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Our understanding of brain anatomy and physiology has advanced greatly thanks
to the introduction of magnetic resonance imaging (MRI). As the technology de-
velops and the amount of data multiplies, it is essential to develop methods to
effectively and efficiently extract useful information from our data. However, scans
are often collected under varying conditions, making analysis difficult. For this rea-
son it is important to properly prepare the MRI for a quantitative and qualitative
study. In this thesis, we investigate the use of deep learning models to prepare, pro-
cess and analyse structural brain MRI scans. More specifically, we first introduce
an unsupervised and interpretable method that register brain with high accuracy,
especially in the context of large displacements. Then we show a segmentation
strategy that requires only a single labeled example to train, while leveraging all
the available unlabeled scans. Next, we present a novel method that warps brain
template given a subject attributes. Finally, we discuss a scientific application
of processed MRI and how our strategy can be useful to study neuroanatomical

shape.
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CHAPTER 1
INTRODUCTION

1.1 Overview

Medical imaging has become one of the essential components in healthcare. Ad-
vancements in imaging modalities such as magnetic resonance imaging (MRI) have
given us an unprecedented look at the human anatomy and physiology. In the
present, they play a key role in the diagnosis, treatment and research of diseases.
The ubiquity of imaging modalities in clinical setting has led to an exponential
increase of patients data. As a result, development of methods to effectively and
efficiently extract useful information from clinical data is essential. However, it is
not an easy task. There are many challenges that are often encountered in medical
scans. Although large dataset of MRI exists, they are often obtained under dif-
ferent settings with varying degree of conditions and quality. Existing algorithms
can easily break if the data is not preprocess accordingly. Alternatively, training

your own model can be also difficult due to lack of image and labels pairs.

Recent resurgence of neural network or deep learning based models has enabled
state-of-the-art performance in many tasks, particularly in computer vision. This
breakthrough has enable super-human performance in problems such as classifi-
cation and segmentation [101,106,127]. In this thesis, we have developed new
methodologies that leverage the use of deep learning models to prepare, process
and analyze MRI scans. Our proposed methods cover many different aspect within
the pipeline of MRI image analysis. As we progress through the thesis, we will

highlight how our contributions excel at each given task.



1.2 MRI Processing

In clinical and research settings, computational tools are often used to provide us
insight into MRI images. However, scans are often collected under varying condi-
tions, making analysis difficult. For this reason it is important to properly prepare
the data for a quantitative and qualitative study. We will focus on structural brain
MRI images in this thesis. In this section, some classical steps to process our data

are highlighted.

1.2.1 Intensity Correction

The first step in many MRI protocol often involves defining a new range of values
for the voxels in order to address contrast difference arising from different acquisi-
tion protocols. This can be simply accomplish through histogram matching, linear
or piece-wise linear transformation. However, this step does not remove noise that
are present in the MRI. Image acquisition inherently introduce noise to the MRI.
Therefore, depending on the level of noise, it might be desirable to implement
denoising methods. Common technique involves the use of specialized filters or
exploiting sparseness and self-similarity properties within the image [60, 120, 121].
Other types of intensity artifact arises from inhomogeneities in the MRI. They are
the result from inconsistencies in the radio-frequency coils and object-dependent
interaction during scan. This is known as the bias field which is a low-frequency
artifact that corrupts the signal intensity across the image. There are two com-
mon approaches to overcome this issue, namely a prospective and a retrospective
strategy [162]. The former aims to reduce the artifact during the acquisition pro-

cess. These can range from improvement of the acquisition hardware, development



of specialized MRI sequences and usage of calibration protocols [28,30,102]. As
with the retrospective approach, the aim is to reduce the bias field after the im-
age acquisition. These methods includes the use of special filter, surface fitting,

segmentation and histogram [2,61,158,173,203].

1.2.2 Skull Stripping

Skull stripping involves removing non-brain brain tissues from the scan. Manual
extraction of the brain can performed, but it is a time consuming and expensive
task [143]. It is common to rely on automatic or semi-automatic approaches to
help us remove non-brain tissues [92,143]. Many types of approches have been
developed. For example, intensity-based methods relies in the the distribution of
intensity values to differentiate between the brain tissue and non-brain tissue [32,
68]. Morphological-based methods uses filters, morphological operations and/or
thresholding to remove the skull [22,24, 156]. Deformable surface-based method
iteratively mold a surface to the boundary of the brain through some optimization
constraint [32,87,159]. Atlas-based method requires fitting a template to the
subject’s MRI in order to determine different regions in the head [39,54]. Finally,
there exist many methods that combines idea from the aforementioned techniques

[15,25,94, 153].

1.2.3 Registration

Head movement introduces motion artifacts to the scan. It is also becoming
common for patients to have multiple scans across different modalities and time

points [175]. This allows clinician and researchers to track anatomical changes over



time. At the same time, different MRI sequences help highlight different region
within the brain due to differences in fluid, muscle and fat content. As a result,
there is a inherent need to register subjects across time and space. This entails
finding the appropriate transformation to align corresponding anatomical struc-
tures. Registered images then provides common reference frame to study struc-
tural changes due to variation of attributes such as difference of age or presence of
disease. Not to mention, many analysis pipelines also depends on the assumption
of registered images in order to perform tasks like segmentation and motion track-
ing [4,196]. There has been extensive review of classical approaches for medical
image registration [76,134]. A wide range of transformation can be applied to the
misaligned image. Parametric transformation such as rigid, affine, and thin-spline
have relatively lower computational complexity due to the smaller number of pa-
rameters that has to be learned [9,152]. More general types of transformations are
achieved by regularizing the deformation field. Common constraints includes diffu-
sive regularisation, curvature regularization, elastic model, fluid model, topological

preservation and diffeomorphism [7,12,17,19, 53,165, 168, 180].

1.2.4 Segmentation

Quantitative study of the MRI brain often requires us to identify the regions of in-
terest (ROI). For instance, many downstream task such as morphological studies,
disease identification and guided intervention requires proper delineation of the
brain. During this step, we assign labels to groups of voxels that share character-
istics of interest. It is common to segment the brain manually. Unfortunately, it
is a time consuming task and requires expertise in the anatomy. In addition, poor

reproducibility is often encountered during manual delineation due to inter- and



intra- user variability [63]. Therefore, there has been significant strides to develop

automatic approaches.

The simplest method relies label propagation or fusion using brain atlas [83,
151,186]. On the other hand, learning-based method uses a training set containing
images and labels [55,170,171]. While deformable-based method often optimize
contours in an iterative manner given an objective [31,47,137]. Finally, region-
based method groups voxels according to a given specified criteria [66,189,192,193].
A vast amount of literature also exist where a hybrid combination of the different

techniques are used [70,151,172].

1.3 Deep Learning in Medical Imaging

Recent resurgence of neural network or deep learning based models enabled us to
achieve the state of the art performance in most computer vision task [5,65,101,
106, 127]. Once trained, inference time is significantly faster than many classical
methods since we don’t have to repeat the optimization for each new test set.
In addition, their execution time is significantly faster because they are highly
parallelizable on GPUs. In the present, convolutional neural networks (CNNs)
are the most successful type of of architecture in the domain of image analysis.
Research on CNNs dates back decades [58, 103, 104], however they did not gain
significant momentum until the breakthrough of AlexNet [101]. They are now
prevalent in application and research, including in the field of medical imaging.
We will briefly discuss relevant work used in MRI processing. For a more thorough

review, we refer to the readers to [95].

For both skull stripping and brain segmentation, it is common to pass the MRI



volume or slices through a CNN to make the corresponding prediction. Working
with 3D volume can provide better contextual information at each voxel, but it is
more computationally expensive compared to working with 2D slices of the brain.
Neural networks are typically trained end-to-end using image and label pairs. The
models then output labels for each voxel or pixel within the scan [3,93,98,146]. Due
to the difficulty of obtaining labeled dataset, there is also extensive work on weakly-
supervised and unsupervised methods. These range from using anatomical prior,

adversarial strategy, semantic constraint, and augmentation method [35,36,91,200]

In the realm of registration, the literature can be classified into supervised,
weakly supervised or unsupervised method. Supervision can be provided through
ground truth deformation, synthesized warping or deformation produced by classi-
cal methods [23,46,49,107,177,194]. On the other hand, weakly supervised models
uses landmark or labels in the anatomy to guide registration [51,81,82]. Finally,
unsupervised models can use similarity metric like that of classical method or losses

on the representation of the network [13,40,50,99, 140, 188].

1.4 Challenges

The aforementioned network-based approaches have achieved state-of-the-art re-
sults at their respective tasks. However, there are many challenges and direction
yet to be explored. In the area of brain registration, most proposed approaches are
not suitable for the registration of 3D images with large misalignment, and they
often assume that the images are roughly in the same orientation and position.
In addition, current neural network models directly output the deformation field

or transformation parameters in a black-box fashion. On the other hand, there



is a constant need to develop better weakly supervised or unsupervised segmen-
tation techniques. Supervised segmentation typically yield tools that are sensitive
to changes in image characteristics. For instance, modifications of the imaging
protocol, software, or hardware [88]. Finally, many registration and segmenta-
tion models relies on a fixed atlas or template. However, human brains are very
heterogeneous. Demographic, clinical, or other con-founding factors can influence
the shapes and sizes of brain regions. As a result, single and fixed templates can

struggle to accommodate complex structural differences across our population.

1.5 Contributions

In this thesis, we propose novel methodologies to tackle problems that are present
in MRI processing. Chapter 1 provides an overview of MRI processing pipeline,

along with a review of existing methodologies and challenges.

Chapter 2 introduces the background on deep learning techniques relevant to
our models. Each subsequent chapters then provides a detailed look at each of our

contributions.

Chapter 3 presents an unsupervised end-to-end learning-based image registra-
tion framework that relies on automatically detecting corresponding keypoints.
This leads to substantially more robust registration and yields better interpretabil-
ity since the keypoints reveal which parts of the image are driving the final align-
ment. We demonstrate registration accuracy that surpasses current state-of-the-art

methods, especially in the context of large displacements.

Chapter 4 presents the Segmentation Autoencoder (SAE), a weakly supervised



segmentation model. It is a novel perspective of segmentation as a discrete rep-
resentation learning problem. It is also a variational autoencoder segmentation
strategy that is flexible and adaptive. Our method, leverages all available un-
labeled scans and merely requires a segmentation prior, which can be a single

unpaired segmentation image.

Chapter 5 tackles the limitations of fixed templates. We developed a novel
neural network model that captures morphometric variability across clinical and
demographic groups. Our model learns to compute an attribute-specific spatial
deformation that warps a brain template. We demonstrate the ability of our model
to deform a brain template given a wide range of ages, presence of disease and

different sexes.

Chapter 6 shows how processed MRI can be used to study anatomical shape. In
this work, a novel machine learning strategy for studying neuroanatomical shape
variation is introduced. Our model works with volumetric binary segmentation
images, and does not require extraction of surface points or a mesh. The learned
shape descriptor is invariant to affine transformations, including shifts, rotations

and scaling.

Chapter 7 concludes this thesis. A summary of our contribution is listed along

with future extension of our work.



CHAPTER 2
MACHINE LEARNING IN MEDICAL IMAGING

Deep networks, also known as neural networks and multiplayer perceptrons, origi-
nated as mathematical models for biological learning system [147]. In the present,
they are not constrained to have biological realism. Instead, they are use as an
efficient function approximator. Recent developments have allowed neural net-
works to achieve state of the art accuracy in many task including classification,
segmentation, and detection. This chapter introduces the fundamental idea behind
some of these models. Section 2.1 starts by defining the functional form of neural
networks along with common architectures. Section 2.2 introduces strategies to
regularize the models to allow better training and generalization. In Section 2.3,
optimization strategies are presented. Finally, Section 2.4 showcases application

of these models in the context of image processing and analysis.

