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Cerebral cortex segmentation from three-dimensional structural Magnetic Resonance (MR)
brain images plays an important role in measuring loss of cortical tissues for disorders such as
Alzheimer’s disease (AD). U-Net, a type of deep convolutional neural networks architecture,
is a widely-used approach for biomedical image segmentation in recent years.

In this thesis, I implemented 2D /3D U-Net on MR images from 20 patients with labeled
cerebral tissues and regions. A two-stage pipeline was designed for this task. In stage
one, U-Net aims to generate a mask of grey matter to filter out other tissues in brain MRI
images. In stage two, a similar U-Net architecture is used to label cerebral cortex sub-regions
from images which only contains grey matter. Both 2D U-Net and 3D U-Net do not work
for labeling gyri/sulci, and only achieve approximate 55% Dice overlap for labeling cortex
regions. In contrast, the cortical segmentation package in FreeSurfer achieves over 90% Dice
overlap for labeling gyri/sulci by using a graphical-based probabilistic estimation method
with prior information.

[ believe that the main reason of poor performance of 2D /3D U-Net is the loss of spacial
information of pixels/voxels by cutting original MR images into small parts. The U-Net
architecture does not seem to work well for handling high resolution 3D images with im-
balanced number of classes. For feature work, researchers could create hybrid methods to

combine deep neural networks with prior information to label cerebral cortical sub-regions.
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Chapter 1

INTRODUCTION

Image segmentation, which is an important task in clinical applications, is the first step
in most computer-aided image analysis systems. It can significantly influence results of the
whole system because other steps like 3D construction and disease prediction are based on
accurate segmentation results. For patients suffering from Alzheimer’s disease (AD) or mild
cognitive impairment (MCI), the accurate segmentation of cerebral cortex from brain images
can measure the loss of neurons to help make the decision which stage of disease they are
in. Further segmentation of lobes or other sub-cortex regions may help find the change
of areas corresponding to specific functions like vision and auditory. In recent years, deep
convolutional neural networks have been widely used for biomedical image segmentation of
various tasks for organs or tissues like liver [14], brain tumor [25] and vessel [49]. U-Net [66]
is a type of deep convolutional neural networks architecture. It contains an encoding part
for image analysis and a following decoding part to generate full-resolution segmentation for
two-dimensional input images. With this thesis work, I try to implement 2D U-Net and 3D

U-Net for labeling cerebral cortex sub-regions from brain MR images.

The brain is the most important and complex organ in human body. It takes responsibility
of control, learning, language, sensory, memory, etc. [28] The brain can be divided into four
main areas, cerebrum, cerebellum, brain stem and limbic system. The cerebrum, which is
the largest area in the brain, is made up of cerebral cortex and several sub-cortex structures
like basal ganglia and olfactory bulb. It is associated with high-level brain functions like
action and thought. The cerebellum is also known as little brain. It has two hemispheres
underneath cerebral hemispheres. The cerebellum takes responsibility of motor control and

language. The brain stem consists of midbrain, pons and medulla. It controls several basic



body functions like breathing, heart beat and blood pressure. The brain stem also connects
the rest of brain to the spinal cord so that the brain is able to send message to other organs
in the motor and sensory systems. The limbic system consists of thalamus, hypothalamus,

amygdala and hippocampus. It plays an important role in emotions and memory.

Among these parts, cerebral cortex is the most developed area in the human brain.
Cerebral cortex in a human adult contains over 20 billion neocortical neurons. [61] It is the
cerebral cortex that most strongly distinguishes mammals in the brain. Cerebral cortex is
the outer layer (surface) of the cerebrum. It consists of two almost symmetric hemisphere,
left cortex hemisphere and right cortex hemisphere. Corpus callosum beneath the cerebral
cortex connects hemispheres to enable them communicate with each other. Cerebral cortex
is greatly wrinkled and folded so that it can highly increase the surface area to contain more
neuron beneath the skull. The ridge in the cortex is called gyrus and the groove is called
sulci. Figure [1.1] shows that human cerebral cortex can be divided into four lobes based
on gross topographical conventions. They are frontal, parietal, temporal, and occipital in
one cortex hemisphere. These lobes play an important role in types of sensory information

processing.

The frontal lobe is positioned in the front of the brain and constitutes approximately two
thirds of the cerebral cortex. The frontal lobe is associated with motor control and language.
In recent advanced studies [I3], it is also considered to be relevant to cognitive process such
as executive function, attention, personality, self-awareness etc. The parietal lobe is located
behind the frontal lobe and central sulcus and above the occipital and temporal lobes. It
can integrate different types of sensory perception from most parts of the body. [20] The
somatosensory cortex in the parietal lobe is the major receptive area of the sense of touch.
[10] Also, impulses from the skin like pain and warmth are sent to the parietal lobe through
the thalamus. The temporal lobe is the second largest lobe in the cerebral cortex. [31] It
is located beneath the lateral fissure. Due to it close to the ear, the temporal lobe plays
an important role in processing auditory and speech signals. Besides, it is also associated

to visual perception, language and emotion. The occipital lobe is the smallest lobe. It is



positioned at back of the cortex. The occipital lobe is regarded as the vision center of the
brain [46]. It is responsible of processing visual signals and understanding the sense of vision
such as color, movement and spatial position.

Since the cerebral cortex plays a key role in various brain functions such as motor control,
sensory, language, attention and emotion, disorders of cerebral cortex could cause different
types of behavioral and cognitive problems. Alzheimer’s disease (AD) is the most common
cause of dementia by losing structure or function of neurons in the brain [6]. AD leads to
abnormal atrophy of neurons in cerebral cortex regions, comparing to normal reduction of
neurons of aging. The atrophy begins in the medial temporal lobe and then spreads into
other cerebral cortex areas. [I1I] There are a variety of symptoms of AD related to the
atrophy of cerebral cortex such as memory loss, confusion with time, problems with writing
and speaking, poor judgment, etc. [2]

According to Alzheimer’s Disease (AD) Fact Sheet from National Institute of Aging [2],
AD is estimated to be the third ranked cause of death for elderly people in the United States.
The US population suffering from AD became over 5 million in 2016. AD highly reduces
the quality of life of the elderly and increases the burden of medical resources. Although
researchers across the world made great efforts to study AD in past decades, the cause of AD
is still unclear now. [64] There is no significant prevention or medication for AD. If patients
could be diagnosed in the early stage of AD, treatments might help delay the process of AD
to keep the quality of life. [42] For example, mild cognitive impairment (MCI) which is a
pre-stage of AD, leads to cognitive changes that are not enough to influence on daily life.
[29] Patients, who are diagnosed as MCI, can receive treatments to delay the process of AD
and dementia. Also, changes of brain areas could be used to do research on functions of
corresponding brain regions.

Medical imaging can be an appropriate technique to see the change of brain area for AD
research. Medical imaging refers to visualize internal structures of human body with radiol-
ogy technologies like magnetic resonance (MR) imaging, ultrasound, X-ray computed tomog-

raphy (CT) and elastography. This visualization technique can be used for research, clinical



Figure 1.1: Four lobes of the cerebral cortex. [1]

use, medical education and diagnosis. Among various types of imaging modalities, CT and
MR are two of them suitable for 3D brain structural imaging. CT uses computer-processed
combinations of many X-ray to reconstruct each slice of a 3D image. It is radioactive and
good for detecting bones and tumors in the head. While MR is non-radioactive and good
for detecting soft tissues such as cortex, nerves and blood vessels.

