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ABSTRACT 

Fast, automated segmentation of the thalamic nuclei in the brain has long been desired as 

it provides for direct visualization of the target for certain procedures like Deep Brain Stimulation 

(DBS) that target a specific nucleus. It is also beneficial in the study of other pathologies that 

pertain to different nuclei. 

In this thesis, a novel approach to fast automated segmentation of thalamic nuclei called 

Shortened Template and THalamus for Optimal Multi Atlas Segmentation (ST THOMAS) was 

developed using the multi-atlas segmentation approach. It was designed with a focus on robustness 

and speed by making use of an averaged template for registration and cropping the inputs and the 

template. 

The performance of ST THOMAS was first evaluated on 7T MRI data by comparing with 

manual delineation (ground truth) by an expert neuroradiologist. Dice coefficients and Volumetric 

Similarity Indices were used as metrics. To extend the applicability of this method, 3T MRI data 

were also evaluated. Finally, applications to real time ventralintermideiate (VIM) nucleus targeting 

for DBS and study of the effects of alcoholism are demonstrated. 
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CHAPTER 1 

INTRODUCTION 

The thalamus serves as a hub for the transfer of all the sensory pathways (excluding 

olfactory pathway) to the cortex via relay neurons. The relay neurons are nothing but the nuclei of 

the thalamus. The thalamus’s primary functions on the whole include regulation of consciousness, 

sleep, and alertness. The thalamic nuclei on the other hand perform different functions for each of 

the nuclei. For instance, the mediodorsal nucleus (MD) and the medial pulvinar nucleus (PUM) 

have been implicated in schizophrenia, the mediodorsal nucleus (MD) and the anterior thalamic 

region (AT) have been implicated for memory in alcoholism, and the VIM nucleus is targeted for 

the treatment of essential tremors and so on.  

The thalamic nuclei have traditionally been delineated using their distinct histological 

appearance. As such, it is an extremely intensive job and takes several hours to a day to manually 

segment out the thalamus and the thalamic nuclei even in the case of an expert neuroradiologist. 

And then there is the issue of reproducibility since the manual segmentation is bound to differ 

between different experts and even when done by the same expert there is bound to be some intra-

observer difference. Thus, all of this necessitates the need for some sort of an automated approach 

towards segmentation of the thalamus and the thalamic nuclei. 

Imaging techniques such as magnetic resonance imaging (MRI) and one of its special forms 

like diffusion tensor imaging (DTI) [1] have provided for novel segmentation methods for 

segmenting the thalamic nuclei. DTI for instance requires sophisticated algorithms for 

segmentations since it is based on identifying the distinct clusters for diffusion orientation. MRI 

on the other hand does not pose such a constraint. Imaging of the thalamic nuclei has previously 
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been accomplished at 7T using a special contrast know as white-matter nulled (WMN) 

magnetically prepared rapid gradient echo (MPRAGE) sequence [14]. Such visualization of the 

thalamic nuclei allows for direct targeting of the thalamic nuclei for Deep Brain Stimulation in 

addition to enabling the study of the individual nuclei for specific symptoms as discussed 

previously. Methods such as DTI on the other hand also suffer from low spatial resolution and low 

fractional anisotropy. This makes them extremely sensitive to user-defined parameters inhibiting 

the reproducibility of the results for large-scale studies. DTI-based clustering techniques using T1 

and T2 relaxation times have suffered from long scan times and using such techniques has the 

issue that it yields inconsistent results. Tourdias et al [14] provided for a direct visualization of the 

thalamic nuclei that could be easily accomplished under 7T. This was further extended to 3T by 

Saranathan et al [13] paving way for both 3T and 7T applications.  

Although this solves the problem of direct visualization, it stills faces the challenge that 

such an approach is not feasible when multiple brain images are being studied and thus an even 

easier method would be to use the manually segmented images to segment new images as 

previously illustrated by Rohlfing et al [2]. This approach also called multi-atlas segmentation has 

been widely used in image analysis. An atlas is essentially an example based knowledge 

representation since it contains the pre-labeled image for the specific region of interest. For 

thalamic segmentation it is essentially the whole brain image with the manually delineated labels 

for the thalamic nuclei. Multi-atlas segmentation differs from traditional single atlas segmentation 

in its usage of multiple atlases since that would provide for an even more robustness as the atlases 

can be brain images of healthy individuals or patients diagnosed with some ailment. The transfer 

of information from the atlas image to a new image takes place by creating a one to one 
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correspondence between them. This is essentially a deformable or nonlinear registration between 

the two images.  

However, segmentation errors can be produced by such atlas based methods if the quality 

of the registrations is not good. An advantage of using the multi–atlas approach is that by having 

multiple atlases, multiple candidate segmentations can be produced for a region of interest (ROI) 

given a target image. This in combination with having different brain images for the atlases 

provides for a very strong case for reduction in such errors. This is based on the assumption that 

different atlases produce different errors that are independent of one another. After the labels are 

transferred from the atlas space to the target space they are then fused together (label fusion).  Such 

multi-atlas techniques with label fusion has been applied to a variety of medical imaging problems 

[3-7]. Of special interest has been their application to study the structures in the brain such as 

hippocampus [8-9], thalamus [33-35] etc. because these have been implicated in studies that 

pertain to alcoholism in relation to memory recall. In the case of hippocampus and hippocampal 

segmentation, the performance of the automatic segmentation approach using multi-atlas 

technique has reached inter-rater reliability.  

One challenge when using such approaches is identifying the best method for assigning 

weights for the atlases. Methods such as majority voting only take into account the fact that if 

majority of the labels have a 1 for a given pixel location they assign a value of 1 for that location 

in the output. In such an approach all the atlases are weighted equally. However, varying the weight 

based on similarity metrics between the atlas and the target can have huge improvement for labels 

that are extremely small and thus more prone to errors. This approach of assigning weights is called 

weighted voting and it is commonly used in pattern recognition. In pattern recognition since the 

accuracy of the individual classifiers is known it helps to maximize the classification accuracy. 
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This translates directly into the application for label fusion in multi-atlas segmentation. Weighted 

voting can be based on the correlation between the atlas-target images or the intensity similarity 

between them and so on. These approaches are in general global in nature as they are applied to 

the whole images and overlook the fact that the registration between the atlas-target pair may have 

succeeded in a particular region even if it has failed in the other regions. This is significant when 

looking at thalamic segmentation, where all the thalamic nuclei are essentially parts of the whole 

thalamus and so focusing on the registration in this region for label fusion would provide for better 

results. Fusion techniques such as Simultaneous Truth and Performance Level Estimation 

(STAPLE) [10] and Joint Fusion [25] are examples of such approaches. Joint Fusion is particularly 

unique since it also addresses the fact that multiple atlases can produce same errors allowing for a 

more robust weighted voting approach. Prior work has been done using both these approaches for 

thalamic segmentation [33-34]. However, these methods are quite time consuming and thus 

necessitate the need for even faster methods to have clinical applications and it is this objective 

that has been the motivation of my thesis. 

In the following chapters a summary of the key concepts that form these methods as well 

as a more detailed study of the implementation techniques followed by a novel approach to fast 

automatic segmentation of thalamic nuclei is presented. Such approaches also have clinical 

significance in applications like visual targeting of the thalamic nuclei in Deep Brain Simulation 

(DBS) surgery, study of the volumetric differences in the thalamic nuclei for alcoholic disorders 

etc. Both of these applications have been studied in light of the novel approach and results have 

been presented for the same.  
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CHAPTER 2 

BACKGROUND & THEORY 

In this chapter, the underlying concepts as well the theory behind some of the techniques 

that were used in my research are discussed. These include an overview of the thalamus, the 

thalamic nuclei and their clinical significance in normal brain function as well as pathology, 

magnetic resonance imaging and their various contrasts in relation to thalamus identification and 

segmentation, registration and label fusion techniques as well as the metrics used for evaluation. 

2.1 THALAMUS 

The thalamus is a symmetrical structure located between the cerebral cortex and the 

midbrain near the center of the brain (Figure 2.1). Each thalamus is about 2-2.5cm long. The 

thalamus has multiple functions and can be thought of as a hub of information. It is believed to 

both process sensory information as well as relay it — each of the primary sensory relay areas 

receives strong feedback connections from the cerebral cortex. In general, the thalamus can be 

divided into the following major nuclear groups – anterior, medial, lateral and posterior. These are 

further broken into substructures. Some of the nuclei that form a part of these major nuclear groups 

are,  

i) from the medial group the mediodorsal nucleus (MD), center median nucleus (CM), 

habenular nucleus (Hb);  

ii) from the posterior group the pulvinar (Pul), medial geniculate nucleus (MGN), 

lateral geniculate nucleus (LGN);  
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iii) from the lateral group the ventral posterior lateral nucleus (VPL), ventral lateral 

anterior nucleus (VLa), ventral lateral posterior nucleus (VLP), ventral anterior 

nucleus (VA); and 

iv) from the anterior group the anterior ventral nucleus (AV), lateral dorsal nucleus 

(LD). 