2.1 Feed Forward Network

Many task consist of mapping an input @ to an output y. For example, « could
be a brain MRI of a patient and we want to determine whether a tumor is present.
Our goal is to approximate such mapping y = fg(x) by optimizing the parameters
0 during training. Feed forward networks define a specific functional form by
stacking multiple layers and forming different representations along the way. For
a simple layer construction, we start with a linear combination with weights W9,

bias b° and a nonlinearity o,

2’ =0 (W +b"). (2.1)



Feed Forward

Input Output

Figure 2.1: An example of fully connected neural network. The dimension of input
x, representation z, and output y is given by d, m, n, respectively.
This process can be repeated using the output of each layer, forming a fully con-

nected and feed foward network
y=WH"(W'". ..o (W2 +b") +b"") + b". (2.2)

A simple depiction of this process is shown in Fig. 2.1. The presence of nonlinear or
activation function is important, without ¢ the resulting function will be a linear
mapping from « to y. Many type of activation are used in practice, common ones
include ReLU, softmax, sigmoid, and tanh [64]. An important aspect of the neural
network is its ability to approximate arbitrary functions given the appropriate
weights and architecture. Under some settings, neural network can learn any

function provided that it has enough width and depth [33,80,113].

2.2 Regularization
In practice, we are interested in the performance of the network beyond the training

dataset. Therefore, method that mitigate overfitting is essential. In this section

we discuss some of the strategies that are frequently employed.
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Original Network After Dropout

Figure 2.2: Random subset of the network nodes are temporarily removed during
dropout.

2.2.1 Norm Penalty

In my traditional machine learning approaches, we often have a penalty term for
the parameters of our model. This term limit the capacity of our algorithm by
constraining the magnitude of the parameters. The same idea can be applied to
the neural network. For an arbitrary loss L(y,«;0), we can introduce penalty
R(0) through

L' (y,z;0) = L(y,x;0) + aR(0). (2.3)

The weight a controls the significance of the regularizer. Commonly used functions

of R includes L'- and L?-norm.

2.2.2 Dropout

Combing models through bagging improves the performance of machine learning
models. However, it can be prohibitively expensive to train an array of neutral
networks. Dropout provides a fast way to approximate combination of models
by temporarily removing nodes of the network [164]. Note that unlike bagging,
dropout networks are not independent because they share a subset of their param-

eters. Removal of nodes is done randomly and independently. All its incoming
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Figure 2.3: Loss on training and validation dataset. Early stop line denotes the
performance if the model is stopped at the lowest point of the validation curve.

and outgoing connections are dropped, as depicted in Fig. 2.2. The probability of

an element being masked out is controlled by a hyperparameter p.

2.2.3 Early Stopping

In the setting of supervised learning, it is common to have a training, validation
and test set. Neural networks are capable of memorizing random noise [198].
Therefore, it can an be easy for the model to obtain very good accuracy or low
loss in the training dataset. By keeping track of the validation performance, we
are able to tune hyperparameters and detect signs of overfitting. Fig. 2.3 depict
this occurrence. As the network memorize the training dataset, the validation
performance gets worse overtime. However, if we stop the model at the lowest

point of validation performance, we can obtain better generalization error.

2.2.4 Data Augmentation

Neural networks benefit from a large training dataset [100,118]. However, in some

studies, it can be very hard to obtain additional data. In order to make the network

12



Original Contrast Affine

Ghosting

Figure 2.4: Example of data augmentation. Different transformations were intro-
duce to the original brain to simulate variations that can be seen during model
deployment

more robust against variations on testing data, we can artifically introduce artifacts
and transformation during training. This enables us to create additional data
point to present to our model. It is important to decide on which transformation
are relevant during model deployment. For example, in MRI imaging, we might
introduce affine and elastic deformation to accentuate differences across subject
brains and placements within the scan. At the same time, we can also reproduce
common artifacts due to motion, ghosting, spike and bias field. Fig. 2.4 shows

some of the possible transformation that can introduce during training.
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2.3 Optimization

For a loss function £, we are interested in finding the parameters of our model
such that it minimizes our cost 8* = argmin £(0). Gradient descent usually used
to accomplish this task especially for machine learning models where the close
solution does not exist or it is very expensive to compute. The gradient VL(6)
allow us to investigate how small changes in 8 affects our loss. By moving in the

direction negative of the gradient [26], we can iteratively minimize the loss

1

O =01~ ; VLi(6)). (2.4)
The learning rate n control the size of the step size at each iteration ¢. The loss
function is computed with each individual sample of the training data with size
n. It is often expensive to compute the full gradient with all the data points.
Therefore, we randomly choose m subsamples where m < n. This is known as
batch or stochastic gradient descent (SGD). The remaining of this section briefly

introduces popular variants of gradient descent algorithms.

2.3.1 Momentum

Gradient descent with momentum add the history of past update in each iteration.
Loss landscape can be steeper in one dimension with respect to another. Momen-
tum favors the direction in where there are smaller gradient oscillation. For this

algorithm, the update rule is:

my = umy_q + 77V£(9t)

9t+1 =0, —my,
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where p is the momentum’s hyperparameter.

2.3.2 RMSprop

Root mean square propagation (RMSprop) [77] is an adaptie learning rate algo-

rithm. The squared of the gradient is accumulated through a running average

vy = yviq + (1 —7)[VL(6,)]* (2.6)

The learning rate is then scaled by the squared of the resulting term

Ui
Vi + €

0t+1 - Ot - Vﬁ(et), (27)

for some hyperparameter v and noise € to prevent division by zero.

2.3.3 Adam

Adaptive moment optimizer or Adam [96] is another method that adapts the learn-
ing rate. A running average (with hyperameter 5; and () of the first moment and

second moment of the gradient are kept:

my = fimy_1 + (1 — 51)VL(6,)

(2.8)
v = Bovy 1 + (1 - 52)[V£(0t)]2‘
These estimates are then corrected through:
Ty = —
t =
1 -5
) v, (2.9)
V= —
t 1 — 5 )
where 3¢ denotes 3 to the power of . The update rule is given by
_ n__ -
01 =0, — ——my, (2.10)

\/'i}t+€
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Input Conv+ReLU+Pool -+ Flatten+FC+Out

Figure 2.5: An example of a simple convolutional neural network architecture for
classification problems. Input image is passed through a series of convolutional
layers before it is flatten and passed through a fully connected network.

2.4 Applications

In the present, neural networks have become the most prevalent method for many
tasks. In computer vision and medical imaging, the most common type of ar-
chitecture is the convolutional neural networks or CNNs. Recently, transformers
have been increasingly use for image data [45,110,197]. However, CNNs remain
state of the art for many tasks. In this section, we briefly discussed some popular

applications of these models.

2.4.1 Convolutional Neural Networks

Within a convolutional layer, we take the dot product between a kernel K (with
learnable weights) and a location within the image I. The kernel is then moved to

another location of the image. We repeat this process until the image is covered
Wy, 2) = (K« D(wy,2)=> > > Iw+iy+j2+kK(j, k). (211)
i ik

Fig. 2.5 shows a simple architecture, based on VGG [157], that can be used for clas-

sification. The input image is passed through a series of convolutional layers along

16



x —~|:|— F(x) *|:|——» Flx)+x

Figure 2.6: Skip connection building block. After a set number of layers F', the
original input is added to the output.

Similarity
Loss

Figure 2.7: An example of a registration network. The moving and fixed image
pair are passed to a neural network that predicts the transformation of interest.
This is applied to the moving image to produce a registered image.

with activation functions and pooling layers. During this process, the network’s
field of view increases and it learns representation that is useful for classification.
The final representation from the fully convolutional network is then flatten and
passed through fully connected layers to produce the class prediction. Usually, we
can achieve higher accuracy if we make the network deeper [131]. However, a larger
network is often harder to optimize due to problems such as the vanishing gradient.
Skip connections [72] are commonly used to alleviate this issue. With this simple
modification, the input or representation is passed through a set of layers as usual,

but we also add the original input to the output, as shown in Fig. 2.6.
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2.4.2 Registration

Traditionally, pairwise iterative-based approaches have been extensively used in
medical image registration [76,134]. A similarity criteria such as mean-squared
error (MSE), normalized cross correlation (NCC) or mutual information [8,9,74,
75,75,78,125,182] is used to measure the quality of alignment and optimize for the
parameters of the transformation. However, this is expensive since it is repeated

for each new image pairs.

On the other hand, popular unsupervised neural network approaches often
takes the moving and fixed image pair as input, as shown in Fig. 2.7. The model
then predicts the deformation of interest. This can range from parametric trans-
formation to nonlinear deformation [13,40,50,85,99,140,188]. The transformation
is then applied to the moving image and the quality of the registration is measured
by a similarity function. The network can be trained end-to-end through this ap-
proach. During inference, this type of models is significantly faster than iterative
approaches since it does not need to optimize each new moving and fixed image

pair.

2.4.3 Segmentation

Many different CNN architectures have been proposed for segmentation [10, 111,
133,201]. Onme of the most popular method used in medical imaging is the U-
Net [146]. The U-Net has a contracting and expanding path. The former consist
of a series of convolutional and down-sampling layers which helps increase the field
of view of the network and capture large context within the input image. The

expanding path then up-sample the resulting representation to enable localization
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Figure 2.8: Illustration of U-Net [146] to segment an image. First half of the
network is the contracting path, whereas the latter half is the expanding path.
Skip connections connects both side of the network to help propagate contextual
information.

Q=0

Encoder Decoder

Figure 2.9: Illustration of the variational autoencoder (VAE). The encoder ap-
proximates the approximate posterior ¢(s|x) and the decoder p(x|s) approximate
the image likelihood.

of the regions of interest. Skips connections between the contracting and expanding
path is also used to help propagate contextual information. An illustration of this

idea is shown in Fig. 2.8.

2.4.4 Generative Model

Neural networks are currently the state of the art method for generative modeling.
The most prominent methods are generative adversarial network (GAN) [65] and

variational autoencoder (VAE) [97]. In this section, we will focus on VAE.

Variational inference provides a powerful tool to approximate probability distri-
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butions. Generally, our goal is to find a model that maximizes the log probability

of the observed data x. We often associate & with a latent representation s

log p(x) = log/p(w|s)p(s)ds. (2.12)

However, exact computation of Eq. 2.12 is often intractable due to the integration
over the latent variables s. Instead, we maximizes the evidence lower bound or
ELBO, which can be computed at least approximately

log p(x) = —KL(q(s[z)|p(s)) + IFgl [log p(x|s)] (2.13)

s~q(s|x)

In VAE, the ELBO is optimize through the use of neural networks. In this setup,
the approximate posterior ¢(s|x) is computed through a network called encoder
and the image likelihood p(x|s) is computed through another network known as

decoder. Fig. 2.9 shows a illustration of this model.
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CHAPTER 3
ROBUST AFFINE IMAGE REGISTRATION

Registration is a fundamental task in medical imaging, and recent machine
learning methods have become the state-of-the-art. However, these approaches
are often not interpretable, lack robustness to large misalignments, and do not in-
corporate symmetries of the problem. In this work, we propose KeypointMorph, an
unsupervised end-to-end learning-based image registration framework that relies on
automatically detecting corresponding keypoints. Our core insight is straightfor-
ward: matching keypoints between images can be used to obtain the optimal trans-
formation via a differentiable closed-form expression. We use this observation to
drive the unsupervised learning of anatomically-consistent keypoints from images.
This not only leads to substantially more robust registration but also yields better
interpretability, since the keypoints reveal which parts of the image are driving the
final alignment. Moreover, KeypointMorph can be designed to be equivariant un-
der image translations and/or symmetric with respect to the input image ordering.
We demonstrate the proposed framework in solving 3D affine registration of multi-
modal brain MRI scans. Remarkably, we show that this strategy leads to consistent
keypoints, even across modalities. We demonstrate registration accuracy that sur-
passes current state-of-the-art methods, especially in the context of large displace-

ments. Our code is available at https://github.com/evanmy/KeypointMorph

3.1 Introduction

Registration is a core problem in biomedical imaging applications. Multiple images,
often encompassing a variety of contrasts, are commonly acquired [175]. Classical

(i.e. non-learning-based) registration methods involve an iterative optimization of
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a similarity metric over a space of transformations [134,163]. Recent deep learning-
based strategies leverage large datasets of images to solve registration. Given a
pair of images (xf,x,,), these strategies use neural network architectures that
either output transformation parameters (e.g. affine or spline) [40,107] or a dense
deformation field [13] which aligns them. Since the registration step is achieved

via a single feed-forward pass, it is substantially faster than iterative methods.

