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Segmentation of Subcortical Structures from Nonhuman Primate MRI 
Warren Hsiao-Tseng Liu 

(Abstract) 

 

 

Segmented analysis of subcortical structures within the nonhuman primate can potentially 

have a profound impact on studying the relationship between volumetric characteristics 

and alcohol dependencies.  Image segmentations have been widely used in quantifying 

structural information.  There are a variety of methods in which users can extract desired 

structures from a medical image; ranging from manual segmentations to fully-automated 

segmentations and 2-D to 3-D.  The implications of this possibility can have tremendous 

applicability to medical research and diagnosis.  

 

The primary goal of my thesis is to investigate different implementation methodologies 

for segmenting subcortical structures such as the hippocampus and striatum and then 

apply that knowledge towards the development of an approach to segment these two 

structures from a group of alcohol-dependent Rhesus Macaque monkeys.  Using the 

Level Set Deformable Model (LSDM) with a priori structural information, a series of T1-

weighted MR images of Rhesus Macaque hippocampi and striatum were segmented in an 

effort to compare the structural hippocampal and striatal volumes between early and late 

stages of alcohol dependency.  The results suggest that the volumes of both subcortical 

structures are affected negatively by alcoholism.  Volume deficits of as much as 5% for 

the hippocampus and 8% for the caudate were found. 
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Chapter 1 Introduction 
 

1.1 Introduction 

 

Medical image segmentation is a fundamental method in the processing of 2D and 3D 

images.  Segmentation allows for the non-invasive isolation of a particular region or 

structure of interest.  The applicability of this can be extremely advantageous to various 

facets of medical research and diagnosis, including segmentation of the brain – separating 

grey matter (GM) structures from white matter (WM) structures [73,74], detection of 

lesions and early stages of tumor formation in the brain [8], feature extraction of a fetus 

from an ultrasound image [10,46], and aide in image-guided surgeries [47], among 

others.  It can be seen that image segmentation is a powerful utility, covering a variety of 

clinical applications, but there currently is no single approach that is universally applied 

to all of these modalities. 

 

Instead, the optimal segmentation method is obtained by customizing the strategy to suit 

the needs of a particular application.  For structures such as the hippocampus, there have 

been just as many different implementations as there are methods.  This is due to the fact 

that the segmentation of the hippocampus is not a trivial task.  The relative low contrast 

as well as the undefined boundary it shares with its neighboring structures can cause most 

traditional segmentation methods to fail.  Even for a group of expert users, there have 

been many inconsistencies in manually segmenting the hippocampus from the same 

image as both intra-rater reproducibility and inter-rater reliability are difficult to achieve 

[58]. 

 

The primary goal of this thesis is to investigate different implementation strategies for 

segmenting the hippocampus and striatum and then apply that knowledge toward the 

development of a method to segment these subcortical structures from a group of alcohol-

dependent Rhesus Macaque monkeys.  I considered several methods, but the level set 

deformable model (LSDM) proposed by Yang et al. [73,74] provided the most potential 

in robustness, efficiency, and accuracy for this particular application.  Their segmentation 
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algorithm was re-implemented and synthetic 2D and 3D images were created to compare 

with results from their study.  The secondary goal of this thesis is to segment Rhesus 

Macaque image data acquired from the Wake Forest University Baptist Medical Center 

(WFUBMC) in an effort to quantify and qualify the volumetric and morphometric 

changes in the hippocampus and striatum stemming from alcohol abuse. 

 

1.2 Significance 

 

Some common symptoms of short-term alcohol ingestion include reduced cognition, 

perception, and motor coordination [35].  As this condition evolves toward long-term 

chronic alcoholism, the brain atrophy that is suffered can be devastating [56].  

Hippocampal volume as a result, has also been affected by alcoholism.  Studies 

conducted by Agartz et al. [1], suggest that the decrease in hippocampal volume is 

proportional to the decrease in total brain volume.  The volume of the striatum is also 

negatively affected by alcohol abuse.  In a study by Sullivan et al. [61], they mention that 

striatal volumetric deficits suffered from alcoholism persist even after a term of extended 

sobriety, whereas other structures might show recovery from sobriety. 

 

Since the HC is primarily related to memory function, I then wondered how adverse 

memory retention is to chronic alcoholism and possibly whether hippocampal 

morphometry is related to alcoholic relapses.  Trevisan et al. [62] supports that alterations 

in physiology, mood, and behavior may persist after acute alcohol withdrawal has 

subsided, which can motivate relapses to heavy drinking.  To study the changes of 

hippocampal and striatal volumes during chronic alcohol abuse and withdrawal, the only 

plausible solution is to segment MRI images of these subcortical structures; thus allowing 

for a non-invasive and repeatable process that can span the entire duration of the study.  

The results can then be analyzed to evaluate the morphological transformations to the 

hippocampal and striatal volumes and hopefully provide more insight into the 

relationship between these structures and alcoholism.  The underlying goal of this thesis 

is that it will yield more valuable information as it pertains to the education and 

prevention of alcohol abuse.  
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1.3 Outline 

 

This thesis will be organized as follows.  In Chapter 1, I gave a brief introduction to 

image segmentation as well as stating the significance of this research.  Chapter 2 will 

provide a survey of literature that covers past studies relating the affect of alcohol on the 

HC and striatum.  It will also address the myriad of segmentation methods considered for 

this thesis, including fully automatic versus semi-automatic methods, deformable models, 

active contours, fluid transformations, general pattern matching, atlas matching, and 

neural networks.  The relevant theoretical background to the LSDM will also be 

discussed in detail.  Chapter 3 will describe the LSDM methods associated with the 

implementation of this algorithm.  Specifically, the steps involved in the training phase 

and segmentation phase will be explained.  In Chapter 4, I will present the results 

obtained from the synthetic images and compare those to the previous results obtained by 

Yang et al. [74].  Also, the 2-D and 3-D results from the segmentation of the NHP 

hippocampi and striatum will be presented.  The final chapter, Chapter 5, will analyze the 

results and draw conclusions from this thesis as well as suggest ideas for future work. 
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Chapter 2 Literature Review 
 

2.1 Hippocampus Physiology 

 

The hippocampus (HC) is a small grey matter (GM) structure that resides symmetrically 

in the medial temporal lobes of both hemispheres of the brain [55].  Its name is derived 

from its curved shape that resembles a seahorse, which in Greek is hippocampus.  

Together with its adjacent neighbors – the amygdala (AG), entorhinal, perirhinal, 

parahippocampal, and temporopolar cortices – the hippocampal complex is responsible 

for carrying out complex behavior tasks such as declarative and representative memory 

processing [5].  The HC and AG are also two of the primary structures that comprise the 

limbic system.  The limbic system is largely involved with emotional responses as well as 

transforming short-term memories to long-term memories.  The HC can be subdivided 

into an anterior section, a medial section, and a posterior section, commonly referred to 

as the head, body, and tail, respectively [55].  Figure 2.1 below illustrates where the HC 

resides in the brain.  The T1-weighted Magnetic Resonance Images (MRI) are of a Rhesus 

Macaque monkey and show the position of the HC, highlighted in its respective axial, 

sagittal, and coronal planes. 

 

   
Figure 2.1. Location of the hippocampus (red) in a MRI.  The axial (left), sagittal 

(middle), and coronal (right) planes are shown. 

 

Researchers have shown that atypical volumes and shapes of the HC can be commonly 

linked to neurological/psychiatric diseases such as Alzheimer’s disease (AD), epilepsy, 

and schizophrenia [58].  In AD, damage to the HC will cause that person to lose the 
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ability to build new memories and thus is subject to living a life where experiences 

become fleeting.  Due to this very problematic disease which affects nearly 4.5 million 

people in the U.S. alone [66], the HC is receiving a lot of attention in both the medical 

and image processing communities.  Since there is currently no cure for AD, scientists 

are learning more about this disease by learning more about the hippocampus. 

 

2.2 Striatum Physiology 

 

The striatum is part of the basal ganglia and is located very close to the lateral ventricles 

in the brain.  It consists of the caudate nucleus and the putamen [6].  The striatum 

received its name due to its striated-like appearance created by the dense axon bundles 

located in the basal ganglia.  It has primary roles in reward mechanisms subserving 

addiction and craving as well as involvement in motor planning [61].  Figure 2.2 below 

shows the location of the striatum in a MRI of a Rhesus Macaque monkey.  The caudate 

is shown in green and the putamen is shown in red.   

 

   
Figure 2.2.  Location of the caudate (green) and putamen (red) in an MRI.  The axial 

(left), sagittal (middle), and coronal (right) planes are shown. 

 

2.3 Effect of Alcohol Abuse 

 

Alcoholism is a disease that adversely affects hippocampal growth and structural 

attributes.  This disease affects approximately 14 million American adults and nearly 

80% of high school students [67].  Clearly it can be seen that alcohol and subsequently 

alcoholism have damaging consequences that are directly linked to cerebral functions – 
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difficulty with motor skills, slurred speech, slowed reaction times, impaired memory, etc.  

Furthermore, studies have shown that chronic alcohol abuse deters hippocampal growth 

which relates to the impairment of memory.  Past research reveals that there is a negative 

correlation between HC volume and alcohol abuse [1,20,36].  Other studies have shown 

that HC shape is affected and could explain why some abusers relapse into alcoholism 

after a period of abstinence.  By having a better understanding of hippocampal response 

to alcohol abuse in addition to accurate and reliable segmentations of the HC, researchers 

will potentially have a better model to aide in diagnosis, treatment, and prevention of 

alcoholism. 

 

Similarly to the HC, the striatum is also adversely affected by alcohol abuse.  Within the 

striatum lies a healthy amount of dopamine, a neurotransmitter associated with addiction 

and the reward system.  Studies have shown that dopamine is released with the 

introduction of alcohol or other drugs and consequently reinforces consumption of these 

drugs and usually leads to addiction [6,61].  Braus et al. [6] also show that recovering 

alcoholics are susceptible to relapse when alcohol-associated stimuli are introduced 

following a period of abstinence.  Strong levels of activation in the putamen results in a 

high relapse risk.  

 

In addition to heightened relapse risks, alcohol also negatively affects the striatum’s 

volume.  In a study by Sullivan et al. [61], the volume of the caudate and putamen both 

had significantly decreased volumes compared to the controls, deficits of 0.8 and 0.7 

respectively.  These factors reinforce the importance of studying alcoholism and its 

resulting effects on cortical structures. 

 

2.4 Nonhuman Primate Correlation to Human Physiology 

 

Ideally, a human model that describes the relationship between alcohol abuse and cortical 

integrity is the goal.  However, due to various experimental limitations such as 

consumption rates, age of exposure, social behaviors, and adherence to experimentation 

guidelines, accurate human models are difficult to achieve.  Nonhuman primate (NHP) 
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models correlate very well with human models on a genetic, anatomical, physiological, 

and behavioral level [25].   

 

NHPs have been used in alcoholism research for more than 35 years because they exhibit 

social aspects that imitate humans as well as providing researchers the ability to control 

social variables that limit the human models as described above.  Studies have shown that 

NHPs will self-administer alcohol and subsequently demonstrate patterns of alcohol 

abuse consistent with humans [25].  Also, NHP alcoholics experience similar 

consequences to high exposure to alcohol that human models experience including 

ongoing stress, temperament, and social issues. 

 

Physiologically, NHP brains are very similar to human brains in terms of spatial 

correlation of cortical structures.  The primates used in this thesis are Rhesus Macaques 

(macaca mulatta) who are preferred in behavioral studies.  Figure 2.3 below shows the 

relative scale of a rhesus brain compared to a human brain. 