Different pathologies affect different nuclei differently e.g. in schizophrenia the 

mediodorsal nucleus (MD) and the medial pulvinar nucleus (PUM) have been shown to be 

involved [55] and in alcoholism mediodorsal nucleus (MD) and the anterior thalamic region (AT) 

have been shown to affect memory [56-59]. Another nucleus of particular significance is the 

anteroventral (AV) nucleus that forms a part of the anterior nuclear group. Its significance lies in 

the cognitive abilities that pertain to recall memory (retrieval of explicit memory) [12] which is 

again related to alcoholic disorder studies.  Other pathologies such as Parkinson’s disease, Multiple 

Sclerosis and essential tremor have been implicated to this part of the brain. Essential tremors have 

been effectively treated by placing an electrode in a specific thalamic nuclei called the ventral 

intermediate (VIM) nucleus [11] and stimulating it. The VIM nucleus is essentially the inferior 

part of the VLP nucleus and this can be quickly visualized in the coronal plane as it is the lower 

half of the VLP nucleus. This is done during a surgical procedure called Deep Brain Stimulation 

(DBS) where a small hole is drilled in the skull and the electrodes are implanted through indirect 

targeting of the VIM nucleus using pre-operative MRI and CT imagery with real time 

electrophysilogical tract exploration in awake patients. Figure 2.2 illustrates the various nuclei that 

are present in the thalamus. 
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Figure 2.1 Location of Thalamus (Source: Buzzle.com & Healthwatchcenter.com) 

Figure 2.2 Different views of the thalamus highlighting the various nuclei. (Source: 

Slideplayer.com – Janice Meeking, Mount Royal College) 
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Automatic segmentation of the thalamus and the thalamic nuclei would be very beneficial 

to, 

i) neuroscientists researching the involvement of thalamic circuitry and its role in 

cognition/brain function  

ii) neurosurgeons looking to target the VIM nucleus for treatment of essential tremor 

enabling them to directly visualize the thalamic nuclei, and  

iii) to estimate the volume of the thalamic nuclei; for example, to look at the differential 

effects of brain pathology on thalamic nuclei.  

One of the most promising methods for this has been Magnetic Resonance Imaging (MRI). 

2.2 Magnetic Resonance Imaging of the Thalamus 

Magnetic Resonance Imaging is a noninvasive medical imaging technique that uses strong 

magnetic fields, radio waves, and field gradients to generate images of the body or the organ that 

that is being imaged. It is an imaging modality that is based on the concept of Nuclear Magnetic 

Resonance (NMR). A unique advantage of using MRI over other modalities like computerized 

tomography (CT) is that it provides much better soft tissue contrast, leading to significantly better 

discrimination between substructures inside the brain.  Traditionally, differences in proton density, 

T1 and T2 relaxation times between protons from different environments (e.g. white matter, grey 

matter, ventricles) give rise to differing contrast mechanisms which are exploited in MRI.  

 

However, conventional MRI with these contrast mechanisms are not sufficient for 

visualization of the thalamus and its nuclei (Figure 2.3).  A newer contrast that enhances the inter-

thalamic T1 contrast called white matter nulled (WMN) contrast allows for better visualization of 
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the thalamus and thalamic nuclei in the brain [13]. This is based on the difference in T1 that arises 

from differing myelin concentration between the thalamic nuclei.  Figure 2.4 illustrates the WMN-

MPRAGE sequence for the same subject as in Figure 2.3 

 

To segment the nuclei, previously, Tourdias et al. used manual segmentation [14] which is 

very time consuming and subjective. To overcome this an automatic segmentation of the thalamic 

nuclei was devised [33-34] subsequently. Prior to this work has been done using single atlas in 

hippocampus and hippocampal subfield segmentation followed by multi-atlas segmentation of the 

same by Wang et al [9].  These approaches as discussed previously in first chapter necessitate the 

need for excellent registration and label fusion techniques for optimal performance.  

 

Figure 2.3 T1 and T2 images of the head showing the location of the thalamus in the axial plane 
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2.3 Image Registration 

Image Registration is an image processing technique that is used to align or transform 

multiple images into a single coordinate system or image. This is especially helpful to overcome 

issues such as rotation, scaling, and skew that are common between images from the same scene. 

In this process for instance when two images of the same scene are being aligned, one of the images 

is designated as the reference/fixed image and the other image is designated as the moving image.  

Then the moving image is warped or transformed through mapping of the location of the pixels 

from the moving image to the fixed image or vice-versa (Figure 2.5). Registration can be 

Figure 2.4 White matter nulled MPRAGE image highlighting the location of the thalamus in the 

axial plane 
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performed on both 2D and 3D images; the latter being primarily used in medical images. Also, 

there are both linear and non-linear registrations.   

 

2.3.1 Linear registration 

Linear registrations are used when the images need to aligned roughly (like aligning 

centers, orientations, accounting for scaling etc.). Thus it is more appropriate for data that is 

gathered from the same individual (e.g. T1 and T2 contrasts for the same patient). In this process 

a transformation matrix is generated, which provides for the mapping between these two images. 

Furthermore, linear registrations can be done with varying degrees of freedom (DOF) ranging from 

3 to 12.  3 DOF is used to account for translation along x, y and z axis; 6 DOF is used in case of 

rigid transformation (both translation and rotation), 7 DOF where a global scaling factor is also 

Figure 2.5 Registration process between two brains of different sizes i.e. registering the small 

brain on to the larger brain that is color-coded in blue 
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introduced and finally 12 DOF for affine transformation (3 for translation, 3 for scaling and 3 for 

rotation and the remaining 3 for skew). 

2.3.2 Non-linear registration 

Typically, depending on the data affine transformation is sufficient. In areas of the body 

where some part of the object of interest deform differently compared to other parts of the same 

object (e.g. liver which is a very elastic organ or the brain which is more rigid closer to the spinal 

cord), linear or affine registrations are insufficient. In this case both the boundaries as well as the 

internal structures are aligned by warping the moving image on the fixed image. Basically each 

voxel is considered separately instead of a global number. This drastically increases the 

computation that is required to non-linearly register two images as compared to linear where it is 

more of fitting by changing the orientation and the scaling and other DOF. In case of non-linear 

registrations several DOF (greater than 12) is possible. Examples of such approaches are B-Spline 

registration and Symmetric Diffeomorphic Normalization (SyN) [19]. SyN is one of the top 

performing algorithms for brain studies [20]. Similarity metrics are also used when performing 

non-linear registrations since these are iterative in nature. These metrics can be mutual information 

[21] (useful for intermodal registration e.g. T1 and T2), cross correlation [22] (useful for fine-scale 

non-linear registration although more computationally expensive than mutual information) etc.  

SyN is based on theory of diffeomorphisms. Diffeomorphism is a concept in mathematics which 

essentially is a map between manifolds and thus it is an invertible function that maps one 

differentiable manifold to another such that both the function and its inverse are smooth. Due to 

this reason the mappings are both smooth and invertible and bijective in nature. Advanced 

Normalization Tools (ANTs) [23] is a normalization toolkit that makes use of this SyN algorithm. 

When used in conjunction with affine transformation the results are extremely good as seen in the 
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example of the two car images that are completely different but have been successfully registered 

against each other (Figure 2.6). In this case both the warp coefficients and the inverse warp 

coefficients are simultaneously generated. 

 

The next step in the multi-atlas segmentation approach after registration is warping of the 

labels to the input image space and fusing them together. A label is essentially a binary mask of 

ROI that was generated manually in the context of multi-atlas segmentation. 

2.4 Label Fusion 

This is typically used in medical image segmentation when there is a need to fuse multiple 

labels (or binary masks) of the same region of interest (ROI) into a single label. Its usage is derived 

directly from the usage of multi-atlas segmentations. Atlases essentially are expert-segmented 

images that contain knowledge that can be transferred to another target image (also called the input 

image) to segment out the requisite ROI. This transfer is achieved using prior knowledge from the 

Figure 2.6 Example of Symmetric Diffeomorphic Mapping with ANTs on two car images 

(Source: ANTs manual) 
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atlases (manual delineations for the ROIs) by transforming them from the atlas space to the target 

space. In lieu of this process multiple labels are generated based on multiple atlases for a given 

ROI, also called candidate segmentations. However, fusion of the multiple candidates into a single 

label is no small task and thus can be achieved through different approaches [24].  

2.4.1 Majority Voting (MV) 

It is one of the simplest approaches to fusing the candidate labels together into a single 

label. In this fusion technique the output label is determined by the majority of the labels having a 

1 for a given pixel location. Figure 2.7 illustrates this with the help of 5 labels(Li) with each label 

having 9 pixels. 