However, prior learning-based methods often fail when the given image pair
has a large misalignment. Existing systems typically require that image pairs
are roughly aligned [13, 35,40, 140], or at least in the same orientation [128]. In
addition, today’s learning-based registration methods lack interpretability, as they
are essentially “black-box models” that output either transformation parameters
or a deformation field and provide little insight into what drives the alignment.
Finally, the machine learning models used in registration tasks generally do not
exploit the symmetries and equivariances present in the problem. For example, if
one of the images is translated by a fixed amount, this has a pre-determined effect
on the optimal registration solution, and this property is not built into any of the

architectures used today for image registration.

Contribution. We propose KeypointMorph, an unsupervised end-to-end
deep-learning-based framework that aims to address all aforementioned issues.
Our main insight is that matched keypoints can be used to derive the optimal
transformation in closed-form. This keypoint-based formulation is robust against
misalignments as the closed-form solution does not depend on the initial posi-
tion of the keypoints. Additionally, the model is interpretable since the keypoints
that drive the alignment can be visualized. Finally, we also show how to incorpo-

rate symmetries into the model design. For example, the architecture we describe
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Figure 3.1: Proposed framework. Fixed and moving 3D images are passed through
the same keypoint detection network composed of convolutional layers and a final
center-of-mass (CoM) layer that predicts keypoints useful for registration. The
affine matrix is then computed using Eq. 3.2 and is used to transform the moving
image.

in this paper is translation equivariant and leverages a recently-proposed center-
of-mass layer [116,160]. Rather than treating matched keypoint detection as a
supervised learning problem requiring human-annotated keypoints, we propose to
use an end-to-end unsupervised strategy tailored toward registration. By unifying
image registration and keypoint detection, we can train a model that finds match-

ing keypoints useful for aligning images. We demonstrate this framework in the

context of affine registration of 3D multi-modal brain MR scans.

3.2 Related Works

Classical Image Registration Methods. Pairwise iterative, optimization-
based approaches have been extensively studied in medical image registra-
tion [76,134]. These methods employ a variety of similarity functions, types of
deformation, transformation constraints or regularization strategies, and optimiza-
tion techniques. Intensity-based similarity criteria are most often used, such as

mean-squared error (MSE) or normalized cross correlation for registering images
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of the same modality [8,9,75]. For registering image pairs from different modali-
ties, statistical measures like mutual information or contrast-invariant features like

MIND are popular [74,75,78,125,182].

Another registration paradigm first detects features or keypoints in the images,
and then establishes their correspondence. This approach often involves hand-
crafted features [174], features extracted from curvature of contours [148], image
intensity [56,71], color information [129,178], or segmented regions [124,185]. Fea-
tures can be also obtained so that they are invariant to viewpoints [16,21,112,169].
These algorithms then optimize similarity functions based on these features over
the space of transformations [29,76]. This strategy is sensitive to the quality of
the keypoints and often suffer in the presence of substantial contrast and/or color

variation [181].

Learning-based Methods. In learning-based image registration, supervision
can be provided through ground-truth transformations, either synthesized or com-
puted by classical methods [23,46,49,107,177,194]. Unsupervised strategies use loss
functions similar to those employed in classical methods [13,35,40,50,99, 140, 188].
Weakly supervised models employ (additional) landmarks or labels to guide train-

ing [13,51,81,82].

Recent learning-based methods compute image features or keypoints [114] that
can be used for image recognition, retrieval, or registration. Learning the key-
points can be done with supervision [181,195], self-supervision [43] or without
supervision [14, 108, 135]. In contrast, our focus is on robust image registration
via corresponding keypoints; these prior works aim explicitly to obtain keypoints
that are repeatable under different viewpoints and /or image acquisition conditions.

Nevertheless, we build on previous ideas and introduce a framework that output
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matched keypoints in 3D space regardless of the initial position of the image.

3.3 Proposed Method

Let x,, and x; be moving (source) and fixed (target) volumes, which may vary in
modality and orientation.! In this paper, we focus on 3D affine transformations,
where the goal is to find the optimal affine transformation matrix A* € R3**
such that the moved (registered) image , = ,, c A* matches the fixed image x,
where o denotes the spatial transformation of an image. To efficiently compute A*,
we employ corresponding keypoints from @, and ;. The matching keypoints are
computed using a convolutional neural network, and A* is estimated using a non-

learnable computation layer.

3.3.1 Keypoint Detector Network

To compute K matching keypoints, we use a single neural network g4 with param-
eters ¢ to produce p,, = gs(xy,) and py = g4(x ), where p,, and py are matrices

of shape d x K (i.e. each column is a corresponding keypoint pair of d dimensions).

In our implementation, the backbone architecture of the keypoint detector con-
sists of convolutional layers, followed by instance normalization [176], ReLU acti-
vation, and 2x downsampling via strided convolution, as shown in Fig. 3.1. The
output from the backbone is followed by a center-of-mass (CoM) layer [116, 160],

which computes the center-of-mass for each of the K activation maps. This spe-

! Although we consider 3D volumes in this work, we stress that our method is agnostic to the
number of dimensions. The terms “image” and “volume” are used interchangeably.
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cialized layer is (approximately) translation equivariant and enables precise local-
ization. We provide more details and compare CoM to fully connected layers in

Appendix A.2.

3.3.2 Affine Computation Layer

Given K corresponding keypoint pairs, we can derive a differentiable closed-form
expression for an affine transformation that aligns the keypoints. Let p,, =
[, 1]7 € RUFDXK where 1 € R™K is a vector of ones and K > d. We aim

to find the optimal affine transformation
A = arg i | 45— py (3.)
where ||-||» denotes the Frobenius norm. This leads to the closed-form solution
A" = A(py.pm) = PPy (BrPrm) - (32)

We provide the derivation in the Appendix A.1.

3.3.3 Training

We found the following self-supervised pre-training strategy to be effective for
initializing the keypoint detector backbone. We first pick a set of initial keypoints p
chosen uniformly at random over the image coordinate grid. For a single subject,
we assume that we have access to aligned multi-modal (e.g. T1, T2, PD-weighted
MRI) volumes {x;}. During pre-training, in each mini-batch, we apply random

affine transformations 7 (drawn from a uniform distribution over the parameter
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space) to ; and p, and minimize:

arg;ninZET TP — go(z: 0 T3, (3.3)

where [E denotes expectation and 7 p transforms the list of coordinates in p by the

affine transformation 7.

Following the pre-training strategy, we train KeypointMorph on random image
pairs using the entire training dataset. We consider the typical real-world scenario
of multi-parametric MRI, where scans of potentially different contrasts (e.g. T1,
T2, PD-weighted) need to be registered. We present only within-modality image
pairs to the network during training, where a simple loss like MSE may be used.
Thus, given a dataset D composed of same-modality image pairs (xy,x,,), the
overall objective is:

wgmin B lan o Algs(ws),00(wn) 2l (3.4)
During training, we apply random affine transformations to the images as an aug-
mentation strategy. Remarkably, we found that KeypointMorph learns to detect
anatomically consistent keypoints across modalities, even though it is trained on
same-modality pairs. In our experiments, we demonstrate how this can be used to

perform multi-modal registration at test-time.

3.3.4 KeypointMorph Variants

We use KeypointMorph mse to refer to the main unsupervised variant of our
model, trained with Equation 3.4. In addition, we employ a supervised vari-
ant, KeypointMorph dice, that exploits segmentations during training. During

pre-training of this variant, we use the center-of-mass of segmentation labels as
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ground truth keypoints and do not restrict to a single subject. During subsequent
end-to-end training, we use soft-Dice, a loss function that measures volume overlap

of the moving and registered label maps [13,78,81].

3.4 Experiments

3.4.1 Dataset

We used the IXI brain MRI dataset? for evaluation. Each subject has T1, T2,
and PD-weighted 3D MRI scans in spatial alignment. We partitioned the 577
total subjects into sets of 427, 50, and 100 for training, validation, and testing,

respectively. We performed standard skull stripping [98] on all images.

We used a pre-trained and validated SynthSeg model [18] to automatically
delineate 23 regions of interest (ROIs). We used these segmentations for training
a subset of models, as described below. Furthermore, all performance evaluations

were based on examining the overlap of ROIs in the test images.

3.4.2 Test-time Performance Evaluation

We used each testing subject as a moving volume x,,, paired with a different
test volume treated as fixed image x¢. For all test volumes, we use the 23-label
segmentation maps to quantify alignment. We simulated different degrees of mis-

alignment by transforming «,, using rotation, scaling, or translation. For a given

’https://brain-development.org/ixi-dataset/
3ROIs were pallidum, amygdala, caudate, cerebral cortex, hippocampus, thalamus, putamen,
white matter, cerebellar cortex, ventricle, cerebral white matter, and brainstem.
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transformation type, we choose 1-3 axes randomly and apply a uniform random
transformation (e.g. rotation) up to a given amount (e.g. degree). We use the
predicted transformation to resample the moved segmentation labels on the fixed

image grid, and compute the Dice score to quantify alignment quality.

We performed registration across all combinations of available modalities (reg-
istering T1 to T1, T1 to T2, etc). All pairings and amount of transformations was

kept the same across the registration experiments.

3.4.3 Baselines

Advanced Normalizing Tools (ANTSs) is a widely used software package for
medical image registration [9]. We use the “T'RSAA” affine implementation, which
consist of translation, rigid, similarity and two affine transformation steps. The
volumes are registered successively at three different resolutions: 0.25x, 0.5x and
finally at full resolution. At 0.25x and 0.5x resolution, Gaussian smoothing with o
of two and one voxels is applied, respectively. In addition, we use the ANTSs affine
initializer, which conducts a grid search over a range of rotations and translations
to find a good initialization. We used mutual information as the similarity metric,

which is suitable for registering images with different contrasts.

Deep Learning for Image Registration (DLIR) is a recent learning-based
method that includes affine image registration [40]. DLIR implements a Spatial
Transformer Network [85], which was originally used to improve class prediction
accuracy and has since become the backbone of many subsequent works in image

registration [13,41,107]. For a direct comparison, we used the same backbone archi-
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Figure 3.2: Registration results. The x-axis of the second column shows the
average absolute displacement in the moving volume after rotation, scaling, or
translation. The Dice score is averaged for all test subjects and brain anatomical
regions. See Section 3.4.3 for details on the naming scheme.

tecture as KeypointMorph replacing the center-of-mass layer with a fully-connected

(FC) layer which outputs 12 parameters for the 3D affine transformation.* In Ap-

pendix A.2, we also investigated a KeypointMorph implementation with the same

FC layer as DLIR.

We find that DLIR often cannot register image pairs with large misalignments.

We alleviate this by using more aggressive augmentation during training, where the

images are randomly transformed. We consider two different amounts of rotation

for the training of DLIR: maximum £35° or £180°. We use the same loss function

and training scheme as we used for KeypointMorph. We trained separate DLIR

models for each modality as it produces better results than training DLIR across

modalities with mutual information. We also trained supervised modality-specific

and multi-modal DLIR models using a soft-Dice loss computed on the aligned

segmentation maps [107].

4We used instance Norms for multiDLIR and Batch Norms for uniDLIR, which we found to
work well in practice.

30



Subject A

Subject B Subject C  Subject D Subject E Subject F
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Figure 3.3: (a) Sample keypoints learned without supervision by KeypointMorph.
Each row shows a different keypoint and each column shows a different subject
and/or modality. (b) Mean registration performance for rotation, scaling and
translation under different number of keypoints.