In recent decades, MR imaging has been widely used for brain imaging in researches
because of its high resolution and excellent soft-tissue delineation. MR is able to produce an
image of a great range of intensity contrast for grey matter (nerve cell bodies), white matter
(fibers) and other soft tissues in human brain. Traditionally, MR images analysis requests
extracting information by hand from raw images such as Region of Interests (ROIs) labeling
and organ segmentation [22]. Segmentation is used to measure volume, locate boundaries
and classify tissues in the image. Radiologists and researchers have to spend much time on
these tasks before further experiments. Computer-aided image analysis systems combined
with MRI are designed to reduce the burden of manual labeling and has been a hot topic in
biomedical image analysis [23].

In this thesis, I will try to implement deep convolutional neural network architectures to

label cerebral cortex sub-regions from brain MR images.



Chapter 2
RELATED WORKS

Semantic segmentation in computer vision is a task of giving each pixel a meaningful
label, such as assigning each pixel a label of white matter or grey matter in brain MR image
segmentation. Compared to most two-dimensional natural images of three color channels,
medical images are of high resolution, three-dimension and with only one channel of signals
due to the methods of most medical imaging techniques like Magnetic Resonance Imaging
and X-Ray Computed Tomography.

In this Chapter, I will briefly introduce four types of biomedical image segmentation
approaches in the first section. Then I will describe several tasks and algorithms in brain
segmentation. Last but not least, machine learning related segmentation methods will be
introduced. I will also go into details for deep learning based methods which are the state-

of-the-art architecture.
2.1 Biomedical Image Segmentation Methods

There are different ways to divide biomedical image segmentation methods into sub-groups. I
classified recent segmentation approaches into four sub-types [50] [67]: manual segmentation,
statistical models, deformable models and multi-atlas segmentation. Deep learning related
approaches are not included in this part. I will go into detail of them in the last section of

this Chapter.

2.1.1 Manual Segmentation

Before the emergence of robust automatic image segmentation algorithms, medical images

are manually delineated by experts. They have to segment out regions of interests (ROIs)



from 2D slices with a user-guided interactive tool like ITK-Snap [21]. It might take an trained
expert ten or more minutes to delineate organs or tissue from one 2D slice. More than 3 hours
would be spent on a stack of 2D slices to finish the segmentation for one entire 3D medical
image. [40] Image segmentation by hand requires a long time for processing and a number of
trained experts. Furthermore, segmentation results vary from expert to expert in most cases
and the quality of segmentation highly relies on both experience and performance of experts.
With the prevalence of medical imaging, it becomes impossible to do manual segmentation
for each medical image. These are reasons why semi-automatic and automatic methods are
necessary to reduce the workload of medical image experts. Although manual labeling will
be replaced with semi-automatic/automatic computer-aid segmentation tools in the future,

it is still the gold standard for clinical diagnosis and research use.

2.1.2 Statistical Models

Statistical models learn anatomical variance by extracting prior shape or texture information
from training data set (labeled images). This kind of prior information can not only improve
segmentation accuracy but also reduce time complexity by constraining the search space.
[24] Statistical models can be used to model the shape or the texture of training images.
For modeling shape, images are all registered to a template image and then SM extracting
the mean and variance of shape from training images. [16] Compared to modeling shape,
modeling appearance takes texture into consideration besides image shape. Several extended
statistical models may consider more information from the training data like context and
local computer vision features.[17]

The key algorithm in statistical models is Expectation Maximization (EM) algorithm [57],
which is an optimization methods for objective functions in pattern recognition. Image is set
as a Gaussian mixture model. Pixels or key points in the image are consider as a multivariate
Gaussian distribution. Intensity of each pixel is the observation value of the model. EM
algorithm then uses Maximum Likelihood Estimates (MLE) to compute parameters of the

Gaussian mixture model from observations. There are two basic steps in EM, the expectation



step, followed by the maximization step. In the expectation step, the posterior probability
(estimation) of latent variables is calculated based on previous model parameters. In the
maximization step, new model parameters are estimated with newly-computed probability

of latent variables. These two successive steps iterate until convergence. [57]

2.1.83 Deformable Models

Deformable models (DM) in computer graphics are physical-based animation for domain-
specific geometry in the image like curves or surfaces. [73] Captured geometry information
is capable of representing shape, boundaries, etc and constraining the change of shape over
space. And then the optimal algorithm is implemented on to-be-segmented images to get final
segmentation. [55] Generally, DM methods convert the segmentation problem to delineate

the object from an image like hippocampus from brain MR images.

The ”"snake” is a classic DM proposed by Kass et al. [39]. This semi-automatic approach
starts with a given suitable initial contour. Then an objective energy function is minimized
to get final contour of the object. The objective energy function consists of two relative
terms, external force and internal force, to make the algorithm deformable over the object
boundary. External force considers curve features of the model and local region relationship.
Internal force focuses on smoothness and continuity of the boundary. In recent years, more
and more DM models emerged for biomedical image segmentation. Based on the classic
"snake” approach, researchers made some modifications for objective energy function or
increase more prior information for DM methods. Shen et al. [69] implemented a shape
deformable model to measure the size and shape of hippocampus. It captures prior retrieved
landmarks information from atlases images. Wang et al. [75] combined the statistical model
with DM to find boundary of the object as well as the correspondence of a subset of boundary

points.



2.1.4 Multi-atlas Segmentation

Instead of developing model-based parametric algorithms for image segmentation, researchers
have proposed atlas-based segmentation approaches based on image registration since the
begin of this century. Rohlfing et al. [65] implemented a non-rigid registration to segment
bee brain from confocal microscopy 3D images. Klein et al. constructed multi-atlases for
brain image to automatically assign labels to cortical regions in human brain images. Multi-
atlas segmentation (MAS), became popular for biomedical image segmentation because of

its flexibility of capturing anatomical variance from training atlases.

Basically, there are four main steps for MAS: atlases construction, registration, atlas
selection and label fusion. [37] Registration and label fusion are two key steps. MAS can
be considered as an supervised learning method in machine learning. Atlases are labeled
images which can be regarded as training data. These images are usually labeled experts
by hand with a user-guided interactive visualization tool. Target images (unlabeled) are
known as to-be-segmented novel images. They are used as validation data or test data to
be predicted for segmentation results. For atlases construction, each atlas is treated equally
to generate atlases in most methods. Yet, to build up robust atlases for MAS, we need
to select high quality images from all manually-labeled images by using feature selection
methods [63]. Also, selected atlases should cover adequate anatomical variance to improve
the generalization of MAS. For registration, each atlas image is registered to the target image
to compute the transformation map from an atlas to the target image. Since each atlas image
is given label (ground truth), the label will be then mapped to the target image based on the
transformation map to generate a segmentation of the target image. After doing previous
process on each atlas, we will generate N labeled target images (label candidates), where N
is the number of images in atlases. Many types of registration algorithm were developed like
non-rigid deformable models by ANTS [7] and pixel-to-pixel dense alignment methods by
SIFT-Flow [76]. Registration not only makes an important influence of segmentation results,

but also becomes a bottleneck of running time because registration should be done N times



for one target image.