 

Although this label fusion technique is quick, it ignores the fact that some of the candidate 

segmentations could have been erroneous had there been problems with the registration previously 

and this could propagate through to the output label if the corresponding pixels or voxels in the 

atlases are not compared or taken into consideration in light of the target image for which the 

segmentations are being computed. 

 

 

Figure 2.7 Illustration of Majority Voting  
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2.4.2 Joint Fusion 

            Joint Fusion [25] is one of the newly developed algorithms that takes into consideration 

the similarity between the corresponding pixels in the atlases in a pairwise fashion. It was 

developed based on the premise that in fusion techniques like majority voting the weights are 

computed independently for each atlas (in case of MV all atlases are assigned equal weights) 

ignoring the similarity between the atlases or the atlas and the target image.  

              In case of Joint Fusion, the dependency between any two atlases from the entire set of 

atlases is modelled separately as the joint probability of the two atlases. This determines the 

segmentation error at any given voxel. To determine this probability approximately, the intensity 

similarity between any two atlases and the target image in the neighborhood of a given pixel is 

used. This probability is subsequently factored into the weights in terms of the minimization of the 

labelling error formulating the solution as a weighted voting approach. 

2.5 Metrics for evaluation of segmentation 

           Metric selection is essential for quantitatively evaluating how good a segmentation is 

(usually it is a comparison to a ground truth, which is often a manual segmentation). Different 

metrics have different applications and the two aspects [26] that are essential to the evaluation of 

the segmentation of the thalamic nuclei are whether the segmented output covers the area of 

interest i.e. overlap and whether there are any differences in the volume measurements i.e. 

volumetric errors. Overlap can be measured using Dice Coefficients [27] and volumetric errors 

can be measured using Volumetric Similarity Index (VSI) [28]. In our evaluation, Dice 

Coefficients were chosen for overlap since it provides for a basis for comparing with existing 

results in the literature. 
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2.5.1 Dice coefficient 

         Dice coefficient is mostly used in the validation of the medical 3D images and is an overlap 

metric often called the overlap index. It is used for measuring the overlap between the segmented 

outputs and the ground truths (which in most cases is the manual delineation). It is also used in 

applications where reproducibility or repeatability needs to be measured. For instance, statistical 

validation of the results obtained by manual delineations on the same image by multiple experts 

when performed repeatedly in spaced intervals can also be studied in a pair-wise fashion using this 

overlap index [29]. 

The mathematical expression for Dice coefficient is, 

𝐷𝐼𝐶𝐸 =  
2|𝑋 ⋂ 𝑌|

|𝑋| + |𝑌|
 

where X is the ground truth (manual delineation) in this case and Y is the segmented output in 

terms of voxels. Thus |X| and |Y| refer to the voxels in X and Y respectively. 

2.5.2 Volumetric Similarity Index 

         It is a measure to identify the similarity between the volumes of the segmented output and 

the ground truth. This is key to studies that perform volume analysis as in left-right volume 

comparison of the thalamus or other regions when comparing normal brains vs atrophied brains. 

The definition of VSI is given as follows, 

𝑉𝑆𝐼 = 1 −  
||𝑋| − |𝑌||

|𝑋| + |𝑌|
 

where X and Y are once again the ground truth (manual delineation) and the segmented output 

respectively; |X| and |Y| is the number of pixels in X and Y respectively. Thus VSI is not an overlap 
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metric and can have its maximum value even when the overlap is zero as it takes the absolute 

values of the volumes alone into consideration. 
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CHAPTER 3 

METHODS FOR THALAMIC SEGMENTATION 

The thalamus has traditionally been regarded as a single homogeneous entity in imaging based 

studies, presumably due to the limitations in contrast and spatial resolution that prevent analysis 

at a sub-nuclear level. Targeting of the thalamic nuclei has been increasingly important, with the 

popularity of ventral intermediate (VIM) nucleus as a target for deep brain surgery (DBS) lead 

placement in the treatment of essential tremor. While the thalamus has been implicated in 

Parkinson’s disease, Alzheimer’s disease and schizophrenia, various studies have been carried out 

to study the effect of these diseases on the thalamus at the level of nuclei [30-32]. The introduction 

of a white-matter-nulled (WMN) magnetization prepared rapid gradient-echo (MP-RAGE) 

sequence has been promising for visualization and manual segmentation of thalamic nuclei at 7 

Tesla (7T) [14]. Manual segmentation of thalamic nuclei is highly time consuming (several hours 

to a day) and requires a specially trained neuroradiologist. It is also subjective i.e. it varies with 

the skill levels of the neuroradiologist. To circumvent this problem research has been conducted 

that allows for automated or semi-automated segmentation of the thalamic nuclei that makes use 

of prior knowledge [33-34]. The prior knowledge is essentially manual delineations by an expert, 

which are then transferred to the input image space through image processing techniques to 

segment out the thalamic nuclei in the input image. A recent method that has been of particular 

significance is Thalamus Optimized Multi-Atlas Segmentation (THOMAS) [34]. This method 

achieved a runtime of 30 – 35 min to segment out 12 thalamic nuclei.  

The motivation behind my research was to create a near real-time approach towards 

segmentation of thalamic nuclei with comparable accuracy to the existing methods since 30 min 
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is still a long time in applications like DBS surgery. In this chapter, the background as well as the 

implementation of THOMAS and its derivatives are discussed and a new method for fast 

segmentation is proposed.  Following these are the results and the discussion for the analysis of 

this method on 7T data as well as the conclusions drawn from these experiments. 

3.1 Background 

THOMAS is an automated procedure to generate the segmentations of the thalamic nuclei from 

WMN-MPRAGE images at 7T. WMN-MPRAGE was used as they allow for clear and accurate 

delineation of the thalamic nuclei. Two versions of this have been developed to date -  THOMAS-

1 [33] and THOMAS-2 [34].  Each of these methods follows a completely different architecture. 

However, both these methods make use of a library of 20 manually-defined atlases (14 multiple 

sclerosis (MS) and 6 healthy patients) also called the priors . 

3.1.1 THOMAS-1  

This is the first version of THOMAS that was developed. In this initial method, the input 

image is first bias corrected and reoriented to the standard MNI space. This is then non-linearly 

registered to the template using symmetric diffeomorphic normalization (R in Figure 3.1). The 

template is essentially a mean brain template that is specific to this study group and comprises of 

11 patients and 6 controls to allow for robustness in registration when used with a random 

incoming image. ANTS with it default parameters [36] was used to create this template and 

convergence was obtained after 16 iterations. In this method the subjects are also registered to one 

another via the template (𝑅𝑝𝑖𝑡 in Figure 3.1 indicates the registration between the template and the 

ith subject) in the process of creating the template. Once the input image is registered to the 

template, the manual delineation from each of the 20 priors was warped to the input image via the 
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intermediate template space (𝑅𝑝𝑖𝑡𝑅−1) providing for 20 candidate segmentations for each of the 

12 nuclei. These were then fused together using the STEPS [60] label fusion technique in the 

original implementation that was published. 

 

 

3.1.2 THOMAS-2 

In this second approach there is no template. Here, the input image is once again bias 

corrected to account for the inhomogeneities and is first linearly registered to each of the 20 priors 

accounting for 20 linear registrations (identified by 𝑅𝑝𝑖𝑖 where pi refers to the ith prior and i refers 

to input image in Figure 3.2) . This is done to estimate the thalamus size in the input image space 

(by inverse warping the thalamus from the 20 priors to the input image space - 𝑅𝑝𝑖𝑖
−1 ). These are 

then averaged and padded on all sides with a small number of pixels to obtain a mask which is 

Figure 3.1 Architecture of THOMAS-1 
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used to crop the input image resulting in the cropped input (ic in Figure 3.2). This mask is then 

transformed to the prior space to crop the priors just like the input (not shown explicitly in Fig 2). 

Following this, nonlinear registration is performed between the cropped thalamus(s) from the 

priors and the input image. There is a total of 20 non-linear registrations that makes use of 

symmetric diffeomorphic normalization (𝑅𝑝𝑖𝑖𝑐
 in Figure 3.2).  After this all the 12 nuclei are 

warped from the priors’ space to the input space once again providing for 20 candidate 

segmentations for each nuclei. Multi-Label fusion is then performed using Joint Fusion [25] to 

obtain the segmentation of each nuclei in the input space.  