Altogether, we implement six different DLIR variants. The naming scheme
follows the convention <mod>DLIR <loss><degree>, where <mod> denotes whether
the model was trained on a single (uni) or multiple (multi) modalities, <loss>
denotes the training loss function, and <degree> denotes the maximum angle of

rotation for augmentation.

3.5 Results

Fig. 3.2 and Table A.2 summarize the results. We find that all DLIR mod-
els suffer substantially as the rotation angle increases. Training with aggressive
augmentation increases performance for test pairs with large misalignments, but
reduces the accuracy for those with smaller misalignments. Using supervision
(uniDLIR dice35) leads to improved accuracy. For unimodal registration, the
DLIR model that was trained with all modalities (multiDLIR.dice) did not pro-
duce better accuracy than a model that was trained with each modality separately.

ANTSs yields excellent results when the initial misalignment is small (e.g., less than

31



45 degrees rotation). However, the accuracy drops substantially when the misalign-

ment exceeds this range.

In contrast to these models, KeypointMorph variants performed well across
all types of transformations and ranges, with only marginal drops in accuracy in
large misalignments. In the case where we have access to ROIs during training, we
find that KeypointMorph trained with Dice outperforms all models in nearly all
the tasks. However, the unsupervised variant trained with MSE still yields excel-
lent accuracy across all settings and is only minimally suboptimal compared to its
supervised counterpart. We provide qualitative results in Appendix A.4, and com-
pare the computational time across different models in Appendix A.3. Overall, the
KeypointMorph variants substantially outperform other learning-based baselines,
and KeypointMorph performs comparably or often substantially better (at large
misalignments) than state-of-the-art ANTs registration, while requiring substan-

tially less runtime.

3.5.1 Keypoint Analysis

Number of Keypoints. We trained five unsupervised KeypointMorphmodel
variants with 16, 32, 64, and 128 keypoints, respectively. Fig. 3.3b illustrates
that increasing the number of keypoints leads to improved Dice scores (and lower
variability), up to 64 keypoints. However, we find that further increasing the
keypoints can lead to a drop in performance (at 128 keypoints). We hypothesize
that it is harder to find a relatively large number of anatomical landmarks that

are consistent across individuals.
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Keypoint Visualization. In contrast to existing models that compute the trans-
formation parameters using a “black-box” neural network, we can investigate the
keypoints that KeypointMorph learns to drive the alignment. Fig. 3.3a illustrates
a set of representative keypoint examples for a learned unsupervised Keypoint-
Morph model. We find that the final learned keypoints correspond to the same
anatomical region in different subjects and modalities. In appendix A.6, we pro-
vide a quantitative study on keypoint consistency across the scans of each subject,

and in Appendix A.7 we show an expanded version of Fig. 3.3a.
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CHAPTER 4
WEAKLY SUPERVISED IMAGE SEGMENTATION

Deep neural networks are powerful tools for biomedical image segmentation. These
models are often trained with heavy supervision, relying on pairs of images and
corresponding voxel-level labels. However, obtaining segmentations of anatomical
regions on a large number of cases can be prohibitively expensive. Thus there is a
strong need for deep learning-based segmentation tools that do not require heavy
supervision and can continuously adapt. In this paper, we propose a novel perspec-
tive of segmentation as a discrete representation learning problem, and present a
variational autoencoder segmentation strategy that is flexible and adaptive. Our
method, called Segmentation Auto-Encoder (SAE), leverages all available unla-
beled scans and merely requires a segmentation prior, which can be a single un-
paired segmentation image. In experiments, we apply SAE to brain MRI scans.
Our results show that SAE can produce good quality segmentations, particularly
when the prior is good. We demonstrate that a Markov Random Field prior can

yield significantly better results than a spatially independent prior.

4.1 Introduction

Quantitative biomedical image analysis often builds on a segmentation of the
anatomy into regions of interest (ROIs). Recently, deep learning techniques have
been increasingly used in a range of segmentation applications [3,93, 109, 146].
These methods often rely on a large number of paired scans and segmentations
(voxel-level labels) to train a neural network. Training labels are either generated

by human experts, which can be costly and/or hard to scale, or automatic soft-
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ware [44], which can constrain performance. Furthermore, supervised techniques
typically yield tools that are sensitive to changes in image characteristics, for in-
stance, due to a modification of the imaging protocol [88]. This is a significant

obstacle for the widespread clinical adoption of these technologies.

One approach to improve robustness and performance is to relax the depen-
dency on paired training data and simply use unpaired examples of segmentations,

)

sometimes called “atlases.” Building on unpaired atlases, a segmentation model
can then be trained continuously on new sets of unlabeled images [36, 38, 91].
For example, recently Dalca et al. [36] proposed an approach where an autoen-
coder is pre-trained on thousands of unpaired atlases. For a new set of unlabeled
images, the encoder is then re-trained via an unsupervised strategy. Another
widely-used approach to improve generalizability is data augmentation on labeled
training data [27,200]. For example, zhao2019data demonstrated an adaptive ap-
proach that learns an augmentation model on a dataset of unlabeled images. This
model was then applied to augment a single paired atlas to perform one-shot seg-

mentation within a supervised learning framework. Another popular approach is

to use registration to propagate atlas labels to a test image [105, 151].

In this paper, we present a novel perspective for minimally supervised image
segmentation. Instead of viewing segmentation from the lens of supervised learn-
ing or inverse inference, we regard it as a discrete representation learning problem,
which we solve with a variational autoencoder (VAE) like strategy [97]. We call our
framework Segmentation Auto-encoder, or SAE. As we demonstrate below, SAE
is flexible and can leverage all available data, including unpaired atlases and unla-
beled images. We show that we can train a good segmentation model using SAE

with as little as a single unpaired atlas. In conventional representation learning,
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e.g., VAE [97], an encoder maps an input to a continuous latent representation,
which often lacks interpretability. In contrast, in SAE, the encoder computes a
discrete representation that is a segmentation image, which is guided by an atlas
prior. Finally, we employ the Gumbel-softmax relaxation [86] to train the SAE
network. The Gumbel-softmax approximates the non-differentiable argmax (tresh-
olding) operation with a softmax in order to make the function differentiable. It
provides us with a simple and efficient way to perform the reparameterization
trick for a categorical distribution, allowing the network to be trained via back-
propagation. In our experiments, we demonstrate that SAE produces high quality
segmentation maps, even with a single unpaired atlas. We also quantify the boost
in performance as we exploit richer prior models. For example, a Markov Random

Field model yields significantly better results than a spatially independent prior.

4.2 Method

We consider a dataset of N observed images (e.g. MRI scans) {x}Y  which
we model as independent samples from the same distribution. Let s denote the
(latent) segmentation, where each voxel is assigned a unique discrete anatomical

label. Using Bayes’ rule:
logp(z”) =log Y~ p(x|s)p(s), (4.1)

where p(s) denotes a prior distribution on the segmentation, p(x®|s) is the pos-
terior probability of the observed image conditioned on the latent segmentation,
often called the image likelihood, and the sum is over all possible values of s. We
assume the prior p(s) is provided and “learning” involves finding the parameters

that describe the image likelihood p(z|s). Since Eq. 4.1 is computationally in-

36



tractable for most practical scenarios, we follow the classical variational strategy
and maximize the evidence lower bound objective (ELBO):
logp(x"”) > ~KL(q(s|lz"")[[p(s)) + E logp(x]s), (4.2)
srq(sla(®)
where KL(:||-) denotes the KL-divergence and g(s|x®) is an efficient-to-manipulate

distribution that approximates the true posterior p(s|z®).

Following the VAE [97] framework, we use two neural networks to compute
the approximate posterior ¢(-|-) and the image likelihood p(-|). A so-called en-
coder network computes the approximate posterior g,(s|x), where ¢ denotes the
parameters of the encoder. The image likelihood py(x|s) is computed by the a
decoder network, parameterized by #. In our formulation, the encoder can be
viewed as a segmentation network. The decoder corresponds to a generative or
“reconstruction” model that describes the process of creating an observed image

from an underlying segmentation.

A natural choice for the approximate posterior is a voxel-wise independent

model:

”
go(slz®) = T ] Cat(s;|z®, ¢), (4.3)
j=1

where Cat(s;|z¥, ¢) is a categorical distribution computed as the soft-max output
of the encoder network at the j™ voxel evaluated for label s;. Assuming an additive

Gaussian noise likelihood model:

|4

po(xls) = [ [N (z;8,(s;0), 0%), (4.4)

J=1

¢

where &(s; ) is a “reconstruction” image computed by the decoder network, sub-

script j is the voxel index, and N(+; u,0%) denotes a Gaussian with mean u and

variance o2.
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Putting together Eq. 4.2 and 4.4 and relying on Monte Carlo sampling to
approximate the expectation, we obtain the following loss function to be minimized

over 0 and ¢:
N V L ox
£= 3 Kilas(elellple) + 3 1080" + 57 > lle ~2oui O, (43)

where s;, is an independent sample segmentation image drawn from qu(s|z®).
Following the convention in the field, in practice we set K = 1, which yields an
unbiased yet noisy estimate of the loss and its gradient. Eq. 4.5 does not explicitly
require paired images and segmentations {x(", s}, Instead, it merely needs a
prior p(s). There are many ways to define a prior, but in our experiments we use a
classical construction: a probabilistic atlas that describes the probability of labels
at each location, which can be coupled with a Markov random field component

that encourages certain topological arrangements.

4.2.1 Spatial Prior

The first prior we consider is a probabilistic atlas that assigns an independent label

probability vector at each voxel, p;. We call this a spatial prior:

\%
pspatial<8) = Hpj(sj)' (46)

There are many ways to construct this type of prior. For example, we can aggregate
segmentations of different subjects and compute the frequency of anatomical labels
at each voxel. If instead we only have a single segmentation image, we can apply
a spatial blur to this segmentation in order to account for inter-subject variation.
With the spatial prior, the first term in Eq. 4.5 reduces to:

KL(qo(8[2)||pspatiar()) = Y H(Cat(s;|&?), p;(s;)) — H(Cat(s;lx?)) (4.7)

j=1
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Figure 4.1: Proposed architecture. The encoder (blue) is a U-Net and de-
coder (green) is a simple CNN. (Conv) 3x3x3 convolution (Relu) rectified linear
unit (Maxpool) 2x downsample (Up) 2x upsample (ST Gumbel) straight through
Gumbel softmax (Sigm) sigmoid. The number of channels are displayed below
each layer.

where the first term denotes cross-entropy and second term is marginal entropy.

4.2.2 Markov Random Field Prior

The spatial prior can be modified using a Markov Random Field (MRF) to capture
neighborhood relationships in a segmentation image. Following [55,199], we define

the MRF prior as:

\% \%
1
pMRF(S) = Zexp jzo‘/](b“]) +jZOk€ZN_V(Sk7Sj> (48)

where N; is the 3 x 3 x 3-neighborhood around voxel j, V;(-) is the unitary potential

at voxel j, V (-, -) is the pairwise clique potential, and Z is a normalization constant.
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Similar to [55], we define these potential functions based on a provided probabilistic
atlas. Specifically, V; is the voxelwise log frequency of each label: log p;; and V' (-, )
is the log normalized counts of label co-occurrences in neighboring voxels. E.g.,
V(l1,1) is computed as the logarithm of the count of neighboring voxel pairs with
labels [; and 5 divided by the count of voxels with label [. If the pairwise potential
is set to zero, the MRF prior reduces to the spatial prior. With the MRF prior,

the first term in Eq. 4.5 becomes:

KL(gs(s|2)||parr(s)) = KL(gs(82)||pspatiar(s)) + Larrr + const.,  (4.9)

where the first term is from Eq. 4.7, and the second term can be expressed as:

\% L—

1 L—1
Lyrr ==Y GLEDY N g (x)WV (s =l s, =1;) | . (4.10)
0

The MRF loss term quantifies the dissimilarity between the label topology of the
prior and the approximate posterior ¢(:|-). Appendix B provides more details about

this constraint

4.2.3 Implementation Details

Our SAE architecture is shown in Fig. 4.1. The encoder is a 3D U-Net [146] and
the decoder is a simple fully convolutional network. Training involves optimizing
Eq. 4.5 with back-propagation. To implement the sampling layer, we employed
the straight-through Gumbel-softmax relaxation scheme [86,117], with the rec-
ommended setting for the temperature 7 to 2/3. We estimated o2 by using the
the global mean square error (MSE) between the reconstructed scan & and the

2

input scan =?. To initialize 02, we set the weight on the the reconstruction loss

to be zero for the first 16 subjects (effectively setting o2 to infinity) so that the
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segmentation (encoder) network was trained only based on the prior. In subse-
quent batches, 02 was updated as the average MSE over the latest 16 subjects and
rounded to the nearest power of 10 in order to reduce fluctuation. Our complete
model is trained end-to-end with the ADAM optimizer [96], with a learning rate
of 107* and default parameter for its first and second moments. At test time,
segmentation involves a computationally efficient single forward pass through the
encoder and we output the argmax label at each voxel. Our code in PyThorch is

available at https://github.com/evanmy/sae.

