
c©Copyright 2017

Mengyuan Liu



Spatio-Temporal Patch-Based Learning for

Premature Neonatal Brain MRI Analysis

Mengyuan Liu

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2017

Reading Committee:

Professor Colin Studholme, Chair

Professor Paul Kinahan

Professor Chun Yuan

Program Authorized to Offer Degree:
Bioengineering



University of Washington

Abstract

Spatio-Temporal Patch-Based Learning for
Premature Neonatal Brain MRI Analysis

Mengyuan Liu

Chair of the Supervisory Committee:
Professor Colin Studholme

Professor of Bioengineering and Pediatrics

Quantitative analysis of premature neonatal brain MRI is essential for studying early human

brain development, quantification of brain injury and its impact on early postnatal neuro-

development. An accurate automatic delineation of the brain structures in the MRI scan

remains the first step of any morphological analysis. In such studies, scans are usually

acquired at any arbitrary gestational age during a rapid anatomical growth period, and

with a limited imaging time. Due to the inter-subject anatomical variations and limited

image quality, it is particularly challenging to accurately and automatically segment the

tissue structures in such data. The objective of this work was to develop algorithmic tools

that enable accurate automatic tissue segmentation and quantitative analysis of premature

neonatal brain MRI scans. Multiple methods such as combining atlas-based and patch-

based method in two ways for normal brain tissue segmentation, as well as combining spatial

and non-spatial dictionary learning for automatic focal lesion labeling were developed and

validated to show improved segmentation accuracy. The methodology developed in this work

has been used for quantitative image analysis in multiple multi-site clinical studies on brain

development after preterm births.
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Chapter 1

INTRODUCTION

1.1 Image Segmentation Problems in Premature Neonatal Brain Medical Im-
age Processing and Analysis

1.1.1 Study of Human Premature Neonatal Brain

For the past decades, study of the human brain, in terms of both anatomy and function,

using medical imaging has attracted enormous interest[47, 44]. Brain anatomy remains the

foundation of such studies, while functional studies have revealed many interesting findings

on human brain [51]. Studying early human brain development is critical for understanding

of the genesis of human neural system and early detection of diseases [61]. One particular

group of subjects - premature neonates - has attracted a great deal of interest both clini-

cally and in research [61, 68, 5, 99, 100, 85]. Premature neonates are defined as babies who

are born at less than 37 gestational weeks (GW) [61, 56, 107]. Even though the preterm

birth rate in the United States has declined by 11% since 2006, the rate still remains high

at 11.38% in 2013 [56]. Growing evidence shows that preterm infants are often at a higher

risk of anatomical abnormalities and accompanying neuro-cognitive deficits, such as cere-

bral palsy [85], periventricular leukomalacia (PVL) [141], ventriculomegaly [64] and severe

intraventricular hemorrhage (IVH) with periventricular hemorrhagic infarction (PHI) [141].

Furthermore, evidence indicates adverse neuro-developmental outcomes later in life [107],

including neuromotor function [145], behavioral disorders [64], and cognitive impairment

[85, 141]. Therefore, efforts are being made to better characterize early brain development

[133, 61] and to diagnose neuro-developmental abnormalities as early as possible [64, 94, 73].
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1.1.2 The Imaging Tool: Structural Magnetic Resonance Imaging (sMRI)

In the past decades, magnetic resonance (MR) imaging has been an essential tool to study

human brain anatomy and function of all developmental stages: fetal [127, 128, 46], neonatal

[61, 87, 26, 124], children [45, 78, 125], adolescents [45, 78, 125, 44] and adults [47]. MRI

generally consists of two categories: structural MRI (sMRI) and functional MRI (fMRI).

As the names indicate, sMRI aims to image the anatomical structures while fMRI aims to

captures the functional activities in the brain. This work focuses on sMRI which will be

referred to as MRI for simplicity. Compared to adults, one of the challenges in acquiring

neonatal brain MR images is the unpredictable movements of the imaged neonates. In recent

years, adoption of the neonatal head coil has enabled the acquisition of high-quality neonatal

brain MR images with fewer motion artifacts.

1.1.3 Automatic Analysis of Neonatal Brain MRI

Most imaging studies often rely on delineation of different tissue classes to characterize the

brain anatomy as a critical step before any analysis. However, manual delineation of tissues is

both time consuming and difficult to reproduce due to intra-observer variation[39], especially

for studies using a large cohort [5, 59, 124]. Thus, an automatic tissue labeling technique

is crucial for allowing detailed and reproducible evaluation of the brain morphometry [61,

59, 82, 99]. Compared to automatic tissue segmentation of adults’ MR scans, one of the

biggest challenges is the anatomical development and contrast change with age. However,

the age-related change also leads to interesting studies of early brain development. There

is no doubt that such studies would require an even larger number of subjects compared to

adult studies. Therefore, the automatic analysis procedures are even more indispensable.

To the best of our knowledge, no complete automated computational analysis pipeline on

premature neonatal brain MRI has been reported.
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Figure 1.1: The automated computational analysis pipeline of premature neonatal brain
MRIs. The whole pipeline contains 6 major steps, with 2 and 3 as the key steps. The main
contribution of this work is developing novel algorithms for step 2(b) and 3(a) (as shown in
red) while adapting existing methods to applications on premature neonates for step 2(a).
Other collaborative contributions are shown in green.

1.2 Contributions of this Work

The main contribution of this dissertation is developing an automatic quantitative analysis

pipeline of premature neonatal brain MRIs. Specifically, the work in this dissertation will

enable accurate automated tissue labeling, abnormality detection, morphometric measure-

ments extraction and outcome prediction of a premature neonatal brain. The application of

methods and results presented in this dissertation can realize automatic processing of large

amounts of premature neonatal brain MRI data in both research and clinical settings. In

research, especially, in studies with a large cohort, this work will help to avoid any laborious

manual delineation of tissue and lesions. In clinical settings, this work will enable auto-

mated detection for brain abnormalities and prediction of neuro-developmental outcome to

help the doctors with diagnosis and treatment planning. I summarize the pipeline and how

the contribution of this dissertation fits in the pipeline in Figure 1.1.
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1.3 Dataset Used in this Work

Through this work, we used 3 main datasets consisting of T1w human premature neonatal

brain MRI scans. The datasets are briefly introduced in Table 1.1 here and details will be

given in appropriate sections. Note that all 3 datasets have been already collected by our

group and collaborating groups before this work.

Table 1.1: Main datasets used in this work. All scans are T1w human premature neonatal
brain MRI scans.

Name Total Scans Age Range Manually Labeled Processed Comments

Vancouver 236 27 - 46 GW 36 170 main dataset

UCSF 103 30 - 37 GW 8 8 supporting dataset

PENUT 185 36 GW 4 111 7-site dataset

1.4 Structure of the Thesis

Chapter 2 provides a thorough and detailed literature review of the current field in terms of

segmentation methods and their application on human brain MRI images, with a comparison

between the challenges of adult and neonatal tissue segmentation.

Chapters 3, 4 and 5 will focus on introducing new segmentation methods for healthy

normal premature neonatal brain MRI images and its application to a multi-site data set.

Specifically, Chapter 3 describes a novel approach to automatically label different tissue

classes in premature neonatal brain MR images and its validation. The described method

is developed upon the spatio-temporal atlas-based EM segmentation technique proposed by

Habas et al [54, 53] by introducing an additional source of tissue probability estimate us-

ing patch-based technique[30, 109]. The combining technique is a weighted fusion of two

sources of tissue probability estimates. Therefore, we refer to this approach as PBAEM-WF.

Chapter 4 describes the improvement made on PBAEM-WF by using a different method to
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integrate the patch-based local search into an atlas-based EM framework. First, I learn the

variability of anatomy at each location in the brain. Then, the patch search is made to cover

the potential variability range to ensure a higher probability of finding the match. In the

rest of the dissertation, this method is referred to as PBAEM using variability-constrained

search (PBAEM-VCS). Chapter 5 presents validation of the automated tissue labeling tech-

niques using multi-center datasets acquired using different scanners and different imaging

protocols. Firstly, the importance and benefits as well as challenges in processing multi-

center data are given in the background section. Then a preliminary study of the previously

described PBAEM validated on two multi-center cross-scanner cross-protocol datasets is pre-

sented. This study will not only serve as an extensive validation of the PBAEM approach

showing that comparable segmentation performances can be acquired regardless of different

MR acquisitions, but also demonstrates the potential for future multi-center study using

multiple datasets to study early brain development via automated tissue labeling.

Chapter 6 will focus on introducing an innovative method for full-brain tissue segmenta-

tion with IVH and VM in non-healthy premature neonatal brain MRI. IVH is apparent on

MRI as bright signal pooling within the ventricular space and appears in locations within

the ventricle related to the original bleed and how the blood clots pool due to gravity and

the position of the babys head. This dissertation presents a novel sparse dictionary learning

method to delineate the severe IVH and VM together with normal tissue classes. The dictio-

nary approach consists of both a spatial and non-spatial component. The spatial dictionary

encodes normal variation in anatomy, while we use a non-spatial dictionary to capture the

shape and occurrence of IVH voxels with respect to their commonly neighboring tissues.

The two dictionaries are collectively used to estimate a probability of normal and abnormal

tissues of each voxel, which is then used to initiate an Expectation-Maximization based tis-

sue labelling of the image data. Results indicate improvement in the segmentation accuracy

when compared to both conventional atlas-based and spatial dictionary learning segmenta-

tion methods. This approach provides the first automatic segmentation framework for severe

IVH and VM in premature neonatal brain MRIs.
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Last but not least, Chapter 7 will conclude the results and contribution of this doctoral

dissertation. The disadvantages of current work and future steps will also be discussed in

depth.
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Chapter 2

BACKGROUND

2.1 Brain Anatomy: General and Neonatal

2.1.1 General Brain Anatomy

The human brain is the central organ of the human nervous system. The brain is composed

of the cerebrum, cerebellum and brainstem. Figure 2.1 shows the relative shape, size and

location of the 3 parts of the brain [84].

• Cerebrum is the largest part of the brain and consists of left and right hemispheres.

It is responsible for all higher level functions such as touch, vision, hearing, speech,

fine movement, reasoning, emotions, learning etc [84].

• Cerebellum is located underneath the cerebral hemispheres. Its function is to coor-

dinate muscle movements, balance and maintain posture [84].

• Brainstem connects the cerebrum and cerebellar to the spinal cord. It consists of

three sub-structures: midbrain, pons and medulla. The brainstem is responsible for

automatic functions such as breathing, heart rate, body temperature, digestion etc

[84].

2.1.1.1 Structures of interest

Here we introduce the main brain partitions that we focus on in this work. The cere-

brum, cerebellum and brainstem each consists of many sub-structures. However, due to

the limitation of MRI image contrast, image resolution, partial voluming and artifacts, it is
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Figure 2.1: General anatomy of the human brain, The brain is composed of three parts: the
cerebrum, cerebellum and brainstem [84].

extremely difficult to visualize and identify all the sub-structures. Thus, we group normal

brain structures coarsely into 7 main structures of interest. We introduce the definition,

including sub-structures, features and functions of these 7 structures of interest as follows.

This subsection is adapted from Human Anatomy and Physiology by Marieb and Hoehm

[84].

• Grey Matter (GM) is located at the surface of the cerebrum, named cortex. The

cortical GM contains mainly neurons and few myelinated axons. The cortical GM has

a folded appearance where a fold is called a gyrus and a groove is a sulcus (Figure

2.2) [28]. The folding of GM increases the surface area of the brain and enables higher

functions.

• WM Matter (WM) is the inner region of cerebrum and consists of mainly myelinated

axon tracts. Myelination contributes to the white color. An interesting structure within

WM is Corpus Callosum (CC). CC is a thick axon bundle that connects the WM of

left and right hemispheres [84].

• Deep Grey Matter (DGM) is located deep within the cerebral WM, and consists
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Figure 2.2: Gyrus and sulcus of the cortical GM [28].

of a group of sub-cortical GM called basal nuclei and diencephalon. The basal nuclei

is composed of the caudate nucleus, putamen and globus pallidus, and contributes to

regulation of skeletal muscle movements. Major structures in diencephalon include the

thalamus and hypothalamus which are responsible for sensory impulses and overall

homeostasis [84]. Other small structures within DGM include pituitary gland, pineal

gland and the limbic system (amygdala, hippocampus and hypothalamus).

• Ventricles / Ventricular Cerebrospinal Fluid (VENT) are the central hollow

cavities within the brain. The hollow ventricular chambers are filled with CSF [84]. The

VENT consists of inter-connecting lateral ventricles, third ventricle, cerebral aqueduct

and fourth ventricle (Figure 2.3). VENT is connected to sulcal CSF (sCSF) and the

spinal canal [84].

• Brainstem (BS) See above.

• Cerebellem (CBL) See above.

• Sulcal Cerebropinal Fluid (sCSF) represents the CSF in the subarachnoid space.

Its function is to bathe and cushion the brain.

In this work, all the other structures present in the brain and non-brain region are considered

as the background (BG). Typically, BG includes skull, facial tissues etc.
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Figure 2.3: Ventricular chambers [84].

The cerebral hemispheres are divided into 4 lobes on each side by distinct fissures [28, 84].

Each lobe is responsible for some specific functions. On either left or right hemisphere, there

are the frontal lobe (emotion, speech, intelligence etc), parietal lobe (language, sensation,

perception etc.), occipital lobe (vision and its interpretation) and temporal lobe (memory,

hearing, understanding language etc) (Figure 2.4) [84]. Because of their unique functions,

examination of their own morphological measurements, such as volume and cortical surface

area, can also provide valuable insights on brain development.

2.1.2 Neonatal Brain Anatomy

The human brain undergoes a complex process of morphological and functional matura-

tion and development [86]. Compared to the previously described adult brain anatomy,

the neonatal brain, and especially premature neonatal brain has many unique anatomical,

morphological and functional characteristics [112]. These characteristics can certainly cause

complications in the quantitative analysis of neonatal MRI images. All the unique features

are the results of the continuous brain maturations that include morphological complexity,
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Figure 2.4: Lobes and separating fissures of the cerebral hemispheres. [84]

water content level, overall size, volume ratio across structures etc [86]. They are reflected in

the MRI scan as visibly more complex structures and contrast change. I first discuss these

continuous changes with ages from 24 GW to post-term in the section and later cover how

these changes manifest themselves in the MRI scans.

2.1.2.1 Cortical Folding

The increases of overall size and cortical folding are the most obvious changes fetal or preterm

neonatal brain after 24 weeks from histology samples [112]. While overall size is easy to un-

derstand since the rest of the body undergoes dramatic growth in size, the complication of

cortical folding is unique to brain development. Cortical developments start from approxi-

mately 8 GW by replicating neurons and glial cells that migrate to the outer surface to form

the cerebral cortex. Neuronal migration to the cerebral cortex is completed by 20 GW to 24

GW [112]. Therefore, the so-called GM can be shown on MRI of fetuses or neonates older

than 24 GW. From 29 GW to term, cortical GM increases in volume from approximately

60ml to 160ml [61]. During the early gestational stage, the cortical layer has a smooth
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appearance, described as lissencephalic. To allow further surface area increase, the growth

proceeds in a convoluted pattern to form the sulci and gyri. Van der Knapp et al. [134] first

studied the sulcation and gyration in infants from 30 GW to term using MRI, followed by

Battin et al expanding to as early as 25 GW [13]. Battin et al. also proposed a 1-5 scoring

system to describe the level of cortical folding by considering the depth, width, neighboring

foldings and complexity of folding in different areas of brain [13]. Due to the time-consuming

process of visual examination of images and access to subjects, the study only covered 53

scans of 17 infants. Due to the individuality of the cortical surface profile, more extensive

studies are required to adequately represent the cortical folding process.

2.1.2.2 White Matter Myelination

Myelination of white matter enables faster neural impulse transmission [84]. Its progression

has been extensively studied using histology. It occurs in a systematic way starting from

around the end of the first trimester till adulthood, with peak myelination around the mid-

20s [112]. The majority of this process happens post-term (i.e. after 40GW gestational age),

with a few steps pre-term. It starts from medial longitudinal fasciculus at the end of the first

trimester, then appears in the inferior cerebellar peduncles around 25 GW, followed by the

inferior colliculi, posterior brain stem and ventro-lateral nuclei of thalamus [61, 25]. Onset of

myelination in the posterior limb of internal capsule (PLIC) happens around 32 to 36 GW.

This is the area of interest because at our gestational age of interest, myelin in PLIC shows

as bright signals in T1W MRI [112]. In MRI, WM myelination can become evident in the

PLIC and corona radiata at around 35 GW. It was also discovered that preterm infant show

myelination within PLIC at an earlier gestational age than more mature infants [112].

2.1.2.3 Water Content

The change of water content of the human brain during growth has been investigated and

reported in 1973 by Dobbing and Sands [34]. Generally speaking, the water content falls

during brain development, with a rate of the reciprocal of the rising lipid concentration.
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Figure 2.5: Myelination in the posterior limb of the internal capsule (PLIC). (a)(b) T2w and
T1w acquisition of a preterm infant born at 30GW and imaged at 35GW. Red arrow: myelin
within PLIC. (c) T2w acquisition of another preterm infant born at 34GW and imaged at
35GW, with no obvious myelin within PLIC. [112]. We see that myelination is easier to
visualize in T1w scan.

Johnson et al. further reported that the neonatal brain contains a higher level of water

content (92% to 95%) compared to that of 2-years-olds (70%) [66]. Its impact on choosing

MRI acquisition parameters will be described later.

2.1.2.4 Prematurity

Whether prematurity has an effect on the neonatal brain development was in question for

a long period of time. It was believed that the gyral development keeps a pre-set rate irre-

gardless of being in womb or ex utero [88]. Huppi et al [61], however, proved that at term-

equivalent age, preterm neonates have less cortical folding compared to term-born neonates,

while there is no significant difference in total brain volume. These findings indicate that

the brain development, especially the cortical folding process, can be disrupted by preterm

birth. Since abnormalities with cortical GM development is often associated with neurobe-
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Figure 2.6: Classification of brain injury using representative T1W and T2W MRI of each
grade of PVL, IVH and cerebellum hemorrhage (CBH) [72].

havioral and neurocognitive dysfunctions later in life, it becomes important to understand

the effect of preterm birth on brain development. Besides disrupting the normal cortical

folding rate, prematurity is often accompanied with lesions. Lesion types vary, including

bleeding, excessive ventricular CSF etc. Kidokoro et al. [72] analyzed a large-scale collec-

tion of 448 premature neonatal brain images and classified and graded some of the most

common abnormalities as in Figure 2.6. They concluded that both brain injury and altered

development were found in the premature neonates cohorts.

2.2 MRI of Brain

2.2.1 MRI of Human Brain

MRI is an established method for visualize brain structures and diagnose abnormalities in

both adults and older infants [112]. In this section, I first briefly summarize the principles of

MRI and then specifically discuss the challenges of MRI on the premature neonatal brain.
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2.2.1.1 Principles of MRI

MRI is an imaging modality to form images of the anatomy and physiological process of the

body based on the nuclear magnetic resonance (NMR) signal from the atoms. In clinical

and research MRI, hydrogen is the most commonly used atom to generate a coil-detectable

radio-frequency signal, since hydrogen atoms exist naturally in humans, particularly in water

and fat [41].

NMR theory Spin is a fundamental property of all nucleons. Individual unpaired nucleons

possess a spin of 1/2, and can be + or -. When placed in a magnetic field of strength B, a

particle with a net spin can absorb a photon of frequency ν. This frequency, which is called

the Larmor frequency, depends on the gyromagnetic ratio γ of the particle. For hydrogen, γ

= 42.58 MHz/T [60].

After absorbing the photon, the particle transits from the lower energy state to an upper

energy state. Net magnetization is used to represent the sum vector of the magnetization

vectors from all of the spin packets, where a group of spins experience the same magnetic field.

At equilibrium, the net magnetization vector lies along the direction of the applied magnetic

field Bo and is called the equilibrium magnetization Mo. After absorbing photons with a

frequency equal to the Larmor frequency, the net magnetization in longitudinal direction MZ

is forced to be zero [14]. The time constant that describes how MZ returns to equilibrium

is called the spin lattice relaxation time (T1) [104]. The equation governing this behavior

shows as follows:

MZ = Mo ∗ (1− e−t/T1) (2.1)

After the net magnetization reduces to zero in longitudinal direction, it is only placed in

the XY plane and will rotate about the Z axis at Larmor frequency. Since each spin packet

experiences a slightly different magnetic field, the net magnetization begins to dephase. The

time constant that describes the dephase of net magnetization in transverse direction MXY
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is called spin-spin relaxation time, T2, with the following governing equation [104].