 

 
Figure 2.3. MRI comparison of brain sizes between human and rhesus macaque. 

 

2.5 Hippocampus and Striatum in Image Processing 

 

In the image processing community, the HC is a structure that is widely studied 

[15,16,20,24,27,31,32,36,55,58,73,74].  This popularity stems from the fact that it is a 

rather difficult structure to segment.  The HC has low contrast, multiple edges, and its 

boundaries with neighboring structures, especially the AG, is difficult to clearly define.  
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The HC also is known to have discontinuous edges in MR images due to fast acquisition 

times and low resolution which cause many automatic segmentation algorithms to fail.  

Manual segmentation of the HC is too reliant on observer consistencies and is not 

reproducible.  

 

The striatum is a structure that also suffers from some of the segmentation difficulties 

associated with hippocampal segmentation.  Indistinct boundaries created by the 

caudolenticular bridges between the caudate and the putamen make the segmentation of 

this structure a nontrivial task. 

 

Between the two cortical structures of interest, the HC will be the primary focus.  Below, 

a survey of past segmentation algorithms will be presented along with advantages and 

disadvantages associated with accurately, efficiently, and reproducibly segmenting this 

limbic structure.   

 

2.6 Introduction to MRI Segmentation Techniques 

 

Image segmentation is an important image processing step for a number of areas that 

include: (1) identification of anatomical areas of interest for diagnosis, treatment, or 

surgery planning paradigms, (2) preprocessor for multimodality image registration, and 

(3) improved correlation of anatomical areas of interest with localized functional metrics 

[8].  Due to its non-invasive nature, exceptional soft tissue contrast, and 3-D digital 

formats, MRI provides the necessary robustness that enables structures to be delineated 

and abnormalities to be distinguished between normal and diseased brains [2]. 

 

MRI segmentation methods pose a number of significant problems.  First, the optimal 

selection of features in multi-channel MRI is important not only in maximizing tissue 

contrast differentiation or segmentation in feature space, but also minimizing the 

computational complexity in how it is used [8].  Second, the level of user interaction in 

the segmentation process affects the stability and accuracy of certain methods.  Intra-rater 

and inter-rater variation and reliability are factors that are often considered when taking 
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objective error measurements.  Also, the advances in fast dynamic acquisition of MRIs 

require more attention to noise suppression techniques in image preprocessing.  RF 

nonuniformity that results in image shading and is RF coil- and patient-dependent needs 

to be addressed to obtain accurate segmentation across the full field of view of the coil 

[8].  Standard edge detection methods cannot fully address discontinuous boundaries and 

low contrast-to-noise ratios (CNR) [24].  Furthermore, multimodality approaches for 

improved tissue specificity or other functional metrics can be problematic in both 

verification of image registration and segmentation as well as in the computational 

complexity of the algorithm [8]. 

 

Aside from these problems that deal with segmentation using the MRI modality, 

hippocampal segmentation has its own set of issues that further increase the difficulty in 

obtaining satisfactory results.  As I mentioned earlier, the HC has relatively low contrast 

with multiple indistinct edges especially as you approach the rostra-caudal boundary of 

the HC-AG junction.  In addition, due to its low contrast, other surrounding structures 

may act as decoy elements with similar intensity distributions causing a false labeling of 

these structures [51].  Figure 1 in [22] illustrates this problem in a histogram of image 

intensities that relate the HC to other structures in the brain.  Using only the intensity 

information of the AG and the HC, these two structures would be nearly 

indistinguishable. 

 

Since there currently is no standard method to segment the HC, a consensus is still 

lacking as to which error measure to use, thereby increasing the difficulty in comparing 

between studies.  Average inter-operator errors have been noted as high as 13% in 

volumetric deviation for the HC [51].  With regards to inter-laboratory reliability, image 

acquisition protocols (i.e., sine pulse sequence parameters, slice thickness) can lead to 

discrepancies in results [55].  Quantification of structure volumetry and software 

packages used to manually segment the structure have also been subject to inter-

laboratory errors.  Finally, the posterior boundary of the HC, the delineation between the 

HC and AG, and the anterior boundary of the AG are obviously not clearly defined, 
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leading to differing protocols among the laboratories [55] and without a concrete method 

for comparing results. 

 

Previous work with hippocampal segmentation covers a variety of segmentation 

modalities, ranging from manual to automatic segmentation, atlas registration to 

deformable models, feature extraction and pattern matching to neural networks, and 

fuzzy clustering to active contours.  These methods all have advantages and 

disadvantages with varying results.  It should be noted that the majority of the previous 

work incorporates ideas and methods used in the other algorithms.   

 

2.6.1 Manual Segmentation 

 

Manual segmentation is the most straightforward method to segment the HC or any 

structure in an image.  This technique involves an expert rater that manually outlines the 

structure(s) of interest (SOI) within the image(s) usually with the aide of a software 

package such as the National Library of Medicine’s ITK-SNAP [76] or the Mayo Clinic’s 

Analyze.  The rater must identify and label the HC on each slice of a volumetric MR 

brain image in order to obtain a 3-D reconstruction of the HC [58].  The advantages of 

this method stem from the knowledge of the expert rater.  With this knowledge, 

discontinuities and in some cases, low contrast within the image can be disregarded in 

segmenting the SOI.  The obvious disadvantages of this method can also be attributed to 

these human raters.  Humans are prone to make errors, especially if it involves repeating 

a process with no standardized rules to follow as is the case with segmenting the HC, 

particularly the NHP hippocampi.  Extensive training and human interaction also make 

this method an unattractive approach to segment the HC.  Multiplanar segmentation can 

take anywhere from a couple hours to one day for a small set of structures [5,29,34].  

Refer to Figure 2.2 for the manual segmentation of one slice of a HC from an MR image. 

 

Currently, manual or semi-automated segmentation techniques are still widely used to 

extract cranial structures from image data.  These procedures are extremely time 

consuming and are dependent on the rater [37].  Intra-rater reproducibility and inter-rater 
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reliability are difficult to achieve.  Past techniques measuring the HC have focused on 

defining structures in a single 2-D plane.  Fischl et al. [22] noted that manual 

segmentation done in one slice direction was typically more consistent than performing 

the same segmentation in non-cardinal directions.  There are advantages of measuring the 

hippocampus in the coronal plane.  Certain hippocampal structures, such as the boundary 

between the subiculum and parahippocampal gyrus in the body of the HC, are most easily 

identifiable in the coronal plane.  Because of the 3-D shape of the HC, however, 

especially the hippocampal head – which turns medially and superiorly in relationship to 

the hippocampal body, there has been more consistency in verifying hippocampal 

segmentations in the coronal, sagittal, and transverse planes as noted in Hogan et al.’s 

study [29].  They also found that verification of 3-D relationships in this region was most 

helpful because the boundaries of the hippocampal head were the most difficult to define.  

Furthermore, the indistinct delineation between the HC and AG was often best 

determined by using landmarks in the sagittal plane. 

 

Although some structural attributes can be distinguished easier in three dimensions, 

Pantel et al. [50] describe the complexities of volumetric measurements associated with 

manual segmentations of the HC.  As mentioned above, the HC is adjacent to other 

temporal structures and is linked to complexes such as the parahippocampal gyrus, 

making this a morphologically difficult structure to segment in vivo.  Commonly, 

adjacent structures such as the AG are included in the volumetric measurement of the HC 

and thus, the measurement is of the entire AG-HC complex instead of the isolated HC.  

Some studies have raters that use arbitrary landmarks to exclude certain parts of the 

structure from their measurements, but this is subject to rater drift and variability.  Pantel 

et al. also note that for accurate and reproducible hippocampal volumetric measurements, 

a few factors must be addressed.  1) Image acquisition must be consistent.  The choice of 

certain MR sequences affects the contrast between different tissue types and potentially 

could impact the illumination of hippocampal boundaries [70].  T1-weighted images were 

previously the standard MR sequence used in imaging the hippocampus.  However, T2-

weighted and Proton Density (PD) images have recently been used due to higher contrast 

in some parts of the hippocampal anatomy.  Acquiring different MR sequence modalities 
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could potentially improve the accuracy of morphological and volumetric measurements.  

2) Post-acquisition processing must account for inter-subject and intra-subject movement 

especially in longitudinal studies.  This is particularly true with respect to the small 

structures within the medial temporal lobe.  Post-acquisition processing also must address 

the multimodality images acquired from different MR pulse sequences.  3) Boundary 

definition of the HC changes considerably in the rostra-caudal axis of the coronal plane 

[50].  The boundary between the hippocampal head and AG presents such a challenge, as 

does the hippocampal tail and posterior parts of the thalamus. 

 

Delineation of structural boundaries is necessary in various types of clinical studies, 

where the correlation between morphological changes and therapeutical actions or 

clinical diagnosis must be analyzed.  In order to get statistically significant results, a large 

number of data sets must be segmented.  For such applications manual segmentation 

becomes questionable, not only because of the amount of time spent, but also with regard 

to the poor reproducibility of the results.  The necessity of obtaining highly reproducible 

and efficient measurements motivates the development of computer-assisted automated 

procedures [34]. 

 

2.6.2 Atlas Based Segmentation 

 

The evolution of image processing from manual to more automatic segmentation can be 

seen in methods such as atlas based segmentation.  Brain atlases are created by averaging 

a set of manual segmentations of normal brains that have been registered typically by 

affine transformation.  The atlas provides spatial prior probabilities and is used to 

estimate the initial intensity distribution parameters for normal tissue classes as seen in 

Figure 2 of [54]. 

 

Atlas based segmentation can be regarded as a registration problem when a fully labeled 

MR volume template is registered to an unknown dataset [68].  The high-dimensional 

warping results in a one-to-one correspondence between the source template and target 

image, thereby resulting in an automatic segmentation of the target image [54].  The 
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labels generated by the atlas are used to guide the computed transformation of the atlas to 

the target image, creating new labels for the target which directly translates to a new 

segmentation [68]. 

 

Manual segmentations are often times aided by pre-registered atlases of the SOI [29].  

This way, landmarks can be used to facilitate the manual segmentation and consequently 

accelerate the process.  As mentioned by Fischl et al. [22], anatomical atlases are 

generally constructed by two different approaches.  The first approach involves using an 

individual image as a template, and either manually or automatically estimating a 

transformation that aligns each new dataset with the template.  The second approach 

involves compiling a probabilistic atlas based on the anatomy of a large set of images.  

The advantage of the first approach is that high resolution images lead to high resolution 

templates.  However, the segmentation/registration then becomes biased to the 

imperfections of that template.  The advantage of the second approach is that it removes 

this bias by averaging across a set of images.  Consequently, cross-subject averaging can 

potentially remove useful information from the atlas.  An example of this occurs when 

attempting to register an image from an Alzheimer’s disease patient with an atlas created 

from images of a healthy population.  AD is known to cause significant ventricular 

enlargement, and this condition can lead to large misalignments in the registration 

process [22]. 

 

The success of atlas based segmentation methods which rely heavily on heuristic rules 

and a priori shape information can be attributed to the accuracy and reliability of the 

atlas.  If the atlas is constructed from images without much morphological variation, then 

a priori information gathered from this atlas would be minimal if not negligible.  

However, if there is too much variation and abnormalities, then the atlas would not 

capture the necessary features of the structure and could possibly introduce false 

characteristics to the structure.  This is also problematic for structures with low contrast 

boundaries. 
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2.6.3 Pattern Matching Segmentation 

 

Another image processing modality that is based off of manual and atlas based 

segmentations is morphometry based general pattern matching theory [27,29].  This 

modality overcomes the disadvantage of manual segmentations in how they deal with 

rater variability.  In this framework, an electronic atlas of the hippocampus is used as a 

deformable template that is matched to an individual MR image to extract and study the 

HC and its surrounding area.  By using atlas templates that represent the SOI, MR images 

of the hippocampus may be semi-automatically segmented by means of template 

transformations to define hippocampal variability [29].  This is a great advantage over 

manual segmentations because it allows for measurements of various regions of the brain 

for a large subject base. 