For atlas selection, only a subset of atlas will be chosen for label fusion to compute final
segmentation. And some selection methods also assign each candidate a weight value to rank
all label candidates. One reason for selecting atlas is that some bad candidates may misguide
the next step. The other reason is to reduce running time and memory requirements of label
fusion since complexity of most label fusion algorithm are more than linear. For label fusion,
it aims to generate one label from selected atlas labels. Majority voting ,which is the naive
method, assigns each pixel the most frequent label from atlas labels at that position. Other
label fusion algorithms take use of image intensity, pair-wise similarity of labels, correlation

structure, etc.
2.2 Human Cerebral Cortical Labeling by FreeSurfer

FreeSurfer [4] is a widely-used free software for analyzing structural and functional neu-
roimaging data. It provides various packages for MR brain image processing and analysis
such as image Registration, cortical surface reconstruction, cortical segmentation, etc. For
cortical segmentation, the definition of cortical sub-regions is based on Desikan-Killiany (DK)
labeling protocol [2I]. DK protocol was proposed for labeling human cortex regions into 34
sub-regions per hemisphere. Dr. Rahul S. Desikan manually labeled the sub-regions of cor-
tex from 40 3D brain structural MR scans. He used a delineation method called ’sulcal’
of tracing the boundary from the depth of one sulcus to another. This work was done in
Department of Anatomy and Neurobiology, Boston University School of Medicine in 2006.
Then these labeled scans were used to build atlases to label other new scans.

The DesikanKillianyTourville (DKT) protocol [45] is an extended version of DK labeling
protocol. Compared to the original DK protocol, DK'T protocol system is constructed from
a big data set which is built upon 101 brain MR images and did several modifications to
make the protocol easy to use. Three regions are removed from the original DK protocol, i.e.
frontal and temporal poles and the banks of the superior temporal sulcus. Two poles region

are eliminated because their regions are not continuous along gyri and sulci. The banks of
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the superior temporal sulcus is eliminated because of unclear definition of its anterior and
posterior. So DKT atlas is made up of 31 regions per hemisphere instead of 34 regions per
hemisphere in DK protocol.

For the basic procedure of cortical segmentation, FreeSurfer implements a two-stage ap-
proach based on statistical models for labeling cortical regions in a structural MR brain
image [27]. The first step is to construct atlas. Instead of registering each image to a se-
lected manually-labeled image, FreeSurfer computes an affine registration for mapping each
image to MNI305 atlas [I5]. The MNI305 building method is coordinate system for brain
linear mapping. It takes use of anatomical landmarks to generate a average MRI volume
from all training images and then map each image to this average volume. The MNI305 atlas
contains common anatomical information across all brain images to reduce the bias. Then
a deformable model [68] is used to remove the skull. After that, three types of probabilities
are computed at each point of image (pixel for 2D image, voxel for 3D image). The first
prior information the probability distribution of label classes at each point. The second one
contains the neighbor information which is the probability of the label class of one point
given the label of its neighbors. The third one is the probability distribution function of
value of each point. The second step of FreeSurfer’s approach is for parcellation of cerebral
cortex sub-regions. A first order anisotropic non-stationary Markov random field (MRF) is
used to model parcellation units based on three types of prior information in training images.

[27]
2.3 Deep Learning Methods for Semantic Image Segmentation

Machine learning is a key technique in Artificial Intelligence (AI). It has been widely-used
in various research fields and industrial areas such as natural language processing, computer
vision, computational biology, optical character recognition and self-driving systems. [51]
The main concept of machine learning is to learn a robust statistical model from a large
amount of data with some powerful algorithms and make predictions on other similar data.

Machine learning tasks can be generally classified into two categories based on algorithms, i.e.
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supervised learning and unsupervised learning. In supervised learning, input training data is
given desired output (a.k.a. ground truth) to train a model to learn the transform map from
input to output. Classification and regression are two examples of supervised learning tasks.
The output of classification is discrete, while that of regression is continuous. In unsupervised
learning, there is no desired output given for input training data. Unsupervised algorithms
are asked to find hidden structures or features from unlabelled data by itself. Cluster, which
is a classic task of unsupervised learning, aims to divide unlabelled input data into different
groups.

Semantic image segmentation is a popular sub-domain in computer vision, especially for
biomedical image segmentation. It involves assigning a class label for each pixel for a two-
dimensional image or voxel for a three-dimensional image. In some traditional supervised
machine learning methods for semantic segmentation, pixels in the image are treated as in-
stances for classification. They are represented and described by computer vision features like
Scale-invariant feature transform (SIFT) [53], Histograms of Oriented Gradient (HOG) [19],
Local Binary Patterns (LBP) [59], etc. Features are then input into a classification model
like Support Vector Machine (SVM) and Logistic Regression. The accuracy of segmentation
highly depends on the quality of features and feature selection methods. In unsupervised
learning methods like graphical models, each pixel or a group of pixels is usually encoded
as a node with several features and all of them are connected in some ways to construct
a graphical model such as Hidden Markov Models (HMM) [78] and Conditional Random
Fields (CRF) [48]. Class label is set as a latent state for each node. Then an energy func-
tion is defined for optimization. For training, statistical inference methods like Loopy Belief
Propagation [58] are used to optimize the energy function. Thousands or more of iteration
is computed until converge during inference to assign a label for each pixel.

Hinton et al. [35] proposed a powerful fast and greedy algorithm called Back Propagation
for neural networks training in 2006. Back Propagation makes it possible to train deep neural
networks in acceptable complexity of computing. In the recent decade, deep neural networks

have been rapidly used in various application fields of machine learning. There are two
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robust sub-types of deep neural networks designed for different tasks, i.e. Recurrent Neural
Networks (RNN) and Convolutional Neural Networks (CNN). RNN is a dynamic network to
train a model for sequential data like voice signal, video and gene sequence. CNN involves
convolutional kernels to extract local feature from input data and it is popular in computer
vision, signal processing, etc. RNN and CNN surpassed several traditional classic methods
and made big progress in a huge number of domains. [51]

In computer vision, CNNs have been proven to be one of the best techniques for image
segmentation, classification, etc. Fully convolutional networks (FCN) [52] is a supervised
learning architecture designed for image semantic segmentation. Instead of assigning each
pixel of the image a class to get a pixel-wise dense classification, FCN takes the whole image
at a time as input to do end-to-end segmentation of natural images. For example, FCN would
output an segmentation image map of 256 x 256 x NV (N is the number of classes) if the output
image size is 256 x 256. It usually consists of two main parts, encoding and decoding. The
encoder, followed by the decoder, is a pretrained standard classification network like VGG-
16 [70]. The decoder can be one or more deconvolutional layers or up-sampling layers to
semantically convert features in the bottleneck layer onto the pixel space.