MXY = MXYoe
−t/T2 (2.2)

Due to the inhomogeneity of the magnetic field, a time constant that more accurately de-

scribes the decay of the transverse magnetization is T2∗. The relationship between T2 and

T2∗ shows as follows [119]

1/T2∗ = 1/T2 + 1/T2inhomo (2.3)

Different pulse sequences are applied to rotate the transverse magnetization about the Z axis,

which induce a signal in the detecting coil. The amplitude of this signal depends mainly on

the repetition time (TR) of the sequence, the proportionality constant k, and the density of

the spins in the sample ρ. For a Spin-Echo sequence, the echo time (TE), which is the time

between the 90o and the maximum amplitude, also determines signal amplitude [119].

2.2.1.2 Contrast

To differentiate adjacent tissues, there must be a difference in detected signal amplitudes.

Therefore, the contrast in MRI image mainly depends on 1) intrinsic properties of the tissue,

such as T1, T2, spin density ρ; and 2)instrumental parameters, such as TR and TE etc..

Table 2.1 lists the range of T1, T2 and ρ values from brain tissue using 1.5T MRI [40]. To

visualize the contrast from T1, T2 or ρ, different TR and TE are selected. For tissue with

different T1, short TR with short TE is applied, which enhances the contrast predominantly

caused by different T1. Three different combinations of TR and TE values that are used

commonly clinically are shown in Table 2.2 .

Different TR and TE values are applied to create weighted images, thus providing better

tissue contrast of the human brain. For a T1-weighted image, the CSF is dark with GM

darker than WM, which is useful for visualizing normal brain anatomy. For T2-weighted

image, the CSF is light with WM darker than GM. For PD (proton density) image, since

CSF has a relatively high level of proton density (water), it shows bright in PD image, which

is not dependent on T1 and T2 relaxation time [17].
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Table 2.1: Different T1, T2 and ρ of brain tissue using 1.5T MRI [119].

Tissue T1(s) T2 (ms) ρ

CSF 0.8 - 20 110 - 2000 70 - 230

WM 0.76 - 1.08 61 - 100 70 - 90

GM 1.09 - 2.15 61 - 109 85 - 125

Muscle 0.95 - 1.82 20 - 67 45 - 90

Table 2.2: Combination of TE and TR values for weighted images [119].

Weighting TR value TE value

T1 short short

T2 long long

ρ long Short

2.2.2 MRI of Human Neonatal Brain

The traditional way to study human neonatal brain anatomy is by histology and pathology

studies [55]. However, it is impossible to study a live fetus or infant, or conduct time

series study on the same subject or correlation analysis between quantitative anatomical

measurements and behavioral and neurodevelopmental performance later in life. This is

essential in understanding how early brain development can affect brain functions later in

life. The ability of using MRI to capture the early brain anatomy is a powerful game changer,

not only to study normal brain development process, but also to provide useful information on

the origin of brain lesions that cause long-term adverse effect in preterm infants. Nowadays,

MRI can be performed as early as 23 GW [127]. In this work, the subjects of study are

mainly preterm neonates with an age range of 28 to 45 gestational age as shown in Figure

2.7.

To acquire optimal images of a preterm neonatal brain, its differences from an adult
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Figure 2.7: Average neonatal brain MRI over a age range of (left) 28 - 36 GW and (right)
37 - 45 GW.
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brain should be properly addressed. For example, as previously described, a neonatal brain

contains a higher level of water than an adult brain. This is accounted for by increasing T1

and T2 values, resulting in increased TE, TR and TI [66]. Furthermore, the use of neonatal

head coils adapted especially for the small head has increased the image quality dramatically.

Preterm and term neonates can be conveniently imaged using an adult knee coil or a specially

designed neonatal head coil. This can greatly improve the signal to noise ratio in the MR

images [112].

Sequence-wise, it becomes almost impossible to obtain multiple acquisitions using dif-

ferent sequences in one setting with neonates due to the special condition of this targeted

cohort. In traditional MRI studies, T1 weighted conventional spin echo (CSE) images show

low GM/WM contrast but superb hemorrhage contrast. T2 weighted fast spin echo (FSE),

on the other hand, is fast such that motion artifacts can be reduced during neonatal imaging

while showing myelination contrast [112]. In our group, premature neonatal brain MRI im-

ages were historically acquired with T1 weighted sequence, while fetal MRIs were acquired

with T2 weighted technique.

During the imaging process, neonatal imaging also involves more unique elements to

consider compared to adult imaging. These include access to the infant while scanning in

case of emergency, ventilation, temperature maintenance, especially in clinical cases, and

avoidance of sedation [112]. Even though these elements may not impact MRI image quality

under an established study protocol, they are of utmost importance to ensure a successful

study.

2.2.2.1 Tissue Contrast

Change with Age As previously described, human brains in gestation contain a higher

water content percentage. Therefore, a longer T1 and T2 can be observed compared to adult

brains. As a result, in T1 weighted MRI, WM shows a lower signal and appears darker than

GM, which is opposite of adult MRI; in T2 weighted, vice versa. As for the DGM structures

such as the thalamus and basal bangalia, they are identifiable at 25 GW as low signal on
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T2 weighted images, and then become isointense after 24 GW on both T1 and T2 weighted

MRIs. At approximately 35 GW, they can only be identified as one union of high signal in

T1 weighed MRI. This contrast change with age adds another reason why fetal or premature

neonatal MRI can not be generalized to one single template.

WM Myelination in MRI As previously introduced, WM myelination is one of the

most significant features of fetal and neonatal brain maturation [84]. We have discussed its

physiology background. Here I present how WM myelination shows up in T1W premature

neonatal brain MRI scans in Figure 2.8. As expected, WM myelination does not exist until

around 37 GW. In the 38.4 GW scan, we can clearly see the myelination already started and

a part of the Globus Pallius is already myelinated. Through 38 to 45 GW, the progression of

WM myelination in the posterior limb of internal capsule (PLIC) can be clearly visualized.

Even though it is reassuring to visualize the expected changes with age in the MRI, it can

cause challenges in both manual delineation of the brain structures as well as automatic

image processing pipeline. Apparently, this violates the assumption that the MR intensities

of one structure is uniform throughout the image if we consider it as part of WM. If the

myelinated WM is considered as a separate structure apart from WM, then a manual labeling

protocol needs to be first developed. This can also be quite challenging due to its less clear

boundary. Therefore, the effect of WM myelination on image processing pipeline is still to

be studied.

2.2.2.2 Imaging Artifacts

Most common imaging artifacts in neonatal brain MRI that are different from adult brain

imaging include bias artifacts, motion artifacts, partial voluming etc. These artifacts mainly

result from either lack of dedicated neonatal imaging techniques and equipment, or con-

straints posed by neonates as subjects. Here we look at two major artifacts which cause

challenges in quantitative analysis of premature neonatal MRI.
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Figure 2.8: WM myelination progress shown in T1W MRI from Vancouver dataset. Ges-
tational ages are marked on each scan. Red arrows: WM myelination and its progress.
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Figure 2.9: Three examples of bias-corrupted premature neonatal MRI with different levels
and features of bias artifact. Red circle: abnormally high intensity caused by bias artifact.

Intensity Inhomogeneity The intensity inhomogeneity in MRI is also referred to as ”bias

artifact” [50]. Bias artifact is a result of uneven coil sensitivity and patient position, rather

than anatomical differences. Locations closer to the coil will have higher intensity than loca-

tions further away from the coil. Bias artifact creates challenges for most image processing

tasks. Most image analysis methodologies assume that the MR intensities of a given struc-

ture are relatively uniform throughout the image. Therefore, bias artifacts will result in

confusion with intensity level of different structures. For example, in Figure 2.9(b), WM in

within the red circle has similar intensity to GM outside the circle, which can easily cause

confusion when the algorithm determines the structure based on its MR intensity.

Bias field is referred to a map of the continuously varying spatial signal change. Bias

correction is the process to estimate the bias field and correct for it. Due to its importance

yet relative simpleness, bias correction has been extensively investigated and is often an extra

step in the image processing pipeline. Details will be discussed in later sections.

Motion Artifact In neonatal studies, especially premature neonates andor pathological

cases, due to safety concerns, sedation is always avoided. Due to inability to control their
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Figure 2.10: Examples of premature neonatal brain MRIs with (a) mild, (b) moderate and (c)
severe motion artifact. Generally speaking, images like (a) and (b) have a higher probability
to be correctly processed than (c).

head movement as adults, it is almost impossible to have a premature neonate subject remain

still during the acquisition. Head movements can be, to some extent, restricted by coils with

limited space. By using a dedicated neonatal head coil, motion artifacts can be effectively

reduced.

However, motion corruption remains one of the most common image artifacts in neonatal

imaging. Motion artifacts show in the image as circular bands of similar curve with the

shape of the brain. Figure 2.10 shows 3 examples of motion artifacts at different severity

levels. As one would expect, the more severe the motion artifact, the more challenging it

is to be accurately processed. Generally speaking, given reasonable tissue contrast, images

with mild to moderate motion artifacts can be processed as normal, while severe motion

artifact can render the image unusable. In special studies, such as studies of WM sub-layers,

motion artifacts can be mis-identified as sub-layers and thus pose an even larger challenge.

Wrap-around Artifact Another artifact that we encounter is the warp-around artifact, as

shown in Figure 2.11. Wrapping artifact is a result of non-optimal field-of-view (FOV) setting
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Figure 2.11: An example of wrap-around artifact from Vancouver dataset. The face of the
subjects is wrapping posterior to the back of the head in MRI.

during acquisition. It happens when the dimensions of the imaged object exceeds the defined

FOV. This artifact is easy to recognize and can be corrected in time during acquisition.

Therefore, we do not see any severe wrap-around artifacts that affect the region-of-interest.

For example, in Figure 2.11, the wrap-around face does not affect any quantitative analysis

of brain structures.

2.2.2.3 Lesions in MRI

As discussed above, preterm births are often accompanied by brain lesions. These lesions

show up in scans right after the preterm births, as opposed to later in life such as term-

equivalent ages. With respect to the challenges they pose on the automatic segmentation

and quantitative analysis, we divide them into two categories: focal and diffuse lesions.
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Focal Lesions Focal lesions are referred to as an abnormal structure that is spatially

limited and dense, with a relatively clear boundary. Focal lesions are generally easy to visu-

alize by medical imaging techniques and relatively easy to manually delineate the boundary.

Therefore, they remain one of the areas of focus in quantitative studies. For example, Intra-

ventricular hemorrhage (IVH) (Figure 2.12(c)) is one type of focal lesion and can often be

accompanied by an enlargement of cerebral VENT, termed Ventriculomegaly (VM) [139].

When these blood clots die away, these space-occupying lesions will commonly cause void

of normal tissue structures (Figure 2.12(d)), leading to affected or missing neurobehavioral

and neurocognitive functions. However, not all focal lesions can be so easy to recognize. In

Figure 2.12(a), an example with peri-ventricular leukomalacia (PVL) in WM is given. In

such cases, the lesions are even difficult to be recognized by human eyes. We can conclude

that focal lesions can be an existing of abnormal structures or an absence of normal struc-

tures.Therefore, it is important, but at the same time very challenging, to quantify these

focal lesions and understand their effects on brain development.

Diffuse Lesions Another type of lesion that we often observe in premature neonatal brain

MRI scans is referred to as ”diffuse lesion”. Diffuse lesions are abnormalities without a

clear boundary, and thus difficult to quantify. A common example is another type of white

matter injury (WMI). Different from Figure 2.12(b), diffuse WMI often shows as a region

within WM with abnormally low MR intensity. It is considered as abnormal tissue instead

of missing tissue. As we can see in Figure 2.13, this type of lesion is extremely difficult

to delineate, even with human eye. Different adjustments of the greyscale window can be

misleading to the human eye when determining the boundary. Therefore, this remains one of

the least studied areas in quantitative neonatal brain studies. In this work, we did not directly

study this type of lesion. But it remains a significant part in developing robust automatic

tissue segmentation algorithms because they pose significant challenges to the performance of

automatic delineation of tissue structures in the MRI. Because of their unexpected intensity,

it is very difficult for the algorithm to find a correct match from the template. We will
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Figure 2.12: Four examples of focal lesions. (a) Peri-ventricular Leukomalacia (PVL); (b)
Blood clot in CBL; (c) Intra-ventricular hemorrhage (IVH) with ventricumegaly (VM); (d)
Cystic white matter injury (WML).
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Figure 2.13: An example of diffuse WMI with different grayscale adjustment. (a) A good
grayscale setting can visually show the diffuse WML; (b) An extreme example of bad
grayscale setting where WML is invisible. Red arrow: diffuse WML.

further discuss this in the following sections.

2.3 Automatic Brain MRI Tissue Segmentation

2.3.1 Problem Statement

Automatic brain MRI tissue segmentation describes a task to automatically identify and

delineate the different anatomical structures in a brain MRI scan using algorithms and

automated image processing pipeline. In a brain MRI scan, as we discussed above, some

different structures with different water content show different level of grey scale value,

i.e. the MRI intensity. Naturally, the identification and delineation of these structures will

depend highly on their unique intensity level. These structures include GM, WM, fluids

including VENT and sCSF. Nonetheless, some structures share similar intensity level. But

due to its unique location in the brain, it is easy to correctly identify and delineate them

based on both its location and intensity. These structures include DGM, CBL and BS which

share similar intensity level with WM, and VENT vs sCSF which share the same intensity
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Figure 2.14: A manual labeling of seven tissue structures demonstrating the expected result
of an automatic brain MRI tissue segmentation pipeline.

with each other. The problem of automatic brain MRI tissue segmentation is to develop

automated algorithms and processing pipeline that take advantages of the MRI intensity

and the location information to correctly identify and delineate the anatomical structure in

the scan.

2.3.2 Methods

In the past decades, various approaches have been proposed for automated tissue labeling

of brain MR images [148, 95, 152, 49]. Significant efforts have been made in developing an

atlas-based approach [29, 99, 100]. In such methods, an atlas of neonatal brain anatomy is

generated from manual or semi-automated labeling and used as prior knowledge for auto-

mated tissue labeling. However, errors in aligning new images to the atlas can induce errors

that may be correlated with changes of interest in the anatomies being studied. To reduce

such errors, multi-atlas label fusion algorithms were proposed [4, 8, 113]. Label fusion strate-
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gies such as Majority Voting (MV) and the STAPLE algorithm [143] have been extensively

investigated. However, such approaches still rely heavily on having manually delineated atlas

subjects that match the subjects being studied. These methods can be limited in cases of

more extreme developmental abnormalities and often pose challenging registration problems

between individual and atlas. Related to multi-atlas methods, developments in image de-

noising prompted a patch-based approach for automated labeling [30, 109, 38]. This method

does not require an accurate nonrigid registration and aggregates multiple label candidates

in a neighborhood from the textbook images based on local similarities.

Studies also aimed to achieve a more detailed automatic labeling of brain tissues and

regions. Gousia et al[48] evaluated and compared an atlas-based and a label fusion-based

approach to automatically segment neonatal brain MR images at term age into 50 regions.

Makropoulos et al[83] further pushed ahead to a wider age range using an Expectation-

Maximization (EM)-based framework and showed promising results. However, both T1w

and T2w images were used and only relatively healthy subject scans were shown.

2.3.2.1 Atlas-based EM Methodology

One of the most commonly used approaches for brain MRI tissue segmentation is the atlas-

based EM tissue labeling method [144, 77, 9, 18]. In such approaches, a spatial atlas was

constructed from a set of manually delineated MR scans and used to provide the essential

spatial information in an Expectation-Maximization (EM) algorithm [32] based on the voxel

intensity clustering of MRI[144, 77, 9]. The conventional EM-based tissue labeling approach

is based on a Gaussian Mixture Model (GMM) of the observed MRI intensities, where the

intensity values of each tissue class are assumed to have a Gaussian distribution, whose

parameters can be estimated based on the Maximum Likelihood Estimator (MLE) using

the EM algorithm [123]. The EM algorithm is dependent on a priori information from a

spatial prior, due to overlap in MR intensity ranges of different tissue classes [18]. One

unique example in T1-weighted premature neonatal brain MRI is the similar intensity level

exhibited by the myelinated white matter and gray matter. Here, without a spatial prior,
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the EM algorithm will be unable to label the tissues based on MR intensity alone. In cases

of rapidly growing anatomies, such as in fetuses [53, 54] and premature neonates[81, 82], an

additional dimension of time is incorporated into the atlas and a spatio-temporal atlas can

be constructed from a set of manually delineated MRIs covering the age range of interest.

For each new MR scan to be segmented, an age-specific anatomy that corresponds to the new

subject’s age is synthesized from the spatio-temporal atlas and used to provide the essential

spatial prior in the EM algorithm.

2.3.2.2 Patch-based Dictionary Learning Technique

Introducing a patch-based approach into other segmentation frameworks, for example, prob-

abilistic approaches, has also been proposed and studied. Dictionary learning refers to the

process of learning a dictionary of patch items that can represent the general anatomy to

label, and finding the matching items from this dictionary for an unseen patch to label. A

probabilistic patch-based label fusion model for multi-atlas segmentation was first proposed

by Bai et al[12] and evaluated on cardiac MR images. Wu et al[147] and Asman et al[11]

further developed such an approach for the adult brain MRI and thyroid segmentation task.

Initial attempts to apply such method on neonatal brain MRIs have been made. Li et al[142]

evaluated a patch-driven level sets approach on normal neonatal T1w images. However, the

tissue labeling task was not detailed enough since only GM and WM were labeled, and the

age range was limited to around term age (41.5 ± 1.7 GWs).

2.3.3 Evaluation

The accuracy of automated segmentation is most commonly evaluated by comparing against

a ground truth, the manual labeling. Dice Similarity Coefficient (DSC) [33] is often used to

quantify the similarity between the manual and automatic segmentation. The DSC between

region E and F is defines as [33]:

DSC =
2× |E ∩ F |
|E|+ |F |

. (2.4)
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Other quantitative measurements include Hausdorff Distance (HD) and Mean Distance

(MD). HD is defined as:

HD(E,F ) = max{supe∈Einff∈Fdist(e, f), supf∈F infe∈Edist(e, f)}. (2.5)

where dist(e,f) represents the distance between point e and point f . MD is define as the

mean of pairwise distance on the surface of E and F.

In addition to HD and MD between two unit tissue structures, it is also interesting to

quantitatively evaluate the accuracy of the cortical surface by calculating the HD and MD

between two GM outer surfaces. As introduced above, each hemisphere can be divided into

4 lobes. With this division, quantitative evaluation of the accuracy of the lobe surface can

also be performed to analyze if any part of the cortical regions are particularly difficult for

the algorithm to label.

2.4 Challenges in Premature Neonatal Brain MRI Tissue Segmentation

One of the key challenges in automated analysis of premature neonatal MR data is the rapid

anatomical changes with age [82, 99]. The age-dependent differences that can be observed in

MR scans include the size and shape of the brain due to brain growth, as well as the changes

in MR intensity contrast caused by brain maturation [53].

Another key challenge in automated delineation of brain tissues in premature neonatal

MRIs is the large inter-subject variation or, in extreme cases, the occurrence of abnormalities.

Although the addition of a parametrized spatio-temporal atlas can provide a more age-specific

and thus accurate tissue prior [53], the method can still fail to accurately segment the MRI

anatomies that exhibit large anatomical variations that are not well captured by an average

tissue atlas derived from a training dataset [123]. Especially in clinical studies of brain

injuries occurring from preterm birth, it is a challenge to completely capture a model of all

possible variations within a new subject using a finite training dataset. If the individual MRI

to be segmented differs from all atlas subjects, then the accuracy of the prior is dependent

on the estimation of a non-rigid mapping to align the new individual anatomy to the atlas
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prior [82]. However, this problem cannot be simply solved using a finer scale alignment of the

subject and atlas MRI intensities. A very fine scale mapping may resolve normal geometric

differences between the average prior and the subject, but may also incorrectly adapt and

remove fundamental pathological differences that should be preserved and labeled. For

example, when regional tissue contrast is modified by brain injury, fine scale registration may

simply remove or shrink these differences so that they better match the atlas prior anatomy,

rather than preserving the geometry of the differences, such as lesions, damaged tissues or

regions of high contrast blood clot and their location in the surrounding normal anatomy.