 

A study by Haller et al. [27] uses the general pattern matching theory to accommodate for 

local shape variation between a predefined atlas and the HC.  The registration 

transformation is accomplished by computing a map that maintains geometric features 

such that GM structures are preserved.  The figure below illustrates a block diagram of 

the procedure used to segment a HC using the atlas matching methodology. 

 

Obtain 3-D 
MRI 

Extract 2-D 
image of 

Hippocampus 

Atlas 
Template 

Manual 
Outline of 

Hippocampus 

Pattern Match 
of 

Hippocampus 

Compare 
Measurements 

of 
Hippocampus

 
Figure 2.4. Block diagram of atlas matching segmentation method compared to manual 

segmentation method. 
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The pattern matching from the segmented atlas template to the individual MR image 

consists of two steps.  1) Manually placed landmarks placed pair-wise between the atlas 

and individual images were designed to accommodate global shape differences semi-

automatically.  2) A high-dimensional fluid transformation protocol as used in 

Christensen et al.’s work [12] was used to localize the global shape differences and 

thereby automatically segment the hippocampus. 

 

The disadvantage of atlas pattern matching is that due to its high repeatability and 

sensitivity to changes in neuroanatomical shapes, this modality may be especially 

sensitive to abnormalities of hippocampal structure associated with early forms of AD 

[69]. 

 

2.6.4 Fluid Registration 

 

Fluid registration describes a segmentation process that takes a subset of nonlinear 

warping techniques and applies it to a source atlas to achieve the target image.  These 

techniques are based on the physical model of a compressible viscous fluid.  Vemuri et 

al. [68] took the idea of using atlas segmentation and modeled the registration as a flow 

model.  This approach expressed the viscous fluid flow as a non-linear partial differential 

equation (PDE) using the level set methodology. 

 

Other previous work that involved fluid registration includes a study by Csernansky et al. 

[16] in which the fluid warping of a digital brain template helped study the relationship 

between schizophrenia and local changes in hippocampal morphology [51]. 

 

Crum et al. [15] saw that the practical advantage of fluid registration over manual 

segmentation is that given a baseline region, the match to a registered repeat region is 

deterministic.  Resolution of the baseline segmentation also does not affect the 

registration process because it operates over a larger image volume which includes the 

HC.  The primary disadvantage associated with fluid registration is equivalent to the 

disadvantage of all atlas based segmentation modalities in that the registration is 
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dependent on the atlas template.  Details in the baseline atlas segmentation will propagate 

forward onto repeat scans, so voxels labeled erroneously on the atlas will subsequently be 

labeled incorrectly on the target image.  Fluid registration also performs sub optimally if 

there are significant topological differences between registered scans such as appearance 

of voids or lesions [15].  Low contrast boundaries also pose a problem as they do in all 

atlas based segmentation methodologies. 

 

2.6.5 Artificial Neural Networks 

 

Artificial neural networks (ANN) and pattern recognition algorithms have been known to 

provide automated image analysis systems.  In clinical studies, ANNs have been used as 

a tool in extracting features from medical images for mammography diagnosis [72] and 

volumetric studies of brain structures [41].  Other previous work included use of neural 

network classifiers to separate WM from GM [18], fuzzy clustering methods and feed-

forward cascaded networks to segment brain structures [26], knowledge-based models for 

tissue labeling and tumor identification [39], and Hopfield neural networks for 

nonsupervised segmentation of MRI [3].  There are limitations to many of these 

segmentation techniques.  For the model-based and rule-based methods, a large set of 

heuristic rules is required.  Statistical classification is limited by a priori assumptions on 

the distribution, while robustness was a problem for all the approaches. 

 

An ANN shown in Figure 2.5 illustrates a typical network used in segmenting the HC 

from a set of coronal images.  The number of nodes and the number of levels are 

dependent upon the implementation.  De Alejo et al. [19] describes the network shown in 

Figure 1 of their paper as a two network system where the Vector Quantization Bayesian 

Filtering (VQBF) network is a two layer ANN with N input neurons and M output 

neurons, while the Multi-Layer Perceptron (MLP) network is a three layer ANN with P 

input, H hidden, and O output neurons at each layer respectively.  The VQBF network is 

responsible for building a set of structure classifications based on the original image 

dataset.  The MLP network is then trained using the VQBF classification and also 

incorporates prior information via a single characteristic image with the SOI manually 
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outlined.  Subsequently, the result of the MLP training is applied to the VQBF classified 

images and the segmented SOI is achieved. 
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Neuron Layers 

 
Figure 2.5. Example ANN structure used in segmenting the hippocampus from a coronal 

MR image. 

 

Some advantages of segmentation using ANNs include combining morphometric 

techniques with high volume parallel computation.  Recurrent neural networks provide a 

means to explicitly represent detailed granular interdependencies as well as topographical 

properties and symmetries found in MR images [23].  The neural nodes of ANNs can 

give a sense of biophysical similarity as the signal strength between the nodes 

characterizes voltage spike intensities in the brain.  ANNs are generally computationally 

efficient due to the product form of the solution and are easy to simulate since each 

neuron can be represented by a contour [23]. 

 

The main disadvantage of the ANN is the critical dependence on the training set and 

specifically the choice of the training region [26].  If the input block comes from a region 

that has not been trained then the output is significantly different than the input [23].  Due 

to this limitation, training sets have to be extremely precise and accurate which entails 

longer training sessions for the expert raters. 
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2.6.6 Deformable models 

 

A deformable model in image processing refers to an object in an image that elastically 

changes over time to fit a new position or shape.  It can be thought of as a pseudo-

registration model however there is no predefined target that the source is trying to fit.  

Instead, the deformable model will attempt to achieve a new shape that is physically 

intuitive based on shape variation derived from a training set [58].  In clinical 

applications, deformable models have been used to track the non-rigid motion of the heart 

[13] as well locate structures in the brain such as the HC [9,46,74].  The mathematical 

foundations of deformable models are based from geometry, physics, and approximation 

theory [46].  It is obvious that geometry is responsible for representing object shape in the 

model.  Physics is responsible for imposing constraints that limit the degree of freedom 

that the object can deform to.  Approximation theory is the backbone in the mathematical 

formulation of the deformation process.  Typically, partial differential equations (PDE) 

are used to describe movement over time and as such, determine how close the contour is 

to the final solution or target.  Presented below are some pioneering methods that have 

been investigated in the past decade. 

 

2.6.7 Medial Deformable Models 

 

Segmentation of the HC using deformation-based medial models has been shown to 

produce relatively accurate results as shown in Figure 12 of [60].  Medial models have 

been investigated recently by Pizer [52,53] and Joshi [31] from the University of North 

Carolina’s Medical Image Display and Analysis Group.  Their work has been built upon 

the notion of representing objects by their medial axis, originally introduced by Blum [4].  

Whereas Blum created an object by starting from a boundary representation and deriving 

the medial involutes, including protrusions, indentations, holes, or neighboring objects, 

Pizer et al. describe a model that starts with the medial information and having distances 

away from the median imply involutional regions.  M-reps, as they term it, represent a 

linked set of medial primitives called medial atoms [52,60].  The representation for an m-

rep is illustrated below in Figure 2.6. 
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Figure 2.6. Representation of a medial atom. 

 

It can be seen that the medial atom representation implies two opposing boundary 

sections in addition to the solid region between them.  The expression defined by Pizer et 

al. [52,53] for characterizing the medial atom is given by the equation, { , , , }m x r F θ= .  

Here, x is the skeletal or hub position that represents the central location of the solid 

region that corresponds to the particular medial atom.  gives the distance from the 

medial atom to two or more implied boundary positions, which essentially is the length of 

the radial axes protruding from the atom as shown in Figure 2.6.  The figural frame 

r

( , ,F n b b ⊥= ) , where  is the normal, bn  is the unit vector that corresponds to the fastest 

narrowing direction between the implied boundary sections,  and b ⊥ , the vector 

orthogonal to b , which represents the tangent plane to the medial atom and provides a 

local frame of reference for the solid region of the object.  θ  in this context is the angle 

between the object and its implied boundaries relative to b . 

 

The m-rep approach to segmentation of the HC has several advantages.  Relative to the 

ideas presented by Blum, m-reps excel in representational and computational efficiency 

and stability with respect to boundary perturbation.  Each atom characterizes an interior 

section of the object that leads to a special capability for deformation of the interior [52].  

By using a multi-scale medial representation, natural shape morphologies such as 

thickening and bending can be accurately captured.  Using m-reps, global and local shape 

analysis can be conducted separately as shown in Figure 9 of [60].  For global analysis, 

the m-rep representation of the entire object allows for the computation of volumetric 

quantities such as thickness.  For local analysis, each individual medial atom can be 
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studied to compare spatial relationships. The medial atoms also intrinsically yield a 

coordinate system that provides a space varying frame and distance metric which can be 

expressed as a fraction of medial width [53]. 

 

The disadvantages of m-rep deformable segmentation stem from the inability of medial 

representation to accurately account for large shape variability and topological changes 

across a set of images.  A fixed m-rep topology allows for an implicit correspondence for 

statistical analysis, however the topology of an individual object cannot be precisely 

captured thus the m-rep is always an approximation to the object which can be seen in the 

inaccuracies shown in Figures 6 and 12 in [52] and [60] respectively. 

 

2.6.8 Active Contour Models 

 

Active contour models (ACM) or snakes as first proposed by Kass et al. [33], describe a 

planar deformable model that has been widely used for segmenting nonrigid structures in 

a variety of applications.  They are commonly used to approximate the location and shape 

of object boundaries with the assumption that the boundaries are continuous or smooth 

[46].  ACMs are energy minimizing parametric contours that deform an object to the 

image data with constraining factors such as smoothness, shape priors, and neighbor 

priors [74].  The basic mathematical formulation that governs the shape of the contour is 

expressed as: 

 

( ) ( ) ( )E v S v P v= +                                                  (2.1) 

 

This PDE explains that the energy E is proportional to the balance of the internal and 

external forces, S and P respectively, when the contour is at equilibrium, E(v) = 0 [17].  

Here, S and P can be represented by the expressions: 

 
22 21

1 2 20
( ) ( ) ( )vS v w s w s ds

s s
∂ ∂

= +
∂ ∂∫

v                                    (2.2) 
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1

0
( ) ( ( ))P v P v s ds= ∫                                                 (2.3) 

For S(v), the first term is multiplied by a weighting factor w1 and explains the internal 

stretching force, while the second term multiplied by another weighting factor w2 

explains the internal bending force of the active contour.  The external force, P(v) 

describes the relationship that the active contour has with the image data.  Typically 

ACMs detect objects whose boundaries are defined by an image gradient, replacing 

Equation 2.3 with the expression below. 

( )
21

0
( ) ( )P v I v s ds= ∇∫                                              (2.4) 

The corresponding edge function with a Gaussian smoothing operator is presented below. 