 

 

3.1.3 Proposed New Method: ST THOMAS 

We developed a hybrid method called Shortened Template and THalamus for Optimal Multi 

Atlas Segmentation (ST THOMAS), with a focus on retaining accuracy (in terms of Dice 

Figure 3.2 Architecture of THOMAS-2 
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coefficients) that is comparable to that of THOMAS-2/THOMAS-1 but with highly reduced 

runtimes to enable real-time applications. A number of ideas were initially evaluated with 

THOMAS-1 to further reduce the processing time. The key indication that THOMAS-2 performed 

well with a reduced image size obtained by cropping provided the starting point. However, it was 

unstable at small crop sizes due to the fact that it was based on image-to-image registration (each 

of the 20 priors being registered to the input) whereas THOMAS-1 used image-template 

registration instead which is more stable but more time consuming. Note that the template used in 

THOMAS-1 was 256x256x440, making it computationally costly but stable due to the fact that it 

is an averaged registered data set. Thus the larger processing times that are a direct result of the 20 

non-linear registration in THOMAS-2 could be significantly reduced if a single registration is 

performed as in THOMAS-1 in addition to using cropped images. The crop size was estimated 

through a separate evaluation of Dice coefficients and total processing time for different 

combinations of crop size and fusion technique. Next, the mask that was generated manually in 

the template space for cropping the template was transformed to the input space and used to crop 

the input. A single non-linear registration is performed between the cropped input and the cropped 

template (R in Figure 3.3). And just like in THOMAS-1 the 12 nuclei are warped from the prior(s) 

space to the input space and fused together.  
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3.1 Methods 

The scans to obtain the library of priors were performed at 7T on a Discovery MR950 (GE 

Healthcare) using a 32 channel head coil (Nova Medical, Boston) [14]. All of the images have 

1mm3 isotropic resolution and the MR imaging parameters used are – scan time of 5 minutes, 

successive inversion pulse timing (TS) of 6000ms, inversion time (TI) of 680ms, repetition time 

(TR) of 10ms, flip-angle of 4°, field of view (FOV) of 18cm and a bandwidth of 12 kHz [14]. 

Manual delineation of the whole thalamus and the 12 nuclei were obtained with a high degree of 

reproducibility. All of the automated thalamic segmentation experiments were performed on a 

dual-CPU 4-core 3 GHz Intel Xeon E5-2623 v3 Dell workstation.  

In case of THOMAS-1, instead of the STEPS fusion technique which performed poorly in 

the original implementation, Joint Fusion (JF) and Majority voting (MV) scheme were used in our 

Figure 3.3 Architecture of ST THOMAS 
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implementation for the label-fusion step.  For evaluation purposes, one prior was removed from 

the set of 20 priors and was sent into the pipeline as the input image. This was performed in a 

round robin fashion resulting in 20 test cases.  The results obtained were then compared against 

the manual delineations that was originally available using Dice coefficients and Volume 

Similarity Indices (VSI).   

In the case of ST THOMAS, the crop size was first determined. The different crops sizes that 

are used in our comparison were obtained through two different approaches. The first approach 

was to crop the template manually by visual inspection. This was done such that the entire right 

and left thalamus as well the ventricles were completely retained resulting in the smallest bilateral 

non-tight crop size of 93x187x68 (Fig 3.4(c)). An even tighter bilateral crop was obtained by 

eliminating more slices that did not directly contain the thalamus (and sacrificing some of the slices 

with ventricles) resulting in a bilateral tight crop size of 81x76x52 (Fig 3.4(b)). Then, between the 

93x187x68 and the full size of 256x440x256 (Fig 3.4(g)), 3 other crops were determined through 

systematic reduction in dimensions in all three planes - 134x251x115 (Fig 3.4(d)), 174x314x162 

(Fig 3.4(e)) and 215x377x209 (Fig 3.4(f)). All of the crop sizes established so far are bilateral in 

nature. Finally, one more crop size was established using an automated technique [32] of unilateral 

thalamus estimation similar to that used in THOMAS-2. This is done by performing a linear affine 

registration between the 20 priors and the template which is passed as the input. Then the thalamus 

from the 20 priors is warped to the input image space providing for 20 candidate segmentations of 

the thalamus. These are fused together with a small padding to get an estimate of the size of the 

thalamus for the template This crop contains only the left thalamus making it a unilateral tight crop 

of size 61x91x62 (Fig 3.4(a)). ST THOMAS was evaluated through a combination of varying crop 

sizes and fusion techniques – Joint Fusion and Majority Voting scheme, to both establish the 
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optimal crop size and the fusion technique. The metrics used for this evaluation were the same as 

in THOMAS-1 and THOMAS-2. Figure 3.4 illustrates this variation in crop sizes in the axial and 

the coronal plane from the smallest to the largest crop. 

 

(a) 

(b) 
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(c) 

(d) 
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Finally, t-test(s) were performed between THOMAS-1, THOMAS-2, and ST THOMAS to 

determine the statistical significance of the results that were obtained from the 20 samples. 

For validation, another set of 8 data acquired from 7T human subjects were used. These data 

were not part of the template and hence would serve as a true indicator of the performance of the 

different methods. 

3.3 Results 

3.3.1 Analysis of the 20 7T MRI Data 

Figure 3.5 shows an exemplary case of thalamic nuclear segmentation using ST THOMAS. 

The solid green areas were nuclei manually delineated by a neuroradiologist while the yellow 

Figure 3.4 Axial and Coronal views of the varying crop sizes 

(g) 
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outlines were produced by ST THOMAS.  Clearly it is evident that ST THOMAS tends to 

overestimate the segmentations in case of the 7 nuclei which are pictured here. The seven nuclei 

depicted are ventral lateral (VL), mediodorsal (Md), pulvinar (Pul), anterior ventral (AV), ventral 

lateral posterior (VLP), lateral geniculate nucleus (LGN) and the whole thalamus. These nuclei 

were also mainly used for analysis and chosen for their relative sizes (LGN/AV/VLP are small, 

MD is intermediate and Pul/VL are relatively large nuclei) and importance in cognitive processes 

and pathology (e.g. VLP is implicated in essential tremor, Pul/LGN are associated with the visual 

cortex, MD/AV with alcoholism related deficits). 

 

 

Figure 3.5 Segmented outputs of ST THOMAS compared with the manual delineations 
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For ST THOMAS, the various crop sizes and the fusion techniques that were used with it was 

collectively compared against the total processing time for each combination including the full 

size 256x440x256. This comparison was performed by taking the mean time for 5 subjects to 

quickly eliminate the combinations that took a much longer time (>15 min). To do this, first the 

mean time as well as the mean Dice were compared for all the combinations, followed by a 

comparison of all the JF combinations for the narrowed down choices. The mean Dice was 

obtained from 20 subjects. This evaluation was performed for both the fusion techniques – Joint 

Fusion and Majority Voting. Figures 3.6 and 3.7 illustrate this point for Majority Voting and 

Figures 3.8 & 3.9 illustrate this point for Joint Fusion. It is clearly evident that for any crop size 

greater than 93x187x68, the processing time is much higher across both the fusion techniques. 

Furthermore, when the Dice Coefficients were compared across the different crop sizes for each 

of the fusion techniques (Figures 3.7 & 3.9), they showed a comparable performance for most of 

the 7 nuclei.    
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Figure 3.6 Mean Time (min) (Standard Error) vs Crop-Size for Majority Voting 

Figure 3.7 Dice vs Crop-Size for Majority Voting  
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Figure 3.8 Mean Time (min) (Standard Error) vs Crop-Size for Joint Fusion 

Figure 3.9 Dice vs Crop-Size for Joint Fusion 
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After establishing 61x91x62, 81x76x52 and 93x187x68 as the viable crop sizes, the Dice 

coefficients for the 20 test cases were compared across both the fusion techniques for these 3 crop 

sizes. This showed Joint Fusion outperforming Majority Voting for most of the nuclei. This was 

further verified by performing a paired t-test between JF and MV for each crop-size for all the 

nuclei. In the case of nuclei where p<0.05 (significance shown) the mean dice for both JF and MV 

were compared to see which of the fusion techniques performed better.  Table 3.1 compares the 

paired t-test results and shows which of the two fusion techniques performed better for each crop 

size in the case of nuclei for which p<0.05. 

 

 

Table 3.1 T-TEST results for MV vs JF comparison for the 3 viable crop sizes 

 

ROI 

TTEST 

(61MV 

with 61JF) 

Which is 

better? 

TTEST 

(81MV vs 

81JF) 

Which is 

better? 

TTEST 

(93MV vs 

93JF) 

Which is 

better? 

