Self-Supervised DL- MRI Difference Self-Supervised DL- MRI Difference

Ground Thth with Uniform Random A Images (x10) with Gaussian A Images (x10)

p=0.1

0.2

p=04

Figure A.4: Reconstruction results from self-supervised training with uniform random
selection and variable-density Gaussian selection of A for p € {0.1,0.2,0.4}. Gaussian
random selection consistently outperforms the uniform random selection at all p values
in terms of reconstruction quality and suppression of residual artifacts, which is also
highlighted in the difference images. For p € {0.1,0.2} both uniform and Gaussian
random selection show visible residual artifacts, marked by red arrows, with former
showing more residual artifacts. For p = 0.4, uniform random selection still suffers
from visible residual artifacts, whereas Gaussian selection further suppress those arti-
facts and achieves artifact free reconstruction. Difference images further confirms the
observations.
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Figure A.5: a) Training loss for supervised and self-supervised training approaches. In
both cases, the loss decreases over epochs. Self-supervised approach achieves a lower
loss value, as the loss is only measured on A, whereas the supervised loss is measured
on the fully-sampled k-space. b) For both supervised and self-supervised training, the
outputs of the networks is evaluated on the fully-sampled k-space loss, for every 10th
epoch. Using a similar metric, the two approaches show similar trends over epochs, with
the supervised training achieving a slightly lower loss than the self-supervised approach.
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Figure A.6: Representative reconstructed test slices from fastMRI sagittal PD, sagit-
tal To and axial T knee sequences for retrospective equispaced undersampling R =
4. In all three sequences, CG-SENSE and TGV suffer from visible residual artifacts,
marked by red arrows. Both proposed self-supervised and fully-supervised DL-MRI ap-
proaches successfully remove these residual artifacts, while showing similar quantitative
and qualitative performance. Note the former does not require any fully-sampled data
for training unlike the latter supervised approach.
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CG-SENSE
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Figure A.7: Reconstruction results for CG-SENSE and proposed self-supervised ap-
proach for brain MRI. CG-SENSE suffers from significant noise amplification at high ac-
celeration rates. Proposed self-supervised approach achieves high-quality reconstruction