This problem becomes particularly challenging in brain tissue segmentation in the premature

neonates, due to both extreme shape variation in normal tissue boundaries (e.g. ventricle

size and shape as in Fig. 2.15) to be aligned to the statistical average, and the significant

variation in local tissue integrity and intensity (e.g. abnormal white matter intensity as in

Fig. 2.15) that need to be preserved. Cardoso et al. proposed an adaptive MAP-EM-based

segmentation algorithm (AdaPT) especially for such cases in preterm neonates and showed

satisfactory results in cases of ventricumegaly[19]. However, the age range covered by their

dataset was limited to 35.7 to 44.3 GWs (40.4 ± 1.74 GWs), and thus failed to include

evaluation on cases of more variations shown at younger ages.

Last but not least, the location, shape and size of focal lesions can be highly variable.

Thus, it is not possible to approach the problem using whole brain learning from large sets of

example images, as enough images to cover all possible configurations of ventricle and IVH

location and extent are not available.
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Figure 2.15: Comparison between the age-specific average image warped into subject space
(upper row) and the subject MR image (lower row). Red arrow: difference in ventricle size
and shape. Blue arrow: abnormal white matter intensity.
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Chapter 3

PBAEM USING WEIGHTED FUSION (PBAEM-WF) FOR
HEALTHY PREMATURE NEONATAL BRAIN MRI TISSUE

SEGMENTATION

3.1 Introduction

In this work, we propose an approach that makes the best use of both an accurate parame-

terized atlas prior and a patch-based prior in the EM segmentation framework. To address

this goal we derive a method that i) learns the location of greatest errors in the atlas-based

tissue segmentation based on training data, and ii) adapts the priors in these locations to

make use of priors derived from a local patch-based dictionary search of the atlas data.

This hybrid approach should then provide a more robust prior that is derived from both an

anatomical atlas average and a local tissue match for the EM segmentation. This allows a

balance between the accuracy of mapping between subject anatomy and atlas, and the inten-

sity similarity assumptions for patch searches in different regions of the brain. The proposed

approach can be generalized as a patch-based augmentation of EM (PBAEM) with specific

application to parametric atlas-based segmentation. We show that such method can produce

more accurate automated tissue labeling, especially in cases of large inter-subject anatomical

variation, compared to either the conventional atlas-based and patch-based approaches. In

the next sections, we describe the approach in detail and its validation on a set of premature

neonatal brain MR images with a high level of anatomical variation.

The contributions of this work are five-fold.

• We proposed a novel method to achieve accurate automatic segmentation of premature

neonatal MRIs at any given age, instead of any pre-set targeted age, especially before
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term age. This is especially important in the clinical settings since clinical neonatal

MR image may be acquired at any random time point based on diagnostic needs.

• We proposed a learning approach for adapting tissue probability from two sources in

a probabilistic framework.

• The proposed model improves the automatic tissue segmentation of our previous study

and outperforms current state-of-the-art techniques in the field.

• To the best of our knowledge, the premature neonatal brain MRI atlas constructed in

this work covers the widest age range from 27.29 to 46.43 GWs.

• Our algorithm allows for the first time accurate brain T1-weighted (T1w) MRI segmen-

tation into 5 tissue classes in premature neonates with a wide age range. Especially, the

proposed approach shows superiority when dealing with large inter-subject variation

in young premature neonates.

3.2 Methodology

3.2.1 Overview

In this section, we first briefly review the EM-based automatic tissue segmentation framework

and define the ”running prior” which is the focus of our work. Next, we introduce the process

to synthesize atlas-based tissue probability from the spatio-temporal atlas, followed by the

computation of patch-based tissue probability. Then we demonstrate how we spatially adapt

the tissue probability prior using both the atlas- and patch-based tissue probability. Finally,

we summarize the entire PBAEM-WF framework.

3.2.2 Preliminaries & EM-based Tissue Segmentation Algorithm

Let i be the voxel index of the image to be segmented, and yi be the logarithm of the MR

intensity value at voxel i. K is the number of tissue classes we aim to segment the image



36

into, and k = 1 : K is the current tissue class. µk and σ2
k are the mean and variance of tissue

class k in the GMM model. Gσ2
k
(yi−µk) is the Gaussian probability density at voxel i given

mean µk and variance σ2
k, defined as

Gσ2
k
(yi − µk) =

1√
2πσ2

k

e
− (x−µk)

2

2σ2
k (3.1)

. P (k) stands for the prior tissue probability of class k and p(yi | k) is the posterior tissue

probability of class k given log-transformed voxel intensity yi. The EM algorithm consists

of an initialization step and an iterative process to estimate the GMM parameters [32]. To

distinguish, the initialization prior is denoted as Pinit(k). The prior which is used in the

iterations is referred to as the ”running prior” and denoted as Prun(k). The superscript of

(0) indicates the variable values in the initialization step, and superscript (t) indicates the

variable values at the t-th iteration of EM.

In addition, to account for MRI signal variations (i.e. bias fields), a polynomial model

of the bias field is integrated in the EM iterative framework [54, 138]. The degree of the

polynomial model gradually increases from zero to three upon EM convergence [54]. We

assume a standard multiplicative bias model [138] and correct for the bias field based on

current estimate of the GMM in each iteration [54, 138]. The log-transformed bias field at

t-th iteration at voxel i is denoted as biasi. Thus, the bias-corrected log-transformed MR

intensity ybci at voxel i is given by:

ybci = yi − biasi (3.2)

Moreover, following [54], a neighborhood dependency further is incorporated into model. A

voxel’s label is also dependent on its neighborhood: it should be more probable to be the same

with its neighboring voxels than different. This is to eliminate the potential isolated voxel

label produced by conventional EM segmentation scheme [54]. The neighborhood constraint

term at voxel i is denoted as Pn(k | yi). This neighborhood-based prior can be fused with

the combined tissue probability to form a spatially varying prior in the EM algorithm.
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Given the definitions above, the EM-based tissue segmentation algorithm can be expressed

by the following equations [32, 54, 138]:

Initialization:

Pinit(k) = Prior(k), k = 1: K (3.3)

yc
(0)

i = yi (3.4)

p(0)(k | yi) = Pinit(k), k = 1: K (3.5)

µ
(0)
k =

∑
i p

(0)(k | yi) ∗ yc
(0)

i∑
i p

(0)(k | yi)
, k = 1: K (3.6)

σ2(0)

k =

∑
i p

(0)(k | yi)) ∗ (yc
(0)

i − µ(0)
k )2∑

i p
(0)(k | yi)

, k = 1: K (3.7)

Iterations:

e− step : P (t)
run(k) = Prior(k), k = 1: K (3.8)

g(t)(yi | k) = G
σ2(t−1)

k

(yc
(t−1)

i − µ(t−1)
k ), k = 1: K (3.9)

p(t)(k | yi) =
g(t)(yi | k) ∗ P (t)

run(k)∑
k g

(t)(yi | k) ∗ P (t)
run(k)

, k = 1: K (3.10)

m− step : µ
(t)
k =

∑
i p

(t)(k | yi) ∗ yc
(t−1)

i∑
i p

(t)(k | yi)
, k = 1: K (3.11)

σ2(t)

k =

∑
i p

(t)(k | yi) ∗ (yc
(t−1)

i − µ(t)
k )2∑

i p
(t)(k | yi)

, k = 1: K (3.12)

where Prior(k) generally represents the tissue probability prior of tissue class k from any

source. In this work, we omit the neighborhood constraint on the P
(t)
run(k) to obtain superior

performance in older subjects. The initialization prior and running prior are the focus of our

work and are explained in details in the following subsections.

3.2.3 Atlas-based Estimation of Tissue Probability

In this subsection, we first explain the construction of spatio-temporal atlas, followed by

the steps to synthesize age-specific atlas-based tissue probability. In the conventional task
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of tissue labeling for adult brain images, a spatial atlas is constructed from multiple manu-

ally traced training datasets and provides essential spatial information to distinguish tissue

classes with similar intensity levels. However, at this stage of life, premature neonates ex-

perience rapid anatomical changes due to brain development. Therefore, the morphometry

and location of certain tissue classes are dependent on age. To incorporate the temporal in-

formation in the atlas, we used a parameterized spatio-temporal atlas approach as proposed

by [53]. Instead of a quadratic model used previously [53, 82], a cubic model was experi-

mentally chosen due to the extended age range that is covered by the premature neonatal

imaging atlas. The spatio-temporal atlas is a third-order temporal polynomial model of MRI

intensity change with age, a third-order temporal polynomial model of linear size change,

a third-order temporal polynomial model of local displacement and a third-order temporal

polynomial model of tissue probability changes.

To obtain the atlas-based estimation of the tissue probability for a new subject MR scan,

we first synthesize an age-matched MR intensity template (A-MR) and a tissue probability

map (A-TPM) from spatio-temporal atlas to correspond to the new scan. The MR image

of the new subject is firstly linearly registered to the age-specific MR using 12 parameters

including translation, rotation, scaling and skewness. In this step, a mask is used to exclude

the non-brain portions in the MR scan such as neck, nose etc. Then the MR image is non-

rigidly registered to the age-specific MR template as in previous fetal brain segmentation[120,

53]. Based on the inverse of the estimated spatial transformation, we map the age-specific

MR template and age-specific tissue probability map into the space of the new subject MRI.

We define this as the subject-space age-specific MR template (SA-MR) and the subject-space

age-specific tissue probability map (SA-TPM) respectively. The SA-TPM is the resulting

atlas-based estimation of tissue probability for the new subject scan. In the atlas-based

segmentation approach [81, 54], SA-TPM is used as a source of spatially varying priors in

the EM algorithm.

In this paper, we denote the atlas-based tissue probability of class k given log-transformed

voxel intensity yi at voxel i as Pa(k | yi). Thus, in the EM segmentation algorithm with only
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Figure 3.1: Illustration of synthesizing atlas-based tissue probability from the spatio-
temporal atlas.

an atlas-based prior, Eqs. (3.2) should be replaced with:

Pinit(k) = Pa(k | yi), k = 1: K (3.13)

and Eqs. (3.7) is finally replaced with:

P (t)
run(k) = Pa(k | yi), k = 1: K (3.14)

Patch-based Estimation of Tissue Probability

Following the framework of previous patch-based segmentation approaches [109, 38, 30], for

a given location in the subject anatomy, we carry out a local search of a reference dictionary

image for feasible matches to the observed region of subject anatomy to be labeled. Unlike

patch-based segmentation of adults [109, 38, 30], we do not simply search a single labelled

subject anatomy textbook, but choose to search an age-specific estimate for that scan. This
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is important in studies of rapidly developing brain anatomy where a single age representative

matched training subject may not exist for a new MRI study, and it is more appropriate to

search a model based representative average template synthesized for that age. This search is

carried out across the aligned age-specific MR template (i.e. SA-MR) within a given search

distance of the voxel to be labelled. The search range is assigned as a ratio of the total

tissue volume, which is estimated according to the atlas-based TPM. This is to avoid any

bias in search neighborhood size due to brain volume differences across ages. In order to

eliminate differences in global contrast between the subject MRI and the SA-MR, we run a

first-round atlas-based age-specific EM segmentation to obtain the bias-corrected MR image.

We further scale its intensity so that the mean intensities within the brain between SA-MR

and the new subject MRI are the same. A weight w(i, j) between the patch to be labeled

HI(i) centered at voxel i in the MR image to be segmented (denoted as I) and each patch

HT (j) in the search neighborhood N(i) centered at voxel j in SA-MR template (denoted as

T ) is computed as [109, 38, 30]:

w(i, j) = exp(−
∑

i′∈HI(i),j′∈HT (j)(yi′,I − yj′,T )2

2p3φε2
) (3.15)

where yi′,I is intensity of voxel i′ in image I; p3 is the number of voxels in a 3-D patch with

p being the 1-D patch size; ε is the standard deviation of the noise and φ is the smoothing

parameter. In this manner, the computed weight of each sample is only driven by the

similarity of the intensity between the two patches in the MR to be segmented and the SA-

MR. Unlike a direct patch labeling scheme as in previous patch-based approaches[109, 38, 30],

the proposed approach extracts the best tissue probability estimate for each class k from the

dictionary image SA-TPM instead of the best label estimate for use in the EM optimization.

A patch-based tissue probability for each possible patch is computed by a fusion of weighted

tissue probabilities of patches within the defined search neighborhood[109, 38, 30]:

P̃p(k | yi) =

∑
j∈Ni w(i, j) ∗ Pa(k | yj)∑

i∈Ni w(i, j)
(3.16)
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Figure 3.2: Illustration of patch-based local search adapted for using with spatio-temporal
atlas. (a) For the patch HI(i) centered at voxel i, the local search is conducted within the
search neighborhood N(i) in SA-MR (I ′) and weight w(i, j) between each possible pair of
patches is computed. (b) Tissue probability of each possible patch within N(i) is extracted
from the SA-TP and used to compute the patch-based tissue probability of voxel i.

where P̃p(k | yi) is the computed patch-based tissue probability (unnormalized) of class k

given voxel yi; Pa(k | yj) is the atlas prior of voxel i’s neighbor j in the corresponding

SA-TPM. Figure 3.2 illustrates the patch-based local search.

In order to ensure we have a probability estimate at each voxel, such that
∑

k P̃p(k | yi) =

1, we normalize the estimates at each voxel:

Pp(k | yi) =
P̃p(k | yi)∑
k P̃p(k | yi)

(3.17)

where Pp(k | yi) is the normalized patch-based tissue probability of class k given voxel yi.

Using this definition, voxels with similar surrounding neighborhoods are considered to have

similar tissue probabilities [30].

To reduce computational time required for voxel by voxel patch evaluation during larger

searches, we exclude patches centered outside the brain. Pre-computation of local image

statistics in the reference SA-MR and subject MRI is carried out to allow a more efficient

and accurate level of pre-exclusion of regions [30] of patch matches. In our study, this

pre-selection procedure is based on the structural similarity measure (SSIM)[30, 38]:

ss =
2mi,Imj,I′

m2
i,I +m2

j,I′
∗ 2si,Isj,I′

s2i,I + s2j,I′
(3.18)
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where mi,I is the mean and si,I is the standard deviation of the voxel intensities within the

patch centered at voxel i in image I.

In the EM segmentation algorithm using only an patch-based prior, Eqs. (2) should be

replaced with:

Pinit(k) = Pp(k | yi), k = 1: K (3.19)

and Eqs. (7) is finally replaced with:

P (t)
run(k) = Pp(k | yi), k = 1: K (3.20)

3.2.4 Spatially Adapted Tissue Probability Prior

Using the framework described above, we now have two alternative probabilities for tissues

at each location in the MRI scan to be segmented. In PBAEM-WF, we combine the two

estimates into a single weighted tissue probability for each voxel to provide a better initial

estimate for use as a running prior in the EM algorithm. For the weighting to be optimal,

we account for the ”Patch Contribution” (PC) to quantify how much new information is

introduced by adding the patch-based estimates of tissue probability as well as its accuracy

and reliability. Also, we implement a weighting for ”Voxel Label Accuracy” (VLA) to quan-

tify the overall performance of each tissue prior within the EM algorithm. To capture the

age-specific feature of the spatially varying PC and VLA map, we adopted same approach

from the spatio-temporal atlas to construct a spatio-temporal model of both PC and VLA

maps, and synthesize age-specific PC and VLA maps for each new subject to be segmented.

In the following paragraphs, details of learning these weightings are given.

Age-Specific Patch Contribution (PC) Map The contribution of the patch-based

approach into the combined tissue probability depends on the intensity uniqueness on two

levels: intensity structure within a patch itself and the patch similarity within the search

neighborhood. If a voxel has a similar MR intensity to its neighbors, then the patch centered
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at that voxel cannot uniquely define the local anatomy. Similarly, if a patch has a similar

structure to its neighbors, then the search neighborhood cannot provide any new information.

Therefore, measurements that characterize intensity uniqueness within patch and search

neighborhood are essential to quantify the actual contribution of patch-based local search.

We propose to measure the patch contribution per voxel in two parts: patch uniqueness

(PU) and neighborhood uniqueness (NU). PU measures the intensity variance given image

noise within the patch under consideration, while NU describes how much on average the

intensities are different between the patch under consideration and all patches within its

search neighborhood. Here we derive PU as an example.

The measured MR intensity of a voxel can be seen as its true value plus noise. The

probability of two voxels’ (i and i′) actual intensities ȳi and ȳi′ being the same given their

measured intensities yi and yi′ and image noise variance σ2 is:

P (ȳi = ȳi′ | yi, yi′ , σ2) = exp

(
−(yi − yi′)2

2 ∗ σ2

)
(3.21)

The probability of n voxels in a patch HI(i) centered at voxel i in image I having the same

true intensities as voxel i is:

P (ȳi = ȳi′ , i
′ ∈ HI(i) | yi, yi′ , i′ ∈ HI(i), σ

2) = n

√√√√ ∏
i′∈HI(i)

exp

(
−(yi − yi′)2

2 ∗ σ2

)
(3.22)

= exp

(
−
∑

i′∈HI(i)(yi − yi′)
2

2 ∗ σ2 ∗ n

)
(3.23)

The n-th root is taken to eliminate any bias caused by the different number of voxels in a

patch, especially in patches at brain boundary. Therefore, the patch uniqueness, which is the

probability of n voxels in a patch having different intensities as the center voxel, is defined

as:

PU(i) = 1− exp

(
−
∑

i′∈HI(i)(yi − yi′)
2

2 ∗ σ2 ∗ n

)
(3.24)

In the same manner, we derive NU as follows:

NU(i) = 1− exp

(
−
∑

j∈N(i)

∑
i′∈HI(i),j′∈HI(j)(yi′ − yj′)

2

2 ∗ σ2 ∗ n ∗N

)
(3.25)
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where N is the number of patches within the search neighborhood of voxel i.

The patch contribution (PC) at each voxel is computed as the product of PU and NU:

PC(i) = PU(i) ∗NU(i) (3.26)

To eliminate the intensity variation across the image as well as between subjects, all

computations is conducted on bias-corrected MRIs with intensity normalized with respect to

atlas. To construct a spatio-temporal model of PC maps across the age range, we follow the

approach used for temporal modeling of tissue probabilities [53]. LogOdds representation of

probabilities [53, 96] is adopted to ensure that the resulting model estimates of PC values

are in the range of valid probabilities. The LogOdds, O(•), of probability PC(i) is defined

as:

O(PC(i)) = log

(
PC(i)

1− PC(i)

)
= l(i) (3.27)

The probabilities are then modeled in the LogOdds space using a polynomial model of

designated degree [53]. To synthesize the age-specific PC map, the inverse LogOdds is

computed as:

O−1(l(i)) =
exp(l(i))

1 + exp(l(i))
(3.28)

Age-Specific Voxel Label Accuracy (VLA) Map From the perspective of the overall

performances of the two tissue probabilities used as running priors in the EM labeling, we

use our training data to learn where each estimate provides a more useful EM prior. To

do this we evaluate the results of EM segmentation using the two different priors on the

training data. Then we evaluate overall performance of each at every voxel using a leave-

one-out cross-validation against the manual tracing for each subject in the training dataset.

From this we create an overall Voxel Label Accuracy (VLA) map for both the atlas- and

patch-based tissue probabilities. The VLA of each voxel is defined as follows:

V LAa(i) =
CLa(i)

TL(i)
, V LAp(i) =

CLp(i)

TL(i)
(3.29)



45

where V LAa(i) and V LAp(i) are the VLA of voxel i of atlas- and patch- based tissue prob-

ability respectively; CLa(i) and CLp(i) are the number of scans that are labeled correctly

via EM segmentation using atlas- and patch-based priors respectively; TL(i) is the total

number of scans segmented at voxel i. We follow the same approach to construct a temporal

model of VLA maps in the LogOdds space and synthesize age-specific VLA maps for each

new subject scan. These two maps allow us to quantify of the accuracy level of two tissue

probabilities for each voxel in the MR image to be segmented.