       

THALAMUS 0.02 61JF 0.57 - 0.00 93JF 

VL 0.01 61JF 0.15 - 0.02 93JF 

PUL 0.04 61JF 0.66 - 0.07 - 

VLP 0.07 - 0.41 - 0.11 - 

Md 0.00 61JF 0.00 81JF 0.00 93JF 

VPL 0.02 61JF 0.01 81JF 0.01 93JF 

AV 0.00 61JF 0.02 81JF 0.00 93JF 

CM 0.00 61JF 0.01 81JF 0.00 93JF 

LGN 0.00 61JF 0.00 81JF 0.00 93JF 

Vla 0.01 61JF 0.01 81JF 0.02 93JF 

MGN 0.06 - 0.53 - 0.09 - 

MTT 0.00 61JF 0.00 81JF 0.00 93JF 

Hb 0.07 - 0.02 81JF 0.08 - 
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Joint Fusion performed better than Majority Voting (especially for the smaller nuclei like 

AV and LGN) as it accounts for the correlation between the input & prior(s) and also among the 

priors. Thus Joint Fusion is the better of the two fusion techniques to go ahead with and Majority 

Voting is eliminated. To illustrate this further Figure 3.10 compares the Dice across the 6 

combinations for the AV nuclei. Clearly JF is better than MV for each of the crops. 

  

Thus having eliminated MV, the Dice and VSI for the three crop sizes are compared using 

JF (Figures 3.11 & 3.12). Clearly both 61x91x62 JF and 93x187x68 JF are comparable in 

performance although t-test between the two (Table 3.2) shows significance (p<0.05) for the VLP 

nuclei with 93x187x68 JF having the better mean Dice among the two.  
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Figure 3.12 Mean VSI for JF comparison across different crops 

Figure 3.11 Mean Dice for JF comparison across different crops 
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ROI 

TTEST 

(61jf with 

93jf) 

Which is 

better? 

TTEST 

(61jf with 

81jf) 

Which is 

better? 

TTEST 

(93jf vs 

81jf) 

Which is 

better? 

       

THALAMUS 0.19 - 0.05 - 0.06 - 

VL 0.29 - 0.09 - 0.12 - 

PUL 0.38 - 0.15 - 0.15 - 

VLP 0.03 93JF 0.28 - 0.01 93JF 

Md 0.37 - 0.33 - 0.98 - 

VPL 0.22 - 0.16 - 0.07 - 

AV 0.23 - 0.21 - 0.16 - 

CM 0.88 - 0.25 - 0.39 - 

LGN 0.38 - 0.75 - 0.37 - 

Vla 0.49 - 0.91 - 0.56 - 

MGN 0.12 - 0.31 - 0.16 - 

MTT 0.85 - 0.48 - 0.44 - 

Hb 0.43 - 0.06 - 0.30 - 

 

Table 3.2 T-TEST results of 61JF vs 93JF vs 81JF 

Finally, we can conclude with regard to mean time, Dice and VSI metrics, 61x91x62 JF is 

the best unilateral crop version of ST THOMAS and 93x187x68 JF is the best bilateral crop 

version. One potential problem with very small crop sizes like 61x91x62 is failure of registration 

especially in the case of inputs with poor contrast. The presence of structures like ventricles in 

larger crop sizes can help with registration. The use of median can help identify if there are 

occasional failures (i.e. a skewed distribution). If the median is significantly higher than the mean, 

it is indicative of a skewed distribution, which in turn is indicative of failure. THOMAS-2, which 

uses the same tight crop, suffered from this limitation when used on 3T images that have poorer 

image quality (personal communication with Jason Su). Figures 3.13 and 3.14 show the percentage 

variability in difference between the median and the mean for both Dice and VSI represented as 

(median-mean)/mean*100. As such, there is not a major variation between mean and median. 
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Figure 3.13 Variation between the median and mean dice across the 3 crops for JF 

Figure 3.14 Variation between the median and mean VSI across the 3 crops for JF 
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In case of DBS surgery for instance, where the ventral intermediate nucleus (VIM) (which 

is the inferior part of the VLP nucleus) is targeted it is important to have a high Dice value for the 

VLP nuclei. Thus comparing the Dice for VLP alone (Figure 3.15) and taking into account the t-

test results it is clear that 93x187x68 JF is the best combination.  

 

 

Finally, Table 3.3 compares both the 61x91x62 JF and 93x187x68 JF versions of ST 

THOMAS with THOMAS-2 using mean time and median Dice as the metrics with the ROIs 

ordered in decreasing volume. This particular ordering of the ROIs is followed everywhere 

henceforth for consistency. It is clearly evident that 93x187x68 JF version of ST THOMAS 

provides for comparable or better performance with a 2.5x-10.7x reduction in time and 61x91x62 

JF provides for a 3.7x-15.4x reduction in time as compared to THOMAS-2 and THOMAS-1 

Figure 3.15 Mean Dice for VLP 
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respectively. To summarize, the complete results for the 20 subjects in terms of the mean and 

median of the Dice and VSI respectively are presented in Table 3.4 and 3.5. 

ROI Volume THOMAS-1 THOMAS-2 
ST THOMAS 

(93x187x68 JF) 

ST THOMAS 

(61x91x62 JF) 

TOTAL TIME 

(approx) 
 139 min 33 min 13 min 9 min 

THALAMUS 6064.00 0.92 0.93 0.92 0.92 

VL 1885.00 0.85 - 0.86 0.86 

PUL 1700.00 0.68 0.87 0.86 0.86 

VLP 915.00 0.77 0.78 0.79 0.78 

Md 743.00 0.86 0.88 0.85 0.85 

VPL 372.00 0.64 0.7 0.69 0.67 

VA 315.00 0.71 0.7 0.71 0.7 

AV 180.00 0.78 0.77 0.8 0.79 

CM 147.00 0.77 0.78 0.75 0.75 

LGN 142.00 0.73 0.73 0.75 0.75 

Vla 135.00 0.86 0.63 0.67 0.68 

MGN 102.00 0.73 0.74 0.74 0.74 

MTT 55.00 0.68 0.56 0.7 0.7 

Hb 32.00 0.70 0.69 0.73 0.73 

 

 

Table 3.3 Comparison of Mean Time and Median Dice for THOMAS-2 and ST THOMAS 

(Volume is measured as the average of the total number of pixels for the 9 controls for each ROI) 
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ROI 
MEAN DICE MEDIAN DICE 

61JF 93JF 61JF 93JF 

THALAMUS 0.92 0.92 0.92 0.92 

VL 0.85 0.85 0.86 0.86 

PUL 0.85 0.85 0.86 0.86 

VLP 0.77 0.78 0.78 0.79 

Md 0.85 0.85 0.85 0.85 

VPL 0.67 0.67 0.67 0.69 

VA 0.68 0.70 0.70 0.71 

AV 0.78 0.79 0.79 0.80 

CM 0.73 0.73 0.75 0.75 

LGN 0.72 0.71 0.75 0.75 

Vla 0.67 0.67 0.68 0.67 

MGN 0.72 0.72 0.74 0.74 

MTT 0.69 0.69 0.70 0.70 

Hb 0.72 0.72 0.73 0.73 

Table 3.4 Mean and Median Dice for the 20 subjects using 61JF and 93JF 
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ROI 
MEAN VSI MEDIAN VSI 

61JF 93JF 61JF 93JF 

     

THALAMUS 0.97 0.97 0.98 0.98 

VL 0.96 0.96 0.96 0.96 

PUL 0.95 0.95 0.97 0.97 

VLP 0.93 0.94 0.94 0.95 

Md 0.94 0.94 0.95 0.95 

VPL 0.91 0.91 0.92 0.92 

VA 0.88 0.90 0.89 0.90 

AV 0.91 0.92 0.93 0.94 

CM 0.90 0.90 0.92 0.91 

LGN 0.90 0.91 0.92 0.93 

Vla 0.89 0.88 0.89 0.88 

MGN 0.87 0.87 0.87 0.87 

MTT 0.90 0.91 0.91 0.92 

Hb 0.88 0.88 0.87 0.88 

 

Table 3.5 Mean and Median VSI for the 20 subjects using 61JF and 93JF 
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3.4 Validation 

After establishing 61JF and 93JF as comparable in performance, we validated these 

methods on the additional 8 subjects that did not form part of the template.  These eight subjects 

are essentially from the same library as that of the priors but had been initially separated out for 

validation purposes. It contained a mix of both controls and patients. Tables 3.6 shows the mean 

Dice coefficients and VSI for the eight subjects for both the 61JF and 93JF versions of ST 

THOMAS. Both 61JF and 93JF performed similarly when comparing the mean Dice and VSI.  

ROI 

MEAN DICE MEAN VSI 

61JF 93JF 61JF 93JF 

THALAMUS 0.93 0.93 0.98 0.98 

PUL 0.87 0.87 0.95 0.96 

VLP 0.78 0.79 0.96 0.96 

Md 0.86 0.86 0.93 0.93 

VPL 0.72 0.72 0.91 0.91 

VA 0.70 0.70 0.91 0.92 

AV 0.76 0.76 0.88 0.89 

CM 0.78 0.78 0.88 0.88 

LGN 0.74 0.74 0.91 0.91 

Vla 0.61 0.61 0.84 0.84 

MGN 0.71 0.71 0.82 0.82 

MTT 0.71 0.71 0.92 0.93 

Hb 0.78 0.78 0.92 0.93 

 

Table 3.6 Mean Dice and VSI for the 8 additional subjects using 61JF and 93JF 
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A t-test analysis of the 20 subjects versus the 8 subjects under both 61JF and 93JF yielded 

no statistical differences between the two except for the thalamus  and VPL where the mean for 

the 8 subjects was higher than that of the 20 subjects under 63JF and 93JF (Table 3.7).  