( )( )
( ) ( )

1, ,   
1 , ,

pg I x y p
G x y I x yσ

∇ =
+ ∇ ∗

1≥                          (2.5) 

Here, the function ( )( ,g I x y∇ )  is positive in homogeneous regions and zero at the 

edges [9].  These gradient maps are image-derived forces that attract the contour in order 

to minimize the energy functional which occur at the high gradient edges.  This however 

can be intuitively a problem for MR images of the HC.  As stated above, hippocampal 

images tend to be noisy with low contrast especially at the boundaries for the SOI.  Other 

disadvantages of ACMs include having to initialize the contour close to the SOI in order 

to obtain favorable results [19].  Also, the internal energy constraints of ACMs can limit 

their geometric flexibility and prevent them from representing tube-like shapes or shapes 

with significant protrusions or bifurcations [46].  Recent studies [9,13,58,64,74] have 

dealt with these limitations primarily by using a level set methodology [57] and/or 

including a priori constraints. 

 

2.7 Theoretical Background 

 

The model I chose for this thesis had to overcome the intricacies and known difficulties 

associated with hippocampal segmentation from MR images.  As described in Yang et al. 
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[74], a deformable model using the level set methodology and a priori information 

provides a modality that is robust, efficient, reproducible, and accurate.  It capitalizes on 

the advantages of using deformable models but also alleviates many of the problems that 

other modalities experience as documented earlier.  By using a level set methodology, 

topological changes are intuitively accounted for by the level set.  Low contrast and poor 

boundary definition of the HC are resolved by using an active contour formulation 

without edge dependencies as well as shape and neighbor priors derived from a training 

set. 

 

2.7.1 Level Set Methodology 

 

A level set function describes the method for tracking surface evolution over time.  

Typical numerical methods for tracking boundary changes involve using markers that 

move in accordance with a speed F.  The common analogy used is of buoys attached to 

the object’s boundary and connected by pieces of rope.  As the surface contour evolves, 

the representation of the contour relies on the rope to accurately define the boundary.  

Figure 2.7 illustrates this idea of a contour representation using markers and arrows 

designating the direction of evolution.  For a closed contour propagating such that the 

markers do not collide, this scheme is adequate for representing contour evolution, 

however if topological changes such as self-intersection or merging occurs as shown in 

Figure 2.8, the method becomes unstable. 

 

 
Figure 2.7.  Object contour represented by buoys (blue dots) connected by rope (black) 

and the direction of evolution (red arrows). 
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Figure 2.8.  Two simple closed contours (left) and the resulting merged contour (right). 

2.7.2 Active Contours Without Edges 

Chan and Vese [9] proposed a 2-D model that capitalized on the advantages of level sets 

and applied it to an active contour model which was not dependent on image gradients to 

evolve the contour.  As mentioned above, classical ACMs use a gradient function to 

detect the edges of the object and subsequently stop the segmentation.  Gradient maps are 

a well documented problem for hippocampal segmentation in MRI due to the low 

contrast and poor boundary definition of the HC.  Instead of using a gradient map as a 

stopping criterion, the Mumford-Shah segmentation technique [49] was used.  The M-S 

technique is a variational problem that minimizes a functional to simultaneously smooth 

and segment a homogeneous region in the image, namely the SOI [9,14,63]. 

( ) ( )
( ) ( )

( )

2
0

2

\

,

                     , ,

                     ,

MS

C

F I C Length C

I x y I x y dxdy

I x y dxdy

μ

λ
Ω

Ω

= ⋅

+ −

+ ∇

∫
∫

                              (2.6) 

Here, C denotes the smooth, closed boundary represented by the active contour, I is the 

solution image, I0 is the piecewise smooth approximation to I with discontinuities only 

along C, and Ω is the image domain.  The positive real parameters μ and λ control the 

influence between the length and smoothness of the contour respectively.  By reducing 

the M-S functional down to a minimal partition problem, the level set method can be used 

to formulate and solve the minimization of the functional.  This is done by restricting FMS 

to piecewise constant functions, specifically, 
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                                          (2.7) 

Thus, the best approximation I of I0 is based on the two distinct regions inside and 

outside the contour. 

The sign convention I decided to use to denote the level set distance map is, 

( ) ( ){ }
( ) ( ) ( ){ }
( ) ( ) ( ){ }

, : , 0

inside , : , 0

outside , : , 0

C x y x y

C x y x y

C x y x y

φ

φ

φ

= ∈Ω =

= ∈Ω <

= ∈Ω >

 

Furthermore, an illustration of this notation is shown below on a synthetic contour that is 

propagating outwards along its normals. 

 

Figure 2.9.  Level set sign convention. 

The energy minimization equation to capture this reduced M-S technique using the 

Heaviside function as an indicator function [14] is,  

( ) ( )( ) ( )

( )( )
( ) ( )( )
( ) ( )( )( )

1 2

2
1 0 1
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                      ,

                      , ,

                      , 1 ,
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φ μ δ φ φ
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λ φ

λ φ

Ω

Ω

Ω
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+
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∫
∫
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                  (2.8) 
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Here, the function takes as input, c1 the region inside the contour C, c2 the region outside 

the contour C, and φ  the level set function of C.  ( ( )),H x yφ  represents the Heaviside 

equation, 

( )
1,     0
0,    0

if
H

if
φ

φ
φ
≥⎧

= ⎨ <⎩
                                             (2.9) 

The first term of (2.8) denotes the arc length of the level set contour, the second term 

refers to the area inside the contour, while the third and fourth terms represent the 

energies inside and outside the contour respectively.  Influencing each term are the 

constants μ, ν, λ1, and λ2.  By keeping c1 and c2 fixed and minimizing F with respect to φ , 

the corresponding Euler-Lagrange equation using a gradient descent technique is [9], 

( ) ( ) ( )2
1 0 1 2 0 2 div I c I c

t ε
φ φδ φ μ ν λ λ

φ

⎡ ⎤⎛ ⎞∂ ∇
= + + − −⎢ ⎥⎜ ⎟⎜ ⎟∂ ∇⎢ ⎥⎝ ⎠⎣ ⎦

2−                (2.10) 

where c1 and c2 are constants, 
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                              (2.11) 

A numerical approximation is used to solve the gradient descent to calculate the next 

contour 1nφ +  and update the constants c1 and c2 after each iteration.  This is done until 

convergence. 

2.7.3 A Priori Knowledge 

The advantage of image processing in medicine is that although physiology tends to 

deviate from person to person as well as over time within the same person, the general 

shape, location, and orientation of objects is known.  This a priori knowledge allows 

image processing algorithms to constrain its model in the form of initial conditions, data 
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constraints, or constraints on the model shape parameters [46].  Numerous studies 

[7,11,13,38,64,74,77] have shown that a priori information combined with deformable 

models produces very favorable results.  In these studies, implicit information is typically 

encapsulated into the model by using statistical parameterization via multivariate analysis 

which is discussed in Section 2.7.4.  Explicit information is used in manual segmentation 

where an expert rater can provide insight during the procedure. 

An example illustrating the effect of incorporating a shape prior in the segmentation 

process can be seen in Figure 11 of [38].  From this figure, it can be seen that including a 

priori knowledge improves the accuracy of deformable model segmentation algorithms.  

This is of particular importance for the HC since it is a difficult structure to segment due 

to its many contrast and boundary issues.  Shape priors have been used quite extensively 

[7,11,13,38,64,74], while thickness [77] and neighbor priors [74] have also been 

investigated to further constrain their respective models.  There are however 

disadvantages associated with including these constraints.  Simple operations such as 

addition and subtraction do not translate linearly to level sets.  Since level sets are 

geometric in nature, the update for the new contour which is based on the minimization 

of the active contour and the prior information, essentially translates to the subtraction of 

the prior from the active contour at every iteration thereby distorting the level set.  

Commonly, this problem is resolved by reinitializing the level set of the contour after a 

user-defined number of iterations to restore the implicit boundary of the SOI.  Another 

disadvantage occurs from adding neighbor prior information as proposed by [74].  Their 

neighbor prior model constrains the central SOI by including shape and neighbor 

information, while other SOIs are constrained by only neighboring information.  

Although ideally this would allow for the simultaneous segmentation of multiple objects 

within an image, only the segmentation of the central SOI can truly be affirmed. 

2.7.4 Multivariate Analysis 

SVD and PCA are multivariate statistical methods that efficiently encapsulate and 

explain variation within a data set.  These methods are the foundation for providing a 

priori information regarding shape variability to aide in the segmentation of structures 
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such as the HC.  PCA provides a way to identify and highlight patterns in a data set 

effectively reducing the dimensionality of the data to emphasize the most important 

variations.  It operates as a linear transformation that plots the data on a new coordinate 

system such that the variance by any projection of the data lies on the coordinate axis 

ordered in a sequential manner from greatest to lowest (i.e. the greatest variance would 

lie on the first coordinate, the second greatest variance would lie on the second 

coordinate, and so on) and is orthogonal to the previous principal component, therefore 

being uncorrelated.  A simple example can be seen below in Figure 2.10.  The first 

principal component PC-1 provides the most variation and therefore is the most 

dominant.  Again, it is important to note that the second principal component PC-2 is 

orthogonal to the first, illustrating an independence among the variances. 

 

PC 1 

PC 2 

Figure 2.10.  PCA example illustrating two principal components. 

These projections are then reordered in a column-wise fashion to build a variance matrix.  

SVD provides the method to decompose this variance matrix.  By solving the equation 

for SVD shown below,  

TQ U V= Σ                                                      (2.12) 

the corresponding eigenvectors and eigenvalues of the variance matrix Q can be found.  

Here, U and VT (transpose of V) are orthogonal matrices where the columns of U are 

labeled as the left singular vectors and the rows of VT are the right singular vectors.  S is a 

diagonal matrix and contains the singular values of Q ordered in a descending manner.  

To solve for U and VT, the eigenvectors and eigenvalues of QQT and QTQ are calculated 

respectively.  The corresponding columns of U and VT are formed from the eigenvectors 
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of QQT and QTQ.  S is computed as the square root of the eigenvalues from either QQT or 

QTQ [44].  What this entails is that each eigenvector represented as a principal component 

will be numerically related to the variance that the PCA captures from the data set.  The 

eigenvalue is then correlated to the amount of variance captured, i.e. the higher the value, 

the more variance captured. 

2.8 Chapter Review 

This chapter has provided a literature review of the HC and the many image processing 

modalities considered for the segmentation of the HC.  The physiology of the HC and 

striatum were investigated as well the correlation between human and NHP cortical 

structures.  Alcohol abuse was found to have a negative impact on HC and striatum 

volumetry and growth.  Many complications revolve around hippocampal segmentation 

including image noise, low contrast, poor boundary definition, and ambiguity in the 

delineation between the HC and AG, making it a difficult task.  Striatum segmentation 

encounters many of the same problems as the HC including an ambiguous delineation in 

the caudolenticular bridges joining the caudate and putamen.  A survey of hippocampal 

segmentation modalities were presented including manual segmentation, atlas-based 

segmentation, pattern matching, fluid registration, deformable models, m-rep medial 

models, and active contours.  Finally a theoretical background of level sets, an active 

contour methodology that does not depend on edge stopping conditions, effect of a priori 

knowledge in segmentation algorithms, and an analysis of multivariate statistics 

responsible for encoding the a priori knowledge was presented.

28 



Chapter 3 Methods 

 

3.1 MAP Framework 

 

A powerful tool that improves segmentation convergence by encapsulating relationship 

priors in deformable models is the maximum a priori probability.  This formulation 

encourages deformable models to fit image data by finding the model shape parameters 

that maximize the posterior probability [73].  A Bayesian framework defined as, 

 

( | )  ( | ) ( )P S data P data S P S∝                                         (3.1) 

 

explains that the probability of finding a transformation S to fit the data is proportional to 

the data likelihood capturing the data-to-geometry relationship, P(data | S), multiplied by 

the prior probability function that is responsible for capturing the prior knowledge of the 

data variability, P(S) [31,32].  This framework can then be applied to various 

characteristics for a model to capture, such as a priori shape information as well as a 

priori neighbor information. 