Spatially Weighted Tissue Probability For tissue class k given voxel intensity yi for

voxel i, the combined tissue probability is the weighted average of atlas-based tissue proba-

bility Pa(k | yi) and the patch-based tissue probability Pp(k | yi):

Pw(k | yi) =
V LAa(i) ∗ Pa(k | yi) + V LAp(i) ∗ PC(i) ∗ Pp(k | yi)∑
k[V LAa(i) ∗ Pa(k | yi) + V LAp(i) ∗ PC(i) ∗ Pp(k | yi)]

, k = 1: K (3.30)

3.2.5 Patch-based Augmentation of EM using Weighted Fusion(PBAEM-WF) Framework

In the proposed approach, we combine the desirable properties of both atlas- and patch-

based approaches to provide an improved prior with which to initiate EM labeling of a new

MRI scan. Experimentally, we found that best automated tissue labeling performance was

achieved using patch-based tissue probability as the initialization prior and the combined

tissue probability as the running prior in the EM algorithm. Therefore, in the initialization

step, Eqs. (2) should be replaced with:

Pinit(k | yi) = Pp(k | yi), k = 1: K (3.31)

In the iterations, Eqs. (7) should be replaced with:

P (t)
run(k) = Pw(k | yi), k = 1: K (3.32)
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3.3 Experiments and Validation

3.3.1 MR Imaging Protocol & Image Preprocessing

Premature neonatal imaging was performed by our collaborators at University of British

Columbia in Vancouver, Canada using a 1.5T Siemens scanner with a neonatal head coil.

For each scan, a T1-weighted image was acquired using a 3D FLASH sequence with imaging

parameters TR = 36ms, TE = 9.2ms and a voxel resolution of 1.04 × 1.04 × 1mm3. Then

each MR image was manually segmented into six cerebral tissue regions: gray matter (GM),

white matter (WM), ventricles (VENT), deep gray matter (DGM), sulcal CSF (sCSF) and

non-brain background region (BG). The resulting tissue label maps were used to create the

spatio-temporal atlas and also served as reference segmentation for accuracy mapping and

validation.

3.3.2 Population

The test dataset used for validation consists of 32 T1-weighted brain MR scans of premature

neonatal brains. The birth ages range from 24.86 to 31.43 GWs (27.92 ± 2.26 GWs) , and the

ages at scan range from 27.29 to 46.43 GWs (35.04 ± 5.59 GWs). The male to female ratio of

32 training subjects is 16/16. Our dataset is one of the most long-standing manually-traced

premature neonatal brain MRI dataset dating back to 2008 [107].

3.3.3 Parameter and Model Selection

We experimentally determined the best parameters for the patch search and algorithmic

models. First, the temporal model was evaluated and selected. A cubic temporal model of

local deformation, MR intensities and tissue probabilities showed superior performance over

quadratic model. While, quadratic and cubic temporal models of PC and VLA maps showed

comparable results. For the sake of consistency, we adopted the cubic model for all further

experiments. In this work, we aimed to use the same patch search parameters for all tissue

classes for the patch-based local search. To select the optimal parameters, a patch size of
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3 × 3 × 3 voxels and 5 × 5 × 5 voxels, and a search neighborhood size ratio from 0.0005 to

0.015 of total brain volume were tested. Results will be shown in the following section.

3.3.4 Validation

To evaluate the overall performance of the segmentation approach against the conventional

age-specific EM, experiments were performed using a leave-one-out cross-validation due to

the limited number of 30 manually traced scans. Each scan was segmented with the spatio-

temporal atlas from the other 31 subject scans. The oldest scan (46.43 GW) was excluded

from segmentation performance evaluation because its age lay beyond the maximum age of

its correspondent atlas and thus, its anatomy could deviate greatly from the younger atlas

due to the rapid anatomical change at its age. However, in the younger age range, we have

adequate scans to allow us to test the youngest scan. To avoid excessive computations, the

PC and VLA models were constructed from all training scans. Since the PC map does not

depend on the spatio-temporal atlas, the PC model used all 30 training scans. However,

the VLA model could only be constructed from 31 training scans due to the exclusion of

the oldest scan. The comparison of overall performance between the conventional atlas-

based segmentation approach and PBAEM-WF was made using 31 sets of automated and

manual tissue labeling. To quantify the performance of the automatic segmentation, the

Dice Similarity Coefficient (DSC) between manual and automatic tissue labellings was used.

3.4 Results

3.4.1 Patch Search Parameter Selection

We experimented with different patch search parameters to achieve the optimal performance

of the PBAEM-WF approach. To determine parameter settings to optimize performance,

we assessed the average DSC of PBAEM-WF automatic labeling of all 31 testing scans using

patch-based tissue probabilities computed with different sets of parameters. A patch size

of 3 × 3 × 3 voxels and 5 × 5 × 5 voxels, and a search neighborhood size ratio from 0.0005
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to 0.015 of total brain volume were explored experimentally. Figure 3.3 shows the average

DSC obtained using these sets of parameters. The average DSC stabilizes around a search

neighborhood ratio of 0.003, regardless of the patch size. We chose the optimal search range

ratio of 0.0025 allowing for optimal performance in cortical regions (e.g. GM, sCSF) and

WM, while limiting the decrease of DSC in DGM. A patch size of 3×3×3 voxels or 5×5×5

voxels showed comparable results in GM, WM, VENT and DGM at search neighborhood

ratio of 0.0025. However, given the different performances on the sCSF class, we chose a

patch size of 3 × 3 × 3 voxels to allow more improvement in sCSF. Therefore, the final

parameters for the following experiments and results are a patch size of 3× 3× 3 voxels and

a search neighborhood ratio of 0.0025.

3.4.2 Atlas- and Patch-based Estimation of Tissue Probability

For each manually segmented subject, we constructed a corresponding spatio-temporal atlas

using the other 31 scans in the dataset and synthesized A-TPM. Next, we transformed the

A-TPM into the space of the scan to be segmented to obtain the SA-TPM. The first row in

Figure 3.4 gives an example of SA-TPMs of 5 tissue classes for one scan. The patch-based

tissue probability was computed using the following parameters: a patch size of 3 × 3 × 3

voxels and a search neighborhood ratio of 0.0025. The second row of Figure 3.4 presents an

example of patch-based tissue probability map of 5 tissue classes for one scan. Compared to

the atlas-based tissue probabilities, the less defined tissue boundaries of patch-based tissue

probabilities would allow the EM labeling more freedom to adapt to unseen anatomies in the

new subject to be segmented. Figures 3.5, 3.6 and 3.7 illustrate the complementary strengths

of these two tissue probabilities. The patch-based prior has superior performance over the

atlas-based prior in cases of normal inter-subject variations in GM as shown in Figure 3.5.

This is because each subject’s unique cortical folding in GM cannot be fully captured by the

atlas constructed from only a limited set of scans. Figure 3.6 shows a scan of a subject with

ventriculomegaly, where the abnormally enlarged ventricles were not captured in the atlas

constructed from healthy subjects. Therefore, the atlas-based approach fails to accurately
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Figure 3.3: Average DSC of PBAEM-WF automated segmentation obtained using different
sets of patch search parameters. Patch size of 3× 3× 3 voxels or 5× 5× 5 voxels is indicated
by solid or dashed line.
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estimate the tissue probability of the ventricular regions. However, the clear boundary of the

ventricles allowed the patch-based approach to generate a more anatomically viable tissue

probability estimation in this case. In tissue classes without clear boundaries or less variant

inter-subject intensity differences, such as DGM as shown in Figure 3.7, atlas-based tissue

probability estimation demonstrated higher accuracy than patch-based tissue probability.

3.4.3 Spatially Adapted Tissue Probability Prior

Age-Specific Spatially Varying PC Map The PC maps in Figure 3.8 demonstrates

the amount of additional information that is introduced by the patch-based search. In

cortical regions (e.g. sCSF/GM boundaries and GM/WM boundaries), the uniqueness of

MR intensities of different tissue regions is high. Therefore, the intensity-based local patch

search can better distinguish between tissues. This is reflected in the high PC values in these

regions. In contrast, at WM/DGM boundaries where there is low MR intensity contrast, the

patch based search could not reliably separate WM and DGM. The lower PC values here

reflects the decreased reliability and utility of the patch-based search. The PC has its lowest

value inside uniform regions, such as inside WM and DGM, where the patch-based tissue

probabilities, by definition, are the same as the atlas-based tissue probabilities. Therefore,

little additional information can be introduced by incorporating the patch-based search.

Age-Specific Spatially Varying VLA Map The VLA maps in Figure 3.9 illustrate the

complementary strengths of atlas- and patch-based tissue probability estimates. We can see

that at GM-WM boundaries, the patch-based tissue probabilities are more accurate (shown

as higher intensity in the VLA map) compared to the atlas-based tissue probabilities, while

at DGM-WM boundaries, they are less accurate. The patch-based estimates tend to be

more accurate where there is a clear tissue boundary or the inter-subject variation is large,

such as GM, WM, VENT and sCSF. In tissue classes like DGM whose boundary does not

have high intensity contrast, or where little inter-subject variation is present, atlas-based

estimation of tissue probability tends to be more accurate. VLA maps succeed in measuring
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Figure 3.4: Examples of running priors. From left to right: Raw MR image (column 1),
atlas-based (SA-TPM) (column 2), patch-based (column 3) and PBAEM-WF (column 4)
tissue probability map of, from top to bottom, GM, WM, VENT, DGM and sCSF of one
subject as an example. Tissue probability on a scale 0 - 100. Red arrows: PBAEM-WF
tissue probability is more accurate than the atlas-based one; Blue arrows: PBAEM-WF
tissue probability is more accurate than the patch-based one.
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Figure 3.5: Raw MR image overlaid (top row) with atlas-based tissue probability map (SA-
TPM) (middle row) and patch-based (bottom row) tissue probability map of GM in one
subject. Tissue probability is on a scale of 0 - 100. Yellow arrows point where patch-based
TP is more accurate than atlas-based one.
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Figure 3.6: Raw MR image overlaid (top row) with atlas-based tissue probability map (SA-
TPM) (middle row) and patch-based (bottom row) tissue probability map of VENT in one
subject with ventriculomegaly. Tissue probability is on a scale of 0 - 100. Yellow arrows
point where patch-based TP is more accurate than atlas-based one.
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Figure 3.7: Raw MR image overlaid (top row) with atlas-based tissue probability map (SA-
TPM) (middle row) and patch-based (bottom row) tissue probability map of DGM in one
subject. Tissue probability is on a scale of 0 - 100. Yellow arrows point where patch-based
TP is less accurate than atlas-based one.

Figure 3.8: Age-specific Patch Contribution (PC) map (green) overlaid over raw MR image
(grayscale). PC values are on a scale of 0 - 100. Red arrows: high PC values in cortical
regions at sCSF/GM and GM/WM boundaries. Blue arrow: low PC values at WM/DGM
boundary and inside WM, DGM.
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Figure 3.9: Comparison between Voxel Label Accuracy (VLA) maps resulting from EM
segmentation using atlas-based (top row) and patch-based (bottom row) tissue probabilities
as running priors. VLA values are on a scale of 0 - 100. Red arrows: patch-based tissue
probabilities is more accurate at sCSF/GM and GM/WM boundaries; Blue arrows: atlas-
based tissue probabilities is more accurate at DGM/WM boundaries.

these differences in accuracy levels on a voxel basis, allowing us to optimally combine the

two tissue probabilities at a voxel level.

Patch-based Augmented Prior Figure 3.4 compares the spatially adapted tissue prob-

ability (bottom row) with the atlas- (top row) and patch-based (middle row) tissue proba-

bility map of 5 tissue classes of one subject. We show that the patch-based augmentation

of atlas-based tissue probabilities takes advantage of the complimentary strengths of both

the atlas-based and the patch-based methods, improving accuracy in GM, WM, VENT and

sCSF compared to atlas-based TP and in DGM compared to patch-based TP.
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3.4.4 Comparison with Conventional Age-specific EM Automated Segmentation

We compared the performance of PBAEM-WF with the baseline algorithm: conventional

atlas-based EM tissue segmentation using spatio-temporal atlas[54]. Average DSCs for 5 tis-

sue classes of the 31 scans were computed and compared among using atlas-, patch-based and

PBAEM-WF prior in the EM algorithm. Table 3.1 shows the comparison of average DSCs

between the conventional atlas-based EM segmentation and the PBAEM-WF approach. On

average, the PBAEM-WF approach significantly (p < 0.05) improved the segmentation accu-

racy in GM, WM, VENT and sCSF compared to the conventional atlas-based EM segmenta-

tion. Although we see a significant (p < 0.05) decrease in accuracy in the DGM, the amount

of decrease is less that 1%. This was due to the fact that our PBAEM-WF-based method

improves the automated segmentation for tissues with high boundary contrast and large

inter-subject intensity variation. However, the boundaries of DGM are less distinguishable

and inter-subject intensities less variant than GM, WM, VENT and sCSF.

Figure 3.10 plots individual DSCs with age of five tissue classes. For most subjects, we

can see an significant improvement in DSC in GM (26/31), WM (15/31), VENT (23/31) and

sCSF (31/31). In addition, a trend of decreasing segmentation accuracy with age is shown in

WM, while for GM, VENT, sCSF and DGM, comparable segmentation accuracy is obtained

regardless of age. This is due to the fact that white matter myelineation and increasing level

of cortical folding renders automatic segmentation increasingly difficult over developmental

age.

Figure 3.11 gives an example of the improved automated labeling at GM-WM boundaries

compared to the conventional atlas-based EM method. Figure 3.12 illustrates that our

proposed PBAEM-WF approach produced a more anatomically correct automated labeling

for the ventricular regions compared to the atlas-based EM segmentation approach. Table

3.2 shows the comparison between using EM with patch-based prior alone and with the fully

optimized PBAEM-WF prior. It is clear that the segmentation accuracy improved in all 5

tissue classes using PBAEM-WF compared to only using the patch-based prior. Table 3.3
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Figure 3.10: DSCs of five tissue classes of 31 individual scans plotted with age.
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Figure 3.11: Improvements of GM and WM segmentation in a subject where the cortex is
significantly more folded than the age-specific average template. Top row: manual segmen-
tation; Middle row: atlas-based automatic segmentation (DSC: GM 0.7580, WM 0.8882);
Bottom row: PBAEM-WF (DSC: GM 0.8477 with improvement of 0.0897, WM 0.9151 with
improvement of 0.0269). Red arrows: GM-WM boundaries where PBAEM-WF was proved
to generate more accurate labeling than atlas-based approach.

lists the number of scans that obtained higher DSC using PBAEM-WF prior compared to

using either atlas- or patch-based prior alone. We can see that the segmentation performance

improved in a majority of subjects using PBAEM-WF prior compared to only using either

atlas- or patch-based prior.

Furthermore, we computed the VLA maps of the atlas-, patch-based and PBAEM-WF

prior using leave-one-out cross-validation and show comparison in Figure 3.13. We can

see that at GM-WM boundaries and VENT boundaries, the PBAEM-WF prior was more

accurate (shown as brighter in the VLA map) compared to using atlas-based prior alone,
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Figure 3.12: Improvements of VENT segmentation in a subject where VENT is signifi-
cantly larger than the age-specific average template. Top row: manual segmentation; Middle
row: atlas-based automatic segmentation (DSC: VENT: 0.9191); Bottom row: PBAEM-WF
(DSC: VENT 0.9364 with improvement of 0.0173).Red arrows: VENT boundaries where
PBAEM-WF was proved to generate more accurate labeling than atlas-based approach.
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Table 3.1: Comparison of average DSCs of 31 subjects between using EM algorithm with
atlas-based prior and proposed PBAEM-WF approach. Tissues with improvements in DSC
are highlighted.* indicates statistical significance with p < 0.05 from pair-wise two-tailed
t-test.

Tissue Class EM w/ Atlas-based Prior PBAEM-WF Difference in Average Difference in StdDev

GM 0.8558 ± 0.0298 0.8686 ± 0.0236 +0.0128* -0.0062

WM 0.9105 ± 0.0611 0.9184 ± 0.0452 +0.0079* -0.0159

VENT 0.8555 ± 0.0525 0.8673 ± 0.0438 +0.0118* -0.0087

sCSF 0.7692 ± 0.0451 0.8014 ± 0.0428 +0.0322* -0.0023

DGM 0.9318 ± 0.0191 0.9260 ± 0.0192 -0.0058* +0.0001

Table 3.2: Comparison of average DSCs of 31 subjects between EM algorithm with patch-
based prior and proposed PBAEM-WF approach. Tissues with improvements in DSC are
highlighted.* indicates statistical significance with p < 0.05 from pair-wise two-tailed t-test.

Tissue Class EM w/ Patch-based Prior PBAEM-WF Difference in Average Difference in StdDev

GM 0.8014 ± 0.0428 0.8686 ± 0.0236 +0.0672* -0.0192

WM 0.9109 ± 0.0405 0.9184 ± 0.0452 +0.0075* +0.0047

VENT 0.8591 ± 0.0491 0.8673 ± 0.0438 +0.0082* -0.0053

sCSF 0.8029 ± 0.0416 0.8014 ± 0.0428 -0.0015 +0.0012

DGM 0.8742 ± 0.0280 0.9260 ± 0.0192 +0.0518* -0.0088
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Table 3.3: Number of scans out of 29 with improved DSC (difference more than 0.0005)
using PBAEM approach compared to using atlas- or patch-based prior .

Comparison GM WM VENT sCSF

PBAEM compared to Atlas-based 24/29 20/29 23/29 20/29

PBAEM compared to Patch-based 26/29 29/29 24/29 28/29

while at DGM-WM boundaries, the PBAEM-WF prior proved to be more accurate compared

to using patch-based prior alone.

3.4.5 Comparison with NeoBrainS12 Challenge Result on Scans with Similar Ages

The NeoBrainS12 dataset is one of the most established public dataset of neonatal brain MR

images. Automatic segmentation performance has been reported using various methods in

the NeoBrainS12 challenge. In this section, we aim to compare our results to the published

ones from the challenge to show the superiority of the proposed PBAEM-WF.

However, we could not test directly on the NeoBrainS12 dat set due to two reasons. On one

hand, the dataset only contains brain MR scans at two time points: 30 and 40 GW. Thus,

the spatio-temporal atlas that is required in our proposed method could not be constructed

from the provided dataset. On the other hand, we could not use the spatio-temporal atlas

constructed from our dataset to automatically segment the NeoBrainS12 images because their

manual labeling followed different protocols. Thus, our atlas cannot represent the tissure

features of the NeoBrainS12 dataset. As an alternative, we compute the average DSCs of

scans from our dataset around 30 and 40 GW respectively, and compared them with the DSCs

published in the challenge as in Table 3.4 and 3.5. Note that, for our DGM, we compared

with the basal ganglia and thalami (BGT) in the challenge as an approximation. We can see

that at age of 30 GW, PBAEM-WF demonstrates superiority over all methods in GM, WM

and DGM, and over most methods in VENT and sCSF. At age of 40 GW, PBAEM-WF
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Figure 3.13: Comparison between VLA maps of atlas-based prior (top row), patch-based
prior (middle row) and PBAEM-WF prior (bottom row). Red arrows: PBAEM-WF prior
is more accurate than patch-based one at DGM boundaries; Blue arrows: PBAEM prior is
more accurate than atlas-based one at GM-WM boundaries; Green arrow: PBAEM prior is
more accurate than atlas-based one at VENT boundaries.
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Table 3.4: Comparison between the 1st place on the 30 GW coronal MRI in NeoBrainS12
Challenge and average performance of PBAEM-WF on 5 scans around 30 GWs (30.10 ±
0.42GWs). For a fair comparison, we rounded to the hundredth place.

GM WM VENT sCSF DGM

DSC

1st Place 0.71 0.90 0.88 0.83 0.84

PBAEM-WF 0.86 0.95 0.86 0.77 0.91

Rank > 1st place > 1st place 3rd place 2nd place > 1st place

Table 3.5: Comparison between the 1st place on the 40 GW coronal MRI in NeoBrainS12
Challenge and average performance of PBAEM-WF on 2 scans around 40 GWs (40.21 ±
1.12GWs).

GM WM VENT sCSF DGM

DSC

1st Place 0.77 0.84 0.84 0.77 0.88

PBAEM-WF 0.86 0.88 0.86 0.79 0.95

Rank > 1st place > 1st place > 1st place > 1st place > 1st place

achieved higher segmentation accuracy over all published methods in all 5 tissue classes.