 

ROI 
TTEST 

 (20 vs 8 for 61JF) 

Which is 

better? 

TTEST  

(20 vs 8 for 93JF) 

Which is 

better? 

     

THALAMUS 0.04 8 cases 0.08 - 

PUL 0.31 - 0.29 - 

VLP 0.57 - 0.72 - 

Md 0.39 - 0.48 - 

VPL 0.01 8 cases 0.03 8 cases 

VA 0.59 - 0.97 - 

AV 0.4 - 0.19 - 

CM 0.17 - 0.17 - 

LGN 0.66 - 0.46 - 

Vla 0.11 - 0.12 - 

MGN 0.81 - 0.74 - 

MTT 0.41 - 0.45 - 

Hb 0.05 - 0.07 - 

 

 

Table 3.8 illustrates the mean Dice, median Dice and the minimum Dice for all 28 subjects 

combined together. The minimum Dice comparison is essentially a worst-case analysis for the two 

methods to evaluate how badly each of the methods fare when they fail. Such a comparison for the 

28 cases resulted in the 61JF faring marginally better or comparable for the major part. However, 

Table 3.7 T-Test results for 20 vs 8 subjects under both 61JF and 93JF 
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in case of the thalamus, VLP nucleus and VL nucleus the worst possible values were extremely 

close to the mean values of their corresponding methods indicating that these methods were even 

better suited for applications that focused on these specific nuclei. Furthermore, a plot of the 

volume of ROI (in the same order as in the previous tables) is plotted against the corresponding 

mean dice in Figure 3.16. This plot clearly shows a general trend line in the downward direction 

for the Dice values as it keeps decreasing approximately for each ROI as the volume keeps 

increasing correspondingly.  

ROI 
MEAN DICE MEDIAN  DICE Worst-case analysis 

61JF 93JF 61JF 93JF 61JF 93JF 

       

THALAMUS 0.92 0.92 0.92 0.92 0.90 0.90 

VL 0.85 0.85 0.86 0.86 0.78 0.78 

PUL 0.86 0.86 0.86 0.86 0.79 0.79 

VLP 0.78 0.78 0.78 0.79 0.71 0.72 

Md 0.85 0.85 0.85 0.86 0.76 0.76 

VPL 0.68 0.69 0.7 0.69 0.57 0.55 

VA 0.69 0.7 0.7 0.7 0.52 0.58 

AV 0.77 0.78 0.79 0.8 0.62 0.63 

CM 0.74 0.74 0.76 0.76 0.55 0.54 

LGN 0.72 0.72 0.73 0.74 0.49 0.42 

Vla 0.66 0.65 0.68 0.67 0.4 0.39 

MGN 0.72 0.72 0.73 0.73 0.54 0.55 

Hb 0.74 0.74 0.76 0.75 0.57 0.55 

MTT 0.69 0.69 0.7 0.7 0.52 0.52 

Table 3.8 Mean Dice, Median Dice & Minimum value for 28 subjects under both 61JF and 93JF 



54 

 

 

 

 

In the following chapter, a separate comparison on another 9 subjects from a different study 

which pertained to ultrasound ablation of the VIM nucleus is shown. Rather than just a 7T study 

it focuses on 3T vs 7T since both the scans were available for the 9 subjects. This was done to test 

the performance of ST THOMAS on 3T images, which differ in contrast and shading from their 

7T counterparts. 

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

6064 1885 1700 915 743 372 315 180 147 142 135 102 55 32

M
ea

n
 D

ic
e

Volume of ROI

Volume vs Mean Dice

Mean Dice Linear (Mean Dice)

Figure 3.16 A plot of the volume of ROI vs Mean Dice for the corresponding ROI for 28 cases 
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CHAPTER 4 

THALAMIC SEGMENTATION: APPLICATIONS 

Automated segmentation of thalamic nuclei has several potential applications. These 

include identification of specific thalamic nuclei for the diagnosis and treatment of different 

diseases such as alcohol use disorder, schizophrenia etc. and targeting of specific nuclei such as 

the ventral intermediate (VIM) nucleus in real-time for surgical implantation of leads in deep brain 

stimulation surgery (for the treatment of essential tremors). Further, volumetric analysis of the 

whole thalamus as well as the different thalamic nuclei to study their variation in alcoholic patients 

in comparison to non-alcoholic control subjects would also provide significant clues in research 

related to the impact of alcoholism on the brain.  

In this chapter, three applications are described based on the ST THOMAS technique that was 

proposed and evaluated in the previous chapter. In order to increase the applicability of our 

method, we first evaluate the performance of ST THOMAS using 3T MRI images.  We then use 

it for identification of the VIM nucleus and demonstrate preliminary evaluation by comparing the 

segmented VIM nucleus against lead position in patients who undergo conventional DBS lead 

placement. Finally, we discuss an application of ST THOMAS for volumetric studies in alcoholic 

patients. 

4.1 Segmentation of 3T MRI images 

THOMAS was primarily built and tested on 7T images since its inception. Separate evaluation 

of 3T MRI images is important because the B0 and B1 artifacts differ with field strengths affecting 

image shading and contrast, which in turn affects the segmentation performance since the 
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registration is going to be affected by this difference in shading and contrast. Furthermore, T1 

values vary with field strength and even inter-thalamic nuclear contrast will be different and atlases 

based on 7T may be suboptimal for 3T. It was only very recently that Su et al. [35] performed a 

small study on five 3T subjects to evaluate the feasibility as well the performance of THOMAS on 

3T images by comparing them to THOMAS’s performance on 7T MRI images for the same five 

subjects. Although they demonstrated the viability of using THOMAS on 3T images, studies with 

a larger cohort are needed to establish reliability and performance metrics.  

One of the motivations behind the development of ST THOMAS was to extend this new 

method to 3T MRI images and eventually to 1.5T MRI images. This is because all clinical scanners 

currently employ either 1.5T or 3T coils and access to 7T scanners is very limited (confined to 

research projects primarily). Hence, we evaluated the viability of ST THOMAS on 3T MRI images 

collected on patients who were subsequently scanned on 7T scanners as well.  

4.1.1 Methods 

ST THOMAS was run using both the 61x91x62 and the 93x187x68 crop sizes with Joint 

Fusion (henceforth referred to as 61JF and 93JF) on a total of 9 patients under 7T and 12 under 

3T. Nine of these patients were common to both the 3T and 7T scans and form the basis of all the 

evaluations subsequently performed. These subjects are patients who underwent focused 

ultrasound ablation of the VIM nucleus for treatment of essential tremor. They were scanned at 

both 7T and 3T prior to their ablation surgery. Manual delineations were performed by an expert 

neuroradiologist for the 7T images. This became the ground truth for the 7T images which was 

then transferred to the corresponding 3T image space through linear registration that was 

performed using the FMRIB's Linear Image Registration Tool (FLIRT) [37-38] with 7 degrees-

of-freedom. FLIRT is a part of the FMRIB Software Library, abbreviated as FSL [39-41]. Also 
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care was taken to ignore the signal artifacts around the sinuses at both field strengths (although it 

was more pronounced at 7T) in the registration. These transformed labels formed the ground truths 

for the 3T images which are then compared against the segmented outputs that were obtained from 

ST THOMAS pipeline. Dice coefficients were used as the metrics for comparisons.  

4.1.2 Results 

The Dice coefficients for both 7T and 3T MRI datasets using 61JF and 93JF are tabulated 

in Table 4.1. Clearly, there is a close correlation between the mean Dice coefficients for 3T MRI 

images as well as 7T MRI images indicating that ST THOMAS performs well on both them. 

However, although the Dice between 3T and 7T is closely correlated, it is noticeably smaller than 

the values from the 28 cases that was used for testing and validation of the two versions of ST 

THOMAS. This is because these data were collected for two different studies and the data collected 

in this case was more prone to motion errors and other aberrations as compared to the 28 cases.  In 

Table 4.2 and 4.3, an analysis of the performance based on this data is presented by comparing the 

mean, median and the minimum dice for the 9 subjects in case of 7T and 12 subjects in case of 3T. 