 

3.1.1 Shape-Intensity prior 

 

The advantage of performing segmentation on structures in a medical image is that 

typically the structure will be confined to a certain geometry and shape.  Therefore, 

constructing a shape prior model that encapsulates the variations seen across a large 

sample of images is feasible.  Assuming grey-level homogeneity, the shape of an object is 

dependent on the grey-level variation in an image [73].  Consider an image I that contains 

a SOI S, the MAP framework that explains this relationship during segmentation is, 

 

( )
( ) (

arg max , |

   arg max | , ,
S

S

S P S I I

P I S I P S I

=

= )
                                       (3.2) 
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where S , the object being segmented, is proportional to the grey level information 

function  multiplied by the shape prior term ( | ,P I S I ) ( ),P S I .  Following the work of 

Yang et al. [73], the shape prior probability is defined under the assumption of Gaussian 

distribution as, 

 

( )
( )

11 1exp
22

T
kk

k

P α α α
π

−⎡ ⎤= − Σ⎢ ⎥⎣ ⎦Σ
                                    (3.3)  

 

where α  denotes the shape-intensity pair, k is the number of principal components 

considered from the training set, and Σ is the matrix of singular values also derived from 

the training set.  Basically this formulation describes the probability that a certain object 

shape will be accounted for. 

 

3.1.2 Neighbor prior 

 

Similar to the shape prior, segmentation of structures in medical images using neighbor 

priors are feasible because typically the physiology of a certain region will not vary 

indistinguishably from subject to subject.  It can be noted that for this particular case 

involving the NHP HC and striatum, the physiology of the temporal lobe is similar 

enough to human temporal lobes in that relationships can be made between the two 

species based on NHP research. 

 

Neighbor priors are derived from the same principles as the shape prior.  However, as the 

shape prior constrains the segmentation based on the SOI’s average shape, the neighbor 

takes into account the relationship between the SOI and its neighbors.  As described in 

Yang et al. [74], consider an image I with M objects of interest; the MAP framework that 

describes the relationship between the image and neighbor prior information is stated as, 
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)                  (3.4) 

 

where iS  denotes the segmentation for the SOI and is proportional to the relationship 

between all evolving surfaces SM and the image I.  The joint density function 

 is responsible for encapsulating information such as relative 

position and shape of the SOIs.  Applying the chain rule to the joint density function 

yields, 

( 1 2, ,..., ,...,i MP S S S S )

 

( ) ( )
( )
( ) ( ) (

1 2 1 2 2 1

1 2 3 2 1

3 2 1 2 1 1

, ,..., | , ,..., ,

                             | , ,..., ,

                             | , |

M M M M

M M M

P S S S P S S S S S

P S S S S S

P S S S P S S P S

− −

− − −

=

×

× )
                       (3.5) 

 

It can be seen that for every SOI M, the surface evolution is subsequently related to every 

other SOI in the image.  Depending on the number of SOIs in the image, this approach 

can ultimately lead to very complicated and inefficient computation times for solving the 

joint density function for every SOI.  Graphically this relationship can be represented by 

a binary matrix R where the elements along the diagonal represent each SOI SM, 

 

1     1      ...     1
1     1      ...     1
  ...
1     1      ...     1

MxMR

⎡ ⎤
⎢ ⎥
⎢ ⎥=
⎢ ⎥
⎢ ⎥
⎣ ⎦

                                            (3.6) 

 

Here the value of each element of the matrix describes the independence it has with the 

other elements.  A value of 0 denotes an element’s independence, while a value of 1 

denotes an element’s dependence with respect to the other elements of the matrix.  For 

this case where all elements are dependent on each other, the maximum amount of 

neighbor information is present and stored for each element or SM.  This relationship is 
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referred to as a full order prior [74].  Conversely, the case where all SOI are independent 

of each other simplifies the joint density function of (3.5) to, 

 

( ) ( ) ( ) ( ) ( ) ( )1 2 1 2 2 1, ,..., ...M M M MP S S S P S P S P S P S P S− −=                  (3.7) 

 

and thus the matrix R becomes, 

 

1     0     ...     0
0     1     ...     0
   ...
0     0     ...     1

R

⎡ ⎤
⎢ ⎥
⎢ ⎥=
⎢ ⎥
⎢ ⎥
⎣ ⎦

                                              (3.8) 

 

For this relationship, every element is independent of the other elements in the matrix and 

thus no neighbor prior information is stored.  This is easily shown by comparing the 

matrix of (3.8) to (3.6).  Essentially, this type of relationship would store self shape prior 

and intensity information as mentioned in Section 3.1.1. 

 

Finding a balance between computational efficiency and the ability to store neighbor 

prior information leads to the simplification of (3.5), 

  

( ) ( ) ( ) ( ) ( )1 2 1 1 1 2 1 1, ,..., | | ... |M M MP S S S P S S P S S P S S P S−=                 (3.9) 

 

Here, every SOI SM is only related to the central object of interest S1 and itself.  The new 

matrix R that describes this relationship is, 

 

1     1     1     ...     1
1     1     0     ...     0
1     0     1     ...     0
   ...  
1     0     0     ...     1

R

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥=
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

                                         (3.10) 
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Therefore, with regards to the central SOI S1, the joint density function can be defined as, 

 

( ) ( ) ( ) ( ) ( )1 2 ,1 1,1 2,1 1, ,..., ...M M MP S S S P P P P S−= Δ Δ Δ                    (3.11) 

 

where the MAP framework incorporates the shape prior of the central object P(S1) and its 

local neighbors, P(Δi,1), i = 2,3,…,M. 

 

3.2 Segmentation Process 

 

The overall segmentation process involves two major phases, the training phase and the 

surface contour evolution phase.  The training phase involves building shape and 

neighbor a priori variance models to constrain the evolution of the active contour.  Using 

the MAP framework described above in Section 3.1, two sets of prior models are built.   

The first model uses synthetic images of ellipsoids while the second model uses MR 

images taken from RM monkeys being studied at WFUBMC.  The objects of interest 

within the images are captured using the level set methodology explained in Section 2.7.1 

in order to provide tolerances to slight misalignments of object shape [21].  These slight 

misalignments can potentially lead to correspondence problems that occur when trying to 

capture object variance.  The HC-AG complex presents this type of challenge since the 

delineation between the rostral head of the HC and the caudal tail of the AG are poorly 

defined.  To solve this problem, we co-registered the MR images of the RMs to one 

image before computing the priors.  The synthetic ellipsoids did not have a 

correspondence problem because the shapes were disjoint and I purposely created then 

such that they did not overlap.  The surface contour evolution phase involves minimizing 

an Euler-Lagrange energy functional that is constrained by the shape-intensity and 

neighbor a priori models.  A new contour is created after each iteration and propagates 

until convergence. 
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3.2.1 Training Phase 

 

The first step of the training process is to collect n images with M SOIs found in each 

image.  The SOIs must be consistent across all images.  Next, the images are to be 

aligned which as mentioned above is accounted for in both test cases.  For the synthetic 

images case, each image contained two ellipsoids as shown below in Figures 3.1 and 3.2.  

The image canvas used was 64x64 pixels. 

 

           

           

           

           

           
Figure 3.1.  Synthetic images used as a 2-D training set.  The left ellipsoid is the central 

SOI. 
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Figure 3.2.  Zero level sets of the 2-D synthetic training data overlaid. 

 

It can be seen from the above two figures that the left ellipsoid varies more horizontally 

while the right ellipsoid varies more laterally.  The left ellipsoid is considered the central 

SOI and subsequent references I make to the central object will be referring to this 

structure.  I created these images in this particular fashion in order to understand and 

verify that the a priori information is encapsulating the correct shape and neighbor 

relationships.  Figure 3.3 below illustrates the two primary modes of variation derived 

from the PCA for both the central object and neighboring object. 

 

It is obvious from the figure that the first primary mode of variation captures horizontal 

variation for the central object and lateral variation for the neighbor object.  The inverse 

is true of the second primary mode of variation.  The neighbor variation is calculated in 

the same way as the central object but uses the neighbor difference deviation.  By adding 

the average central object shape to the neighbor difference, I can visually present the 

neighbor variation shown in the images on the right of Figure 3.3. 
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Figure 3.3.  The zero level set representation of the two primary modes of variation for 

the 2-D synthetic training set.  The top left figure shows the first primary mode of 

variation for the central object while the top right figure shows the first primary mode of 

variation for the neighbor object.  The bottom left and right images follow the same 

pattern as the top but represent the second primary mode of variation respectively.  For 

all the figures, the bold black line denotes the average shape of the object, the red line 

denotes the negative standard deviation, and the green line denotes the positive standard 

deviation. 

 

The training images are then embedded as a higher order level set φ  as described in 

Section 2.7.1 where the sign convention is positive outside the boundary and negative 

inside the boundary.  The central object is then characterized as a set of level sets.  

 

{ }1,1 2,1 ,1, ,..., nφ φ φ φ=                                               (3.12) 
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Here the first subscript denotes the image number and the second subscript denotes the 

SOI, in this case the central object or S1.  The difference between the left ellipsoid and 

right ellipsoid is defined as the neighbor difference.  This relationship is similarly 

captured in a set of level sets,  

 

{ },1 1, 1,1 2, 2,1 , ,1, ,...,

                                                         2,3,...,
i i i n i n

i M

φ φ φ φ φ φΔ = − − −

=
                      (3.13) 

 

For the synthetic images case, n is known to be 30 and M is known to be 2.  Next, PCA as 

described in Section 2.7.4, is performed on the mean deviation matrix defined as, 

 

,11

1 n
jjn

φ φ
=

= ∑                                                  (3.14) 

,1nQ φ φ= −                                                     (3.15) 

 

Equation 3.14 formulates the mean level set φ  while Equation 3.15 builds the mean 

deviation matrix Q by subtracting each image with the corresponding central object from 

the mean level set placing it as a column-wise vector.  Q is a dN n× -dimensional matrix 

where Nd is the number of pixels/voxels in a 2-D/3-D image respectively.  SVD is then 

performed on the covariance of the Q matrix to obtain the singular values, 

 

1 TQQ U V
n

T= Σ                                                  (3.16) 

 

An estimate of a novel shape φ  of the same class as φ  can be obtained via representation 

using k principal components and a k-dimensional vector of coefficients α, 

 

( )1
T
kUα φ φ= −                                                  (3.17) 

kUφ α φ= +                                                     (3.18) 
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Obtaining the PCA and SVD information for the neighbor difference follows the same 

paradigm as the central object.  Instead of calculating the average shape of the neighbor 

however, the average neighbor difference is calculated, 

 

,1 ,12

1 M
i jn = jΔ = ∑ Δ                                                (3.19) 

,1 ,1iQ i= Δ −Δ                                                    (3.20) 

 

This difference is calculated per neighbor and is simply the sum of the deviations 

between the neighbor and the central object for each image.  The corresponding Q matrix 

then is the difference between the neighbor difference and the average neighbor 

difference.  An estimate of a novel neighbor difference is calculated in the same fashion 

as the central object, 

 

,1 ,1 ,1i ik iP β iΔ = + Δ                                                 (3.21) 

 

Here, P replaces the U matrix but is calculated in the same fashion using SVD, and ,1iβ  

replaces α as the vector of coefficients that represents the new neighbor.  The probability 

of a certain neighbor difference then is, 

 

( )
( )

1
,1 ,1 ,1 ,1

,1

1 1exp
22

T
i k

i k

P i i k iβ β β
π

−⎡ ⎤= − Λ⎢ ⎥⎣ ⎦Λ
                           (3.22) 

 

where  are the singular values of the neighbor difference SVD. ,1i kΛ

 

The creation of the NHP training model follows the same procedure as the synthetic 

training model described above although it involves a little more preprocessing.  First, the 

images of the RM monkeys were obtained from a 16 month long study at WFUBMC.  