3.4.6 Application to Severe Abnormalities

To further test the robustness of our proposed algorithm when applied to unseen abnormal

cases that are significantly different from those in the atlas, we constructed a spatio-temporal

atlas using all 30 atlas subjects and applied our method on a non-atlas subject with severe

ventriculomegaly and Grade 2 intraventricular hemorrhage (IVH). Figure 3.14 illustrates

the comparison of the performances between PBAEM-WF and the conventional atlas-based

approach. Because this scan’s anatomy drastically varied from the spatio-temporal atlas

constructed from healthy subjects, the atlas-based approach failed to generate a valid auto-
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Figure 3.14: Labeling of abnormal anatomy not represented in the atlas. Comparison of
manual labeling (top row), conventional atlas-based (middle row) and PBAEM-WF (bottom
row) automated labeling in a case of severe ventriculomegaly and Grade 2 IVH. Red arrows:
PBAEM-WF approach produced a more valid and accurate labeling of the enlarged VENT;
Yellow arrows: IVH was partially labeled as BG.

mated tissue labeling, as seen in the middle row of Figure 3.14. In particular, the abnormally

enlarged ventricular regions were not captured. The bottom row of Figure 3.14 shows the

ability of our proposed PBAEM-WF approach to adapt to the unseen anatomies which

greatly differed from the atlas. The abnormal ventricular regions were more accurately con-

toured and the blood clot was partially labeled as non-brain background (BG) based on its

abnormal intensity at its location.
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3.5 Discussion and Conclusion

In this chapter, I present a hybrid approach that augments the conventional model-based

EM segmentation technique for labeling rapidly developing brain anatomy. The proposed

method combines the best features in both atlas- and patch-based approaches in order to

obtain more accurate automated labeling of brain tissues. We introduced the patch-based

tissue probability estimates as a representation of any new subject’s own anatomy within

the atlas-based EM segmentation framework. In particular, we adapted the patch-based

segmentation approach to use the parametric average estimate synthesized from the atlas as

the patch-based dictionary images, which allows us to use atlases constructed with a relatively

sparse distribution of manually segmented scans over the age range. A series of experiments

with challenging examples of MRI from a range of clinical cases of premature birth showed

a superior performance of the proposed PBAEM framework over either the conventional

atlas-based segmentation approach or the local patch-based methods. Successful application

of PBAEM to the abnormal cases also further highlighted its ability to adapt to the new

unseen anatomies that are not captured in the atlas.
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Chapter 4

PBAEM USING VARIABILITY-CONSTRAINED SEARCH
(PBAEM-VCS) FOR HEALTHY PREMATURE NEONATAL

BRAIN MRI TISSUE SEGMENTATION

4.1 Introduction

In the previous chapter, the atlas- and patch-based techniques were integrated in a way

of creating a new combined tissue probability computed as the weighted average of atlas-

and patch-based tissue probabilities. Using such method, segmentation accuracy of cortical

regions was significantly improved compared to the conventional atlas-based EM approach.

However, in PBAEM-WF, the computation was excessive. To build the spatio-temporal VLA

models, EM segmentation needs to be run with both atlas- and patch-based tissue proba-

bilities. In addition, a spatio-temporal PC model is required to account for the correlation

between two sources of tissue probability estimates. As far as the patch search is concerned,

for each subject, the search range is globally defined. Therefore, in challenging regions (e.g.

cortical regions), the search range may not be big enough to find matching anatomy, while

in structures with less variation (e.g. DGM and inside WM), most computation of patch

similarity within the search range is wasted.

The spatio-temporal atlas can only account for the age-dependent variability across ages.

However, scans of subjects at the same age are anatomically different as well, especially the

depth and location of cortical foldings. Nonetheless, this level of variability at any specific

age was not captured in the atlas. In PBAEM, the purpose of introducing in the patch-based

local search is to correct for the segmentation error caused by this level of variability.

In this chapter, I present a novel and simplified approach to integrate the two techniques

by using the atlas to locally define the patch-based search range. In PBAEM-VCS, the
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anatomical variability at each certain age for all ages is modeled using a spatio-temporal

and used as a guideline for determining how far should the patch-based local search for each

location in the brain. In this way, the patch-based search could optimally compensate for the

population variability at any certain age. In this approach, besides the spatio-temporal tissue

atlas, only one additional spatio-temporal model of anatomical variability map is required

which can be directly learnt from the atlas and anatomy without running EM segmentation

pipeline. Besides, since the search range of locally leanrt, patches can be better matched

in highly variable regions while computation in regions with less variation can be greatly

reduced. Despite of straightforwardness and less computation, PBAEM-VCS is shown to

improve the segmentation accuracy even more that PBAEM-WF.

4.2 Methodology

4.2.1 Overview

In this section, I first define the anatomical variability and explain the rationale behind

modeling it. Then details of modeling and synthesizing age-specific variability map are

given. Last, I explain how to use the locally learnt variability map to constrain the patch

search range

4.2.2 Define Variability at Each Location in Brain

Here the purpose is to examine the anatomical variability that is not captured by the atlas.

Recall that in the spatio-temporal atlas, we have a displacement field modeled across ages

which measures the difference of voxel locations between each subject space and the average

reference (i.e. atlas) space. The displacement field contains three values at each voxel which

are the displacement in x, y and z direction respectively. The true displacement field of

each subject is computed from group warp when constructing the atlas[53], and what atlas

captures is reflected by the synthesized age-specific displacement field. Figure 4.1 shows the

comparison between the true and estimate displacement field for one subject. Essentially,
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Figure 4.1: An example of differences between the true and estimated displacement fields
of one subject (value in number of voxels). Red arrows point to regions with significant
difference in cortical regions.

the variability that we want to measure is, for each subject, the difference between the true

displacement field and the synthesized age-specific displacement field, in other words, the

residual of the displacement field model. For convenience, I will refer to it as the residual

displacement field (RDF).

4.2.3 Model RDFs Using Spatio-Temporal Models and Synthesize Age-Specific Variability

Map

In order to obtain an estimate of variability at any age, a spatio-temporal model is con-

structed from RDFs using the training data. I followed the same approach of temporal
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modeling the shape deformation as in [53]. Then for any given age of the scan to be seg-

mented, an age-specific variability map can be synthesized. Three values at each voxel

location indicate, on average, how far its matching point could be.

4.2.4 Using Variability Map to Define Patch-based Search Range

This locally learnt age-specific variability map can then be used to define the patch-based

local search range. Essentially, for each voxel, the variability in x, y and z direction gives

us a 3D ellipsoid centered at the voxel under investigation. This ellipsoid defines the search

range for its center voxel. Therefore, a voxel at coordinate (X ′, Y ′, Z ′) is in the search range

of voxel (X, Y, Z) if the following inequality is satisfied:

(X −X ′)2

V x2
+

(Y − Y ′)2

V y2
+

(Z − Z ′)2

V z2
≤ 1 (4.1)

where V x, V y, V z is the variability at voxel (X, Y, Z) in x, y and z direction respectively. In

this way, in regions with less variation, such as DGM and inside WM, the variability-defined

search range is restricted. In extremely cases, when variability is minimal, no search will be

conducted and the patch-based tissue probability will be the same as the atlas-based tissue

probability at that voxel, which is desired for regions with extremely low variation.

4.2.5 Patch-based Augmentation of EM using Variability Constrained Search (PBAEM-

VCS) Framework Framework

Similarly to PBAEM-WF, in PBAEM-VCS, we found that best automated tissue labeling

performance was achieved using patch-based tissue probability as the initialization prior and

the combined tissue probability as the running prior in the EM algorithm. Therefore, in the

initialization step, Eq. (3.2) should be replaced with:

Pinit(k | yi) = Pp(k | yi), k ∈ [1, K] (4.2)
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In the iterations, Eq. (3.7) should be replaced with:

P (t)
run(k) = Pw(k | yi), k ∈ [1, K] (4.3)

4.3 Experiments and Validation

To validate the proposed PBAEM-VCS, I utilized the same premature neonatal brain MR

dataset as in the previous chapter. The spatio-temporal was chosen to be linear to avoid any

potential over-fitting. To experimentally determine the optimal threshold of search range,

1.5 ∼ 3.0 times the variability were tested and results will be shown in the following sec-

tion. Leave-one-out cross-validation was used in the entire pipeline for both spatio-temporal

atlas and spatio-temporal variability map. That is, for each subject to be segmented, the

age-specific displacement field was generated using a leave-one-out atlas, and the variability

models were also constructed using difference maps of the other 31 scans. To quantify the

performance of the automatic segmentation, the Dice Similarity Coefficient (DSC), Haus-

dorff distance (HD) [63] and mean distance (MD) of the tissue volume between manual

and automatic tissue labellings were used. Detailed distance measurements of GM and WM

divided by 8 lobes (Frontal Left/Right, Temporal Left/Right, Parietal Left/Right and Occip-

ital Left/Right) were also computed. To challenge the validity of proposed methods without

using computationally expensive leave-on-out cross-validation for PC and VLA maps, exper-

iments on non-atlas scans which are not used in the atlas training dataset consisting of 32

scans) were conducted. We present the results in the following section.

4.4 Results

4.4.1 Patch Search Range Threshold Selection

Experiments were conducted using different search ranges of from 1.5 to 3.0 times of variabil-

ity at each voxel. The average and standard deviation of DSC of 31 subjects are compared,

as shown in Figure 4.2. We can see that the segmentation performance improves with larger
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search range until an optimal threshold, and then decreases. This is because when smaller

than the optimal, the search range is not large enough to cover most potential matching

voxels. However, with a search range too big, the tissue probabilities of the best matches

will be diluted by the non-matches. Therefore, the optimal search range exits. To balance

the performances of all tissue classes, the threshold of twice the variability was set.

4.4.2 Age-Specific Variability Map

To visualize the age effect on variability in neonatal brain MRIs, synthesized age-specific

variability maps at four different gestational ages are shown and compared in Figure 4.3. We

can clearly see that the variability at cortical regions dramatically grows with age, especially

at major cortical gyrifications at central sulcus (red arrow) and primary visual cortex (yellow

arrow).

4.4.3 Patch-based Tissue Probability with Locally Constrained Search

Using the threshold of search range chosen above, patch-based tissue probability was com-

puted for each voxel in the scan being studied. Figure 4.4 shows the comparison of GM tissue

probability between the atlas-based, patch-based using a global search range as in PBAEM-

WF and using a locally defined search range as in PBAEM-VCS. Compared to atlas-based

tissue probability, the VCS patch-based tissue probability demonstrates higher accuracy at

cortical GM (pointed by yellow arrows). Compared to patch-based tissue probability using

globally set search range, VCS patch-based tissue probability shows superior accuracy in

hippocampus (red arrow) and sharper tissue probability boundaries in GM. Such more defi-

nite tissue probability could avoid ambiguity in EM segmentation to achieve a more accurate

automated tissue labeling.

Figure 4.5 shows the improvement to accurately estimate the tissue probability in regions

with less variation, DGM. Since the variability is low in DGM, the variability constraint

search range is also small. Thus, in such regions, the patch-based tissue probability is

dominated by the atlas-based tissue probability of its closest neighbor and will not be further
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Figure 4.2: Average (left) and standard deviation (right) of DSC of 31 subjects using different
search range threshold.
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Figure 4.3: Age-specific variability maps in x(upper row), y(middle row) and z(lower row)
direction at four different gestional ages (value in number of voxels). 1st column: 28.57 GW;
2nd column: 35.29 GW; 3rd column: 40.29 GW; 4th column: 45.29 GW. Red arrows: central
sulcus; Yellow arrrows: primary visual cortex.
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Figure 4.4: Comparison of GM tissue probabilities between atlas-based, patch-based with
globally and locally set search range. Red arrows: VCS patch-based TP better than patch-
based with global search range; Yellow arrows: VCS patch-based TP better than atlas-based
TP.
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Figure 4.5: Comparison of DGM tissue probabilities between atlas-based, patch-based with
globally and locally set search range. Red arrows: VCS patch-based TP better than patch-
based with global search range.

diluted. This is one of the major advantages of locally constraint patch-based search so that

no additional fusion with the atlas-based tissue probability is needed.

4.4.4 Comparison with PBAEM-WF

The final automated tissue segmentation were compared between PBAEM-WF and PBAEM-

VCS. Table 4.1 compares the average DSC of 31 subjects using two methods. We can see

that the segmentation accuracy is significantly (p < 0.05) improved using PBAEM-VCS,

especially in cortical GM. Even though, in GM and VENT, the standard deviations are

higher than PBAEM-WF, the differences are minimal. Table 4.2 shows the comparison of

HDs between two PBAEM approaches. Improved HDs using PBAEM-VCS are observed in

all tissue classes except for VENT. In fact, PBAEM-VCS achieves the best performances of
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Table 4.1: Comparison of average DSCs of 31 subjects between using PBAEM-WF and
PBAEM-VCS. Tissues with improvements in DSC are highlighted.* indicates statistical sig-
nificance with p < 0.05 from pair-wise two-tailed t-test..

Tissue Class PBAEM-WF PBAEM-VCS Difference in Average Difference in StdDev

GM 0.8686 ± 0.0236 0.8840 ± 0.0269 +0.0154* +0.0033

WM 0.9184 ± 0.0452 0.9276 ± 0.0423 +0.0092* -0.0029

VENT 0.8673 ± 0.0438 0.8707 ± 0.0456 +0.0034 +0.0018

sCSF 0.8014 ± 0.0428 0.8103 ± 0.0389 +0.0089* -0.0039

DGM 0.9260 ± 0.0192 0.9232 ± 0.0200 -0.0028 +0.0008

HD in GM, WM, DGM. The reason why PBAEM-VCS fails to perform as well is that the

search range may be not large enough in cases of slightly enlarged ventricles.

Figure 4.6 gives an example of improvement in automatic labeling of GM when using

PBAEM-VCS compared to PBAEM-WF. At corpus callosum (pointed by blue arrows), due

to WM myelination, its intensity is similar to cortical GM in its neighborhood. If the search

range is too big, it will be more likely to be labeled as cortical GM instead of WM as in

PBAEM-WF. However, using PBAEM-VCS, we are able to learn that the variability in

corpus callosum is low, and thus, patch-based search will be conducted more locally to avoid

mislabeling.

Figure 4.7 provides a visualization of improvement of PBAEM-VCS compared to atlas-

based segmentation and PBAEM-WF with different ages. Improvements are seen especially

in older age range, where segmentation errors were relatively larger compared to younger

age range using both atlas-based approach and PBAEM-WF. PBAEM-VCS helps to reduce

inconsistency of segmentation accuracy across ages significantly. However, in WM, we still

see decreasing DSC values with older ages. There are two main reasons. Firstly, since WM

is adjacent to all other tissue classes, it collects all the segmentation errors in other tissue
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Figure 4.6: Improvements of GM and WM segmentation in a subject where the cortex is
significantly more folded than the age-specific average template. Top row: manual segmenta-
tion; Middle row: PBAEM-WF (DSC: GM 0.8946, WM 0.9153); Bottom row: PBAEM-WF
(DSC: GM 0.9171 with improvement of 0.0225, WM 0.9330 with improvement of 0.0177).
Red arrows: Cortical GM-WM boundaries where PBAEM-VCS was proved to generate more
accurate labeling than PBAEM-WF approach; Blue arrows: corpus callosum
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Table 4.2: Comparison of average HDs of 31 subjects between using PBAEM-WF and pro-
posed PBAEM-VCS approach. Improved items are bold. * indicates statistical significance
with p < 0.05 from pair-wise two-tailed t-test.

Tissue Class PBAEM-WF PBAEM-VCS Difference in Average Difference in StdDev

GM 6.7364 ± 1.0156 6.3480 ± 1.5212 -0.3884 +0.5056

WM 6.9771 ± 4.0929 6.4155 ± 4.3259 -0.5616* +0.2330

VENT 18.9204 ± 6.0749 20.4287 ± 6.3525 +1.5083 +0.2776

sCSF 10.1193 ± 1.6036 9.8709 ± 1.6759 -0.2484 +0.0723

DGM 4.7416 ± 1.3220 4.0894 ± 0.9585 -0.6522* -0.3635

classes. With older age, the scan is more difficult to segment, and thus more error in most

tissue classes, WM would have a even lower DSC at older ages. Secondly, volume-wise, WM

is the largest tissue class which we are labeling. Therefore, there are more random error

on the boundary for a more folded brain at older age. This would cause a more dramatic

decrease of DSC with age in WM than other tissue classes.

4.4.5 Application to Severe Abnormalities

I further tested PBAEM-VCS on the scan of a subject suffering from IVH. Figure 4.8 shows

an example when the blood clot was mislabeled as BS by PBAEM-WF while was correctly

labeled as BG by PBAEM-VCS. This is because, in PBAEM-VCS, I was able to learn a

relatively smaller search range at the hemorrhage site (inside WM) than the globally defined

search range in PBAEM-WF. Therefore, the patch-based search did not wrongfully search in

the BS region to find a match, and instead, couldn’t find a match in its close neighborhood.

Thus, it gave a more accurate patch-based tissue probability estimate as BS for the blood

clot. However, this also caused segmentation errors in the greatly enlarged ventricles due to

too limited search range (yellow arrows). This issue will be further addressed in the next
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Figure 4.7: DSCs of five tissue classes of 31 individual scans plotted with age. Compari-
son is shown between segmentation performances of conventional atlas-based EM approach,
PBAEM-WF and PBAEM-VCS.
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Figure 4.8: Comparison of PBAEM-WF and PBAEM-VCS on an abnormal scan with IVH.
Red arrow: IVH mislabeled as BS by using PBAEM-WF while correctly labeled as BG
by using PBAEM-VCS; Yellow arrows: mislabeled VENT as WM by PBAEM-VCS while
correctly labeled by PBAEM-WF.

chapter.

4.4.6 Distance Evaluation

Based on comparison of DSC in Table 3.1 and Table 3.2, we see that PBAEM-VCS shows

the most superior segmentation performance. Here we further computed and compared the

average HD and MD (Table 4.3) between PBAEM-VCS and conventional atlas-based EM

technique to show its superiority. We can see that in most cases, PBAEM-VCS provided

better performance than the conventional age-specific atlas-based approach. The majority

of the large errors we observe occurred outside brain tissue, e.g. around skull due to partial

volume effect. This could be solved with a more accurate skull stripping or masking in the

future.
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Table 4.3: Comparison of average HDs and MDs of 31 subjects between PBAEM-VCS and
atlas-based EM technique. Lowest HDs and MDs are bold. * indicates statistical significance
with p < 0.05 from pair-wise two-tailed t-test between the two methods.

Tissue Class
EM w/ Atlas-based Prior PBAEM-VCS

MD HD MD HD

GM 0.17 ± 0.04 5.58 ± 1.11 0.13* ± 0.03 5.79 ± 1.19

WM 0.12 ± 0.10 5.67 ± 2.15 0.09* ± 0.06 5.64 ± 1.89

VENT 0.35 ± 0.30 23.61 ± 6.24 0.23* ± 0.15 19.78* ± 6.10

sCSF 0.31 ± 0.09 9.45 ± 1.90 0.26* ± 0.06 9.60 ± 1.88

DGM 0.08* ± 0.03 5.13 ± 9.62 0.09 ± 0.03 3.94 ± 0.89

We also computed distance measurements of cortical GM by individual lobes (Table 4.4).

The lobe definition is shown in Fig. 4.9. We see that both methods achieved consistent

results across different lobes and PBAEM-VCS showed significant superiority in all lobes of

the cortex. We also noted that segmentation accuracy in the occipital lobes was improved

by using PBAEM-VCS over conventional age-specific atlas-based method.

4.5 Discussion and Conclusion

In this chapter, I describe an improved approach on PBAEM-WF to locally learn the search

range to achieve higher segmentation accuracy while reducing unnecessary computation.

Especially, significant improvement in DSC is seen in cortical regions, where are most chal-

lenging.
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Figure 4.9: Labeling of 8 cerebral lobes.

Table 4.4: Comparison of average HDs and MDs of 8 lobes of cortical GM from 31 subjects
between PBAEM-VCS and atlas-based EM technique. Lowest HDs and MDs are bold. *
indicates statistical significance with p < 0.05 from pair-wise two-tailed t-test between the
two methods.