Figures 4.1 and 4.2 compares the performance of ST THOMAS with 61JF and 93JF by comparing 

the dice coefficients between the 3T MRI data and their 7T counterparts. Figures 4.3 and 4.4 plots 

the difference in dice between the 3T and 7T for 61JF and 93JF respectively. In these plots the [*] 

is used to indicate if there was significant difference (p<0.05) obtained from paired t-tests that 

were performed between the 3T and 7T data for both 61JF and 93JF. Such significance was 

obtained only in case of 61JF for pulvinar (PUL) and mammillothalamic tract (MTT) where the 

mean dice of 93JF was higher than that of the 61JF.    It can be observed that the difference in the 

Dice is well within ±0.1 between 3T and 7T on an individual subject basis. 
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ROI 
61JF 93JF 28 cases 

3T 7T 3T 7T 61JF 93JF 

       

THALAMUS 0.89 0.89 0.89 0.89 0.92 0.92 

PUL 0.84 0.85 0.84 0.84 0.85 0.85 

VLP 0.74 0.75 0.74 0.75 0.77 0.78 

Md 0.83 0.83 0.83 0.83 0.85 0.85 

VPL 0.55 0.56 0.55 0.57 0.67 0.67 

VA 0.58 0.58 0.56 0.57 0.68 0.7 

AV 0.67 0.65 0.67 0.67 0.78 0.79 

CM 0.63 0.67 0.64 0.68 0.73 0.73 

LGN 0.55 0.56 0.56 0.56 0.72 0.71 

Vla 0.44 0.46 0.43 0.46 0.67 0.67 

MGN 0.61 0.62 0.62 0.64 0.72 0.72 

MTT 0.61 0.66 0.62 0.67 0.72 0.72 

Hb 0.72 0.75 0.71 0.75 0.69 0.69 
 

Table 4.1 Dice coefficients for both 7T and 3T using ST THOMAS (both 61JF and 93JF) 

compared with the Dice coefficients for the original 28 cases 

 

ROI 

61JF 

3T 7T 

Mean Median Minimum Mean Median Minimum 

       

THALAMUS 0.89 0.89 0.86 0.89 0.89 0.86 

PUL 0.84 0.84 0.76 0.85 0.85 0.83 

VLP 0.74 0.75 0.63 0.75 0.75 0.69 

Md 0.83 0.82 0.78 0.83 0.82 0.79 

VPL 0.55 0.54 0.32 0.56 0.58 0.35 

VA 0.58 0.60 0.47 0.58 0.59 0.46 

AV 0.67 0.66 0.53 0.65 0.72 0.42 

CM 0.63 0.67 0.15 0.67 0.71 0.29 

LGN 0.55 0.50 0.16 0.56 0.53 0.35 

Vla 0.44 0.47 0.34 0.46 0.41 0.35 

MGN 0.61 0.58 0.52 0.62 0.61 0.52 

MTT 0.61 0.61 0.54 0.66 0.63 0.56 

Hb 0.72 0.71 0.62 0.75 0.76 0.69 
 

Table 4.2 Dice coefficients for both 7T and 3T using ST THOMAS (both 61JF and 93JF) 

compared with the Dice coefficients for the original 28 cases 
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ROI 

93JF 

3T 7T 

Mean Median Minimum Mean Median Minimum 

       

THALAMUS 0.89 0.89 0.86 0.89 0.89 0.85 

PUL 0.84 0.84 0.77 0.85 0.85 0.80 

VLP 0.74 0.74 0.66 0.75 0.74 0.71 

Md 0.83 0.82 0.79 0.83 0.82 0.79 

VPL 0.55 0.57 0.32 0.56 0.59 0.40 

VA 0.58 0.58 0.37 0.58 0.58 0.40 

AV 0.67 0.67 0.47 0.65 0.72 0.44 

CM 0.63 0.66 0.13 0.67 0.72 0.26 

LGN 0.55 0.50 0.16 0.56 0.52 0.38 

Vla 0.44 0.45 0.35 0.46 0.42 0.36 

MGN 0.61 0.60 0.52 0.62 0.63 0.52 

MTT 0.61 0.62 0.53 0.66 0.69 0.58 

Hb 0.72 0.71 0.63 0.75 0.77 0.68 

 

Table 4.3 Dice coefficients for both 7T and 3T using ST THOMAS (both 61JF and 93JF) 

compared with the Dice coefficients for the original 28 cases 
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Figure 4.1 A box plot showing the performance of ST THOMAS – 61JF with 3T(red) and 

7T(blue) images with significance indicated by [٭] 

Figure 4.2 A box plot showing the performance of ST THOMAS – 93JF with 3T(red) and 7T(blue) 

images 

 ٭
 ٭
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Figure 4.3 A box plot showing the difference in dice between the automated segmentations of 3T 

and 7T computed on the basis of individual subjects in case of ST THOMAS - 61JF 

Figure 4.4 A box plot showing the difference in dice between the automated segmentations of 3T 

and 7T computed on the basis of individual subjects in case of ST THOMAS - 93JF 
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This study is slightly larger than the previous study by Su et al. [35] since it has 9 subjects 

compared to 5 subjects earlier. There is a clear correlation or similarity between the dice 

coefficients between the 7T and 3T cases. A paired t-test was performed between the 7T and 3T 

results for the Dice coefficients. There was not much of significance (p<0.05) except in the case 

of PUL and MTT under 61JF where the 7T images had a marginally higher mean than the 3T 

images (Table 4.2). 

ROI 
TTEST  

(3T vs 7T for 61JF) 

Which fared 

better? 

TTEST  

(3T vs 7T for 93JF) 

Which fared 

better? 
     

THALAMUS 0.78 - 0.83 - 

PUL 0.04 7T images 0.07 - 

VLP 0.70 - 0.51 - 

Md 1.00 - 0.90 - 

VPL 0.31 - 0.34 - 

VA 0.73 - 0.06 - 

AV 0.44 - 0.51 - 

CM 0.10 - 0.30 - 

LGN 0.71 - 0.96 - 

Vla 0.47 - 0.31 - 

MGN 0.37 - 0.56 - 

MTT 0.03 7T images 0.13 - 

Hb 0.10 - 0.10 - 

 

Table 4.2 T-TEST results for 7T vs 3T using ST THOMAS (both 61JF and 93JF) 

 

These results establish the feasibility and viability of using ST THOMAS for 3T data; opening 

the door for more clinical applications, two of which would be described in the following sections. 
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4.2 Deep Brain Stimulation (DBS) Surgery 

DBS surgery is a neurosurgical procedure in which electrodes are implanted in specific 

regions/targets in the brain depending on the pathology being addressed. One such region is the 

ventro-intermediate (VIM) nucleus of the thalamus, which is targeted for treating essential 

tremors. The VIM nucleus is the inferior portion of the VLP nucleus in the coronal plane, obtained 

by bisecting the VLP nucleus along the AC-PC plane. In case of treatment for epilepsy, the anterior 

thalamic (AT) nuclei, specifically the anteroventral (AV) nuclei is targeted. AT is assumed to be 

responsible for learning and memory from AV’s relation to the theta activity in hippocampal 

formation [45]. For DBS applications, automatic segmentation/identification of the region being 

targeted in real time is critical. In this context, ST THOMAS could greatly help with its reduced 

runtime of 9-13 min providing for real time applications during surgery. Currently, targeting of 

VIM for DBS surgery is performed using traditional frame stereotaxis and using pre-operative 

MRI and CT imagery with real time electrophysilogical tract exploration to identify the VIM 

nucleus in awake patients. This is due to the unavailability of MRI methodologies where the VIM 

nucleus is directly visible, resulting in the use of indirect targeting which is imprecise.  

We performed a feasibility study on patients who underwent the traditional DBS surgery 

for VIM targeting. These patients were scanned on a 3T MRI scanner prior to and following 

surgery and the pre-operative images were processed using THOMAS and ST THOMAS. By 

registering the pre and post-operative images and warping the pre-operative thalamic nuclei 

(segmented using THOMAS/ST THOMAS) to post-operative images, the accuracy of our 

segmentation techniques was qualitatively assessed.   
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4.2.1 Methods 

4.2.1.1 Segmentation Using THOMAS-1 

Pre-operative WMN-MPRAGE images were first processed using THOMAS-1 to segment 

the thalamic nuclei; in particular the VLP nucleus whose inferior part is essentially the VIM 

nucleus. 

In the next step the whole dataset is skull stripped to extract the brain separately. This is 

done for both the pre-operative and post-operative images. The brain extraction is performed using 

the Brain Extraction Tool (BET) [46] to delete the non-brain tissue from the whole head image. 

Following this, the pre-operative extracted brain is registered to the post-operative extracted brain 

after making sure both of them are in the same plane (axial/coronal/sagittal). If it is not so, then 

either the pre or the post-operative brain depending on which of the two is scanned at a higher 

resolution is resliced to the same plane as the other. In case of the registration both linear and 

nonlinear registrations were performed using FMRIB's Linear Image Registration Tool (FLIRT) 

and FNIRT (FMRIB's Non-linear Image Registration Tool) [46-47] respectively for THOMAS-1.  