at high acceleration rates, and achieves a lower noise amplification at rate 8 compared
to CG-SENSE at acquisition acceleration rate 2.
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Figure A.8: Average reader scores for all knee sequences for the proposed self-supervised
training, supervised training with image domain loss and CG-SENSE. Both supervised
and self-supervised DL-MRI approaches get comparable scores to the reference image
in terms of SNR, blurring, aliasing artifacts and overall image quality. There was
no statistical difference between reference and DL-MRI approaches in terms of SNR
and blurring in the knee sequences in general, except for blurring between reference
and DL-MRI approaches in coronal PD-FS. In terms of aliasing artifacts and overall
image quality, there were no statistical difference between reference and the two DL-
MRI approaches for coronal PD, coronal PD-FS and sagittal PD sequences. However,
for sagittal Ty sequence, supervised DL-MRI was ranked statistically worse than the
reference, while for axial Ts, it was ranked lower than both the reference and self-
supervised DL-MRI. Thus, in general, both DL-MRI approaches performed well, but
the self-supervised approach was slightly more favored by the reader, who was blinded
to the reconstruction method. CG-SENSE was significantly outperformed by both DL-
MRI approaches, while showing statistically significant differences to the reference and
both DL-MRI approaches for all knee sequences, except in blurring for coronal PD and
PD-FS sequences. Finally, we also note that the supervised training with k-space loss
(Figure 10) outperforms supervised training with image domain loss in terms of reader
scores for axial Ts, coronal PD-FS and sagittal T9 sequences.
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CG-SENSE
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Figure A.9: Reconstructed images from an 8-fold accelerated snapshot cardiac MRI
data with 1.3x1.3 mm? in-plane resolution, acquired using a transient bSSFP sequence.
These type of acquisitions are commonly used in cardiac parametric mapping, where
the image data for one contrast weighting need to be acquired within the diastolic
quiescence of one heartbeat. A fully-sampled acquisition at this higher resolution would
take >700 ms, which is impossible to fit in the diastolic quiescence of a single heart-beat.
Training data was acquired on 14 subjects, and testing was performed on a different
subject, using the approach described in the manuscript. The proposed self-supervised
approach achieves high-quality reconstruction, outperforming CG-SENSE, which suffers
from residual artifacts and high noise.
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Figure A.10: Reconstruction results for proposed self-supervised training at R = 4,
supervised training at R = 4, R = 4 with p = 0.4, and R = 8. The amount of data
used for self-supervised/supervised training at R = 4 (24 ACS lines) with p = 0.4 is
21120 k-space points, which is approximately equivalent to training the network with
an equispaced undersampling pattern of R = 8 (24 ACS lines) with 21440 k-space
points. The results show that supervised training at R = 4 with p = 0.4 is visibly
similar with supervised and proposed self-supervised training at R = 4, and outperforms
supervised training at R = 8. These results are visibly highlighted in difference images,
which show supervised training at R = 8 suffering from residual artifacts, while other
approaches show similar performance. Quantitative metrics on test dataset aligns with
these qualitative assessments. The median and interquartile range for SSIM across
test dataset were 0.961 [0.947, 0.972], 0.966 [0.956, 0.977], 0.966 [0.954, 0.976], 0.929
[0.908, 0.950], and NMSE were 0.002 [0.001, 0.002], 0.001 [0.001, 0.002], 0.002 [0.001,
0.002], 0.004 [0.003, 0.005] for proposed self-supervised at R = 4, supervised at R = 4,
supervised at R = 4 with p = 0.4, and supervised at R = 8, respectively.
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Figure A.11: Reconstruction results for the coronal PD-weighted dataset at acceleration
rates of 4, 6 and 8. For R = 4 and 6, the proposed self-supervised approach performs
similarly with the supervised approach. However, at R = 8, the image quality degrades
for both methods with more pronounced blurring, while the self-supervised approach
further suffers from visible residual aliasing artifacts.
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Figure A.12: Reconstruction results for the proposed self-supervised approach when
using same or varying sets, © and A, across different training slices. The two approaches
perform similarly with the varying mask approach showing slight improvement. The
median and interquartile ranges for SSIM across the test dataset were 0.959 [0.945,
0.970], 0.960 [0.947, 0.0971], and for NMSEs were 0.002 [0.001, 0.002], 0.002 [0.001,
0.002] for varying mask and same mask scenarios, respectively.
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Figure A.13: Reconstruction results for supervised training when using shared and
distinct (non-shared) parameters across the unrolled network. The two approaches
perform similarly both visually and quantitatively. The interquartile range of SSIM
values across the test dataset were 0.966 [0.956, 0.0977], 0.964 [0.952, 0.974], and NMSE
values were 0.001 [0.001, 0.002], 0.001 [0.001, 0.002] for shared and non-shared scenarios,
respectively. Note that the same training database was used for the two approaches. The
non-shared approach has 10 times as many trainable parameters, and its generalization
performance may benefit from a larger training database. This was not studied as it is
not the focus of our study.
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Knee Sequence TR TE | TF | Matrix Size | In-Plane Resolution | Slice Thickness | Scan Time
Coronal-PD 2750 ms | 27 ms | 4 320368 0.49%0.44 mm? 3 mm 17 min
Coronal-PDFS | 2870 ms | 33 ms | 4 320368 0.49x0.44 mm? 3 mm 18 min
Sagittal PD 2800 ms | 27 ms | 4 384x304 0.46x0.36 mm? 3 mm 14 min
Sagittal To 4300 ms | 50 ms | 11 320%x256 0.55%0.44 mm? 3 mm 18 min
Axial Ty 4000 ms | 65ms | 9 320x 256 0.55%0.44 mm? 3 mm 17 min

Table A.1: Imaging parameters for the knee datasets.

Disjoint sets (0 = Q\A)

50 % Overlap of © and A

100 % Overlap of © and A (2 = ©)

Identical sets (2 = © = A)

SSIM 0.961

0.947, 0.972

0.958

0.947, 0.970

0.796 [0.753, 0.862

0.802

0.762, 0.867

NMSE 0.002

0.001, 0.002

0.002

0.001, 0.002

0.009 [0.006, 0.012

0.009

0.006, 0.011

Table A.2: Median and interquartile range (25" -75"" percentile) of the quantitative
evaluation of SSIM and NMSE values for different overlap scenarios between A and
© when p = 0.4. Overlap %, defined as |A N ©|/|A| refers to the amount of data in
the loss mask A that was also included in the training mask ©. Performance of the
self-supervised training degrades as the amount of overlap increases.
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A.2 Supporting Information for Chapter

See Figures [A.14), [A.15A.16} [A.17JA.18} [A.19,and [A.20]

ke Poisson R=8 Random 2D R=12 Poisson R=12
K, S . .

k. Uniform 1D R=8 Uniform 2D R=8 Random 1D R=8

Figure A.14: Undersampling masks used in the study. Note that due to the different
size of the ACS data, 1D masks correspond to an effective acceleration rate of 5.2, while
the 2D masks yield an effective acceleration rate of 7.7.