Lobe
EM w/ Atlas-based Prior PBAEM-VCS

MD HD MD HD

Frontal R 0.15 ± 0.04 4.25 ± 1.34 0.12* ± 0.03 4.38 ± 1.43

Frontal L 0.15 ± 0.04 4.43 ± 1.41 0.12* ± 0.03 4.43 ± 1.47

Temporal R 0.17 ± 0.04 4.16 ± 0.91 0.14* ± 0.04 4.05 ± 0.99

Temporal L 0.17 ± 0.05 4.00 ± 0.90 0.14* ± 0.04 3.91 ± 1.04

Parietal R 0.17 ± 0.07 4.40* ± 1.10 0.13* ± 0.06 4.90 ± 1.20

Parietal L 0.15 ± 0.05 3.95 ± 1.21 0.11* ± 0.03 4.24 ± 1.28

Occipital R 0.22 ± 0.07 4.20 ± 1.15 0.16* ± 0.06 4.07 ± 1.31

Occipital L 0.19 ± 0.06 3.93 ± 1.19 0.13* ± 0.04 3.70 ± 1.35
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Table 4.5: Comparison of average HDs and MDs of 8 lobes of WM from 31 subjects be-
tween PBAEM-VCS and atlas-based EM technique. Lowest HDs and MDs are bold. *
indicates statistical significance with p < 0.05 from pair-wise two-tailed t-test between the
two methods.

Lobe
EM w/ Atlas-based Prior PBAEM-VCS

MD HD MD HD

Frontal R 0.10 ± 0.07 4.28 ± 1.78 0.08* ± 0.05 4.25 ± 1.58

Frontal L 0.09 ± 0.06 4.10 ± 1.06 0.08* ± 0.04 3.95 ± 0.94

Temporal R 0.12 ± 0.09 4.15 ± 1.69 0.10* ± 0.06 4.05 ± 1.42

Temporal L 0.12 ± 0.09 4.01 ± 1.22 0.10* ± 0.06 3.87 ± 1.13

Parietal R 0.13 ± 0.12 3.46 ± 1.32 0.09* ± 0.07 3.52 ± 1.58

Parietal L 0.12 ± 0.12 3.68 ± 1.20 0.09* ± 0.07 3.53 ± 1.50

Occipital R 0.18 ± 0.17 3.95* ± 1.34 0.13* ± 0.10 4.33 ± 1.56

Occipital L 0.19 ± 0.22 4.11 ± 2.28 0.13* ± 0.13 4.16 ± 1.90
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Chapter 5

MULTI-CENTER CROSS-SCANNER CROSS-PROTOCOL
VALIDATION OF PBAEM-VCS USED FOR HEALTHY

PREMATURE NEONATAL BRAIN MRI TISSUE
SEGMENTATION

5.1 Introduction

Large-scale MRI clinical studies often require image analysis on datasets acquired by dif-

ferent sites using different scanners and imaging protocols[129]. Additionally, multi-center

structural MRI studies can greatly increase statistical power and single-center studies[117].

Because of these, many multi-center studies on children[93] and adults[135, 67] have been car-

ried out. However, when dealing with multi-center data, especially acquired using different

scanners running different imaging protocols, across-center differences may cause difficulties

in image processing and inconsistency in algorithm performances. Ideally, MR acquisition

protocols should be optimized in advance by scanning calibration subjects before starting

multi-center data acquisition[135, 27] to allow reliable combination of MRI data acquired

at different sites in a multi-site MR study[118]. However, this is not always feasible. In

some cases, due to scanner or facility restrictions, it may not be able to adopt the optimal

protocol. Besides, in our case, it is both unethical and impossible to acquire brain MRIs of

the same premature neonate within a short time to minimize the age effect. Last but not

least, the decision to analyze multi-center data collectively is usually made after all the data

has been collected using site-specific protocols[27].

Nonetheless, in such large-scale multi-site MRI-based brain studies, automatic delineation

of brain tissues in the MR scan remains a crucial step and allows for further volumetric

analysis due to the large amount of data that needs to be processed[61]. This can be even
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more challenging than single-site MR segmentation due to potential large-scale cross-platform

variations. Especially in studies that involve MRI-based quantitative measurements such as

tissue volumes, cortical thickness etc., the susceptibility of the measurements to the MR

scanner and protocol properties needs to be taken into consideration. However, previous

studies have shown that the choice of a segmentation algorithm had the largest impact on

variability of the results[27]. Therefore, the cross-vendor cross-site cross-protocol robustness

of automated tissue labeling methods is greatly desired.

This is also extremely important for application of automated image analysis in clinical

settings. Different hospitals and different imaging sessions may use different machines and

MR acquisition protocols. It is impossible to build all the possible atlases for automated

analysis of all types of MR images. Therefore, the adaptation from the atlas constructed

using MR images acquired by using one protocol to the ones using other protocols is of great

importance in clinical application.

5.1.1 Facility, Vendor, Imaging Protocol’s Effect on Quantitative MRI Study

Factors such as pulse sequence, image artifacts, magnetic field strength and scanner hardware

and software may affect compatibility in multi-center studies. Investigators should have

knowledge of how different MR acquisition parameters could influence the image analysis

procedures. Ideally, the image analysis pipeline can be optimized based on the performances

on the whole multi-site datasets.

5.1.1.1 Facility & Vendor Differences

As discussed above, different sites usually use different MRI equipment due to facility con-

straints. Even though, in some cases, different manufacturers of MRI equipment adopt

different name and implementation of similar pulse sequence (for example, SIEMENS uses

the name FLASH while GE uses the name SPGR), vendor-specific differences in pulse se-

quence characteristics, coil sensitivity profiles and localization methods may also exist. In

addition, each site may have different types of personnel performing the scans and overseeing
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other aspects of the study. The professional skills and standards of ”a good scan” may differ

greatly due to training in different facilities. Thus, patient/subject preparation and setup

etc. could also be different across sites. Therefore, the facility and vendor differences are the

major contributor to the potential incompatibility between multi-center datasets. Numerous

studies have studied the impact of different facility and scanner in multi-site studies using

phantom[39], post-mortem human brain phantom[39, 35] and human adult study[126]. Fil-

ippi et al. suggested that the inter-scanner agreement of observer measured lesion load from

multiple scans of the same subject acquired using different MRI scanners was lower than the

intra-observer agreements of the same scan. Higher inter-scanner agreement was achieved

using same magnetic field strength of 1.5T [39]. However, to the best of our knowledge, no

such study on premature neonates has been reported.

Clark et al. reported, based on a calibration study, that the pulse sequence had the sec-

ond largest impact on variability of results following the choice of a segmentation algorithm

as the first [27]. Patwardhan et al. studied the effect of image orientation and acquisition

parameters on volumetric measurements of pediatric MR Data using same scanner (1.5T

GE Signa) with same pulse sequence (3D-SPGR)[93]. Differences were observed in regions

of temporal and occipital GM and may resulted from PV and susceptibility-induced geo-

metric distortions. It was recommended by their results that multi-center volumetric studies

should control slice selection and image resolution and use thin slice profile to minimize PV

averaging[93]. Last not but least, the emphasis of the scans may also contribute to the in-

consistency in the resulting acquisition. For example, if doctors suspect lesions in a certain

brain structure, then images emphasizing on that particular structure would be considered

optimal.

5.1.1.2 Methods for Quantitative Analysis of Multi-center MRI Data

Generally speaking, there are three ways to analyze the quantitative measurements (e.g.

tissue volumes, cortical thickness etc.) from multi-center MRI data[118]. First, each dataset

can be analyzed individually by computing the quantitative measurements followed by statis-
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tical meta-analysis[31]. Second, all datasets are analyzed according to one single established

procedure at a central site to extract quantitative measurement and carry out statistical

analysis. In these first two methods, the site-related variable could be further introduced

to detect and calibrate systematic differences between the measurements[118]. Third and

ideally, the processing pipeline can be optimized based on the comparability of the measure-

ments across all contributing sites[118]. Of course, it would be most ideal if the optimization

includes MR acquisition parameters for each site. Schnack et al. reported different ap-

proaches to test compatibility and optimize processing pipeline for different morphometric

measurements. For volumtric measurements, adult volunteers were rescanned using different

MR scanners and interclass correlation coefficient was computed to assess the cross-dataset

variations[118]. For VBM and cortical thickness meaurements, calibration subjects were also

used to learn between-site reliability maps which can be used for future analysis. However,

to the best of our knowledge, no such study has been reported for population of premature

neonates due to unavailability of calibration subjects.

5.2 Methodology

In this section, the population statistics and different MR acquisition parameters used in each

dataset are listed. The spatio-temporal atlas used to analyse both dataset was constructed

using SIEMENS data. 30 manually labeled MR images with age at scan ranging from 27.29 to

46.43 GW (34.63 ± 5.55 GW) from SIEMENS data were used to build the spatio-temporal

model of tissue growth as well as VLA and PC model. Then PBAEM-WF was used to

obtain the automated tissue labeling of 8 scans with similar ages from either dataset. Note

that since the 8 testing scans from SIEMENS dataset are included in the atlas, leave-one-out

cross-validation was adopted during automated segmentation to ensure fair comparison. The

testing data population statistics is shown in Table 5.1. Different MRI machine vendor and

imaging protocols are listed in Table 5.2. To minimize the cross-dataset differences, similar

neonatal head coil, pulse sequence (FLASH by Siemens and SPGR by GE) and thin slice

profile were adopted for acquisition. FLASH by Siemens is short for Fast Low Angle Shot
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Table 5.1: Population statistics of the testing data from SIEMENS and GE dataset.

Usage Training Testing

Dataset SIEMENS data SIEMENS data GE data

Number of Scans 30 8* 8

Age Range 27.29 ∼ 46.43 GW 30.30 ∼ 36.86 GW 30.30 ∼ 36.70 GW

Age Mean ± Std 34.63 ± 5.55 GW 32.95 ± 2.37 GW 33.05 ± 2.45 GW

sequence.

The DSC were computed between the manual and automated labeling of all testing

images and further compared between two dataset. In this study, due to the fact that, in

GE dataset, only manual labelings of GM, WM, VENT and DGM are currently available,

only these 4 tissue classes were studied.

5.3 Results

This cross-center cross-vendor cross-protocol validation of PBAEM automated segmentation

technique has shown promising results. The segmentation performances of similar ages were

comparable. Table 5.3 shows the average DSC achieved when segmenting the SIEMENS

and GE datasets. The average values are comparable, however, we see that the standard

deviations of GE data are larger than SIEMENS data. This is probably due to the fact

that the atlas constructed using SIEMENS data can capture the features and variability in

SIEMENS data better than the GE data. However, this hypothesis still needs to be further

studied. Besides, the largest difference in segmentation performance exit in GM, which is

in accordance to the results reported by Clark et al [27]. To visualize the segmentation

performance change with age in two datasets, the DSCs of each scan in both dataset are

plotted and compared in Figure 5.1.

Figure 5.2 gives an example of comparison between automated segmentation of a scan of
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Table 5.2: MR acquisition parameters of the SIEMENS and GE dataset.

Parameters SIEMENS data GE data

Scanner SIEMENS Avanto GE Signa

Facility UBC (BC Children’s Hospital) UCSF

Magnetic Field 1.5T 1.5T

Voxel Dimension 1.04× 1.04× 1mm3 1× 1× 1mm3

TE 9.2 ms 6 ms

TR 36 ms 35 ms

Sequence FLASH SPGR

Slice Selection Coronal Sagittal

Pixel Bandwidth 80 122.109

Flip Angle 30 35

% Phase FOV 45 ∼ 55 75

Table 5.3: Average DSC of the automated tissue segmentations of SIEMENS and GE dataset.

Dataset GM WM VENT DGM

SIEMENS Data 0.8487± 0.0194 0.9300± 0.0249 0.8435± 0.0453 0.9047± 0.0241

GE Data 0.8056± 0.0363 0.8962± 0.0362 0.8439± 0.0649 0.8832± 0.0464



90

Figure 5.1: DSCs of 8 scans plotted with age in SIEMENS and GE datasets.
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a 32-GW neonate in SIEMENS and GE data. The segmentations obtained were comparable

both visually and DSC-wise.

These results showed that the previously describe PBAEM approach is capable to obtain

comparable automated tissue segmentation results when applied on data acquired using

different scanners and imaging protocols. Therefore, it is promising that, in studies involving

multi-center cross-vendor cross-protocol large datasets, PBAEM techniques can be used to

produce automated tissue labeling for any future analysis.

5.4 Discussion and Conclusion

The study in this chapter builds a bridge from the development automated tissue segmenta-

tion approach to applying it to study the early human brain development using multicenter

data, which will be discussed in the next chapter. Only with such validation, are we con-

fident to use the previously developed automatic image segmentation pipeline to process

multi-center MRI data and extract quantitative measurements, such as tissue volume, corti-

cal thickness and cortical surface area etc in the application section of this work.
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Figure 5.2: Manual (top row) and automated (bottom row) tissue labeling of a scan of a 32
GW neonate in SIEMENS (top) and GE (bottom) data. DSC: (SIEMENS) GM 0.8761, WM
0.9474, VENT 0.8533, DGM 0.9338; (GE) GM 0.8525, WM 0.9305, VENT 0.9036, DGM
0.9242.
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Chapter 6

COMBINED SPATIAL AND NON-SPATIAL DICTIONARY
SEARCH FOR FULL BRAIN AND INTRA-VENTRICULAR
HEMORRHAGE (IVH) SEGMENTATION IN PREMATURE

NEONATAL BRAIN MRI

6.1 Introduction

In neonates born prematurely, focal pathology is one of the abnormalities that can be vi-

sualized by medical imaging techniques. Magnetic Resonance Imaging (MRI) has been an

essential tool to diagnose and monitor the condition, which can be greatly improved by an ac-

curate volumetric and morphological analysis of the neonatal brain anatomy[62], especially in

cases of high-risk preterm newborns[149]. Intra-ventricular hemorrhage (IVH) is one type of

focal lesion and can often be accompanied by an enlargement of cerebral ventricles (VENT),

termed Ventriculomegaly (VM)[139]. In these cases, automated tissue delineation can be

badly impacted by the combination of large ventricles and multiple regions of IVH. The

challenge of the task is two-fold. Firstly, the presence of IVH and VM makes the accurate

non-rigid mapping of a normal atlas or even an IVH subject to a new IVH scan challenging

because of the changes in topology (creation/deletion of regions) required to map between

the anatomy with and without regions of IVH. Secondly, it is difficult to approach the prob-

lem by building an exhaustive dictionary that collects all possible shape, size and location

of IVH and the enlarged VENT.

Due to the differences in tissue contrasts in premature neonatal brain imaging, specialized

atlases and methods to use and validate them have been developed [65]. Cheng et al. pro-

posed a stochastic process based approach for white matter injury detection in premature

neonates [24]. Qiu et al. developed a multi-phase geodesic level-sets method that specifi-
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cally targeted post-hemorrhagic ventricle dilation [101]. However, neither method labeled

the normal tissue structures in the image. Wang et al. developed a patch-driven level set

approach for normal term-birth neonatal T1-weighted MRIs [142]. Liu et al. [80] proposed

to integrate a local patch-based search into a spatio-temporal atlas-based method to more

accurately delineate the detailed structures in pre-natal scans of varying ages. In related

work, Roy et al. presented a subject-specific sparse non-local dictionary learning approach

for adult brain lesion segmentation [110]. Tong et al. proposed an approach to construct

a discriminative dictionary to describe the hippocampus and used a sparse coding learning

method to segment the hippocampus [132]. However, to the best of our knowledge, there

has been little previous work in developing automated whole-brain segmentation methods for

premature neonatal MRI scans with IVH and severe VM. We previously attempted aimed to

automatically detect IVH voxels as outliers to the Gaussian Mixture Model [79]. Preliminary

study showed reasonable segmentation accuracy with subject-level fine-tuned parameters but

failed to generalize an universal parameter set.

In this work, we propose to utilize a specially designed dictionary, which consists of a

spatial and a non-spatial component to account for both healthy and abnormal structures.

The spatial dictionary encodes normal variation in anatomy, while we use a non-spatial

dictionary to capture the shape and occurrence of IVH voxels with respect to their commonly

neighboring tissues. An Elastic Net algorithm is used to ensure the sparsity of the dictionary

learning in both the dictionaries. The two dictionaries are collectively used to estimate a

probability of normal and abnormal tissues for each voxel, which is then used to initiate an

Expectation-Maximization based tissue labeling of the image data[138, 10, 80]. We examine

the behavior of this approach using a dataset of premature neonatal MRI scans with severe

IVH and VM. Results indicate improvements in the segmentation accuracy compared to the

conventional spatial-only dictionary learning segmentation methods. This approach provides

the first automatic whole-brain segmentation framework for severe IVH and VM in premature

neonatal brain MRIs.
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6.2 Methods

6.2.1 Preliminaries

The problem being addressed is to assign an initial tissue probability map to a new unseen

scan. Let I be the new image under investigation, Rh be the number of sets of lesion-free

labelled MR template images Ir(r = 1, ..., Rh) with labels Lr(r = 1, ..., Rh), and Rl be the

number of sets of labelled images with IVH and VM. At voxel location i of testing image

I, its intensity patch of its p × p × p neighboring voxels is represented as a column vector

Yi, and its corresponding dictionary is denoted as Di with size d. The sparse dictionary

search task is to determine the sparse coefficients β multiplied by which the dictionary can

represent the image patch Yi under investigation. We estimate β by solving a minimization

of the non-negative Elastic-Net problem [153]:

min
β,β≥0

1

2
‖ Yi −Diβ ‖22 +λ1 ‖ β ‖1 +

λ2
2
‖ β ‖22 (6.1)

The L1-norm regularization ensures sparsity of β, and the L2-norm regularization encour-

ages similar dictionary patches to have similar coefficients. Conventionally in brain tissue

segmentation, a spatial dictionary Dsp
i is constructed [142] to capture locally specific infor-

mation. In this work, we consider parts of the anatomy for which we do not have enough

training data to capture the full range of possible locations of pathology. We propose to

use an additional non-spatial dictionary Dn which is combined with the spatial dictionary,

such that Di = {Dsp
i , D

n}. This non-spatial component is used to augment the assignment

of tissue labels where abnormalities are known to occur. In the following section, we focus

on the construction of our proposed combined dictionary which includes spatial samples to

match the normal tissue structures such as GM and WM, and non-spatially encoded samples

of abnormal structures, i.e. IVH and VM.
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6.2.2 Dictionary Construction

6.2.2.1 Non-Spatial Dictionary

The aim of this dictionary is to learn the appearance of focal pathologies and their occurrence

with surrounding normal tissues, but to encode them without spatial constraints of where

they may occur. This then can be used in regions where we assume the pathology can occur.

In the problem considered here, the non-spatial component of the dictionary is constructed

from ventricular regions with IVH and severe VM from lesion templates, i.e. Ir, Lr, r =

1, ..., Rl. For each voxel j within this region, we extract its p×p×p intensity patch Yj in the

form of a column vector with unit L2 norm, arranged to form a dictionary matrix D̃n. Due

to the volume of severely enlarged ventricles, the number of columns (denoted as C) of this

matrix can be large (C ∼ 104) with many similar columns. To reduce computation time,

we remove the duplicate dictionary samples while keeping the unique ones, by thresholding

the similarity measurement between samples. We define the correlation between the u-th

column and v-th column of D̃n as corr(D̃n(u), D̃n(v)). Then we consider the v-th column of

D̃n as a duplicate of the u-th column and remove it if

max
c,c∈[1:C]

|corr(D̃n(v), D̃n(c))− corr(D̃n(u), D̃n(c))| < a (6.2)

where a is a chosen threshold. The use of correlation mimics the patch matching criteria

in the LARS sparse dictionary search process [37]. After removing the duplicate dictionary

samples, we obtain a succinct non-spatial dictionary Dn, which is independent of voxel

location x.

6.2.2.2 Spatial Dictionary

Using a conventional approach, the spatial component of the dictionary is constructed using

lesion-free templates with similar gestational ages, i.e. Ir, Lr, r = 1, ..., Rh. For voxel i, we

build its spatial dictionary as follows. Let N r
i denote the n× n× n neighborhood of voxel i

in r-th (r = 1, ..., Rh) template image. For each voxel j ∈ N r
i , we extract its intensity patch
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from Ir, normalize it to have a unit L2 norm and then rewrite it into a p3-sized column vector

Yj. By arranging n3 × Rh column vectors, we obtain the spatial dictionary matrix Dsp
i for

each voxel i.