The monkeys were first induced to drink ethanol alcohol as their primary diet for 4 

months prior to the first baseline scan.  Following this 4 month period of alcoholism, the 
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monkeys were subsequently given the choice between water and alcohol for 22 hrs/day 

over the next 12 months.  After this 12 month period, the monkeys were sacrificed and 

scans were obtained prior to sacrifice. 

 

The multi-channel acquisitions were performed on a 3-Tesla GE scanner using a knee 

coil.  Fast gradient echo axial, sagittal, and coronal localizer images were acquired for 

graphically prescribing a T1-weighted (T1) structural scan.  Axial high-resolution T1-

weighted structural scans with isotropic voxels were acquired with a 3-D spoiled gradient 

echo (3D SPGR) inversion recovery sequence (inversion time (TI) 300 ms, echo time 

(TE) 2.9 ms, repetition time (TR) 13.6 ms; flip angle 15 degrees; receiver bandwidth 7.8 

kHz; in- plane matrix size, 256 x 256; field of view, 12 cm; in-plane resolution, 0.47 mm; 

slice thickness, 0.5 mm; number of slices, 128).  The 3D SPGR images were acquired 

separately instead of signal averaging online to allow for post-processing rigid body 

realignment before being averaged together.  In order to increase the signal to noise ratio 

(SNR) for accurate quantification of small structure volume, the total acquisition time for 

the T1-weighted images was approximately 62 minutes.     

 

The averaged volumes were then all co-registered to a single volume using the FSL tool 

FLIRT and a normalized mutual information algorithm [30].  The software program ITK-

SNAP [76] was used to manually segment the HC, caudate, and putamen to create a set 

of training images.  An example of the interface is shown below in Figure 3.4.  Using the 

brain atlas of [42] as a guide, I manually outlined each of the cortical structures from 

each RM monkey using the tools from ITK-SNAP.   
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Figure 3.4.  ITK-SNAP interface used to manually segment the HC from the NHP 

images. 

 

For the HC, the procedure I followed was to first distinguish the circular shape of the HC 

in the coronal plane and then propagate through each slice until I obtained roughly the 

medial slice.  I used the cerebral peduncle as a major landmark towards the proximal side 

of the HC and the putamen as the superior landmark.  Next I moved to the sagittal plane 

and delineated the HC using the parahippocampal gyrus as the inferior landmark, the 

occipital horn of the lateral ventricle as the caudal landmark, and the AG as the faint 

boundary for the rostral landmark.  Now that two of the planes have been segmented, the 

axial plane has a crosshair that provides a marker for the limits of the shape.  Figure 3.5 

illustrates this crosshair in the axial plane.  Figure 2.1 shows the result for the first pass of 

the manual segmentation.  Subsequent slices are propagated in the coronal plane and the 

contour is segmented utilizing the crosshairs from the axial and sagittal planes as well as 

the initial landmarks.  After all slices in the coronal plane are segmented, I addressed 
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each slice of the axial and sagittal planes by stepping through and filling in any 

unfinished segmentations to smooth the shape. 

 

 
Figure 3.5.  Axial view of the crosshair used in manual segmentation using SNAP. 

 

For the striatum I followed the same procedure as the HC but naturally used different 

landmarks for both the caudate and the putamen.  The shape of the caudate resembles a 

butterfly when paired with the lateral ventricle in the coronal plane.  The delineation 

between these two structures is rather easily discernible in a T1-weighted MRI as the 

ventricle appears darker in contrast.  The globus pallidus is used as the inferior landmark 

as propagation moves ventrally.  In the sagittal plane, the lateral ventricle acts as the 

superior landmark and again is distinguishable due to its darker contrast.  Propagating 

through each slice, the shape of the caudate in this plane resembles a horizontal tear drop.  

Using the subsequent crosshairs in the axial plane and the ventricle as the proximal 

landmark, the shape of the caudate in this plane is captured.  I made the decision that the 

caudatolenticular bridges lining the internal capsule which lies between the caudate and 

putamen would be segmented as part of the caudate as shown in Figure 3.6.  The coronal 

plane is used again as the primary plane for the manual segmentation.  Each slice in the 

axial and sagittal planes is filled in upon incomplete segmentations to smooth the shape.  

An illustration of the first pass through the manual segmentation can be seen in Figure 

2.2.  The caudate is highlighted in green. 
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Figure 3.6.  Location of caudolentricular bridges in the axial plane of a MRI. 

 

The segmentation of the putamen is a little bit trickier than its striatal counterpart.  In the 

coronal plane, the medial slice of the putamen lies distal and inferior to the caudate.  It 

has a kidney-like resemblance and medially, the globus pallidus serves as its major 

landmark.  In the sagittal plane, the putamen is constrained by the anterior commissure 

and superiorly by the caudate.  The claustrum and caudate serve as the lateral and medial 

landmarks in the axial plane respectively.  Delineation of the putamen is easier in the 

axial plane so instead of propagating through the coronal plane as I did previously with 

the HC and caudate, I used the crosshairs as a measure and manually propagated through 

the axial plane for the manual segmentation.  An illustration of the first iteration of the 

manual segmentation can be seen in Figure 2.2.  The putamen is highlighted in red. 

 

For the 2-D model of the HC, a fixed slice of the sagittal plane from every volume was 

chosen such that the origin of the HC was at the center of the structure.  The resulting 

binary images used in the training set are shown below in Figure 3.7 and their respective 

zero level sets overlaid are shown in Figure 3.8. 

 

 

42 



       

       
Figure 3.7.  Binary images of the HC extracted from the NHP MRI. 

 

 
Figure 3.8.  Zero level sets of the NHP training images. 

 

The corresponding three major principle modes of variation are displayed in Figure 3.9.  

It can be seen that the first mode captures some longitudinal variation as well as 

hippocampal head size.  The second mode captures lateral variation and the third mode 

captures the geometrical variation of the hippocampal tail. 
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Figure 3.9.  Three primary modes of variation for the 2-D NHP hippocampus.  The top 

left image depicts the first primary mode of variance.  The top right image depicts the 

second mode and the bottom image depicts the third primary mode of variance.  For all 

images, the bold black line represents the mean shape, the red line represents the negative 

standard deviation, and the green line represents the positive standard deviation from the 

mean. 

 

The 3-D training models used for the synthetic images, NHP hippocampi, and NHP 

striatum can be seen in Appendices A, B, and C respectively.  The surfaces shown were 

generated using Kitware’s ParaView [59]. 

 

3.2.2 Surface Contour Evolution 

 

The next step of the segmentation process is the evolution of the surface contour.  The 

algorithm we decided upon for this thesis is the LSDM using geodesic active contours to 

propagate the curve.  Shape and neighbor priors as discussed above are used as 

constraining factors for the evolution.  The principles associated with the LSDM and 

active contours without edges are again described above in Section 2.7.  The basis of the 

contour evolution is propagation via the minimization of an energy functional.  By 

including image data information such as voxel/pixel intensity, shape prior information, 
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and neighbor prior information, the energy functional can be achieved as proposed by 

Yang et al. [73,74]. 
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As intimidating as this equation appears, it actually closely resembles Equation 2.9 

derived by Chan et al. [9].  The last two additive terms describe the neighbor and shape 

priors respectively.  G is an operator that reshapes the matrix into a vector.  By keeping c1 

and c2 fixed and minimizing F with respect to φ , the corresponding Euler-Lagrange 

equation using a gradient descent for the central SOI is, 
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where g describes an inverse operator to G.  The E-L equation for the neighboring objects 

is, 
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It should be noted that Equation 3.25 does not include the shape prior for the neighboring 

object because the multivariate analysis from the training phase is derived such that the 

central SOI is the focus and the neighbors associated with it provide the spatial 

relationship constraint.  The numerical approximations for these equations are solved 

using a finite difference scheme and details can be found in Appendix D. 

 

To help reduce the complexity of the system, the following variables are set to have static 

values, 1 2λ λ= = λ , μ = 0.00005*2552, and ν = 0 as was done in [9,73,74].  After each 

iteration, the constants c1 and c2 are recomputed and 1nφ +  is updated.  The time step for 

the evolution is chosen such that the contour will move one voxel/pixel per iteration.  

This is done until convergence or when the Root-Mean-Squared error is less than 0.00001 

for at least 2 iterations.  The 2-D implementation was coded in MATLAB [45] and C++.  

The 3-D implementation was coded in C++ using the Insight Toolkit [75] on an Intel® 

Xeon™ workstation with a 1.80GHz CPU, 512 Kb cache and 1 GB of RAM.  The results 

are presented below in Section 4. 

 

3.3 Chapter Review 

 

This chapter reviewed the methods used to implement the segmentation algorithm.  The 

LSDM using geodesic active contours with shape and neighbor priors was the algorithm 

implemented.  The segmentation process involved two primary phases, a training phase 

and a curve evolution phase.  During the training phase, the a priori information was 

captured using PCA/SVD analysis and a MAP framework was discussed to provide a 

probabilistic approach to incorporating both the shape and neighbor prior information 

into the curve evolution.  The curve evolution phase is responsible for minimizing an 

energy functional that propagates the curve using the image data and prior information 
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from the training phase.  Three independent cases will be studied, a 2-D/3-D case of 

synthetically created ellipsoids, a 2-D/3-D case of NHP hippocampi, and a 3-D case of 

NHP striatum acquired from MR images taken at WFUBMC. 
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Chapter 4 Results 
 
4.1 Synthetic Image Test 

 

The first series of tests implemented was designed to analyze the functionality of the 

LSDM and its constraints using synthetically generated ellipsoids.  The trials were 

focused primarily on determining whether the segmentation behaved as documented in 

other references [9,74].  This series of tests was broken down into three parts, consisting 

of 1) a geodesic active contour component, 2) a shape constraint component, and 3) a 

neighbor constraint component. 

 

4.1.1 Geodesic Active Contour Test 

 

The primary goal of the active contour test was to achieve results similar to that of [9].  

This process involves figuring out the weight for λ such that the differential evolution 

equation is minimized.  As mentioned earlier in Section 3.2.2, the only other variables μ 

and ν were statically set to 0.00005*2552 and 0 respectively.  Substituting these values 

into Equation 2.11 yields, 

 

( ) ( )2 2 21
1 1 2 0.00005 255 divI c I c

t ε
φ φ

δ φ λ λ
φ
1

1

⎡ ⎤⎡ ⎤∂ ∇
= − − − + ×⎢ ⎥⎢ ⎥

∂ ∇⎢ ⎥⎣ ⎦⎣ ⎦
            (4.1) 

 

Figure 4.1 below demonstrates the segmentation of two ellipsoids using the geodesic 

active contour.  The figures on the top show the chronological evolution of the active 

contour in red superimposed on the target image.  The image has been blurred and noise 

pixels have been added using a Gaussian distribution.  The figures on the bottom show a 

binary image of the contour itself.  The contour was initialized as the average shape 

derived from the training set.  It is important to note however that the prior information 

from the training set was not integrated into the evolution equation as evident in Equation 

4.1.  Using a value λ = 0.3, it can be seen that the contour groups the two objects together.  
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Due to the poor contrast at the delineation between the two objects, the contour is unable 

to perceive them as individual entities.   