4.3 Experiments

4.3.1 Dataset

We evaluated SAE on T1-weighted 3D brain MRI scans, which we preprocessed
with FreeSurfer, including skull stripping, bias-field correction, intensity normal-
ization, affine registration to Talairach space, and resampling to 1 mm? isotropic
resolution [54]. We focused on 12 brain regions (listed below) that were manually
segmented and visually inspected for quality assurance. These manual segmen-
tations were only used to quantify performance. The total number of subjects
was 38: 30 subjects were used for training and 8 subjects for testing. Although
we call our sets training and testing, we emphasize that SAE did not have access
to the segmentation images during training, as we are proposing an unsupervised
paradigm. We repeated the experiment 5 times with different random subject

assignments to the train/test partitioning.
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4.3.2 Variants of SAE

We employed two atlases. The first one (Atlasl) was based on a single unpaired
segmentation image that we obtained from [122]|, which was automatically seg-
mented using FreeSurfer [54]. We applied spatial blurring (Gaussian with 3 mm
isotropic standard deviation) to the one-hot encoded segmentation image to obtain
a probabilistic prior. As a second prior (Atlas2), we used a publicly available prob-
abilistic atlas [138], which was computed based on 20 manually labeled subjects.
Both priors and all input MRI scans were affine registered to Talairach space. For
both of these priors, we implemented two versions: including and excluding the
MRF loss of Eq. 4.10. Specifically, SAE1 (w/o MRF) uses the spatial prior derived
by smoothing the single OASIS segmentation. SAE1 (w/ MRF) adds the MRF
term of Eq. 4.10, where the pairwise potential function is computed based on the
neighborhood statistics in the OASIS segmentation image. Finally, SAE2 uses the

probabilistic atlas prior [138], instantiated with and without the MRF loss.

4.3.3 Benchmark Methods

As naive baselines, we used the most probable label at each voxel in the two priors.
Baselinel corresponds to Atlasl and Baseline2 corresponds to Atlas2. As a
strong baseline, we used an implementation of a widely-used atlas-based brain
MRI segmentation tool [179], which uses Expectation-Maximization (EM) [42] to
invert a probabilistic generative model. This EM baseline was run with the two
atlases, which we refer to as EM1 and EM2. For each image, the EM baseline
numerically solves an optimization problem and is thus relatively slow. Finally, all

the data in the EM baseline has been pre-processed the exact way as we did for

42



our model.

As an effective upper bound on performance, we also implemented a supervised
model, where a 3D U-Net [146] with the same settings as our encoder was trained
with the paired manual segmentations in the training data. Negative generalized
(soft) Dice [167] was used as the loss function and 6 of the 30 training subjects
were reserved for validation. Training was terminated when validation loss stopped
improving. As with our previous setup, we repeated this experiment 5 times with

different train (N=24), validation (N=6), and test (N=8) splits'.

4.3.4 Metrics

All presented results are computed on the test images of each round. For quanti-
tative evaluation, we rely on two metrics: the Dice score that measures the volu-
metric overlap between the automatic segmentation and the ground truth manual
segmentation; and the 95%-Hausdorff distance (HD) that quantifies the distance
between the boundaries of the automatic and manual segmentations. When the
two segmentation maps are exactly the same, Dice score will achieve its maximum

value of 1 and HD will be equal to zero.

4.3.5 Experimental Results

Table 4.1 lists the global average Dice and HD values for the baselines and SAE
variants. Regional and subject-level results are also presented in Fig. 4.3. We

observe that in every single case and region, SAE produces segmentations that

ITest subjects are always the same for all methods
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Performance Measure

Model Haussdorff (mm) Dice Overlap (%)

Baselinel 4.11+£0.07 62.82+0.53

EM1 Baseline 4.25+0.09 71.24+0.71 Model Test Time (s)
Baseline2 3.50+£0.06 71.45£0.65 EM 61.07
SAE1 (w/o MRF) 3.88+0.05 74.64+0.30 SAE (CPU) 6.58
SAE1l (w MRF) 3.81£0.05 75.36£0.32 SAE (GPU) 1.58
EM2 Baseline 2.65%0.05 79.70+0.54

SAE2 (w/o MRF)  2.73+0.04 79.9440.34

SAE2 (w MRF) 2.68+0.05 80.54£0.36

Supervised 2.2340.07 84.60+0.26

Table 4.1: Mean performance of all methods with their standard errors and com-
putational time per volume at testing.

are better than the naive baselines. SAE Dice scores, overall, were 8-12 points
higher than the naive atlas based baselines and slightly better than the strong
EM baselines. On a modern CPU, the EM baseline had a run-time of around
60 seconds, whereas SAE took less than 7 seconds per single volume at test time
(less than 2 sec on a GPU). This represents more than a 10x speed-up over a
popular brain MRI segmentation tool, with no discernible reduction in the quality

of results.

For SAE, we observe that the adopted prior has a significant impact on the
results. With a superior prior, SAE2 (derived from multiple subjects) yields sub-
stantially better results than SAE1. In addition, adding spatial consistency via
the MRF loss improves the accuracy in all model variants (paired t-test p < 1075,
for both atlases). This result highlights the importance of having a sophisticated
prior. The best unsupervised model, SAE2 (w/ MRF), yielded a Dice score that
was about 4 points below the fully supervised model, which is a strong upper

bound in our experiment.

A qualitative visualization of SAE2 (w/ MRF) results is provided in Fig. 4.4.

We can see that despite having a fixed prior p(s), our model is able to capture
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Figure 4.4: Representative segmentation results obtained with SAE2 (w/ MRF) on
two subjects. Recon is the output of the decoder. GT scan and segmentation are
the input MRI and manual segmentation, respectively. Pred is the segmentation
obtained through argmax of the one-hot encoding g, (s|z).

inter-subject neuroanatomical variation. This is mainly due to the decoder, which

enforces the latent representation to be useful for reconstruction.



CHAPTER 5
CONDITIONAL DEFORMABLE TEMPLATES

Registration and segmentation often use brain templates. They describes the
anatomical layout of an “average” brain is an essential building block of neu-
roimage analysis pipelines. However, a single template is often not sufficient to
fully capture the variability in a heterogeneous population. Brain structures have
very different shapes and sizes in different clinical and demographic groups. In this
paper, we develop a novel neural network model that captures this morphometric
variability. Our model learns to compute an attribute-specific spatial deforma-
tion that warps a brain template. We train this model on individual brain MRI
segmentations in an end-to-end fashion, allowing for fast inference during testing.
We demonstrate the ability of our model to deform a brain template given a wide
range of ages, presence of disease and different sexes. Detailed qualitative and
quantitative experiments are provided in order to demonstrate the flexibility of
our model. Finally, we study the surface of the deformed template’s hippocampus

to show how our model can be used for shape analysis.

5.1 Introduction

Advances in neuroimaging have enabled examination of the brain at an unprece-
dented scale. The shapes and sizes of brain regions are an important area
of neuroscientific study. Changes associated with factors such as aging, sex-
ual dimorphism, and neurological diseases have been analyzed in many stud-

ies [57,73,136,141,142,154,183].
Today, conventional brain analysis pipelines rely on a probabilistic template

48



(or atlas), which assigns anatomical label probabilities at each voxel. Once con-
structed, imaging data from different individuals are spatially registered to the
template for statistical analysis. However, demographic, clinical, or other con-
founding factors can influence the shapes and sizes of brain regions. As a result,
a single and fixed template can struggle to accommodate complex structural dif-
ferences across a heterogeneous group of individuals, which can complicate down-
stream statistical analyses. One approach to address this issue is to explicitly
endow the template with more flexibility that might account for subject-specific

characteristics [37, 150].

In this paper, we consider modeling attribute-specific neuroanatomical variabil-
ity via a deformable template model, where the deformation is an explicit function
of a given attribute vector. We present an end-to-end learning strategy to train
the proposed neural network model and present empirical results that demonstrate
utility and reveal interesting neuroanatomical shape variability associated with ag-

ing, sex, and Alzheimer’s disease (AD).

5.2 Background and Related Work

There are many ways to construct a template or atlas that assigns labels on a
voxel grid. The segmentation of a representative brain MRI from a dataset can
be used as a naive reference by applying spatial blurring to account for inter-
subject variability at the boundaries. However, today, most atlases are constructed
from multi-subject data [89,115]. A common approach involves co-registering the
subjects and computing the frequency of anatomical labels at each voxel. It is

widely recognized that a single atlas has difficulty accounting for the morphological
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variability across a heterogeneous group of individuals [37, 145, 150]. Multiple
atlases can be constructed for different subgroups. However, this would demand a

significant amount of time, funds, and expertise.

Given a template, the morphological variability in the population is largely
captured via deformations [134]. Deformation models can include global affine
transformations or more flexible non-linear transformations. A popular parame-
terization employs B-slines [149]. Non-parametric deformation strategies can build
on an elastic model [12] or diffusion model [79,168]. A popular approach is to
use diffeomorphic transformations, which ensures that the underlying topology is
preserved through the use of continuous, invertible, and differentiable deforma-

tions [7,8,17,90, 180].

Recently, deep learning based approaches to image registration have showed
a lot of promise. Instead of solving an optimization problem for a pair of im-
ages, these methods use a neural network that learns to directly compute the
transformation that aligns two input images [13,41, 161]. By obviating the need
of optimization during inference, these methods are significantly faster than non-

learning-based approaches.

A recent paper closely related to ours, proposed a method to construct im-
age templates in a learning-based framework using convolutional neural networks
(CNN) [37]. The network synthesizes a conditional template for a given attribute
value and produces a deformation field that aligns the conditional template with
an input image. Our paper builds on this prior work but introduces a different
approach. Unlike [37], we learn a function that computes a deformation field that
warps a universal (unconditional) population template. This way, we are explicitly

modeling morphological changes associated with the attributes as a diffeomorphic
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deformation (i.e. shape and size variation). In contrast, previous works involv-
ing the estimation of multiple (conditional) templates, including [37] allowed these

templates to have different appearances.

5.3 Proposed Method

We adopt a template t that assigns probabilistic labels at each voxel. This can

describe an unconditional prior on an individual segmentation image s:

p(s;t) = %exp (SoftDice(s, t)), (5.1)

where SoftDice is the soft Dice between the two segmentation maps [126] and Z
is the partition function. We are interested in modifying the prior as a function
of demographic and/or clinical variables that are collected in an attribute vector
a. Thus, our objective is to learn the conditional distribution of s given a set of

attributes and a template p(s|a;t):

p(s|a;t) = / p(s]z: t)p(zla)d=. (5.2)

where z is a latent embedding vector that parameterizes the attribute-specific
deformation of the template, i.e., ¢,. In our implementation, z is of size 5 x 6 X

7 x 128 and follows a Gaussian distribution
p(zla) = N(z; g, Xa), (5.3)

where p, and 3, are the mean and diagonal covariance matrix, respectively. ¢,

is computed via a series of up-sampling and convolution layers (details below).