Nowadays, there are lots of papers published based on FCN. Ronneberger et al.[66] pro-
posed a novel framework of convolutional neural networks, which is called U-Net, for biomed-
ical image segmentation. The cropping step in U-Net concatenates feature maps of the en-
coding part to feature maps of decoding part. It can increase the resolution of segmentation
results by adding more information of original images to the decoding part. Vijay et al.[§]
added to the decoder with the pooling indices computed in the max-pooling step of the cor-
responding encoder. These added indices, then, combined with the sparse up-sample maps
to be convolved with convolutional kernels to generate dense feature maps. Jegou et al.[3§]
extended DenseNets to deal with semantic segmentation. Dense blocks perform iterative
concatenation of feature maps for fully convolutional network. This architecture performs
well on urban scene benchmark data sets such as CamVidand Gatech. Chaurasia et al.[12]

proposed a novel neural network architecture to make efficient use of computing resource for
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semantic segmentation. It is well-performed on data sets with large-scale computation.

Among these extended architectures of FCN, U-Net has been proven to be one of the
best frameworks for biomedical image segmentation. [66] It won the Grand Challenge for
Computer-Automated Detection of Caries in Bitewing Radiography at ISBI (the IEEE In-
ternational Symposium on Biomedical Imaging) 2015 and the Cell Tracking Challenge at
ISBI 2015 on the two most challenging transmitted light microscopy categories by a large
margin.

In this paper, I will implement 2D/3D U-Net for semantic image segmentation. Figure
[3.1]shows an example of 2D U-Net. As a extended framework of FCN, U-Net takes in a whole
image as input and generate a probability-based segmentation map. The depth of U-Net is
how many up-sampling/down-sampling layers in the U-Net. In this example, the depth is
four. A block is defined as several layers starting from a up-sampling/down-sampling layer to
next up-sampling/down-sampling layer. A block consists of several successive convolutional
layers followed by a up-sampling/down-sampling layer. The number of convolutional layers
in one block is usually set as 2.

Basically, U-Net can be split into two parts, encoding (the left part) and decoding (the
right part). In the left part, there are four neural network blocks and each of them contains
two convolutional layers and a pooling layer. Two repeated convolutional layers use 3 X 3
kernel, zero padding and a rectified linear unit (ReLU) activation function. The pooling
layer is a 2 x 2 max pooling layer which calculates the max value of a local 2 x 2 region
for down-sampling. The right part which is symmetric to the left part consists four neural
network blocks as well. Each block in the decoding part, except the final block, starts with
a up-pooling layer and followed by two repeated convolutional layers. The up-pooling layer
is a up-sampling layer to double previous feature map channels. Two convolutional layers,
sometimes known as ”up-convolution”, in the right part are the same as the convolutional
layers in the left part. The last block uses an extra softmax layer to get the categorical
distribution of all possible classes. The copy part between two sides is to copy feature maps

from left side to right so that it can compensate the loss of information of the encoding part



14

in order to output segmentation of high resolution.
Besides the general description of U-Net in this Chapter, I will describe specific U-Net

architectures used in this thesis in Chapter 3 .
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Figure 3.1: 2D U-Net Model Architecture Example

3.1 Basic Layers of U-Net

Figure 3.1 shows an example of 2D U-Net architecture. The input of the deep neural network
is a batch of two dimensional images and the output is a segmentation map of the input. The
dimension of segmentation map is three because the last layer is a softmax layer to give each
a pixel a categorical distribution of all possible classes. To get the final segmentation results,
I can calculate max values on the softmax axis. There are various layers in U-Net, such as

convolutional layers, max pooling layers, up-sampling layers and concatenation(copy) layers

3.
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Convolutional layer is the key feature in CNNs. Compared with fully-connect layer,
it uses Parameter Sharing scheme to dramatically reduce the number of parameters in a
deep neural network. For example, I assume that dimension of the input feature map is
50 x 50 x 3 and dimension of the output feature map is 50 x 50 x 10. A fully-connected layer
uses (50 x 50 x 3) x (50 x 50 x 10) = 187.5M weights except weights of bias. Otherwise,
a convolutional layer with a 3 x 3 kernel is able to take only 3 x 3 x 3 x 10 = 270 weights
(excluding bias) to deal with the problem. The reason why the fully-connected layer uses so
many parameters is that each neuron (pixel/voxel in computer vision) in the output feature
map connects each neuron in the input feature map. The fully-connected layers always
assigns an independent weight vectors for each neuron. While the convolutional layer makes
an assumption that one local computing method for feature computing can be used on all
pixels/voxels in the same feature map. Each neuron of the same channel in the output
feature map shares the same weights in one kernel.

There are 4 main hyper-parameters of a convolutional layer, i.e. kernel size, depth, stride
and padding. Kernel size is the size of convolutional window which determines how big the
local region is considered to compute features. For two dimensional convolution, kernel size
of 3 x 3,5 x5 or7x7is widely-used in most cases. Depth is also called as the number of
convolutional kernels in the convolutional layer. It corresponds to the number of channels of
the output feature map. Stride specifies the stride length of the convolution. A stride of 2
means that the convolutional kernel jumps 1 pixel/voxel in the specific axis when computing
features. And it makes the output feature map half size of the input feature map. In most
cases, a stride of 1 is used for a convolutional layer, which helps keep the same feature map
size for input and output. Padding is designed for handling border pixels/voxels of the input
map. In the original U-Net, authors uses no-padding for each convolutional layers. It makes
the size of output feature map a little smaller (N — k — 1) than that of the input, where N

is the input size of one axis of a channel and k is the kernel size.

Max pooling layer is a kind of pooling layer. The pooling layer aims to down-sample

the feature map so that it can help the CNN architecture reduce numbers of parameters in
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following layers. It is usually inserted after several successive convolutional layers. These
convolutional layers and one following pooling layer is usually called as a block in CNNs.
There are different kinds of pooling operations such as average pooling and max pooling.
Max pooling with a window size of 2 x 2 is popular in two dimensional CNNs. It keeps
one largest value in the local 2 x 2 region and filters out rest 3 small ones. For example, we
assume that the dimension of input feature map of a 2 x 2 max pooling layer is 256 x 256 x 10.
The dimension of output feature map would be 128 x 28 x 10. The max pooling layer makes
the feature map half size small in each channel than that of the input and it also keeps the
depth (number of channels) of the feature map.

The up-sampling layer is a unique part in U-Net and other fully convolutional neural
networks. The function of up-sampling layer is to map the feature into a high dimension. In
the right side of U-Net, it is designed to reconstruct the dimension of the input image step
by step to get the same scale segmentation results. Technically, the function of up-sampling
layer is similar to rescaling/upsampling an image in image processing. It is usually made
up of re-sampling and interpolation. And the concept of window size of up-sampling is the
same as that of max-pooling. For example, we assume the dimension of input feature map
of a 2 x 2 up-sampling layer is 128 x 128 x 10. The dimension output feature map would
be 256 x 56 x 10. The max pooling layer makes the feature map big in each channel and it
keeps the depth (number of channels) as well.