 

     

       
Figure 4.1.  2-D segmentation of synthetic ellipsoids using active contours  

without edges.  Image size = 64x64, λ = 0.3, Image error = 0.629. 

 

4.1.2 Shape Constraint Test 

 

The shape constraint discussed in Section 3.1.1 aims to help constrain the differential 

evolution equation by adding more information to improve convergence.  The differential 

equation implemented to test this case is, 
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( )( )
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1
1 1 1

0.00005 255 div

         T
k k k

I c I c
t

g U U G

ε
φ φ

δ φ λ λ
φ

ω φ φ

1

1

−

⎡ ⎤⎡ ⎤∂ ∇
= − − − + ×⎢ ⎥⎢ ⎥∂ ∇⎢ ⎥⎣ ⎦⎣ ⎦

⎡ ⎤− Σ −⎣ ⎦

             (4.2) 

 

where the variables needed tweaking are λ and ω.  The variance embedded within the 

multivariate analysis during the training phase of the segmentation can be seen to 

improve the results from above as shown in Figure 4.2.  The figures on the top again 

represent the contour overlaid on the target image which is the same as the above active 

contour example, while the figures on the bottom are the binary images of the contour.  
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By adding the shape constraint, the contour appears to latch onto the boundary of the 

central object (left in the image) and keeps it from leaking into the neighboring object 

(right in the image). 

 

     

                
 

Figure 4.2.  2-D segmentation of synthetic ellipsoids using active contours without edges 

and shape prior.  Image size = 64x64, λ = 0.3, ω = 1000, Image error = 0.062. 

 
4.1.3 Neighbor Constraint Test 

 

The neighbor constraint as discussed in Section 3.1.2 is designed to further constrain the 

evolution of the contour.  The differential equation implemented for the central SOI to 

test this constraint is, 
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The corresponding PDE implemented for the neighboring object is, 
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Again it should be noted that these two equations are very similar however the neighbor 

PDE does not include shape information.  The only variables that need adjusting in these 

two equations are λ and ω.  Illustrated below in Figure 4.3, the results show the 

simultaneous contour evolution of both the central SOI, the left ellipsoid in the images, 

and the neighboring SOI, the right ellipsoid in the images.  It is important to note that the 

image error associated with the central object for this test is smaller than the image error 

from the shape constraint test.  It can also be seen that the neighbor contour leaks into the 

central SOI.  This can be attributed to the lack of a shape prior for the neighbor. 

 

     

      
Figure 4.3.  2-D segmentation of synthetic ellipsoids using active contours without edges 

and both shape and neighbor priors.  Image size = 64x64, λ = 0.3, ω = 100, Image error = 

0.017. 
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4.2 3-D Synthetic Image Test 
 

Without repeating the previous sections regarding each individual component of the 

evolution equation, this section will present the results for the 3-D ellipsoid utilizing the 

entire LSDM formulation with both constraints.  Figure 4.4 below shows the evolution of 

the surface contours with the left ellipsoid as the central SOI and the right ellipsoid as its 

neighbor.  I decided not to overlay the contour and the target image because the results 

would be difficult to interpret; however, the binary version of the target prior to the 

addition of noise and blurring effects can be seen in Figure 4.5.  The initial contours are 

set such that the central SOI contour is the derived average from the training data while 

the neighbor SOI contour is the sum of the derived average difference and the average 

central shape.  The volume size used is 64x64x64 and time until completion was about 45 

minutes. 

 

    
Figure 4.4.  3-D segmentation of synthetic ellipsoids.  λ = 0.3, ω = 20, Image error = 

0.093. 

 

 
Figure 4.5.  Binary volume of 3-D synthetic target. 
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4.3 2-D Nonhuman Primate Hippocampus Test 

 

The NHP hippocampi trials will test the capabilities of segmentation using the shape 

prior.  I will use the leave-one-out method to verify that the segmentation of each 2-D 

baseline scan – before being introduced to alcohol – can be achieved by leaving it out of 

the training data.  This will ensure that the shape prior and its multivariate statistics allow 

for a successful segmentation of an object that is most likely similar but not the same as 

the images from the training data.  For each trial, I will leave out the HC of interest from 

the training phase and then use the training data to constrain the segmentation.  We have 

8 baseline NHP image sets which generated 8 different trials.  In Figure 4.6 below, the 

resulting contours for all 8 trials of the same sagittal slice in each volume are shown in 

red overlaid on top of the cropped original baseline image. 

 

       

       
Figure 4.6.  2-D baseline T1-weighted segmentation results of the NHP hippocampus.   

 

Convergence for each trial was less than 1 minute.  The weights for the shape and 

neighbor constraints in each segmentation were slightly different but did not vary too 

much from ω = 1000.  Table 4.1 below shows the image errors between each 

segmentation and its respective manually segmented contour.  From top to bottom and 

left to right, the 8 trials are sequentially referenced. 
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Table 4.1 – Image errors for the 2-D NHP hippocampus segmentations 

Trial 1 2 3 4 5 6 7 8 

Error 0.126 0.136 0.139 0.118 0.182 0.193 0.159 0.142 

 

4.4 3-D Nonhuman Primate Hippocampus Test 

 

The 3-D HC results also demonstrate the effectiveness of the shape prior.  I will present 

the leave-one-out test for the 8 NHP volume scans as well as the volumetric difference 

between the baseline and post-study scans.  Figure 4.7 shows the segmentation results for 

each of the 8 baseline trials in the leave-one-out test.  Again, the trials are numbered in 

sequential order from top to bottom and left to right. 

 

     

    

   
Figure 4.7.  3-D baseline T1-weighted segmentation results of the NHP hippocampus. 
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Convergence for the segmentations took on average 20 minutes.  Table 4.2 below shows 

the image errors between each of these segmentations with its respective manually 

segmented baseline scan. 

 

Table 4.2 – Image errors for the 3-D NHP hippocampus segmentations 

Trial 1 2 3 4 5 6 7 8 

Error 0.185 0.262 0.219 0.162 0.271 0.202 0.220 0.193 

 

By applying the segmentation algorithm to the scans after alcohol exposure, evidence of a 

negative correlation between hippocampal volume and alcohol abuse can be discovered.  

Figure 4.8 below, shows the segmentation results of the 6 NHPs that have been scanned 

prior to sacrifice.   

 

     

     
Figure 4.8.  3-D alcoholic T1-weighted segmentation results of the NHP hippocampus. 

 

Table 4.3 below shows the difference in hippocampal volume between the 6 alcoholic 

monkeys and their respective baseline volume. 
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Table 4.3 – Volumetric difference of the 3-D NHP hippocampus 

Trial 1 2 3 4 5 6 

Difference (mm3) 12.3 1.54 6.03 4.72 2.41 6.59 

 

We also ran the segmentation on the T2-weighted and PD MR images of the NHPs.  The 

final segmentations for the HC are shown below in Figures 4.9 and 4.10. 

 

     

     
Figure 4.9.  3-D alcoholic T2-weighted segmentation results of the NHP hippocampus. 

 

     

   
Figure 4.10.  3-D alcoholic PD segmentation results of the NHP hippocampus. 
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4.5 3-D Nonhuman Primate Striatum Test 

 

The 3-D NHP striatum experiments utilize both the shape and neighbor priors.  The 

caudate is referenced as the central SOI thereby making the putamen its neighbor.  Again 

a leave-one-out test is performed on the baseline scans, followed by a test to determine 

the volumetric difference between baseline and alcoholic segmentations.  

 

     

     

   
Figure 4.11.  3-D baseline T1-weighted segmentation results of the NHP striatum. 

 

Figure 4.11 shows the segmentation results of the leave-one-out tests where the caudate 

and putamen are represented by the left and right structures in the images respectively.   
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Table 4.4 below presents the image errors between the manual segmentation and the 

LSDM segmentation of the caudate. 

 

Table 4.4 – Image errors for the baseline 3-D NHP caudate segmentations 

Trial 1 2 3 4 5 6 7 8 

Error 0.234 0.229 0.283 0.224 0.249 0.191 0.236 0.268 

 

The segmentations for the 6 alcohol-exposed NHP scans are shown in Figure 4.12.  

Convergence took on average 15 minutes. 

 

     

     
Figure 4.12.  3-D alcoholic T1-weighted segmentation results of the NHP striatum. 

 

Table 4.5 shows the volumetric difference between the 6 baseline and alcoholic volumes 

of the NHP caudate.  According to the literature there should be a volume deficit 

associated with alcohol abuse and striatal volume as mentioned above in Section 2.3. 
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Table 4.5 – Volumetric difference of the 3-D NHP caudate  

Trial 1 2 3 4 5 6 

Difference (mm3) 13.18 7.36 15.7 21.96 18.45 8.34 

 

Similarly to the 3-D HC tests, we also ran the segmentation algorithm on the T2-weighted 

and PD MR images to segment the NHP striatum.  The final segmentations for the 

striatum are shown below in Figures 4.13 and 4.14. 

 

     

     
Figure 4.13.  3-D baseline T2-weighted segmentation results of the NHP striatum. 

     

   
Figure 4.14.  3-D alcoholic PD segmentation results of the NHP striatum. 
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4.6 Manual Segmentation Volumetric Results 

 

For each of the 6 trials that involved a volumetric difference between pre- and post-

alcohol exposure, the manual segmented results were tabulated and are shown below for 

both the HC and striatum. 

 

Table 4.6 – Manually segmented volumetric differences of both subcortical structures  

Trial 1 2 3 4 5 6 

HC Difference (mm3) 11.18 20.82 16.03 10.77 15.31 14.58 

Striatum Difference (mm3) 26.57 11.71 37.33 32.06 45.35 12.73 
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Chapter 5 Discussion and Conclusions 

 
5.1 Discussion 

 

I have demonstrated that the LSDM with shape and neighbor priors is an effective 

automatic segmentation algorithm for segmenting both synthetic and subcortical NHP 

structures in T1-weighted MRI.  For the synthetic ellipsoids, the 2-D tests demonstrated 

the effect of each constraint on the active contour.  It can be seen from Figure 4.1 that 

without any constraints, the active contour segments both objects in the image.  Since we 

are only concerned with the central object – the left ellipse – this method would provide 

unsatisfactory results as indicated by the image error of 0.371.  Here, the image error is 

calculated as 1 minus the Dice similarity coefficient, 

 

S TDice
S T
∩

=
∪

                                                    (5.1) 

 

where S is the source or resulting contour from the segmentation and T is the target or 

manually segmented contour.  Therefore, the image error is calculated as, 

 

Image error = 1 – Dice                                            (5.2) 

 

Adding a shape prior to the segmentation improves the convergence as well as the image 

error.  From Figure 4.2, the contour shown in red does not leak over into the neighbor 

object which is represented by the right ellipse.  Figure 4.3 shows the result of including 

the neighbor prior which is dependent on the segmentation of the neighbor shown in 

green.  It should be noted that the image error of the central object has improved which is 

consistent in comparing my results to Yang et al.’s [74] results.  The leaking of the 

neighbor into the central object can be attributed to the lack of a shape constraint on the 

segmentation of the neighbor.  This problem can also be seen in Figure 4.4, the 

segmentation results of the 3-D ellipsoids.  For that experiment, all the constraints are 
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imposed and the neighbor object which is again represented by the right ellipsoid begins 

to leak into the surrounding voxels. 