For the likelihood term p(s|z;t), we assume that s is generated by warping the
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template t with the deformation field ¢.:

p(s|z;t) < exp (SoftDice(s, to qﬁz)). (5.4)

The conditional prior p(z|a) captures the dependency between the template and
attributes. Eq. 5.2 is computationally intractable, and we rely on Monte Carlo

samples to approximate the expectation:

K
1
p(sla;t) = E p(s|z;t) = e Zp(s|zk;t), where z; ~ p(z|a). (5.5)

z~p(z|a) )

We implemented parts of the model with neural networks. Details of our archi-
tecture can be found in Figure 5.1. We use a fully-connected layer to parameterize
p(z|a). For a given set of attributes, the network outputs a mean p,, and vari-
ance X,. As is common in Monte Carlo based deep learning techniques, a single
instance of z is sampled using the reparametrization trick [97]. The sample is
reshaped to a small cube. Then, a series of convolutional layers with kernel 2x2x2
and stride of 2 are used to upsample the latent space z. We repeat this process
until we have a tensor with the same size as the template t. This tensor is the
“stationary” velocity field w, which parameterizes a diffeomorphic deformation, as
in [35]. Thus the final deformation can be computed via applying the following

ordinary differential equation:

09
or

= u(¢7), (5.6)

which describes a particle flowing according to a stationary velocity field. As we
integrate over time, we start from an identity transformation at 7 = 0 to the
final deformation ¢, at 7 = 1. This integration can be approximated in a neural

network with a scaling and squaring layer [6, 35].
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Figure 5.1: Proposed architecture. Attributes are passed to a fully-connected
network (FC) and rectified linear unit (ReLU) to obtain the mean and variance of
a multivariate Gaussian. Samples from z are up-sampled using 2x2x2 transpose
convolution (T.Conv) with a stride of 2. The last layer before the velocity field
u does not have a ReLU. Scaling and squaring are used to integrate u [35]. The
deformed template is obtained by t o ¢,

5.4 Experiments

5.4.1 Dataset

To demonstrate the ability of our model to deform a brain template given a wide
range of attributes, we used 3D brain segmentations of T1-weighted MRI scans
from the OASIS-1 dataset! [123]. Using FreeSurfer [54], we performed skull strip-
ping, bias-field correction, intensity normalization, affine registration to Talairach
space, resampling to 1mm? isotropic resolution, and segmentation into 12 regions of
interest (listed in caption of Figure 5.3). Each segmentation was visually inspected
for quality assurance. We used 415 subjects (255 females), with ages ranging from

18 to 96 years old (52.8 £ 25 years). The dataset includes 100 subjects diagnosed

https://www.oasis-brains.org/
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Models Dice %
Template 1 62.2543.07
Template 2 69.42+4.56
Model 1 71.64+3.50
Model 2 73.25+3.59

Table 5.1: Overall Dice score for different models. Mean 4 standard deviation.

with probable Alzheimer’s disease (AD). We randomly picked 375 subjects for
training and the remaining 40 were reserved for testing. We ensured that the age

distribution was consistent between the training the test samples.

5.4.2 Experimental Setup

We wanted to evaluate how well our model is able to deform a template given a
set of attributes a, namely: sex, age and diagnosis of AD. We experimented with
two templates t. For the first template (Template 1), we used the one-hot en-
coded segmentation from an independent healthy subject in the MCIC dataset [62],
which was processed in the same manner as the OASIS data. The second tem-
plate (Template 2) was derived from a publicly available probabilistic atlas [138],

computed based on 20 manually labeled subjects.

Optimizing the logarithm of Eq. 5.5 (with K = 1 and ignoring the varia-
tion in the partition function) is equivalent to maximizing the soft Dice between
the deformed template ¢t o ¢, and the individual input subjects. We used the
ADAM optimizer [96] to optimize soft Dice in the training data, with a learning
rate of 107 and default moments parameters. Once trained, templates can be
efficiently deformed with a single forward pass, allowing for fast inference of the

conditional template. Our model is freely available https://github.com/evanmy/
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conditional_deformation.

5.4.3 Evaluation

We emphasize that the input to our network is only a subject’s attribute a and
a probabilistic template. To evaluate our model, we provide the attribute of each
test subject for our model to deform the probabilistic template . We repeated all
experiments 5 times with different train/test subject splits. Only the templates
remained the same during repeated experiments. We computed Dice scores be-
tween the deformed template and the subject’s actual segmentation. In Table 5.1,
we can see that our model is able individualize the template in order to account
attribute specific characteristics. The performance of the model depends on the
quality of the template. The model that learns to deform a single subject template
(Model 1) does not perform as well as a model using the probabilistic template
that was constructed from multiple subjects (Model 2). In Fig. 5.2a-c, we show
the boxplots of grouped Dice scores according to different attribute configurations.
Regardless of the grouping, the deformed templates achieved better alignment of

regions than the corresponding templates.

5.4.4 Visualization of Attribute-specific Templates

Our framework enables us to efficiently create a template for any configuration of
attribute values, which we think is a unique way to interrogate associations between
brain anatomy and demographic or clinical variables. In Fig. 5.3a, Model 2 is
used to deform the template for a range of attributes. For example, ventricular

enlargement (green regions) is substantial in a healthy female, going from 20 to 70
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years old. Similarly, AD-associated deformation of ventricles in a 70y old female
is evident. Other brain regions’ shapes and sizes vary with age and AD too. In
Fig. 5.3b, we visualize the change in total normalized? grey matter (GM) or white
matter (WM) volume as a function of age and AD status. Associated monotonic

and non-linear atrophy patterns are apparent.

5.4.5 Shape Analysis

We can use the learned model to further investigate and visualize shape changes
associated with specific variables. In this experiment, we wanted to capture the
effect of aging and AD on the shape of the hippocampus, an anatomical structure
that is strongly associated with both attributes [1]. In Fig. 5.4a, we visualize the
difference in hippocampal shape between 18 and 90 years, for a healthy male. We
used Model 2 to create a whole-brain, volumetric template for these attribute
values. We isolated the hippocampi and applied morphological opening to remove
noise. The binary masks were then converted to a mesh and was smoothed with
Laplacian smoothing. We then visualized the (reference) mesh for the 90-year old
hippocampus. At each reference mesh vertex, we showed the signed distance to
the closest point on the (target) 18-year old hippocampus mesh. If the closest
target mesh point was outside of the reference mesh, the sign was negative; and
otherwise positive. We employed the same visualization (Fig. 5.4b) to compare the
hippocampal shape of a 65 year old Alzheimer’s patient (reference) to a healthy
one of the same age (target). These results support prior evidence that there is
regional atrophy linked to aging and Alzheimer’s, which probably differentially

involve hippocampal sub-fields and thus lead to shape differences [1].

2Divided by the total WM/GM volume of a 20 year old male or female
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Figure 5.2: Dice scores between individual segmentations and templates. Tem-
plate 1 is the un-deformed template from a single subject. Template 2 uses
un-deformed template from a multi-subject probabilitistic atlas. Model 1 or 2
learns to apply an attribute-specific deformation to Template 1 or 2, respectively.
Similarly, (a-c) Box-plot of Dice score across different groups of attributes.
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Figure 5.3: (a) Coronal and axial views of Model 2 deformed templates for 20 and
70 year old healthy female, and 70 year old female AD patient. Difference maps
between pairs of deformed templates are shown in last two columns. White pixels
indicate that the compared templates have same label. Colored pixels show the
label for the second template. (b) Changes of deformed template’s grey matter
(GM) and white matter (WM) volumes over age for different attributes. Each
regional volume was normalized with respect to a 20 year old healthy male or
female.
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(b)

Figure 5.4: Signed distance visualization of the difference between hippcocampal
surface meshes derived from Model 2 deformed templates. Distance to the closest
point on the target mesh are visualized on the reference mesh. Closest target
mesh points that fall outside the reference mesh have negative value. (a) 90 yo
healthy male (reference) vs 18 yo healthy male (target); (b) 65 yo male AD patient
(reference) vs 65 yo healthy male (target).
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CHAPTER 6
APPLICATION OF MRI IMAGING

We propose a novel machine learning strategy for studying neuroanatomical shape
variation. Our model works with volumetric binary segmentation images, and
requires no pre-processing such as the extraction of surface points or a mesh. The
learned shape descriptor is invariant to affine transformations, including shifts,
rotations and scaling. Thanks to the adopted autoencoder framework, inter-subject
differences are automatically enhanced in the learned representation, while intra-
subject variances are minimized. Our experimental results on a shape retrieval task
showed that the proposed representation outperforms a state-of-the-art benchmark

for brain structures extracted from MRI scans.
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6.1 Introduction

Over the last two decades, neuroimaging has revolutionized our understanding of
brain anatomy by allowing us to examine population variation at an unprecedented
scale. One aspect of brain morphology that has received considerable attention is
shape. Shape, in general, refers to the geometric properties of an object (e.g., a

brain structure or a region of interest) that are independent of size or volume.

A broad range of techniques have been developed for the study of shapes of
brain structures, which are under significant genetic influence [59] and can yield
sensitive biomarkers of disease. A thorough review is provided by Ng et al. [132].
Following their convention, shape analysis techniques can be broadly grouped into
five distinct types. One group covers techniques that work on point-based or
local features [67], whereas another category includes methods that are surface
based [144,184]. A third category utilizes basis functions such as spherical har-
monics [166] to represent the geometry, while a fourth group includes skeleton
based schemes, such as medial profiles [69]. Finally, there is a category of methods

that rely on characterizing deformations [48].

Today, most aforementioned techniques would be considered hand-crafted, as
they heavily rely on arbitrary modeling choices in order to extract representa-
tions. Recently, deep neural networks have revitalized so-called end-to-end learn-
ing approaches that discover optimal representations in a data-driven fashion. In
this work, we present an unsupervised approach to learn shape representations of
different brain regions. In our framework, rotation, scaling and translation are
normalized via a spatial transformer network [84] that aligns an input shape to a
population template. Our shape template is not arbitrary, but also learned dur-

ing training. Finally, the aligned structure is fed to an autoencoder that learns

61



to encode the input into a shape descriptor. The network is trained in an end-
to-end fashion with binary segmentation volumes as input, and requires no other
preprossessing. We report results for shape retrieval experiments in the OASIS

dataset [122].

The rest of the paper is organized as follows. Section 2 discusses machine
learning based approaches closely related to our approach. Section 3 introduces
the proposed unsupervised learning strategy. Section 4 presents and discusses the

empirical results. Finally, Section 5 concludes our paper.

6.2 Machine Learning based Shape Analysis

There has been a recent surge in the use of machine learning techniques to derive
shape features. Some basic approaches include projecting the 3D objects onto
different views before submitting these to a convolutional neural network (CNN)
[11,190,202]. In this framework, the user needs to choose an arbitrary set of views,

which can be sub-optimal for characterizing a 3D object.

An alternative approach is to represent objects as 3D point clouds, which are
then processed using a discriminative neural network such as the PointNet [67,139].
However, this strategy yields representations that are optimal for a specific task,

as in predicting Alzheimer’s disease.

Another set of techniques rely on extracted surface meshes. For example, one
can compute a heat kernel signature (HKS) of a mesh, which is then fed to an
autoencoder [52,191]. The HKS features are not scale invariant by design. In

addition, techniques used in [52,191] are for object classification, but not instance
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retrieval, which is our focus in this study. A different mesh-based approach was
recently presented by Shakeri et. al [155], who used a spectral matching method
to establish pointwise correspondence across samples and a hybrid auto-encoder
and discriminator strategy to learn representations that are optimal for classifying
subjects. More recently, there has been a growing effort in generalizing deep learn-
ing algorithms to non-Euclidean data such as those on mesh graphs or manifolds.
Some of these algorithms have been applied to shape analysis [20,130], which are
collectively referred to as Geometric Deep Learning. The main drawback of mesh-
based techniques is that the quality of the representation strongly depends on the

quality of the surface mesh, which can suffer from topological errors.