Masks

Zoom-In



135

Multi-mask, K=5, Multi-mask, K=5,

Ground Truth Ssbu Gaussian Selection Uniform Selection

Reconstructed
Images

NMSE:0.017 NMSE:0.016 "8 |NMSE:0.013
SSIM:0.782 SSIM:0.785 SSIM:0.801

Difference
Images (x10)

Figure A.15: Reconstruction results from SSDU, and multi-mask SSDU with uniform
random selection and variable-density Gaussian selection for K = 5 and p = 0.4. Multi-
mask SSDU with Gaussian random selection fails to remove the artifacts apparent in
SSDU, whereas multi-mask SSDU with uniformly random selection significantly sup-
presses these artifacts. Difference images show that multi-mask SSDU with uniformly
random selection shows fewer residual artifacts compared to its multi-mask Gaussian
counterpart. The median and interquartile range of SSIM values across the validation
dataset were 0.7974 [0.7723, 0.8293], 0.8009 [0.7789, 0.8313], 0.8260 [0.8002, 0.8516],
and NMSE values were 0.0166 [0.0142, 0.0202], 0.0159 [0.0139, 0.0191], 0.0135 [0.0119,
0.0157] for SSDU, multi-mask SSDU with Gaussian selection and uniformly random
selection, respectively.
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Figure A.16: Reconstruction results from SSDU with uniform random selection of A
for p € {0.1,0.2,0.3,0.4,0.5,0.6}. SSDU reconstructions suffers from residual artifacts
for low p values of 0.1, 0.2 and 0.3. The best reconstruction quality is achieved at p
= 0.4. Residual artifacts start to reappear after p = 0.5, becoming more pronounced
as p increases. The quantitative assessment from hold-out validation set align with
these qualitative assessments. The median and interquartile range of SSIM values were
0.8166 [0.7875, 0.8408], 0.8208 [0.7928, 0.8451], 0.8230 [0.7967, 0.8486], 0.8236 [0.7964,
0.8494], 0.8229 [0.7960, 0.8499], 0.8192 [0.7937, 0.8473], and NMSE values were 0.0149
[0.0136, 0.0175], 0.0143 [0.0128, 0.0167], 0.0141 [0.0123, 0.0163], 0.0140 [0.0122, 0.0161],
0.0145 [ 0.0125, 0.0168], 0.0145 [0.0127, 0.0169] using uniformly random selection for
p € {0.1,0.2,0.3,0.4,0.5,0.6}, respectively.
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Figure A.17: Reconstruction results using 2D a) random and b) Poisson undersampling
masks at R = 8. CG-SENSE suffers from noise and incoherent residual artifacts. All
DL approaches achieve artifact-free and improved reconstruction quality.

Ground Truth Zero Filled CG-SENSE SSDU Multi-mask SSDU Supervised DL-MRI
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Figure A.18: Reconstruction results at R = 8 using 1D a) random and b) uniform
undersampling masks. CG-SENSE suffers from noise and residual artifacts for both of
these undersampling masks. All DL reconstructions achieve artifact-free reconstruction
with random undersampling. In uniform undersampling, SSDU suffers from residual
artifacts shown with red arrows, whereas multi-mask SSDU improves upon SSDU and
achieve similar reconstruction quality with supervised DL-MRI.
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Figure A.19: Reconstruction results at R = 12 using 2D a) random and b) Poisson
undersampling masks. CG-SENSE suffers from noise and incoherent residual artifacts.
All DL approaches achieve artifact-free and improved reconstruction quality.
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Figure A.20: The image reading results from the clinical reader study for the 3D
FSE knee dataset. CG-SENSE was consistently rated lowest in terms of all evaluation
criteria. CG-SENSE was significantly worse than all other methods and ground truth
in terms of SNR, aliasing artifacts and overall image quality. For blurring, it was only
statistically different than the ground truth.
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A.3 Supporting Information for Chapter

See Figures [A.21], [A.22], [A.23], [A.24] [A.25] [A.26] and Tables &

e)

Figure A.21: Different contrast weightings and anatomies used in this study: a) Cor-
PD, b) Cor-PDFS, ¢) Ax-FLAIR, d) Ax-Tq, as well as undersampling patterns: e)
Uniform, f) Random mask. Zero-filled images generated by uniform and random under-
sampling masks have coherent and incoherent aliasing artifacts, respectively. Coherent
aliasing artifacts are generally harder to remove than incoherent artifacts.
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Figure A.22: Cor-PD Knee MRI reconstruction results across different epochs for DIP-
Recon using uniform undersampling at R = 4. At the 25th epoch, the reconstruction
suffers from artifacts, with the zoom-in area showing texture that does not resemble
the ground truth. With more epochs, this aspect of the reconstruction improves, but
the reconstruction starts to suffer from noise amplification as the number of epochs
increases. Hence, the 50th epoch was used in the experiments.