The concatenation layer is a type of merging layers to concatenate two or more input
feature maps of the same dimension. In the U-Net, I use the concatenation layer to merge
layers from the left side into layers of the right side. The dimension of right feature map
is the same as the left after same numbers of pooling layers and up-sampling layers with a
2 x 2 local region. This operation aims to add more source information to the right side in
order to get high resolution segmentation in the last layer. For example, we assume that we
need concatenate two feature maps, the 128 x 28 x 10 feature map from left side and the
128 x 28 x 20 feature map from the right side. I would get a concatenated feature map of

128 x 28 x 30.
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3.2 2D U-Net

Table 3.1: 2D U-Net Parameters

Convolutional Layer Parameters

1% layer in Encoding Block 1 (3x3x1+1)x32=2320

2" Jayer in Encoding Block 1 (3x3x32+1)x32=9248

1% layer in Encoding Block 2 (3x3x32+1)x64~ 18K
274 Jayer in Encoding Block 2 (3x3x64+1)x64~37TK

1% layer in Encoding Block 3 (3x3x64+1)x128~T74K
2" Jayer in Encoding Block 3 (3x3x128+1) x 128 ~ 148K
1% layer in Encoding Block 4 (3 x3x128+1) x 256 ~ 295K
274 Jayer in Encoding Block 4 (3 x 3 x 256 + 1) x 256 ~ 590K
1% layer in Encoding-Decoding Block (3 x 3 x 256 + 1) x 512 ~ 1.2M
274 Jayer in Encoding-Decoding Block (3 x 3 x 512+ 1) x 512 ~ 2.4M
1% layer in Decoding Block 1 (3x3x512+1) x 256 =~ 1.2M
2" Jayer in Decoding Block 1 (3 x 3 x256+1) x 256 ~ 590K
1% layer in Decoding Block 2 (3 x3x256+1)x 128~ 295K
2™ layer in Decoding Block 2 (3x3x128+1) x 128 ~ 148K
1% layer in Decoding Block 3 (3x3x128+1) x 64 ~ 74K
2" Jayer in Decoding Block 3 (3x3x64+1)x64~37TK

1% layer in Encoding Block 4 (3x3x64+1)x32~ 18K
2" Jayer in Encoding Block 4 (3x3x3241) x 32=09248
SoftMax layer in Encoding Block 4 (Ix1x32+1)x3=99

Total Parameters 6.9M

I modify the auto-encoder structure segmentation network from U-Net (Figure 3.1]) for

brain lobes segmentation. The whole tasks are split into 2 stages. In stage one, I train
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a U-Net to get a mask for filtering out brain tissues which I am not interested in such as
white matter and some grey matter. In stage two, a similar U-Net architecture is trained to
assign each pixel/voxel one specific brain lobe label. In stage 1, the size of input is modified
to 256 x 256 and output size is modified to 256 x 256 x 3 to fit our data set. There are
totally 18 convolutional layers in the U-Net including the softmax layer. For the decoding
part in the U-Net, I use up-sampling layers instead of transpose convolutional layers. It can
not only decrease the number of parameters, but also make the output segmentation much
smoother. And for the convolutional kernel, I use samepadding to keep the same the size of
feature map of each block. It can also help decrease the loss of border information in each
convolutional step. For stage 2, the only difference from that of stage 1 is the number of
channels of last softmax layer, which is used to match the number of classes. I modify the
number of channels as 11 in the softmax layer.

Compared to fully connected neural networks, one of the key advance of CNN is using
convolutional kernels to share weights and reduce number of parameters. CNN network with
small number of parameters can be trained easily and request few computing resources like
memory. Table shows the number of parameters of each convolutional layer in Figure

.1 It can be computed by the following equation.
P,=(dxdXcipn+b) X o (3.1)

where P, is the number of parameters of the n* convolutional layer, d is the size of con-
volutional kernel, ¢;, is the number of channels of input feature map, ¢, is the number of
channels of output feature map and b is the number of bias of each convolutional layer.

Take the second layer in Encoding Block 1 for example. The dimension of input feature
map is 128 x 128 x 32 where the number of input channels ¢;, is 32. The dimension of output
feature map is 128 x 128 x 64 where the number of output channels c,,; is 64. The size of
kernel d is 3 x 3. For bias, there are two options, no bias or one bias value. I used b = 1 here.
Base on Equation the number of parameters of the second layer in Encoding Block 2
can be calculated as (3 x 3 x 32+ 1) x 64 ~ 18K.
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Figure 3.2: The Original 3D MR Image of OASIS-TRT-20-1[45]. (a) Horizontal plane. (b)
Coronal plane. (c) Sagittal plane.

3.3 3D U-Net

I try to use 3D U-Net to take into consideration 3D spatial information and context for
cortex segmentation. I also use the same two-stage U-Nets to segment brain lobes from MR
images in 3D U-Net. Original 3D images are divided into small patches like 64 x 64 x 64
patches for model input. Experiment procedure will be discussed in detail in the following
implementation part. 3D U-Net architecture in Figure is similar to the 2D one. It

expands the 2D U-Net architecture into a 3D version.

Figure illustrates the architecture of 3D U-Net and Table shows number of pa-
rameters of 3D U-Net layer by layer. Instead of designing four blocks for both encoding and
decoding part, I reduce the number of blocks of both size to three because it can decrease
memory requirement to train a 3D U-Net. In implementation, 3D patches of 64 x 64 x 64
with batch size of 16 requires over 90% memory on a NVIDIA GPU Tesla K80 (memory:
11G). If the deep neural network became deeper, I would have to reduce the batch size to
keep the use of memory lower than 11G. While a batch size less than 8 would be too small
to run a batch gradient descend during training. For layers in 3D U-Net, they are expanded

from 2D to 3D such as 3 x 3 x 3 convolutional kernels and 2 x 2 x 2 max-pooling kernels.
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Figure 3.3: 3D U-Net Model Architecture Example
3.4 Loss Function and Evaluation Metric
In the implementation, the loss function is formed by weighted Dice Coefficient.
1
2|A; N B;
Loss =1 — E W@M, (3.2)
— A +[Bi

which shows that [ is the number of labels for the image. W; is the weight of the i*" label. It
is created to deal with imbalance numbers of pixel labels. A; is a 2D matrix of the i** label
prediction. B; is a 2D matrix of the i** label ground truth.

For evaluation, Dice Coefficient is used to evaluate the overlap between ground truth and
semantic segmentation from the deep neural network.