Another approach related to our work is the 3D ShapeNet [187], which was
originally developed to handle 2.5D depth data, and yield shape representations
optimized for object class recognition. To our knowledge, ShapeNet has not been
applied to the shape analysis of neuroanatomical structures yet. Furthermore, this

strategy does not have isometry or affine invariance built into the model.

6.3 Proposed Method

Our method obtains a 3D shape descriptor without the need to extract a point
cloud or mesh representation of the structure boundary. The learned shape de-
scriptor is invariant to rotation, translation, and axis-independent scaling. Our
proposed architecture consist of two components, namely a spatial transformer
network (STN) [84] and a convolutional autoencoder (CAE), as illustrated in Fig-
ure 6.1. We achieve invariance against affine transformations (excluding shear)

via the STN, which aligns the input 3D segmentation x;, to a structure-specific
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Figure 6.1: Proposed architecture. The network consists of a spatial transformer
network (STN) and a convolutional autoendoer (CAE). The STN takes input ;,,
a binary segmentation volume, and computes a set of affine transformation param-
eters ¢, which are used to align to the learned reference template . using the
affine transformation 7. The template-aligned scan x is passed through a CAE
in order to obtain a shape descriptor z from its bottleneck. The CAE has several
residual blocks, where “+input” in the legend indicates a skip connection. Conv:for
a 3 x 3 convolution, IN: Instance normalization, LReLLU: Leaky Rectified Linear
Unit, T.Conv: Transposed convolution, Strd2 Conv: convolution with stride 2.
The number of channels is indicated above each layer.

reference template z,.r. Note that this template is not pre-set, but learned during
training via minimizing the loss function described below. In the STN component,
a convolutional neural network computes 9 transformation parameters (collectively
denoted as ) that make up an affine transformation matrix. These parameters are
three rotation angles, three translations (axis aligned shifts) and three (axis spe-
cific) scales. Note that we did not include shearing in our transformation model as
we considered this to affect the “shape.” Next, the output of the STN is converted
into a transformation matrix 7, which is then applied to the image grid, producing

a deformed sampling grid. The sampling grid defines where on the input image to
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sample in order to produce a template-aligned output x. Finally, the model passes
x to an CAE, which goes through a bottleneck representation, namely the shape
descriptor z, before decoding it into a reconstruction z. The entire model (STN

and CAE) is trained end-to-end, minimizing the following loss function:
L = —Dice(xin, Trer) — ((t)Dice(x, Z). (6.1)

Dice is a commonly used metric that quantifies the similarity between two segmen-
tation maps (e.g., binary volumes). In our implementation, we treated ;,, Tyef,
and % as probabilistic segmentations, where each voxel took a value between 0
and 1, indicating the probability of the structure of interest. Hence, we defined
the Dice metric as two times the sum of the voxel-wise product of the two input
volumes divided by the sum of squared norm of the individual volumes. ((t) is
an epoch dependent weighting function that follows a pre-determined schedule.
At the beginning of training, we want the network to focus on alignment so ((t)
was initialized with a small value. However, at later epochs, ((t) was gradually
increased, so toward the end of training reconstruction quality was emphasized
more in order to obtain a good shape descriptor. The first term in Eq. 6.1 is the

alignment loss, whereas the second term is the reconstruction loss.

Although the user can pick an arbitrary template x,.; (such as some training
sample), in our implementation we optimized it via minimizing the loss function.
The learned template volume was passed through a sigmoid layer in order to ensure
that the voxel values lie between zero and one. Similar to the widely used batch-
norm layer, we introduced a parameter normalizer layer at the output of the STN
that ensures that the (mini-batch) average value of each of the nine parameters
(3 rotation angles, 3 translations and 3 log scales) is equal to zero. This way,
the learned template does not experience drift in rotation, scaling and translation

over the training epochs. Without a parameter normalizer, there’s nothing in the
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Figure 6.2: Lateral and medial views of the learned templates

learning dynamics that would prevent the learned template to continuously rotate,

for example.

6.4 Experiments and Results

6.4.1 Dataset

To showcase and validate the proposed algorithm, we used healthy subjects from
the OASIS-1 dataset [122] https://www.oasis-brains.org/, spanning the ages
of 18 through 96. The total sample size was 315. We split the data into three
non-overlapping groups containing 165, 50, and 100 subjects. These were used for
training, validation, and testing, respectively. For each MRI scan, we extracted
6 brain regions: caudate, putamen and hippocampus in the two hemispheres.
These structures were automatically segmented using FreeSurfer (v 5.1), which
were visually inspected for quality assurance. The left hemisphere ROIs were

mirrored and combined with the right hemishpere data.

There were 20 healthy subjects who obtained a second (repeat) scan on a subse-
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Retrieval Experiment

Setting Type ShapeDNA | Ours
Similarity | L0P 1| 9417 | 9158

¢ = Top5| 97.17 | 98.66
5 5 Top 1 56.75 93.67
Affine 1 p 05 | 70092 | 98.61

No Topl| 55.83 | 99.17

9 Top 5| 81.67 100
22 | Sumilasity | TP 1| 40.00 | 73.06
8.3 Y| Top5| 70.83 | 90.83
e Aff Top 1 30.83 78.33
" I Top5 | 6000 | 93.89

No Top 1| 4250 | 99.17

< A Top 5|  65.00 100
T~ Similarite | TP 1| 28.33 [ 68.89
§§ Ay | ron 51 55.83 | 86.11
& A Afine | ToP L[| 2000 | 7278
Top5| 40.83 | 90.83

Table 6.1: Retrieval accuracy under different settings

quent visit within 90 days of their initial session. These subjects were all included
in our test dataset and the repeat scans were used for our retrieval experiment, as

described below.

6.4.2 Implementation Details of Proposed Approach

We augmented our training data by randomly rotating up to 35° around all three
axes. Similarly, we applied an axis-independent random scale up to +50%. We
trained a single model for the three different structure types we considered in our
experiments: caudate, putamen, and hippocampus. However, we used a separate
template for each structure, thus learning three templates. The templates were ini-
tialized using a single, average 43-year old training subject. The learned templates

are shown in Figure 6.2.
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We optimized our loss function using ADAM [96], with stochastic gradients
computed on a mini batch size of 12 (4 examples of each structure). ((t) was
set to 10710 during the first epoch, and increased up to 1072 linearly with each
epoch. The implementation is in PyTorch and the code is freely available at

https://github.com/evanmy/voxel_shape_analysis.

6.4.3 Benchmark Method

We compared our method to ShapeDNA [144], which uses a surface-based strat-
egy to derive shape descriptors that are invariant to isometric transformations.
ShapeDNA uses the Laplace-Beltrami spectrum of the surface mesh and has been

successfully applied to the study of brain structures [184].

6.4.4 Retrieval Experiments

A good shape descriptor should not only be invariant to specific transformations,
but also capture meaningful differences across subjects while remaining stable for

a given subject. To this end, we performed two retrieval experiments.

In first experiment, we applied random transformations to test subjects (up
to 15° rotation and 20% scale on each axis, respectively) to create query images.
We considered two scenarios for the transformations: Similarity and Affine. In
the Similarity case, we applied random rotations coupled with global scales. In
the Affine case, each axis was randomly scaled independently, in addition to the

random rotations.
The L2-norm was computed between the representation derived for the ran-
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domly transformed query image and the representations from all original images
of the test subjects. We then ranked these distances and report the top-1 and
top-5 accuracy values in Table 6.1. Top-X refers to the fraction of query instances
where the query subject ranked among the top X smallest L2-distances in shape

space.

In the second experiment, we used the repeat scans from the 20 subjects in
the test set. Similar to above, the shape descriptor derived from the repeat scans
should lie close to the first scans of the corresponding subjects. We considered
three transformation scenarios. No transformation, random similarity and ran-
dom affine, where the random transformations were implemented as in the first
experiment. We also considered two retrieval scenarios. In first case (Repeat Sub-
jects Only), the look-up dataset consisted only of the 20 test subjects with repeat
scans. In the second case (Expanded Look-Up), the look-up dataset included all
100 test subjects. We computed top-1 and top-5 accuracy values for these different

scenarios, reported in Table 6.1.

In first experiment, ShapeDNA yielded high accuracy for similarity transforma-
tions, which is unsurprising since it is isometry invariant. However, ShapeDNA per-
formed poorly with affine transformations, whereas the proposed method achieved
high accuracy for both types of transformations. In the second experiment, each
brain regions from the repeated MRI will not be exactly the same as the ones
from the initial scan. Since our method works directly in voxel space, it is not as
sensitive to the mesh surface that is required for the ShapeDNA benchmark. As
a result, our algorithm vastly outperformed the benchmark, under all considered
scenarios. We believe that this makes our method more stable across repeat scans

of the same subject.
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CHAPTER 7
CONCLUSION

MRI processing has many challenges. In this thesis, we delved into the use of deep
learning models to prepare, process and analyse structural brain MRI scans. More
specifically we focused on the registration and segmentation aspect of the pipeline

and introduce methods related to its application.

In Chapter 3, we introduced KeypointMorph, a robust deep learning-based
affine registration framework that employs unsupervised keypoint extraction. Our
key insight is that matched keypoints yield a closed-form solution for affine regis-
tration, even in the case of large misalignments, and this in turn can be used to
drive unsupervised keypoint detection. We showed that state-of-the-art optimiza-
tion and learning-based methods for image registration struggle to register image
pairs that have large misalignment. In contrast to many “black-box” machine
learning-based registration methods, KeypointMorph also offers the ability to in-
vestigate what drives the registration by visualizing the keypoints. We envision
that KeypointMorph can be used in a variety of applications that exhibit large

misalignments, and can be extended to compute non-linear deformations.

In Chapter 4, we presented SAE, a flexible deep learning framework that can
be used to train image segmentation models with minimal supervision. We applied
SAE to segment brain MRI scans, relying on an unpaired atlas prior. Importantly,
SAE does not need manual segmentations paired with the images, which opens up
to possibility to deploy it on new imaging techniques, e.g., with high resolution or
different contrast. Empirically, we presented the change in segmentation accuracy
as we use different types of priors. Current implementation of SAE assumes that

the input MRI is affine normalized with the prior by working in Talairach space.
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However, SAE can be implemented with very different types of priors, which we
would like to explore in the future. For example, in the present paper, we did
not experiment with a spatial deformation model that would warp the atlas to
better align with the input image. We envision that we can integrate a “spatial
transformer” type neural networks, such as VoxelMorph [34], to relax our assump-
tion. By adding a deformation model to the prior, we believe that we can handle
complications like moving organs. Alternatively, we can implement more sophis-
ticated priors, such as those that exploit an adversarial strategy, as in adversarial

autoencoders [119].