a) Ground Truth ZS-SSL K=1 ZS-SSL K=10 ZS-SSL-TL, K=10
) \ ) \ / \ § ] Y

=

Figure A.23: a) and b) show reconstruction results corresponding to the loss curves in
Figure and b, respectively.
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Figure A.24: Reconstruction results from R = 4 with random undersampling on rep-
resentative test slices from a) Cor-PD knee MRI and b) Ax-FLAIR brain MRI. CG-
SENSE, DIP-Recon and DIP-Recon-TL suffer from noise amplification. Supervised
PG-DLR, SSDU PG-DLR, ZS-SSL and ZS-SSL-TL all show artifact-free reconstruction

quality, with similar quantitative metrics.
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Figure A.25: Test datasets may differ from the training datasets in terms of sampling
pattern, SNR, contrast and anatomy. Such differences lead to sub-optimal reconstruc-
tions in the test datasets, raising robustness and generalizability concerns for translation
of trained MRI reconstruction models to clinical practice.
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Figure A.26: a) Using pre-trained Ax-Flair for Ax-T9 reconstruction. b) Using a
pre-trained Cor-PD (knee MRI) for Ax-Flair (brain MRI) reconstructions. Supervised
PG-DLR fails to generalize when contrast, SNR and anatomy changes, with residual
artifacts (red arrows). DIP-Recon-TL also shows artifacts. ZS-SSL-TL successfully
removes noise and artifacts.
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CG-SENSE

DIP-Recon

DIP-Recon-TL

ZS-SSL

ZS-SSL-TL

Average Time (sec)

<<1

75

75

640

85

Table A.3: Average reconstruction times for single-instance reconstruction methods.
The computation times were measured on the machines equipped with 4 NVIDIA V100
GPUs (each with 32 GB memory). While CG-SENSE and DIP methods have lower
computational times, their reconstruction quality is severely degraded hindering clinical
usage. ZS-SSL-TL (K = 10) provides an 8-fold faster convergence time compared to
ZS-SSL (K = 10). We note that ZS-SSL methods reconstruction times may further
be reduced by means of more compact architectures. Additionally, the increased com-
putational times may be tolerable within the workflow, for instance in clinical settings
where image readings are done the next day, or scans such as high-resolution functional
or diffusion MRI, where it is challenging to have high-quality high-resolution data, while
post-reconstruction analyses readily take hours to days.



145

Metrics | Supervised PG-DLR | DIP-Recon-TL | ZS-SSL-TL
. . . SSIM 0.873 0.530 0.861
Figure[p-4] Banding Artifacts PSNR 36.365 26.924 36.121
Figure|5.54: In-Domain Transfer - SSIM 0.949 0.836 0.951
Different Mask PSNR 39.167 34.093 40.088
Figure : In-Domain Transfer - SSIM 0.937 0.792 0.940
Different Rates PSNR 38.262 32.658 38.301
Figure .: Cross-Domain Transfer - SSIM 0.931 0.859 0.949
Knee-Different Contrast PSNR 37.566 34.855 39.855
Figure M Anatomy Change - SSIM 0.936 0.890 0.957
Trained on Brain & Tested on Knee PSNR 37.494 35.458 40.407
Figure |A.264: Cross-Domain Transfer - | SSIM 0.929 0.834 0.950
Brain-Different Contrast PSNR 35.578 32.655 38.767
Figure A.26t): Anatomy Change - SSIM 0.929 0.806 0.936
Trained on Knee & Tested on Brain PSNR 36.242 30.849 37.134

Table A.4: Average PSNR and SSIM values on 30 test slices for the experiments associ-
ated with Figures 4-6 (in the main text) and 12. We note that ZS-SSL-TL successfully
fine-tunes the network for each new dataset/instance regardless of the starting pre-
trained model. Interestingly, there are cases where out-of-domain transfer has slightly
higher metrics than in-domain transfer. In these cases, since the metrics are already
high, the slight quantitative differences do not affect the overall quality. However, the
main difference in these cases is in the convergence/stopping time, where in-domain
transfer is typically converges/stops in ~2-fold fewer iterations than out-of-domain

transfer.
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