2/A; N By
| A +|Bs|

where A; is a 2D matrix of the i** label prediction. B; is a 2D matrix of the i** label ground

Dice Coef ficient = (3.3)

truth.
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Table 3.2: 3D U-Net Parameters

Convolutional Layer

Parameters

1%t layer in Encoding Block 1

3x3x3x1+4+1)x32=2896

274 Jayer in Decoding Block 2
1% layer in Encoding Block 3
274 layer in Encoding Block 3

3x3x3x64+1)x64~ 111K
I3x3x3x64+1)x32~55K
3Xx3x3%x32+1)x32~28K

(
274 layer in Encoding Block 1 (B3x3x3x3241)x32~ 18K
1% layer in Encoding Block 2 (B3x3x3x32+1)x64~55K
2" layer in Encoding Block 2 (B3x3x3x64+1)x64~111K
1% layer in Encoding Block 3 (3x3x3x64+1)x 128 = 221K
2" layer in Encoding Block 3 (3x3x3x128+1) x 128 ~ 442K
1% layer in Encoding-Decoding Block (3 X 3 X 3 X 128 + 1) x 256 &~ 835K
2" Jayer in Encoding-Decoding Block (3 x 3 x 3 x 256 + 1) x 256 ~ 1.8 M
1% layer in Decoding Block 1 (3x3x3x256+1)x 128 ~ 885K
2" layer in Decoding Block 1 (3x3x3x128+1) x 128 = 442K
1#* layer in Decoding Block 2 (3x3x3x128+41) x 64~ 221K

(

(

(

(

SoftMax layer in Encoding Block 3

Ix1x1x32+1)x3=099

Total Parameters

5.2M
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Chapter 4
U-NET IMPLEMENTATION

4.1 Data

Mindboggle-101 [45] is a free manually-labeled data set of MR images from 101 healthy
subjects. About 20 papers related to Mindboggle-101 were published in recent years for
brain visualization [41], brain shape analysis [9], etc. It aims to provide a large number
of ground truth images of morphometric variation for clinical comparison and development
of novel automatic registration/segmentation approaches. The DKT protocol is used to
label cortical regions in Mindboggle-101 data set. For the experiment, training a model and
tuning model parameters on entire 101 3D images require using GPUs for a long time. Due
to limited computing resources, I randomly selected a subset called OASIS-TRT-20 from
Mindboggle-101. It contains 20 T'1-weighted brain MR images from healthy subjects. The
age of 20 subjects ranges from 19 to 34 with mean of 23.4 and standard deviation of 3.9.
MR images of young subjects might be limited for Alzheimers disease. Eight of them are
men and the rest twelve are women. These three dimensional images are pre-processed and
manually labeled according to the Desikan-Killiany-Tourville (DKT) protocol [21].

Figure [3.2| shows the pre-processed image of the first 3D MR image in OASIS-TRT-20
from three planes. Image intensity is normalized and skull is removed by FreeSurfer. There
are 256, 256 and 160 slices for horizontal plane, coronal plane and sagittal plane, respectively.
Table shows labels of DKT protocol. There are totally 35 cortical labels per hemisphere
for the original DK'T protocol. Label number starts with 1 is for the left brain and 2 for
the right brain. For example, label number ”1006” is the left entorhinal and ”2006” is the
right entorhinal. Four labels have been already removed from the OASIS-TRT-20 data set,
bankstss (1001, 2001), corpus callosum (1004, 2004), frontal pole (1032, 2032), and temporal
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pole (1033, 2033) because they spanned the superior temporal sulcus fundus and the anterior
boundary was ambiguous. In this paper, I do not label all 31 parts per hemisphere because
it is hard problem to deal with by a volumn-based segmentation method like U-Net. Instead,
I would like to figure out several main parts of grey matter. In table thirty labels are

grouped into 6 main parts and one label (insula) is removed according to the DKT protocol

paper [21].

Table 4.1: Label Names of DK'T protocol

Main Part of grey Matter Label Name Label Number
Entorhinal 1006, 2006
Temporal Lobe (medial aspect) Parahippocampal 1016, 2016
Fusiform 1007, 2007
Superior Temporal 1030, 2030
Temporal Lobe (lateral aspect) Middle Temporal HO15, 2015
Inferior Temporal 1009, 2009
Transverse Temporal 1034, 2034
Superior Frontal 1028, 2028
Lateral Orbitofrontal 1012, 2012
Medial Orbitofrontal 1014, 2014
Precentral 1024, 2024
Paracentral 1017, 2017
Frontal Lobe
Caudal Middle Frontal 1003, 2003
Pars Opercularis 1018, 2018
Pars Orbitalis 1019, 2019
Pars Triangularis 1020, 2020
Rostral Middle Frontal 1027, 2027
Postcentral 1022, 2022
Supramarginal 1031, 2031

Parietal Lobe



Superior Parietal 1029, 2029
Inferior Parietal 1008, 2008
Precuneus 1025, 2025
Lingual 1013, 2013
Pericalcarine 1021, 2021
Occipital Lobe

Cuneus 1005, 2005
Lateral Occipital 1011, 2011
Isthmus Cingulate 1010, 2010
Posterior Cingulate 1023, 2023

Cingulate Cortex
Rostral Anterior Cingulate 1026, 2026
Caudal Anterior Cingulate 1002, 2002
Bankstss 1001, 2001
Corpus Callosum 1004, 2004
REMOVED Frontal Pole 1032, 2032
Temporal Pole 1033, 2033
Insula 1035, 2035

25

4.2 Two-stage 2D /3D U-Net

For both 2D U-Net and 3D U-Net, I implemented two U-Nets to handle the entire problem
of labeling sub-regions of cerebral cortex. I call it a two-stage system. In stage one, it aims
to remove white matter and other grey matter parts which are not included in 5 grey matter
main parts. Stage one U-Net is a 3-class pixel /voxel classifier to generate a mask to segment
6 grey matter main parts from background and other tissues. In stage two, I designed a
similar U-Net to set different labels for 6 grey matter main parts per hemisphere. The only
difference of U-Net architecture in two stages is the depth of the last 1 x 1 convolutional

layer which determines the number of classes for model output. In stage one, there are 3
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classes. And there are 11 classes in stage two.
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Figure 4.1: Histogram of labels in the training set

4.3 Prepare Data

For 2D U-Net, the first 18 subjects are used for training, the 19 subject for validation and
the last one for test. All 3D MR images were sampled on the horizontal plane to generate 2D
slices. I did not include those 2D slices that contain only the background without any grey
matter and white matter. The original size of 2D slice is 160 x 256. To make same the width
and length of input images, I re-scaled 2D images to 256 x 256 with nearest interpolation.
I also do normalization for input images. I calculated mean (1222) and standard deviation
(323) of pixel values of grey matter and white matter in the training set. All pixel values
of grey matter were subtracted by mean and then divided by standard deviation. And the
pixel values of the background were set to 0.

For 3D U-Net, similar to that in 2D U-Net, first 18 subjects are used to generate training

set, the 19" subject for validation and the last one for test. The engineer-level challenge
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is that an entire 256 x 256 x 160 3D image is too big for U-Net input because it will cost
too much memory and time to train a CNN model. In this case, I cut the 3D images into
several 64 x 64 x 64 patches in both Stage 1 and Stage 2. I designed a pre-processing pipeline
for generate patches for each training, validation and testing. First, I removed the border
of 3D images on each plane. Second, these images were re-scaled to 256 x 256 x 256 with
interpolation. Third, each 256 x 256 x 256 patch was cut into 64 64 x 64 x 64 patches as
input for 3D U-Net. Consequently, there are 1152 3D patches (64 x 64 x 64) for training set,

64 3D patches for validation set and 64 patches for testing set.