In Chapter 5, we showed a novel framework to learn a deformable template,
where the deformation is a function of attributes such as age, sex or diseases status.
We believe our modeling approach has at least three different use cases. First, this
model can be used as a subject-specific prior in a segmentation framework. Our re-
sults suggest that a subject-specific prior can yield improved quality segmentations
than a model based on a single global prior. Second, our framework can be used
to interrogate morphological changes associated with certain variables of interest.
In our experiments, we demonstrated how we can visualize shape changes linked
to aging and Alzheimer’s disease. Finally, we believe that the proposed framework
can be useful to normalize for confounding variables. The conventional approach
in computational anatomy is to spatially register with a single template and then
control for confounding variables such as aging by including them as regresors in
subsequent statistical analyses. This approach cannot account for non-linear ef-
fects. Instead, one can use the proposed framework that would allow us to directly
normalize for nuisance variation in shape and size. We will explore this direction

in future research.
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In Chapter 6, we demonstrated a data driven method to learn a 3D shape de-
scriptor. Geometric transformations are normalized for through the spatial trans-
former by aligning the input to a learned template. Furthermore, a concise shape
descriptor is obtained through an autoencoder. Our method outperforms an ex-
isting benchmark on retrieval experiments of subjects with longitudinal scans. Fu-
ture work will include visualizing the learned shape descriptor and its application
to examining associations between genetic/clinical variables and neuroanatomical

shape.
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APPENDIX A
SUPPLEMENTARY MATERIAL FOR “KEYPOINTMORPH:
ROBUST MULTI-MODAL AFFINE REGISTRATION VIA
UNSUPERVISED KEYPOINT DETECTION”

A.1 Derivation of Closed-form Expression

Let p; € R™E and p,, = [p,, 1]7 € RUFD*E where 1 € R™K is a vector of ones
and K > d. We wish to find the optimal affine transformation A € R¥*(@+1) which

minimizes:
L= ”Ai)m - prF’

where ||| denotes the Frobenius norm. Taking the derivative with respect to A

and setting the result to zero, we obtain:

oL
= —(Ap. —p. )DL =

= A=pPy(Dnbn) -

A.2 Center-of-Mass Layer vs Fully Connected Layer

The backbone of our architecture is composed of CNN layers and a center-of-mass
(CoM) layer at the end of the network [116,160]. The CoM layer computes the
center-of-mass of the activation map for each channel of the CNN output. In
other words, weighted average between the voxel values and the grid coordinates.

These center-of-masses are then used as keypoints in KeypointMorph. CoM layer
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Figure A.1: Performance comparison bewtween KeypointMorph models that uses
center-of-mass (CoM) and fully connected (FC) layers to predict keypoints. The
suffix mse and dice represent the unsupervised and supervised version of Key-
pointMorph, respectively.

is shift equivariant as compared to fully connected (FC) layer. As an ablation
study, we compared the performance of using a CoM layer and FC layer, which is
commonly used in registration [40,41,85,107]. In Fig. A.1, the model using FC
layers follows the same architecture as DLIR model that was used in the baseline.
However, instead of outputting 12 affine parameters, it outputs 64 keypoints. We
repeated the experiments found in Section 3.4. We can see that regardless of the
type of layer used to compute the keypoints, KeypointMorph provide robustness
to large deformation. Models that uses CoM have comparable performance at
low deformation compared to models that uses FC layers. However, CoM models

provide the best performance at higher degrees of misalignment.
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A.3 Computation Time

Table A.1 summarizes runtime at inference of all methods. On a modern CPU,
the ANTs baseline, which does not have GPU support, requires more than 60
seconds, whereas KeypointMorph requires roughly 2.7 seconds per subject at test
time (about 0.2 sec on GPU). Comparing ANTs and KeypointMorph (CPU) and
KeypointMorph (GPU), this represent more than 20x and 300x speed-up, respec-

tively.

A.4 Qualitative Results

We present some qualitative results of KeypointMorph trained without supervi-
sion. Moving and fixed subjects were picked randomly from the test set. We
introduced random affine transformation with =180 degrees of rotation, +20% of
scaling, and £25 voxels of translation to the moving image. Fig. A.2 presents
the registration result of the moved brains in the third column. We overlayed the

aligned image (green) to the fixed/target brain (red).

Model CPU Time (s) GPU Time (s)
ANTs 66.95£1.56 -

DLIR 1.49+0.09 0.02+0.001
KeypointMorph 2.68+0.44 0.21+0.012

Table A.1: Average computation time across different models
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Moving Fixed Aligned Overlay

Figure A.2: Sample registration results obtained with KeypointMorph trained with
no supervision (KeypointMorph mse). Each row shows a different moving and fixed
image pair. Red is the fixed image and green is resampled (moved) image.

A.5 Quantitative of Results

This section provides more details on the quantitative results for Fig.2 from the
main paper. We randomly a picked a different fixed volume @ on the test set for
each moving subjects. We introduce random amount of misaligntment to «,,,. Each
of the 3 axes of x,, had 50% chance of being deformed with a given transformation
with at least one axis being perturbed. Since each subjects in the IXI dataset has
a corresponding T1, T2 and PD weighted MRI scan, we performed registration
across all combination of modalities (e.g. registering T1 to T1, T1 to T2 etc..).
All pairings and random transformations were kept the same across the registration

experiments.
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Dice Score

T | Model T1-T1 T2-T1 PD—-TI1 T1—T2 T2-T2 PD—T2 T1-PD T2—PD PD—PD
uniDLIR msel180 26.8414.84 - - 26.86+15.01 - - - 29.36+£17.01
uniDLIR mse35 51.33£7.95 - - - 53.88+7.2 - - - 53.57£6.35
uniDLIR dice180 38.64+14.65 - - - 28.59£12.62 - - - 35.24+13.98

% | uniDLIR dice35 52.57£7.81 - - - 53.41£9.33 - - - 54.14£8.03

5 multiDLIR dice180 21.68+11.06 21.78%11.42 22.04+11.46 21.32£10.6 21.88+11.48  21.99+11.37 | 21.22410.67 21.78+11.5 22.09£11.62

2 | multiDLIR dice35 49.8448.48 48.98+8.16 49.37+£8.41 49.27+8.33 49.42+8.21 49.41+£8.36 49.5+8.3 49.15%8.11 50.28+8.6
ANTs 48.07+26.14 44.32425.34 42.27425.0 43.48+25.23 45.06£25.59  42.69+25.04 | 40.56+25.01 43.514£24.89 44.66425.84

KeypointMorph mse 62.24+6.56 58.7545.98 58.846.59 58.62+6.07 60.79+6.28 59.38+5.88 58.83+6.01 59.37£5.68 61.79+6.21
KeypointMorph dice | 65.17+5.11 61.94+504 62.1+482 | 62.54+4.96 6296+53 61.61+483| 62.15+4.87 61.35+511 63.244+5.26

uniDLIR mse180 45.97+8.07 45.96+8.46 53.47£7.32
uniDLIR mse35 53.32+7.26 - - - 54.46+7.37 - - - 53.37+5.98
uniDLIR dice180 44.2349.13 - - - 39.09+7.48 - - - 42.91£7.74
o0 | uniDLIR_dice35 55.19+6.95 - - - 54.92+7.96 - - - 57.57£6.8
% multiDLIR dicel80 39.12+9.49 41.08+7.93 41.32+7.81 38.12+9.45 41.7448.43 41.748.1 37.96+£9.93 41.4848.85 42.02£8.81
% | multiDLIR_dice35 53.43£6.35 52.68+6.33 52.86+6.54 52.57+6.56 52.84+6.98 52.4946.71 52.69+6.37 52.38£6.76 53.32+6.74
ANTs 66.29+6.19 63.4+5.7 62.51+5.93 62.74+5.81 63.8446.33 62.4245.74 61.49+5.94 62.2845.7 64.29+6.48

KeypointMorph mse 63.0+6.79 59.23£6.02 59.746.65 59.35+6.13 61.7346.49 60.2746.01 59.66+6.28 60.1645.62 62.846.64
KeypointMorph dice | 66.51 +£5.24  63.25+4.86 63.35+46 | 63.33+498 6416535 62.7+4.55 63.37£50 62.77+481 64.85+542

uniDLIR msel180 45.8848.12 45.5748.25 - 53.14£7.73

uniDLIR mse35 52.847.84 - - - 54.43£7.56 - - - 53.32£6.33
~ | uniDLIR dicel80 45.05+8.84 - - - 38.59£7.28 - - - 43.09£8.07
-2 | uniDLIR dice35 55.26+6.97 - - - 54.7T7£7.97 - - - 57.65+6.69
= | multiDLIR dice180 37.52£9.69 38.78+8.52 39.25+8.35 36.32+9.57 39.149.18 39.348.79 36.18410.03 38.9249.5 39.749.38
g multiDLIR dice35 53.41£6.17 52.38+6.07 52.67£6.5 52.84+6.27 52.7846.58 52.646.68 52.88+6.49 52.33£6.62 53.33£6.93
= | ANTs 66.34+6.37 63.45+5.7 62.49+£5.9 62.79£5.81 63.9446.46 62.4445.73 61.5£5.97 62.3445.72 64.346.62

KeypointMorph mse 63.5+7.09 59.54:5.92 59.84+6.64 59.86+£6.02 62.3346.63 60.58+5.9 60.19£6.19 60.64£5.5 63.28+6.78
KeypointMorph dice | 66.99+541 63.55+4.82 63.75+464| 63.94+471 6479+562 63.34+455| 63.83+474 63.16+4.86 65424566

Table A.2: Mean performance of all method with their standard deviation. The
average Dice score is computed across test subject pairs, brain regions, and modal-
ities. The notation A — B refers to registering moving volumes of modality A to
fixed volumes of modality B. Bold numbers highlight the highest Dice score of a
task given a transformation shown in the first column T.

A.6 Keypoint Consistency

Keypoint consistency plays an important role for multimodal registration. In this
section, we show that KeypointMorph learns consistent keypoints across different
modalities in an unsupervised manner. In Fig. A.3, we plotted the mean absolute
error between the keypoints of each test subject across different modalities, as
a function of training iteration. We can observe that as the model trains, the
keypoints become more consistent across modalities. In other words, the keypoints
lie in almost the same location across modalities for a given subject, allowing

KeypointMorph to perform accurate multimodal registration.
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Figure A.3: Mean absolute error between keypoint locations of test subject across
different modalities. Each training iteration represent a model update after 32

training subject.

A.7 Keypoint Visualization

In this section, we provide an extended visualization of keypoints. In the figures

below, we investigated which regions KeypointMorph uses to register the volume

pairs. We picked 12 random subjects and showed 12 of the 64 learned keypoints in

each row. These keypoints were learned without supervision of any labeled regions.

We can observe that the final keypoints lie within similar region of the brain across

different subjects and scans.
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Figure A.4: Keypoints for different T1 scans
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Figure A.5: Keypoints for different T2 scans
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Figure A.6: Keypoints for different PD scans
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Figure A.7: Keypoints for different multimodal scans
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APPENDIX B
SUPPLEMENTARY MATERIAL FOR “AN AUTO-ENCODER
STRATEGY FOR ADAPTIVE IMAGE SEGMENTATION”

B.1 Close form solution of KL-Divergence with MRF prior

Let p(s) be a prior with spatial information:

= —exp [Zlogp s;) + Z Z log p(syls:) ] - (B.1)

i=0 yeN;

If approximate posterior is ¢(s|x) = Hz/:o q(si|x). Then the cross-entropy term
from the KL-divergence Dy (q(s|x)||p(s)) is given by:

c+210gp S; +ZZlogp Syl s ] (B.2)

|X) i=0 =0 yeN;

We are interested in the last term of the summation. By linearity of expectation,

we define the spatial consistency loss as:

Lopry = Z Z logp (sy]s:)

zOyENSq

:—ZZ E logp(sy|si)

S~V
i=0 yeN; qiq;

L—-1L-1

Do 20D wlix)ay(lx) logp(s, = lsi = 1) (B.3)

= yEM 1;=0 lj:O

1,=01;=0 yeN;

-y
:—Z qulux > ay(l1x) log plsy = L]s; = 1;)
:_Z Zqzl|x Zqul!X logp(sy = I|s:i = L)

14

0

Vv L—1L-1

=0

|4

=0 \ ;=0 =0yeN;

1
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B.1.1 Intuition behind MRF prior

The intuition behind p(s,|s;) is quite simple. For example, we know that certain
brain region cannot be next to each other or very unlikely be next to each other.
This can be captured using a lookup table. It is computed using the prior or single
labeled example. We count the occurrence of each label in a 3x3x3 neighborhood
around a given region of the brain. The result is displayed in in Fig. B.1 for the
Buckner atlas. For a given label in the row, the probability of seen a label in the

column is shown

BCK
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Figure B.1: Neighborhood probabilities from Buckner atlas. Given region in the
column, the log probability of seeing a label in the row is shown.
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