6.2.2.3 Combined Dictionary

For each voxel the correspondent dictionary Di is the combination of the spatial and non-

spatial component: Di = {Dsp
i , D

n}. To further simplify computation, we conduct a pre-

screening of the mean intensity of the dictionary patches. We exclude the dictionary patch

at v-th column of Di if
|avg(Di(v))− avg(Yi)|

avg(Yi)
≥ b (6.3)

where avg() computes the mean intensity of the patch intensities before unit L2-normalization,

b is a chosen threshold. Another benefit of the mean pre-screening is to remove the confusion

caused by the dictionary sample patches with similar intensity pattern but very different ab-

solute intensity level. For example, an uniform patch inside VENT should not be matched

to the uniform patches inside WM with their similar pattern but different absolute intensity.

After this, we have the final dictionary Di for voxel i.

6.2.3 Implementation Details

6.2.3.1 Pre-processing

To construct the dictionary, we first linearly align all training images I and globally stan-

dardize the intensity scaling factor. For the non-spatial component, we extract voxels label

as IVH or VENT (Fig. 6.1 (1-a)), and smoothly dilate the region to include the outer

boundaries (Fig. 6.1 (1-b)). An example non-spatial dictionary Dn obtained after the du-

plicate removal process is shown in Fig. 6.1 (1-c). A conventional atlas-based automated

segmentation is used to provide outer cerebral boundary.
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6.2.3.2 Sparse Dictionary Search using LARS

For the sparse dictionary search, we use the combined dictionary for regions inside the cere-

bral boundary where the pathology can occur, and spatial-only dictionary for the other

regions to save computation. The Elastic-Net problem (Eq. 6.1) is a convex optimization

problem and, in our implementation, β is solved by the LARS algorithm with non-negative

constraints [37]. Each element of β represents the similarity between Yi and the correspond-

ing dictionary sample Yj, j ∈ N r
i . For LARS, the similarity is based on correlation for

matching the pattern in the two patches. Under the assumption that similar patches share

the same tissue label, we can compute the estimate the tissue probability P (k|Yi) of the

voxel i belonging to tissue class k, from β as follows:

P (k|Yi) =

∑d
i=1 βiLi∑d
i=1 βi

(6.4)

6.2.3.3 Post-Dictionary EM Segmentation

The patch-based dictionary-learnt tissue probability estimate is used to initiate an EM-based

tissue labelling framework. The EM algorithm clusters the voxels with similar intensities into

same tissue classes given the prior tissue estimates. The final automated tissue labeling is

obtained. Our full segmentation driven has in total 8 labels. In the following section, we

focus only on the 5 cerebral tissue structures that contain lesions: GM, WM, VENT, DGM

and IVH.

6.3 Experimental Results

6.3.1 Dataset and Validation

Our data consists of a total of 12 T1-weighted MR scans of premature neonatal brains with

manual tracing into GM, WM, VENT, DGM, CBL, BS, sCSF and IVH, 4 of which have

IVH and severe VM. To test the approach we used 2 age matched normal scans to construct

a spatial dictionary and 3 out of 4 of the IVH scans to construct the non-spatial dictionary
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Test Case Test Scan Spatial Dict. (2 scans) Non-Spatial Dict. (3 scans)

1 28.7 GW 28.6 GW 29.4 GW 29.4 GW 32.7 GW 33.6 GW

2 29.4 GW 28.6 GW 29.4 GW 28.7 GW 32.7 GW 33.6 GW

3 32.7 GW 32.6 GW 33.1 GW 28.7 GW 29.4 GW 33.6 GW

4 33.6 GW 33.1GW 33.7 GW 28.7 GW 29.4 GW 32.7 GW

Table 6.1: Gestational ages of testing datasets and the corresponding dictionary data.

leaving one to be automatically segmented. This was repeated for each of the 4 IVH cases

and Dice Similarity Coefficients (DSC) calculated against the corresponding manual tracing.

The experimental data is summarized in Table. 6.1. The Dice Similarity Coefficient (DSC)

between the manual and automatic tissue labelings of the lesion scans were calculated to

quantitatively evaluate the proposed segmentation method.

6.3.2 Parameter Selection

Optimal parameter values were determined by leave-one-out cross-validation on all 4 IVH

scans. Values for L1-regularization coefficient λ1 = 0.1, 0.2, 0.3, 0.4, 0.5, patch size p = 3, 5

and neighborhood size n = 3, 5, 7 were compared using DSC (Fig. 6.2), finding optimal

values: λ1 = 0.2, p = 5, n = 7. We also tested on a smaller scale and chose L2-regularization

coefficient λ2 = 0.01 as in [142], dictionary thresholds a = 0.04 and b = 0.2. The impact of

duplicate dictionary sample removal using a = 0.04 is shown in Fig. 6.1(2)(3).

6.3.3 Results

To show the contribution from the spatial and non-spatial components of the dictionary, we

compare the number of positive coefficients in the spatial and non-spatial part of β for each

voxel in Fig. 6.4, confirming that for normal tissue the primary contribution is from the

spatial dictionary, while locations with abnormal ventricles or IVH are determined by the

non-spatial dictionary.
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Scan Before EM Algo After EM Algo

IVH VENT GM WM DGM IVH VENT GM WM DGM

1 0.5232 0.7802 0.8051 0.8937 0.8595 0.6522 0.9524 0.8849 0.9520 0.8951

2 0.7409 0.8630 0.7525 0.8756 0.8991 0.8813 0.9386 0.8885 0.9377 0.9313

3 0.7649 0.8583 0.7822 0.9071 0.8811 0.8746 0.9144 0.8660 0.9434 0.8982

4 0.7432 0.8526 0.8014 0.9319 0.9011 0.8436 0.9230 0.8724 0.9564 0.9219

Avg 0.6931 0.8385 0.7853 0.9021 0.8852 0.8129 0.9321 0.8780 0.9474 0.9116

Table 6.2: Comparison of individual and average DSC of 5 main tissue classes obtained
before using EM clustering (left section) and after EM clustering (right section).

To show the accuracy of the sparse coded tissue probability and the effect of the EM

algorithm, we compared the before-EM and after-EM DSC as shown in Table. 6.3. We can

clearly see that dictionary labelling provides an accurate initial tissue label estimate. EM

then adapts this labeling further and allows modeling of subtle residual bias field to improve

the final labels.

Fig. 6.5 summarizes the key results with red arrows indicating where the combined

dictionary improved performance. In particular scan #1 in Fig. 6.5 illustrates a case where

the IVH location was not present in the training data leading to a failure in the spatial-only

dictionary approach, but a correct labelling when also using the non-spatial dictionary.

We further compare the average DSC of 5 main cerebral tissue classes between using

the combination of spatial and non-spatial dictionary and using only spatial dictionary in

Table. 6.3. Significantly higher segmentation accuracy in IVH was obtained by the proposed

sparse combined dictionary search method compared to using the spatial-only dictionary,

while comparable accuracy was obtained for the other tissue classes.

6.4 Discussion and Conclusion

This paper describes a novel hybrid technique to address segmentation of highly variable focal

abnormalities that is motivated by the study of abnormally developing premature neonatal
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Scan Spatial + Non-Spatial Dictionary Spatial-only Dictionary

IVH VENT GM WM DGM IVH VENT GM WM DGM

1 0.6522 0.9524 0.8849 0.9520 0.8951 0.4833 0.9608 0.8872 0.9599 0.9405

2 0.8813 0.9386 0.8885 0.9377 0.9313 0.9234 0.9509 0.9047 0.9554 0.9429

3 0.8746 0.9144 0.8660 0.9434 0.8982 0.8373 0.9209 0.8672 0.9435 0.9064

4 0.8436 0.9230 0.8724 0.9564 0.9219 0.8329 0.9247 0.8815 0.9589 0.9262

Avg 0.8129 0.9321 0.8780 0.9474 0.9116 0.7692 0.9393 0.8852 0.9544 0.9290

Table 6.3: Comparison of individual and average DSC of 5 main tissue classes obtained
by using the proposed combined dictionary (left section) and spatial-only dictionary (right
section).

brain anatomy. The proposed method seeks to label brain anatomy with a tissue probability

using a collective sparse search of a combined spatial and a non-spatial dictionary to provide

a more accurate estimate of the tissue labels, for both focal lesions and surrounding normal

tissues. The spatial component represents the normal anatomical variations and the non-

spatial component encodes the variable appearance of IVH and VM. Experimental analysis

of the results of EM segmentation driven by this prior, compared against manually delineated

premature neonatal brain MRIs indicated improved performance.
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Figure 6.1: Non-spatial dictionary construction. (1): Example showing the construction of
non-spatial dictionary in the form of a mask (green) overlaying the subject MRI. (a) IVH
and VENT mask extracted from manual labeling; (b) dilated mask that includes duplicate
voxels with similar intensity profile; (c) remaining voxels after removing duplicates. Red
arrow: IVH. (2)(3): 50 randomly selected sample patches (shown in axial and sagittal view)
in the non-spatial dictionary before (2) and after (3) removing the duplicate patches. It is
clearly shown that, before removal (2), more patches share the same intensity profile and
will hence contribute same information to the non-spatial dictionary while unnecessarily
increasing the computation time. After removal duplicates (3), we obtain more structural
diversity given the same number of dictionary samples.
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Figure 6.2: Average DSC of 8 tissue classes (IVH, GM, WM, VENT, DGM, BS, CBL and
sCSF) with respect to the different combinations of parameters λ1, p and N .

Figure 6.3: Number of positive similarity coefficients from spatial (left) and non-spatial
(right) dictionaries for each voxel. The green level indicates the number of positive coef-
ficients. The greener a voxel is, the more matches were found in the dictionary for that
voxel.
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Figure 6.4: Comparison of manual (top row), before EM (middle row) and after EM (bottom
row) tissue segmentation of all 4 testing scans using combined dictionary. Yellow arrow: the
normal tissue region that is correctly labeled after EM clustering while mislabeled before.
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Figure 6.5: Comparison of manual (top row), automatic using spatial and non-spatial dic-
tionary (middle row) and automatic using only spatial dictionary (bottom row) tissue seg-
mentation of all 4 testing scans. Red arrow: the IVH region that is correctly labeled using
the proposed combined dictionary while mislabeled using spatial-only dictionary.
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Chapter 7

APPLICATIONS OF METHODOLOGY: EARLY HUMAN
BRAIN DEVELOPMENT AND NEURO-DEVELOPMENTAL

OUTCOMES

In this chapter, I present the collaborative work that has been done to study the early

brain development and neuro-developmental outcomes based on quantitative MRI studies

with the help of the previously described automated tissue segmentation algorithms. Re-

sults from several collaborative studies from both our group and collaborating groups are

presented. Note that most of these studies used volumetric measurements that I extracted

using the PBAEM or sparse dictionary search automated segmentation, and other collab-

orators completed the subsequent analysis and interpretation of results as notated in the

subsection titles. I only have partial contributions to the work presented in this section.

7.1 Background

In the third trimester of pregnancy, the brain rapidly grows. Abrupt and premature ter-

mination of pregnancy during preterm birth would result in delayed development of human

brains. Understanding the impact of preterm birth on neuro-development is key to early

detection and prediction of brain function deficits in premature infants.

One region that grows particularly fast in the third trimester is the cerebral cortex (see

Figure 7.1). Previous studies have shown that, in preterm births, the growth of cortical sur-

face area slows down relative to total brain volume growth. Such reduced growth correlates

with lower PMA and lower global abilities at 2 and 6 years of age, particularly with respect

to complex cognitive functions but not motor functions[103, 68].

The cerebellum also undergoes proliferative growth in the third trimester, with a 5-fold
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Figure 7.1: Comparison of cortical smoothness between subjects at 27.43 GW (left) and 37.2
GW (right) [74].

increase in volume from 24 to 40 GW. Therefore, it is particularly vulnerable to preterm

birth[141].

Many anatomical abnormalities are prevalent in premature neonates, for example, IVH

and WMI, which usually result in delayed brain maturation, even far from the lesion site,

as well as other adverse outcomes[89, 73]. Tam et al. reported that decreased cerebellar

volume was associated with IVH[130]. Chau et al. reported that abnormal brain maturation

involving WMI studied serially using DTI and MRSI was associated with adverse cognitive,

language and motor outcomes at 18 months corrected age[23]. In a long-term follow-up

study, Futagi et al. reported that approximately 50% of children who had IVH as infants,

suffered from neuro-developmental illness, including cerebral palsy (22.4%), mental retarda-

tion (10.2%) and borderline intelligence (11.3%)[42]. Furthermore, different grades of IVH

resutled in statistically different outcomes[42]. Therefore, understanding how different grades

of lesions can affect the course of neuro-development is also critical to predict outcomes at a

later age.

In our study, Bayley Scales of Infant and Toddler Development - Third Edition (BSID-

III) [3] was administered for each subject at 18 months and used as a quantitative neuro-

development measurement. BSID-III examined three distinct functions: cognitive, language
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Figure 7.2: Tissue volume growth with age of the SIEMENS (left) and GE (right) dataset.

and motor.

7.2 Brain Tissue Growth

Based on the results obtained from the validation of PBAEM automated segmentation ap-

proach using multi-center data, the tissue volume growth trajectories were plotted and com-

pared between the SIEMENS and GE datasets (see Figure 7.2). Linear regression models

were used to model the volumetric growth over age of GM, WM, VENT and DGM respec-

tively. The resulting linear trends are comparable between the two datasets. The results, on

one hand, further validate the comparable segmentation performances on two datasets; on

the other hand, they serve as a preliminary study of cerebral tissue volume growth between

30 to 37 GW.
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Figure 7.3: Three structure parcellations of brainstem. Figure adapted by author from [58].

7.3 Neuro-Developmental Outcomes [Co-investigator: Averi Kitsch, BS; Lisa
Harrylock, BS; Nicole Riley, BS]

7.3.1 Population & Quantitative Measurement Extraction

To maximize the statistical power, a total of 269 premature neonatal T1w brain MR scans

were studied. 269 scans came from 152 premature neonates, 117 of which were scanned

twice at birth age and term-equivalent age. 269 scans consisted of scans of 122 males and

145 females. All MR scans were acquired using the same scanner and protocol (see Table.

5.2 SIEMENS dataset). The proportion of infants that scored one SD below the mean (85)

were: cognitive 24.0%, language 38.6% and motor 38.5%.

Automated tissue segmentations were obtained using the PBAEM-WF approach with a

28-scan spatio-temporal atlas. Additionally, the cerebrum was parcellated into 8 lobes (left

and right frontal, temporal, parietal and occipital lobe) using registration-based label prop-

agation (Figure 4.9). Three brainstem structures (midbrain, pons and medulla oblongata)

were also automatically parcellated (Figure 7.3) in the parcellation pipeline to allow for anal-

ysis of regional volumetric data. Scans with poor tissue segmentations were excluded. The

volumes of tissue classes and parcellations were extracted.
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7.3.2 Brainstem Volume

The brainstem plays an important role in motor and sensory functions and thus is important

for studying early brain development. In this initial attempt, we looked at the correlation

between volumes of three anatomical structures, i.e., midbrain, pons and medulla oblongata,

as well as neuro-developmental outcomes at 18 months in order to study their predictive

power[58]. Linear regression models were used to analyze the correlation between structure

volumes and neuro-development. The multivariate regression model co-varied for gestational

age at scan and supratentorial volume:

TissueV olume = a× ScanAge+ b×BirthAge+ c×Gender

+ d× SupratentorialV olume+ e×BSID − III + f
(7.1)

The regression results are listed in Figure 7.4. The total brainstem volume was found

to be significantly (p < 0.05) correlated with decreased Bayley scales at birth but not term-

equivalent age, while no statistical significant correlation was found for total supratentorial.

This shows that brainstem volume is predictive of neuro-developmental outcome at a later

age. As for the sub-structure in the brainstem, the pons was found to be significantly

(p < 0.05) associated with motor function at term age, while the medulla oblongata was

found to be significantly associated with all three neuro-cognitive functions at both birth

and term age. No significant association was found for the midbrain. The results indicate

that the brainstem is a promising candidate to serve as a neuro-cognitive predictor, while

analysis for more detailed sub-structures within the brainstem is not required except for the

meduall oblongdata.

7.3.3 Regional Tissue Volume

The predictive power of supratentorial and lobe-wise GM and WM volumes were also investi-

gated preliminarily as a collaborative study within our research group[74]. Linear regression

models were used to analyze the correlation between tissue volumes and neuro-development

to identify potential biomarkers for brain health. The multivariate regression model co-varied
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Figure 7.4: Results from multivariate analysis of brainstem volumes as a function of age at
scan, age at birth and supratentorial volume (upper row only). Significant models (p < 0.05)
are listed underneath the structure. Figure adapted by author from [58]

.
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for gestational age at birth, gender, age at scan and specific BSID-III scores:

TissueV olume = a× ScanAge+ b×BirthAge+ c×Gender

+ d×BSID − III + e
(7.2)

The analysis found that the extent of prematurity is strongly correlated to decreased

neuro-cognitive abilities. The regions with statistical significance (p < 0.05) are listed in

Figure 7.5. As we can see, the regional volumetric measurements of GM and WM provide

better prediction of neuro-cognitive delay at 18 months than total tissue volumes. The pari-

etal and occipital lobe volumes correlate with motor and language neuro-cognitive scales,

while the temporal lobe is more associated with cognitive functions, and the frontal lobe

is only associated with motor abilities. The results from this preliminary study show the

promise in quantitative measurements from more anatomically specific brain structure pro-

viding more accurate outcome prediction of neuro-development after preterm birth.

7.3.4 Occipital Lobe Subdivision Volume

In this work, we specifically investigated one of the 4 lobes, the occipital lobe, where the

GM volume was found to be associated with both language and motor skills at 18 months

in the work above. It has also been established that the occipital lobe is associated with

visual outcomes [131]. In particular, inferior occipital lobe volumes have been reported to

be correlated with visual measures (such as rate of saccade) at 2 years old [122]. In the

work by our group, Riley et al. [106] studied the relationship between the focal anatomy

of the occipital lobe and neuro-developmental outcomes at 18 months in premature neonates.

A sub-parcellation protocol was first defined for the occipital lobe as shown in Figure

7.6. The calcarine sulcus was used to define the boundary between the cuneus region and

the lingual region. Then the automatic tissue segmentation and lobe parcellation pipeline

was applied with an extension to include new occipital lobe sub-divisions. The DSC of the

32 scans that were used to construct the spatio-temporal atlas was used to quantitatively
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Figure 7.5: Lobe parcellation volumes, by hemisphere, of GM, WM and LOBE (combined
GM and WM) that predict certain neurocognitive abilities at 18 months. Term: only term-
equivalent age scans were used; All: both scans at birth age and term-equivalent age were
used. Figure adapted by author from [74].
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Figure 7.6: Occipital lobe manual sub-division protocol on the left cerebral cortex at different
ages. The calcarine sulcus divides the occipital lobe into two parts: the cuneus region and
the lingual region. [106].

demonstrate the validity of the automatic segmentation and parcellation pipeline. Volumetric

measurements were then extracted from the entire dataset of 170 scans.

Regression analysis was conducted similarly to previous work. The multivariate regression

model co-varied for gestational age at birth, gender, age at scan, head size and specific

BSID-III scores:

CorticalGMV olumeofOccipitalLobeRegion = a× ScanAge+ b×BirthAge+ c×Gender

+ d×HeadSize

+ e×BSID − III + f

(7.3)

The analysis found that cortical GM volume in the lingual region is associated with motor and

cognitive functions with statistical significance p < 0.05, while both lingual and total cortical

GM volumes are associated with language function with statistical significance p < 0.05 at

18 months. The results suggested the potential predictive power of focal anatomy or lobe

subdivision for prediction of later neuro-developmental outcomes.
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Figure 7.7: An example of severely bias-corrupted premature neonatal brain T1w brain MRI
acquired on a Siemens Verio system using a 15 channel knee coil from PENUT [115] study
[150]. Red arrow: hyper-intense WM that may be mis-labeled as GM without bias correction

7.4 Refined pipeline for Clinical Bias-Corrupted MRIs Acquired without Ded-
icated Neonatal Coils [Co-investigator: Zachary Hill, BS]

To reiterate, the bias field is the intensity variation across the field of view which can cause

one tissue class to have highly varied intensity levels. Even though bias correction is incor-

porated into the EM segmentation pipeline, it can only handle bias correction to an extent.