2D U-Net Stage 1 2D U-Net Stage 2 3D U-Net Stage 1 3D U-Net Stage 2

Optimizer Adam Adam Adam Adam
Learning Rate le-4 le-5 le-4 le-5
Mini Batch Size 32 32 16 16
Time per Batch 0.6 s 0.6 s 8s 8s
Time per Epoch 0.5 min 0.5 min 9.6 min 9.6 min
Epoch 30 30 10 20

Table 4.2: Training Parameters of 2D/3D U-Net

4.4 Training

For stage 1 of 2D U-Net and 3D U-Net, I used weighted Dice coefficient as loss function with
the weight of 0.1, 0.6 and 0.3 for background, grey matter main parts per hemisphere and
other brain tissue, respectively. The weighted loss function is used to compensate imbalanced
number of samples from different classes. For 2D U-Net, since I removed 2D slices which
contain only the background without any brain tissue, I finally got 1701 2D slices for training,
95 for validation and 137 for test. For 3D U-Net, I got 1152 3D patches for train, 64 for

validation and 64 for test.
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For stage 2 of 2D U-Net and 3D U-Net, I first generated the histogram of label. Figure
[4.1] shows the label statistics of 1 background label and 10 types of pixel labels over the
training set. The number of label 0 pixel is almost hundreds of times more than the number
of other 10 labels. After weighted, Label 0 will be set a small weight, while the rest labels
will be set a big weight. If Dice Coefficient were not weighted, there would be little 10 types
of pixel labels regions in the segmentation results. The number of training, validation and
test sample are the same as that in stage 1.

Table lists parameters for training 2D /3D U-Net in each stage. These U-Nets were
trained on one NVIDIA K80 GPU with 11 G memory. 2D /3D U-Net uses the Adam optimizer
with a different learning rate for stage 1 (le —4) and stage 2 (1e — 5). The mini batch size
of 2D U-Net is 32. While that of 3D U-Net is 16 because 3D U-Net requires much more
memory during training than 2D U-net. It took 0.5 minute and 9.6 minutes to train 2D
U-Net and 3D U-Net, respectively. The number of epoch is 30 for 2D U-Net of stage 1 and
stage 2. And 3D U-Net of stage 1 was trained for 10 epochs and 3D U-Net of stage 2 was
trained for 20 epochs. Figure shows the weighted Dice coefficient loss of training set and
validation set. I saved the model with the lowest loss in each U-Net. Except 3D U-Net of
stage 2, other three U-Nets get convergence during training. The loss of 3D U-Net shows it
starts overfitting after 16 epochs.

4.5 Results

Table [4.3 shows the Dice coefficient of U-Nets. Both 2D U-Net and 3D U-Net works well for
labeling grey matter and white matter in stage 1. They both achieve approximate 95% Dice
coefficient. Figure [4.3| and Figure [4.4] illustrate the comparison of prediction and ground
truth. The prediction is similar to the ground truth. For stage 2, 2D U-Net and 3D U-Net
only achieve approximate 55% Dice coefficient for labeling sub-regions of cerebral cortex.
Figure shows the Dice coefficient of 10 brain lobes in stage 2 for both 2D U-Net and 3D
U-Net.
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2D U-Net Stage 1 2D U-Net Stage 2 3D U-Net Stage 1 3D U-Net Stage 2

Dice coefficient 0.9460 0.550 £ 0.046 0.9633 0.567 £ 0.079

Table 4.3: Dice coefficient of results on the test set
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Figure 4.3: Results of 2D U-Net in stage 1 of horizontal plane on the test set. (a) Original
image (b) Ground truth image (c) Prediction of 2D U-Net

(@) (b) (c)

Figure 4.4: Results of 3D U-Net in stage 1 of coronal plane on the test set. (a) Original
image (b) Ground truth image (c) Prediction of 3D U-Net
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Chapter 5
DISCUSSION

In this chapter, I will discuss some challenges around MindBoggle data set, establishing
ground truth, and in selecting parameters for the U-Net algorithm. I will first talk about
data set used in the thesis and the corresponding manual labeling protocol. Then, I will
mention details of U-Net architecture like parameters tuning and the comparison of 2D U-
Net and 3D U-Net. In the last section, I will compare U-Net to the widely-used cerebral

cortex segmentation package, FreeSurfer.

5.1 DKT Protocol Labeling & MindBoggle Data Set

DKT protocol was developed based on original FreeSurfer’s DK labeling protocol. FreeSurfer’s
DK classifier was trained on 40 brains manually labelled by one expert.[21] Tt is difficult to
make sure the quality of ground truth (DK labels) if no extra experts do the inspection.
It is mentioned in the DKT protocol labeling paper [45] that 40 brains were pre-labeled
by FreeSurfer’s DK classifier and then further manually edited by two experts. One expert
edited brains first and the other one inspected all edits. This manual labeling procedure
is able to reduce errors made by the first experts. I think this is a big advantage of DKT
protocol.

The MindBoggle data set provides 101 labeled MR brain images for cerebral cortex
segmentation. Although it contains a large number of brain images with ground truth, it
is not suitable to train a model for processing images from patients with cerebral cortex
disorders like AD. One reason is that all 101 images in the MindBoggle data set are acquired
from healthy individuals. Since cerebral cortex changes for those who suffer from cerebral

cortex disorders [26] like cortex thickness reduction, these images from healthy individuals



34

may not be able to contain this kind of anatomical variance. The other reason is that the
age distribution of these healthy individuals is centered around 20 to 40. And the max age
is 61. There are normal age-related morphometric changes for human cerebral cortex. [30]
Most patients with AD are over 75. [34] Therefore, the MindBoggle data set may not be

appropriate for the older age group.
5.2 U-Net Parameters Tuning

As a type of deep neural networks architecture, U-Net has lots of parameters to consider
for both architecture design and parameters tuning during training. In architecture design,
I used up-sampling layers instead of de-convolutional layers for the decoding part. Up-
sampling is a reverse of pooling in CNNs in order to reconstruct feature maps into a high-
resolution matrix. I used the simplest way for up-sampling, a combination of resampling and
interpolation. There is no parameters to learn in up-sampling layers. In contrast, the de-
convolutional layer, whose parameters can be learned, is a reverse of convolutional layer. The
de-convolutional layer can be considered as an up-sampling step followed by a convolutional
step. The reason why I used up-sampling layer in the U-Net is to reduce the number of
parameters. It can help prevent overfitting since I have limited computing resources, and
not so many training 2D slices and 3D patches.