 

The 2-D NHP hippocampus trials utilize only the shape prior because I did not feel 

confident enough to accurately manually outline the amygdala in the T1 images to use as 

a neighboring structure.  The results show that the shape prior does what it is designed to 

do, which is encapsulating the shape variation amongst a set of images.  By performing 

the leave-one-out test the object of interest is left out of the training data thereby making 

the segmentation depend on the shape variation amongst the other 7 images to capture 

enough information to successfully constrain the segmentation.  Without this shape 

information, the contour would leak into the surrounding structures, such as the 

amygdala.  Altering the variables λ and ω control the amount of emphasis put on the 

active contour and shape prior respectively.  These weights are synonymous with the 

amount of confidence in that variable.  A stronger value of λ is related to higher image 

quality thereby putting more emphasis on the active contour while a stronger value of ω 

supports the statistical shape analysis derived from the training set and puts more 

emphasis on the shape prior during segmentation.  I found that the balancing of these two 

weights is proportional to a degree.  The image errors averaged 0.149 ± 0.024 mm3 which 

is still fairly accurate but should be improved with a larger training set. 

 

This sentiment is reflected in the 3-D NHP hippocampal segmentations.  It is noticeable 

that the image errors increase to an average of 0.214 ± 0.034 mm3.  For data in three 

dimensions especially dealing with biological structures, capturing the many structural 

differences from subject to subject is more challenging simply because there is one more 

dimension of variability that must be accounted for.  Attempting to capture these 

variations with a small training set is difficult which is obvious from the image errors.  

The shape prior does aide in the segmentation though, if it did not, the final segmentation 

result would not resemble a hippocampus especially due to its unorthodox shape and 

known segmentation difficulties including low contrast and indistinct boundaries with its 

neighbors.  Figure 4.8 illustrates the segmentation results of using the baseline training 

data to segment a subset of alcohol-exposed monkeys.  The goal is to measure the volume 
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of the baseline and compare that to the alcoholic monkey segmentation and determine if 

there is any correlation between alcohol abuse and hippocampal volume.  The results as 

tabulated in Table 4.3 suggest that there is a negative correlation across all test subjects.  

The differences range from 1.54 mm3 to 12.3 mm3 which translates to a decrease of <1% 

to 5% respectively.  Performing a paired t-test on this difference results in a t value of 

3.58, which corresponds to a statistically significant difference based on a 95% 

confidence interval.  Previous studies [1,20,36] have shown that there is a negative 

correlation between alcohol abuse and hippocampal volume.  Since they all used different 

measures to obtain the volumetric deficit, my results are consistent with theirs in that a 

negative correlation was found.  Two important factors can be noted from Figures 4.9 and 

4.10.  The first factor is that the algorithm is robust enough to segment the HC in T2-

weighted and PD images.  Using the same parameters to segment the alcohol-exposed T1 

scans, the segmentation of the HC was performed on the T2 and PD scans which were 

acquired at the same time as the T1 scan.  For trials 1, 2, and 4 (top left, top middle, 

bottom left), the segmentation results compared very well with the image errors of the T1 

segmentations; the image error differences did not exceed 0.06.  The second factor is that 

for trials 3, 5, and 6 (top right, bottom middle, and bottom right), in which there was no 

co-registration of the scans, the segmentation results were very poor.  These results 

illustrate the necessity for a co-registered volume in order to achieve better segmentation 

results.  Unfortunately the PD scan for trial 6 was found to be corrupted so its results are 

not included. 

 

Incorporating the neighbor prior as a constraint in medical images is tested in the 3-D 

NHP striatum segmentations.  As discussed in Section 3.1.2, the MAP framework is 

derived such that the central object of interest, the caudate in my segmentations, is 

constrained by its own shape and neighbor, the putamen.  The neighbor prior is designed 

to create a delineation between the central object and its neighbor.  In medical images, it 

should therefore reinforce the individuality of two adjacent structures such as the caudate 

and the putamen.  Again the leave-one-out test is performed to determine if the 

constraints can successfully influence the segmentation of a baseline scan.  The average 

image error across all the baseline segmentations is 0.239 ± 0.026 mm3.  It is obvious that 
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the image error is worse than the shape prior experiments.  This pattern is inconsistent 

with the previous 2-D experiment involving the synthetic ellipsoid.  There are two 

reasons why the image errors are worse for the striatum segmentation.  First, the 

caudolenticular bridges that were manually segmented as part of the caudate became 

obsolete during the training phase.  Much of the shape prior statistic is based on the 

average shape which when calculated essentially causes the bridges to be smoothed 

across all the training images.  The segmentation therefore could not use this prior to its 

full potential.  The neighbor prior which is responsible for keeping the segmentation 

away from the putamen had a strong enough influence to maintain the caudate’s 

individuality.  Since the weights were set as equal for both priors, a stronger weight 

results in more emphasis on the average shape and delineation between the two SOI 

thereby resulting in a segmentation that failed to capture the caudolenticular bridges.   

 

The volumetric difference between the segmented baseline and alcoholic caudate is 

shown in Table 4.5.  Similarly to the HC results, there is a negative correlation between 

pre- and post-alcohol abuse.  The volume deficits ranged from 7.36 mm3 to 21.96 mm3 

which translates to approximately 2% to 8% decrease and is also statistically significant 

based on a 95% confidence interval with a t-value of 6.08.  This decrease is consistent 

with the results of current studies [61] who did not mention including the caudolenticular 

bridges as an extension of either the caudate or putamen.  Figures 4.13 and 4.14 illustrate 

the segmentation of the striatum using the T2-weighted and PD scans of the NHPs.  The 

results are analogous to the results from the HC segmentation.  Again for trials 1, 2, and 4 

the segmentation results compare very well to the T1-weighted results; the image error 

differences of the caudate did not exceed 0.03.  Consequently, without co-registering 

trials 3, 5, and 6 the segmentation results for the T2-weighted scans and trials 3 and 5 of 

the PD representations were very poor (trial 6’s scan was found corrupt so its results are 

not included).  This further emphasizes the importance of co-registering the volume scans 

before segmenting. 

 

Table 4.6 describes the volumetric differences associated with the manual segmentations 

of both the HC and striatum.  For the HC, the deficits range from 10.77 mm3 to 20.82 
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mm3 which translates to about a 2% to 4% decrease between the pre- and post-alcohol 

exposed scans.  The mean difference is approximately 14.78 ± 3.35 mm3 for the manual 

segmented HC while the automatically segmented HC has a mean difference of 5.6 ± 

3.49 mm3.  Independently, the percent deficits are rather similar between the automated 

segmentation results and the manually segmented results, however it should be noted that 

the manual segmentation differences are higher than the automated differences.  What 

this means is that overall, the manually segmented HC is larger in volume than the 

automatically segmented HC.  For the striatal caudate, the deficits range from 11.71 

mm3 to 45.348 mm3 which translates to about a 2% to 9% decrease between the pre- and 

post-alcohol exposed scans.  The mean difference is 27.62 ± 12.27 mm3 for the manual 

segmented caudate and 14.16 ± 5.20 mm3 for the automated caudate segmentation.  For 

both cases, the automated segmentation yielded smaller segmentations with small 

standard deviations.  The discrepancies between the manual and automated 

segmentations cannot be definitely attributed to one approach being more accurate than 

the other because the manual segmentations, although meticulously done are not expertly 

segmented or verified so the accuracy of the manual segmentation results are not 100% 

reliable. 

 

5.2 Conclusions 

 

Medical image segmentation is an important image processing method in medicine.  It 

allows for biological structures to be isolated non-invasively.  Whether it is for diagnostic 

purposes or practically applied in image guided surgeries, image segmentation has many 

forms and many uses.  Unfortunately there currently is no segmentation strategy that can 

accommodate all its applications.  The hippocampus is a structure that employs many 

different segmentation strategies due to its low contrast and indistinct boundaries.  I 

decided to implement the Level Set Deformable Model using shape and neighbor priors 

as my approach to segment both the hippocampus and the striatum.  Both these 

subcortical structures are involved in the behavior of alcoholics and alcohol abuse.  Using 

medical image segmentation on T1-weighted MRI, I analyzed the volumetric changes 

associated with alcohol abuse amongst a set of nonhuman primate Rhesus Macaques 
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which is a novel approach to this type of analysis.  There are limited publications 

focusing on the segmentation of NHP cortical structures so this thesis is novel in that 

respect as well.  Socially and physiologically, NHPs are high correlated to humans so the 

results obtained do have a significant value to the underlying premise that we will learn 

more about the relationship between these subcortical structures and alcohol abuse.  The 

results show that there is a negative correlation between alcohol abuse and subcortical 

structures in the NHP.  The volume deficits were rather profound in both the HC and the 

caudate.  A decrease of as much as 5% was found in the HC and as much as 8% in the 

caudate which support and are consistent with previous studies [1,20,36,61] involving 

these two subcortical structures.  T2-weighted and PD MR segmentations of the HC and 

striatum were shown to be highly correlated to the T1-weighted segmentations which 

demonstrates the robustness of the algorithm.  However, three trials produced very poor 

results which makes co-registering the volumes beforehand obviously very important. 

 

Yang et al. [74] introduced a neighbor prior combined with a shape prior to constrain the 

segmentation.  There are limitations as documented above in Section 2.7.3 and one of 

them is the lack of a shape prior for the neighboring object.  For future related works, I 

would like to see an implementation where the neighbor segmentation can utilize its own 

shape information thereby making simultaneous segmentation a possibility.  This will 

undoubtedly create more information to maintain in the training phase but I believe that 

the rewards will result in better segmentations for the neighbor.  In medicine we are 

commonly dealing with biological structures that have relatively consistent shapes across 

a subject base.  I believe we can take advantage of that fact by including a thickness 

measure to constrain the segmentation along with the shape and neighbor priors already 

used in the LSDM.  As it is true that the shape prior can encapsulate some thickness 

variance, it does it indirectly through statistical analysis.  Possibly by either establishing a 

statistic that is dedicated to the thickness measure or finding a more direct method to 

include this constraint, the segmentation will benefit from potentially improved accuracy.  

It would also be of interest to investigate other cortical structures that are affected by 

alcohol abuse and analyze their volumetric changes in an effort to compare them to the 

hippocampus or striatum and determine if there is a normalized volumetric deficit or if it 
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is structure-independent.
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Appendix A: 3-D Synthetic Ellipsoid Training Model 
 

   

   

   

 
Figure A.1.  Synthetic ellipsoids used in the 3-D training set. 
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Figure A.2.  Primary PCA modes of variation for the 3-D synthetic ellipsoids.  Each 

figure contains the average shape in blue as a surface or wireframe of the surface.  The 

left figures represent the negative variance while the right figures represent the positive 

variance.  The top row shows the first primary mode of variance, the middle row shows 

the second primary mode of variance, and the last row depicts the third primary mode of 

variance. 
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Appendix B: 3-D Nonhuman Primate Hippocampus Training Model 
 

   

   

  
Figure B.1.  NHP hippocampi used in the 3-D training set. 
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Figure B.2.  Primary PCA modes of variation for the 3-D NHP hippocampus.  Each 

figure contains the average shape in blue as a surface.  The left figures represent the 

negative variance while the right figures represent the positive variance.  The top row 

shows the first primary mode of variance, the middle row shows the second primary 

mode of variance, and the last row depicts the third primary mode of variance. 
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Appendix C: 3-D Nonhuman Primate Striatum Training Model 
 

   

   

  
Figure C.1.  NHP striatum used in the 3-D training set. 
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Figure C.2.  Primary PCA modes of variation for the 3-D NHP striatum.  The caudate is 

shown here since it is the central SOI.  Each figure contains the average shape in blue as 

a surface.  The left figures represent the negative variance while the right figures 

represent the positive variance.  The top row shows the first primary mode of variance, 

and the bottom row depicts the second primary mode of variance. 
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Appendix D: Numerical Approximation for Curve Evolution 
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