In the previous pipeline, the bias correction is carried out after estimating the initial tissue

probability, so we assume that the accuracy of the tissue probability estimate accuracy is not

affected by the bias field dramatically. However, when an MRI contains extreme bias cor-

ruption as in Figure 7.7, there is limitations to the accuracy of the initial tissue probability.

For example, the hyper-intensive patch in WM might be mis-categorized as GM. Therefore,

a step of bias correction before the patch-based search is required to ensure accurate tissue

probability estimates can be found.

This is particularly an issue for large-scale multi-center studies when image qualities are

mixed between centers, especially when certain centers use older scanners with coils that are

not specifically designed for neonatal brain imaging. As a matter of fact, even at modern

hospitals, dedicated neonatal imaging techniques are not always available. Such imaging can



116

result in severe bias field and fundamental differences in contrast which can result in failures

in the previously described segmentation pipeline. The mutli-center MRI scans from the

PENUT study[115] suffer from this issue.

Hill et al. [150] proposed a hybrid MRI tissue segmentation pipeline which integrated

PBAEM with an additional bias correction step. To begin, an initial rough template-based

bias correction was carried out. We first non-rigidly align the age-specific MR template with

the scan to label. Then the relative distortion between the scan and AS template was es-

timated by dividing the 5th-order polynomial bias field models fitted to both images. This

coarse bias estimate was then used to rescale the intensities in the scan to label. To further

refine this estimate, a second round of the same process was carried out using the coarsely

bias-corrected MRI from the first round. This refined bias-corrected MRI was used as the

MRI to segment in the previously described PBAEM pipeline.

The proposed hybrid pipeline was evaluated on 4 highly bias-corrupted T1-weighted coro-

nal brain MRI images (TR=50ms, TE=9.2ms, 3D FLASH, voxel size 1×1×1mm3) from the

PENUT study[115]. The scans were acquired with a 3T Siemens Verio system (B17 software)

using a 15 channel TX/RX adult knee coil to provide improved signal-to-noise ratio in the

premature neonates. DSC and HD between the manual segmentation and automatic seg-

mentation were calculated. Comparison showed significant improvement from the proposed

hybrid method on top of PBAEM (see Figure 7.8).

In summary, a refined pipeline was proposed based on PBAEM to achieve accurate seg-

mentation on severely bias-corrupted MRI scans. This is particularly useful in large-scale

multi-center studies when some centers are not equipped with dedicated neonatal head coil.

The results show significant improvement in segmentation accuracy when compared to con-

ventional PBAEM. The proposed method will be used in the group analysis of the PENUT

study as introduced in the following section.
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Figure 7.8: Comparison between tissue segmentations using PBAEM (top row) and hybrid
pipeline (bottom row) from PENUT [115] study [150]. Yellow arrows: areas mislabeled by
PBAEM while correctly labeled by the proposed hybrid pipeline.

7.5 Clinical Study: Effect of Morphine Exposure on Early Brain Development
[Co-investigator: Jill Zwicker, PhD]

This study is to examine the relationship between morphine exposure and cerebellar growth

from early postnatal period to term-equivalent age in premature neonates[154]. Given the

role of the cerebellum in motor and cognitive functions[75], we also hypothesized that mor-

phine exposure could cause motor and cognitive deficits at a later age. Note that this study

was primarily carried out by our collaborators, and my contribution was to obtain the auto-
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mated tissue labeling including cerebellum and to extract the volumetric measurements for

further statistical analysis.

The study sample was the same as the previous subsection. However, more subjects were

excluded when clinical evidence of major malformation (e.g. congenital syndrome, large

parenchymal hemorrhagic infarction) was shown. A group of 136 very preterm neonates

(birth age: 24 ∼ 32 GW) with detailed morphine exposure recorded were included in the

study.

Generalized least squares models were used to examine the relationship between log-

transformed morphine exposure and cerebellar volume, co-varying for age at birth, age at

scan, total brain volume, early brain severity, number of invasive procedures and additional

confounders. Linear regression models were adopted to examine the relationship of morphine

exposure and age-adjusted brain volumes to motor and cognitive outcomes.

Results showed a significant association between morphine exposure and smaller cerebel-

lar volume (p < 0.001), which persisted after adjusting for confounders (p = 0.03). Neonates,

regardless of age at birth, show smaller cerebellar volumes with increased morphine exposure

(Figure 7.9). However, no significant correlation was found for cerebral volumes. As far as

neuro-cognitive functions, it was found that morphine exposure was significantly associated

with poorer total motor scores at 18 months (p < 0.001), with a less robust relationship

with cognitive scales (p = 0.006). The relationship of morphine with motor and cognitive

outcomes were attenuated after adjusting for cerebellar and cerebral volumes, suggesting

that the relationship between higher morphine exposure with poorer neurodevelopmental

outcomes is mediated, at least in part, by slower brain growth.

7.6 Clinical Study: Effect of High-dose Epo on Preterm Neonatal Neurode-
velopment [Co-investigator: Juul Sandra, PhD; Debosmita Biswas, MS]

The Preterm Epo Neuroprotection (PENUT) Trial is a NINDS funded trial to asses whether

early high dose Epo will improve survival without neuro-developmental impairment in in-

fants born between 24 to 28 GW, i.e. the extremely premature neonates [115]. PENUT is
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Figure 7.9: Cerebellar volumes by morphine exposure, stratified by age at birth. Figure
reused by author from [154].
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Site #Scans Acquired #Scans Processed #Scans Used in Analysis

Orlando (FHO) 55 22 20

Texas (MCH) 48 25 10

Gainsville (UFL) 16 15 13

Minnesota (UMN) 16 11 3

Seattle (UW) 31 26 23

Baltimore (JHU) 7 6 2

NewYork (MFC) 12 6 1

Table 7.1: Number of scans acquired, processed and used in the analysis from each site in
the PENUT study.

a multi-site study and the dataset contains MRI scans from 7 sites across the US. All brain

MRIs were acquired at a term-equivalent age of 36 GW.

To automatically process the whole dataset, we further adapted the hybrid method by

Zach et al [150] to replace PBAEM with the sparse dictionary learning methodology to fur-

ther improve the accuracy of the estimated tissue probability for the PENUT study. The

sparse dictionary learning approach was preferred over PBAEM because of two reasons. 1)

PENUT scans were all acquired at the same age of 36 GW, therefore no spatio-temporal

model was needed. Using individual MRIs as templates instead of an age-match average

provides more detailed and less blurry dictionary patches. 2) Due to the multi-site nature

of the PENUT study, the image quality varies across sites. Therefore, selecting template

images from several sites instead of one single site to construct the dictionary can improve

the chance of finding a correct match from the sparse patch-based search.

Due to the nature of clinical scans, some scans fail to meet the basic image quality

requirement to be processed. These scans mainly suffer from severe motion artifacts or ex-

tremely undistinguishable contrast, even to the human eye. These scans were excluded from
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the study. After completing the automatic segmentation pipeline, image quality analysis

and automatic segmentation quality analysis of all processed scans, those that did not meet

the image quality or segmentation accuracy were excluded from the analysis as well. The

detailed information of scan counts can be found in Table 7.1. Volumetric measurements

were extracted from automatic segmentation. Given the drug placebo group assignment, a

two-tailed non-paired student t-test was conducted to analyze the difference between groups.

We observed a statistically significant difference between the two groups (drug and

placebo) in WM-GM volume ratio, WM-(GM+DGM) volume ratio, GM-total volume ratio

and (GM+DGM)-total volume ratio. Thus, we preliminarily concluded that the GM/WM

volume ratio could be different depending on exposure to high-dose Epo. With that being

said, the PENUT study is far from completed. Due to the nature of its double blinded

clinical trial, group assignment of drug vs placebo is unkown at the current time of writing

this thesis, and will remain unknown until all data is acquired. Future directions include

deeper investigation of the excluded scans to avoid bias in the exclusion process, adoption

of other morphological measurements such as cortical surface area.
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Chapter 8

CONCLUSION AND DISCUSSION

This chapter summarizes the contribution and impact of the automatic MRI processing

methodology developed in this dissertation and the results from the experiments. The overall

outcomes of the studies are described, the distinguished contributions compared to previous

literature are summarized, the limitations are discussed and future directions are motivated.

8.1 Outcomes and Contributions

This work developed an automatic MRI image segmentation methodology to achieve auto-

mated labeling of the normal and abnormal tissue structures in the premature neonatal brain

by incorporating a patch-based method.

Methodology-wise, the patch-based techniques developed in this work can motivate more

application of such techniques in image processing and analysis algorithms. Essentially,

the main purpose of patch-based techniques is to correct the mismatching from one-to-one

voxel location correspondence. The mismatching can happen in highly variable structures.

Such structures may include both normal (e.g. cortical gyrifications) and abnormal (e.g.

VM, focal lesions such as IVH etc.) structures. When we know that it is very likely to

find a true match within a voxel’s immediate neighborhood, we can search more effectively

and efficiently by avoiding unnecessary computation using an estimate of the range inside

which the potential match is in. The variability-constrained search developed in PBAEM-

VCS is a novel approach to locally set the search range for any patch-based technique by

learning the variability at each location. In Chapter 4, this estimated range is learnt from

the variability of each location at any specific age and proved to improve the effectiveness

and efficiency of the patch-based local search. Nonetheless, this locally set search range can
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be further adapted based on the sources of the mismatching. Images that have focal lesions

with unique intensity profiles, no matter which type of lesions, can be automatic segmented

using the dictionary learning method from Chapter 6. The only requirement is to obtain

manually delineated dictionary examples that can fully represent the lesion intensity profile.

Therefore, this approach can be further adapted to automatically label other MRIs with

lesions.

In terms of applications of our method, these automated tissue segmentation results

on premature neonatal scans covering the full range of clinical ages provide a basis for a

variety of morphometric analyses of brain growth. In particular, they enable the study of

local anatomical variations using deformation based or surface based morphometry [102] that

have so far not been able to be applied to such large scale studies of the brain after premature

birth. In particular such techniques for local anatomical mapping in premature neonates may

reveal markers that are specific to given functional deficits later in life, which can help direct

early cognitive interventions soon after birth. A clinical application can also be explored

based on automatic labeling of focal lesions present in a MRI scan. The automatic labeling

can be used for visual hints for radiologist while providing rapid quantitative morphological

estimates. Adopted in large scale studies, such as the multi-site large-scale study of post-

hemorrhagic hydrocephalus, this method allows consistent lesion segmentation in a timely

manner, enabling a study that would not have been possible before with only a manual

labeling approach.

In summary, multiple automatic segmentation algorithms and pipelines were developed

and implemented, including PBAEM-WF and PBAEM-VCS for normal tissue segmentation

and a discriminative dictionary learning technique for focal lesion labeling. The developed

algorithms and pipelines were applied to multiple original research studies, and could be

further adapted and applied to more future studies as well as utilized in clinical settings.
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8.2 Limitations and Future Work

The work presented in Chapter 3 and 4 focuses on the automatic image segmentation of

normal tissue structures in healthy premature neonatal brain MRI. Although improved seg-

mentation accuracy has been achieved and presented, there are some limitations in the

developed PBAEM methodology, which motivate more future work. I discuss the limitations

and propose the future steps as follows.

• Utilization of other age-related information. One of the limitations of our

method is that we have not used all the age-related information that is available.

This could be addressed by incorporating additional information into the atlas model.

In the current work, the birth age of the atlas subjects ranges from 24 to 32 GW.

Previous studies have shown that neonates born very pretermly (VPT) (less than 30

GW) [146, 90] and with low body weights (LBW) [90] may suffer from more severe

neuro-developmental abnormalities compared to infants born less prematurely. Thus,

it would be interesting to investigate if incorporating such information into the model

could allow us to further adjust the local patch-based search for the very premature

neonates.

• Refinement of the spatio-temporal atlas. The ages-at-scan of the atlas subjects

are not evenly distributed within the whole age range from 27.29 to 46.43 GW, with

particularly less density between 39 to 46 GW. Although the algorithm still produced

anatomically valid automated tissue segmentation for that age range, we believe that

the labeling accuracy in GM and WM could be greatly improved if more scans between

39 and 46 GW were included in the atlas. This is especially true because at this age,

the cortical GM becomes more folded and thus makes the automated segmentation at

the GM-WM boundary very challenging. However, we are currently limited in terms

of good quality image with manual tracing.

• Incorporation of tissue estimates from other sources. Future work would also
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include improving the methods of combining tissue probabilities from different sources.

The proposed approach has introduced priors and constraints from sources other than

the atlas itself into the conventional atlas-based EM automatic segmentation frame-

work. A potential direction would be to incorporate priors acquired from other geo-

metric models, such as the laminar structure model of the developing human brain [52]

for further improvement of the segmentation accuracy at earlier gestational ages and

in fetuses.

• More detailed characterization of errors in PBAEM-VCS. Future steps to

continue this work may include more detailed characterizations of other types of errors

that may affect the voxel location correspondence in the processing pipeline. For

example, in registration between the age-specific MRI and the new subject MRI, errors

could be introduced. The locally defined search range could be more accurate once

these errors are taken into consideration.

• Adaptation to fetal brain MRI analysis. Another future direction is to adapt the

methodology to fetal brain MRI analysis. This provides a valuable tool to compare

in-utero and ex-utero brain development by comparing fetal and premature neonatal

brains at the same gestational age.

Chapter 5 presented an application of the PBAEM methodology on a multi-site study.

Although consistent performance across different sites, scanners and image protocols was

proved, there are multiple future steps can be taken to extend the scale of the current

study. Future steps to extend the current work includes investigation of compatibility or

reproducibility of the multi-center data, optimization of the processing pipeline using multi-

center data and extended validation on both normal and abnormal scans. In particular,

in my opinion, optimizing the pipeline using the entire multi-center dataset will result in

a great boost of analysis quality in such studies. Currently, the optimal parameters were

chosen based on the performance from only one subset of the multi-center data, leading to
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a slightly unbalanced performance.

Chapters 6 presented a patch-based dictionary learning approach for automatic image seg-

mentation of normal tissue structure and focal lesions (with IVH as an example). Although

we achieved, for the first time, whole brain tissue and lesion segmentation of premature

neonatal brain MRI with high accuracy, there are some limitations and future work worth

discussing as follows.

• Construction of the discriminative dictionary. In this work, we adopted a

measure, correlation, to eliminate duplicate dictionary elements and construct the

non-spatial dictionary, which is consistent with later sparse coding. The threshold

is crucial for the descriptive power of the dictionary. The threshold might also be dif-

ferent for different dataset. In this work, the threshold was chosen using a leave-one-out

cross-validation. One of the future directions is to better construct a discriminative dic-

tionary. Tong et al. [132] proposed a method to construct a discriminative dictionary

using the k-singular vector decomposition (K-SVD) algorithm. K-SVD was proposed

by Aharon et al. [2] to design overcomplete dictionaries for sparse representation. This

method uses an iterative approach to determine the optimal discriminative dictionary

that best represents the data. However, due to the iterative nature of the method, it

might be computationally intensive. Therefore, this requires further investigation.

• Adaptation to other age ranges and extensive validation experiments. Due

to limited high-quality MRI scans with IVH and manual delineation, we were only

able to conduct experiments on 4 subjects that fell into two narrow age ranges. The-

oretically, the proposed method should work for any age range if and only if there

is age-matched training examples in the dictionary. The matched age is particularly

important in premature neonatal brain studies because of the changing contrast with

age. Therefore, more extensive validation experiments, especially in other age brack-

ets, should conducted when appropriate manually delineated reference data becomes
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available.

• Adaptation to other local lesions. The method proposed theoretically should work

for all types of highly variable focal lesions as long as there are a small set of anno-

tated lesion images by trained professionals, for example, Periventricular leukomalacia

(PVL). The method should also be able to correctly label extremely enlarged ventri-

cles caused by bleeding in post-hemorrhagic hydrocephalus. Moreover, it would be

interesting to explore the ability of the methodology to distinguish IVH from intra-

parenchymal blood clot. However, we currently lack good quality professionally traced

data for these cases. Therefore, future work is motivated in these cases when manually

delineated reference data becomes available.

Looking at the whole quantitative analysis pipeline, one major missing component is the

automated detection of lesions. If we are given a healthy premature neonatal brain MRI,

we can obtain its accurate tissue labeling by using methods from Chapter 3 and 4; if we

are given a MRI scan with IVH, then we are confident that the combined dictionary search

of both spatial and non-spatial dictionary can generate an accurate labeling of both normal

tissue structures and IVH. However, there is a lack of automatic sorting of the randomly

given MRI scans into the two categories: normal vs abnormal. Of course, we can always use

a combined dictionary for both normal and abnormal scans which most likely will generate

an accurate segmentation, but it has the potential to be a waste of computation. Therefore,

future steps can be taken to design an algorithm to first automatically detect if there are

any known lesions present in the scan and then assign the appropriate segmentation method

to process the image.

Deep learning techniques have also attracted a lot of research interest in general imaging

and computer vision during the time of this work. Deep learning refers to learning the

computational models, often via neural networks, which consist of multiple processing layers

to learn representations of data using multiple abstraction levels [76]. Moeskops et al [91]

reported the satisfactory performance of convolutional neural networks (CNNs) on 5 different
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datasets of subjects from pre-term infants to older adults. Zhang et al [151] presented a

method to use deep conventional neural networks to segment multi-modality infant brain

images at the iso-intense stage and showed significant improvement on this challenging task.

In many more examples, deep learning has shown its power in achieving results in traditional

biomedical image analysis tasks. Thus, future directions can include further developing new

deep learning methodologies to achieve a more accurate and faster automatic quantitative

analysis pipeline for premature neonatal brain studies.

8.3 Conclusions

An automatic quantitative analysis pipeline was developed for premature neonatal brain MRI

images, with the focus on developing new methodology to achieve more accurate automatic

tissue segmentation. The first two methods focused on brain scans without severe pathology

but included large inter-subject variation, and demonstrated higher segmentation accuracy

and consistent performance on multi-center cross-protocol scans. The third method focused

on incorporating automatic labeling of focal lesions such as IVH into full-brain segmenta-

tion. This method achieved for the first time accurate full-brain segmentation with IVH in

premature neonatal brain MRI. The field of fetal and neonatal brain imaging has advanced

significantly over the past few decades, making more quantitative studies of early brain de-

velopment have been made possible. In particular, larger datasets are being acquired, and

more manually-traced datasets has become available. This work presented an automatic

quantitative analysis pipeline that will enable such studies to be conducted in a consistent

and timely fashion, contribute to the understanding of human brain development and enable

early detection of pathologies.
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[62] Petra S Hüppi, Simon Warfield, Ron Kikinis, Patrick D Barnes, Gary P Zientara,
Ferenc A Jolesz, Miles K Tsuji, and Joseph J Volpe. Quantitative magnetic resonance
imaging of brain development in premature and mature newborns. Annals of neurology,
43(2):224–235, 1998.



135

[63] Daniel P. Huttenlocher, Gregory A. Klanderman, and William J Rucklidge. Compar-
ing images using the hausdorff distance. IEEE Transactions on pattern analysis and
machine intelligence, 15(9):850–863, 1993.

[64] Terrie E Inder, Scott J Wells, Nina B Mogridge, Carole Spencer, and Joseph J Volpe.
Defining the nature of the cerebral abnormalities in the premature infant: a qualitative
magnetic resonance imaging study. The Journal of pediatrics, 143(2):171–179, 2003.

[65] Ivana Išgum, Manon JNL Benders, Brian Avants, M Jorge Cardoso, Serena J Coun-
sell, Elda Fischi Gomez, Laura Gui, Petra S Hűppi, Karina J Kersbergen, Antonios
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Alzheimer’s Disease Neuroimaging Initiative, et al. Segmentation of mr images via
discriminative dictionary learning and sparse coding: Application to hippocampus la-
beling. NeuroImage, 76:11–23, 2013.

[133] LC Tzarouchi, LG Astrakas, V Xydis, A Zikou, P Kosta, A Drougia, S Andronikou,
and MI Argyropoulou. Age-related grey matter changes in preterm infants: an mri
study. Neuroimage, 47(4):1148–1153, 2009.

[134] MS Van der Knaap, G van Wezel-Meijler, Peter G Barth, Frederik Barkhof, Herman J
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