Since the training of stage 2 is a much more difficult task than that of stage 1, I took
efforts to tune parameters for U-Net in stage 2. During the training of U-Net, the most
important parameter is the optimizer and its corresponding learning rate. Generally, Adam
optimizer [43] and Stochastic Gradient Descent with momentum [71] are two widely-used
optimizers for training deep neural networks because of fast convergence. I tried these two
optimizers and did not find significant difference. They are both able to achieve convergence
within 30 epochs for 2D U-Net and 20 epochs for 3D U-Net. I chose the latest optimizer,
Adam, as the one for further parameters tuning. The default learning rate of Adam optimizer
is 0.001. Take the 2D U-Net for example. I tried three different learning rates, 0.01, 0.001,

and 0.0001. A learning rate of 0.01 is too big to achieve the similar loss of a learning rate of
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0.001 and 0.0001. The loss of 0.0001 achieves a 2% lower loss than that of 0.001. Although
a learning rate 0.0001 takes more time to train, it can converge in 30 epochs. Another
important parameter in training is how to set weights for the weighted Dice coefficient loss.
Setting different weights for classes aims to deal with extremely imbalance classes of this task.
If all classes were assigned the same weight, U-Net would predict almost each pixel/voxel
as the background class because nearly 90 percent pixels/voxels are background. For lobe
classes, I tried the same weight for them. The result of prediction shows that no pixel /voxel
is predicted as cingulate cortex (left/right) and occipital lobes (left/right). It may be caused
by much smaller number of pixels/voxels of these lobes in the image than other lobes. I
solved this problem by decreasing the weights of other lobes and increasing the weights of

cingulate cortex (left/right) and occipital lobes (left/right).
5.3 2D U-Net vs. 3D U-Net

I used similar procedures for cerebral cortex segmentation of 2D U-Net and 3D U-Net. In
stage 1, I aim to delineate grey matter (cerebral cortex) to filter white matter and background
for further segmentation. The prediction of stage will be used as a mask to get final results.
These three tissue types, grey matter, white matter and background, all have has differences
in intensity. Consequently, both 2D U-Net and 3D U-Net perform well in stage 1.

In stage 2, 2D U-Net and 3D-Net are unable to achieve good performance. For 2D U-
Net, I need to cut original 3D images into slices on one of three anatomical planes. Sagittal
plane separates left from right for the brain. Slices of sagittal plane would not work for lobe
(left /right) segmentation because it is hard to figure out which 2D slice is from left brain or
right. I finally choose to extract 2D slices on the transverse plane because the cerebral cortex
boundary of most slices is much longer than that on the coronal plane. The main limitation
of 2D U-Net is that it only takes use of context information on one plane. 2D U-Net does not
consider context information within planes and position of the 2D slice in the original 3D
image. For 3D U-Net, I aim to take more context information into consideration. However,

it is difficult to train a U-Net for original 3D images (256 x 256 x 256) on a standard GPU
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with 11 G memory. So I have to cut the original image into small 3D patches (64 x 64 x 64).
Although 3D U-Net considers local context in the 3D patch, it still loses the position of the
3D patches in the original image and global context information.

For computational complexity, I ran 2D U-Net and 3D U-Net on the same GPU, NVIDIA
Tesla K80 (RAM 11G). I used same architecture for stage 1 and stage 2 in 2D/3D U-Net
except the dimension of final so ftmax layer. 1 also used the same mini batch size and number
of epochs for both stages, as shown in Table As a result, the time complexity of training
2D /3D U-Net in stage 1 and stage 2 would be almost the same. It takes 20 minutes to train
2D U-Net, and 4.8 seconds for prediction on all slices of one subject. While it takes 3 hours
to train 3D U-Net, and 32 seconds for prediction on all small patches of one subject. Since
training a model is a one-time work, a long-time training is acceptable. 1 care more about
prediction time because prediction will be done multiple times for to-be-segmented images.

In conclusion, 3D U-Net is less efficient than 2D U-Net.
5.4 U-Net vs. FreeSurfer

FreeSurfer contains a popular software package for cerebral cortex segmentation. It provides
a robust procedure based on a graphical-based probabilistic information estimation (PIE)
method [27] to divide human cortex to sub-regions (cortical sulci and gyri labeling). The
main idea of PIE is to combine geometric information and neuroanatomical conventions to
build a probabilistic inference model for cortex segmentation. There are three key steps,
image alignment, atlas construction and parcellation.

FreeSurfer’s DKT classifier achieves over 90% Dice coefficient cortical for labeling sulci
and gyri which is a harder task than lobes labeling I did in this thesis. 2D /3D U-Net does
not work on sulci and gyri labeling and also not work well on lobes segmentation, 55% Dice
coefficient. There are three possible reasons.

The first one is the imbalance of classes. Cerebral cortex accounts for about 15 percent
volume of brain MR image after background border is removed. Lobes are part of cerebral

cortex. Some small lobes like the left/right occipital lobe only accounts for less than 1
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percent volume. Assigning different weights for classes is a potential solution to deal with
imbalanced classes. However, the weighted Dice coefficient loss function is very sensitive to
weight choosing in this case. An unsuitable choice might lead to no labels assigned to some
classes in prediction.

The second one is the limitation of U-Net architecture. Kernels in the U-Net learn
various information from training images such as intensity, local texture and context infor-
mation. However, it does not contain any prior information for cerebral cortex regions. In
contrast, FreeSurfer’s approach uses three types of prior information for its graphical-based
PIE method. There are the probability distribution of label classes at each point, neighbor
information and the probability distribution function of value of each point. Since images
have been already aligned to a template, these prior information and geometric information
contain main features of sulci and gyri.

In addition, 2D U-Net and 3D U-Net have their own limitations, respectively. In contrast
to Freesurfer’s method of building a graphical model for original 3D images, U-Net cannot
use original 3D images as input because of limited memory of standard GPUs. The 2D U-Net
and the 3D U-Net in this thesis use tricky ideas to reduce dimension or size of the model
input. Consequently, these tricky ideas would lead to information loss of original 3D images.
The 2D U-Net architecture loses context information between planes after extracting 2D
slices from original 3D images. And the 3D U-Net is unable to capture context information
between patches after cutting original 3D images into small 3D patches. Also, 2D U-Net
and 3D U-Net both lose the original position of each pixel/voxel in orignal 3D images. The
information of position is important in this case. Sulci/gyri or lobes are similar in texture and
intensity. However, their position in the brain would be an important feature to distinguish
different sulci/gyri or lobes. In future works, researchers might focus on the combination of
CNNs with position information for cerebral cortex segmentation.

The third one is the limit number of training data. In the experiment, I have limited
computing resources so that I only used a sub-set (20 brains) of the whole Mindboggle data

set of 101 MR brains. If more training images were include for 2D /3D U-Net training, higher
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Chapter 6
SUMMARY

In this thesis, I tried to use a deep convolutional neural networks architecture called U-
Net to label sub-regions of human cerebral cortex from 3D MR images. The measurement
of volume and changes in cerebral cortex can help do research on cerebral cortex disorders
like Alzheimer’s disease. For U-Net implementation, I tried both 2D U-Net and a extended
version called 3D U-Net. I implemented a two-stage pipeliment for both 2D U-Net and 3D U-
Net. In stage one, a three-class classifier is trained by U-Net to generate a mask of grey matter
for next stage. Both 2D U-Net and 3D U-Net achieve approximate 95% of grey matter for
stage one. In stage two, 2D U-Net and 3D U-Net achieve only approximate 55% for labeling
ten lobes of cerebral cortex. The main reason of poor performance of 2D/3D U-Net is the
loss of global position information of pixels/voxels by cutting original into small parts (i.e.
2D slices, 3D small patches). In the feature work, researchers could create hybrid methods to
combine deep neural networks architectures with prior information and spacial information to
label cerebral cortical sub-regions. The source code of this thesis is now available on GitHub.

(https://github.com/BarryccXu/Unet-for-Biomedical-image-segmentation)
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