FLIRT was used with the default parameters (12 DOF and correlation ratio). FNIRT was also used 

with the default parameters with the matrix obtained from FLIRT as the starting point for the 

computation for FNIRT. Figure 4.5 illustrates the entire registration procedure under both 

THOMAS-1 and ST THOMAS.  

Finally, the segmentations of the VLP nucleus are warped from the pre-operative WMN-

MPRAGE brain to the post-operative WMN-MPRAGE brain in case of both linear and non-linear 

registrations. 
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4.2.1.2 Segmentation using ST THOMAS 

 In case of ST THOMAS, because the pre-operative brains were cropped for processing by 

ST THOMAS, direct transfer of labels from the pre-operative brain to the post-operative brain was 

not possible. To circumvent this problem, the post-operative brain was also cropped using the same 

method of cropping as in ST THOMAS and then the cropped pre-operative and cropped post-

operative brains were registered linearly (linear-affine) and non-linearly w/ and w/o mask using 

ANTs. The necessity of mask for the electrode arose from problems in the quality of the 

registration between the pre- and post- images when non-linear registration was performed. The 

mask was generated manually by segmenting the electrode artifact slice by slice on the WMN-

Figure 4.5 Illustration of the DBS registration procedure using a subject (here, R refers to 

registration and the mask is the mask for the electrode) 
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MPRAGE image in ITK-Snap. After the registration, the labels were warped from the pre-

operative brain to the post-operative brain. 

Both of these approaches were performed on four subjects whose 3T MRI images were 

obtained at the University of Arizona. In the second subject, the DBS procedure was performed 

on the right thalamus and in all the other subjects, it was performed on the left thalamus.   

4.2.2 Results 

Due to the absence of manual delineations in the pre and post-operative brains, qualitative 

analysis of the results was conducted by overlaying the segmentation of the VIM nucleus on the 

post-operative brain. This allowed for visual identification of the overlap between the warped 

segmentation and the lead (usually a dark area in gradient echo WMN MPRAGE images) that is 

visible on the post-operative brain. It is based on the premise that the DBS surgery successfully 

resulted in the lead being implanted in the VIM nucleus (this was confirmed by the neurosurgeon 

for the first two subjects). Figures 4.6 and 4.7 shows the results of DBS processing on subjects one 

and two using THOMAS for illustration.  In the case of using THOMAS, FLIRT showed better 

results as compared to FNIRT in terms of identifying the location of the electrode although it 

seemed to overestimate the VLP nucleus (identified in terms of the size) as compared to FNIRT. 

Figures 4.8 and 4.9 illustrates the results for all four subjects in the coronal plane when using ST 

THOMAS. In these figures, the results from both linear and non-linear registrations between the 

cropped pre-operative and post-operative images were compared both with and without mask. 

Clearly, the linear registrations were closer to the non-linear w/ mask (as observed from the 

increase in Dice between the linear and non-linear registrations). From figures 4.6, 4.7 and 4.8 it 

can be clearly inferred linear registration tended to produce the better results under both THOMAS 
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and ST THOMAS. However, using ST THOMAS with nonlinear w/ mask or linear is the most 

optimum choice considering the time constraints in addition to the quality of the results. 

 

 

 

 

Figure 4.6 Overlay of the VLP nucleus in the coronal plane for subject 1 using THOMAS-1 

Figure 4.7 Overlay of the VLP nucleus in the coronal plane for subject 2 using THOMAS-1 
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Figure 4.8 Overlay of the VIM nucleus in the coronal plane for 4 subjects when using ST 

THOMAS on WMN images (yellow outline – linear segmentations, green fill – nonlinear w/o 

mask segmentations, numbers represent Dice coefficients) 
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Figure 4.9 Overlay of the VIM nucleus in the coronal plane for 4 subjects when using ST 

THOMAS on WMN images (yellow outline – linear segmentations, green fill – nonlinear w/ 

mask segmentations, numbers represent Dice coefficients) 
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Fig 4.9 illustrates the overlay of the VIM nucleus on a T2 image in case of subject 4 in relation 

to a 3D view of the electrode and the VIM nucleus overlaid on a T2 image. In this case, the 

advantage was that both the WMN and T2 scans were performed in the same plane eliminating the 

need for another registration between them. However for the sake of 3D rendering the registration 

was still performed between the cropped post-wmn image and cropped post-T2 image since their 

dimensions were different. 

 

 

4.3 Volume analysis of thalamic nuclei for Alcoholism studies 

Another application of ST THOMAS would be to study the variation in the volumes of 

thalamic nuclei in alcoholic patients in comparison to age and gender matched control subjects. 

Volume deficits in thalamus have been linked to compromised memory in alcoholics [12, 31]. 

However, these studies have used a whole thalamus approach which ignores the effect of 

alcoholism at a substructural level. Sub regions of the thalamus such as the anterior thalamic nuclei 

Figure 4.10 Overlay of the VIM nucleus in the coronal plane for subject 4 on the T2 image 

(yellow outline – linear segmentations, green fill – nonlinear w/ mask segmentations) and 3D 

view (yellow – electrode, red –VIM nucleus) of the same 
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(AT) mediodorsal (MD), ventrolateral (VL) and pulvinar (Pul) if studied on the basis of volume 

changes will provide for correlation between neuropsychological tasks and memory. It has been 

hypothesized based on prior studies that MD and AT are differently affected for alcoholics and so 

a comparison between the volumes using ST THOMAS would be beneficial.  

ST THOMAS was used to study the differences in the volumes of the thalamic nuclei between 

18 patients with alcohol use disorder (AUD) and 28 controls who were gender and age matched. 

Regression analysis was used to tease out the effects of age, gender, intra-cranial volume and 

diagnosis (AUD or control) on thalamic nuclear volumes. Since I was indirectly involved in this 

study by providing the ST THOMAS pipeline, an abstract summarizing the results in the study is 

presented in the Appendix.  
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CHAPTER 5 

CONCLUSION AND FUTURE WORK 

The thalamus thus is a critical structure in the brain owing to its many cognitive functions 

and having an automated segmentation approach for identifying the thalamus and the thalamic 

nuclei from MR images has long been sought in further understanding the functioning of this 

region of the brain. It has also had other applications pertaining to surgery as in the case of 

assisted/guided surgery. Most importantly, the automated approach towards segmentation that has 

been developed recently has been based on the multi-atlas segmentation approach. This has already 

been proven to be better for visual targeting of the thalamic nuclei under 7T in previous studies.  

Although THOMAS-1 and THOMAS-2 provided a new basis for the segmentation of the thalamic 

nuclei it was limited in performance due to the high processing time and image-image registration 

failures respectively.  

ST THOMAS fills this void with its balanced approach towards segmentation by making 

use of a template and cropping both the template and the input images. Thus, it not only achieves 

a more robust performance but it also does so in a very short time. From the various evaluations 

of ST THOMAS using both 61JF and 93JF on both 3T and 7T applications it has proved itself to 

be a strong contender for real time segmentation of thalamic nuclei providing a new baseline in 

the work towards automated segmentation of thalamic nuclei. Most importantly it achieves a 

speedup of 2.5x-10.7x for 61JF and 3.7x-15.4x for 93JF over THOMAS-2 and THOMAS-1 

respectively. This speedup is considerable and has implications in DBS surgical procedures where 

these methods can be used to verify the location the electrode placement. The time for such 

verification procedures would be drastically reduced by adopting these methods.  
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In applications that pertained to evaluation of performance on 3T MR images, the 

difference in Dice was well within ±0.1 between 3T and 7T on an individual subject basis 

establishing another new baseline on the study of 3T MRI images for thalamic nuclei 

segmentation. However, further studies need to be conducted to better understand some 

inconsistencies such as, why ST THOMAS performs better on 3T as compared to 7T in certain 

subjects & why the Dice coefficients is lower in this case as compared to the original 28 subjects 

that were evaluated. Currently it is speculated that a better bias field uniformity in the 3T images 

is responsible for the better Dice in case of 3T vs 7T comparison. Also, the reason behind the lower 

Dice in case of the 3T-7T subjects as compared to the 28 subjects is due to possible motion and 

other aberrations in the new 3T-7T data which brings the question of how much more robust does 

ST THOMAS need to be. Although we have already shown ST THOMAS to perform very well at 

3T which is the typical field strength employed in DBS surgeries for scanning, further work needs 

to be done to evaluate segmentation performance using a variety of 3T MR images or by using 

manual delineations of 3T images to establish a more solid foundation for applying ST THOMAS 

on 3T images in general. This also opens the way to extend ST THOMAS for 1.5T MR images 

paving way for significant clinical applications that make use of the same. This is especially true 

considering the fact that 1.5T and 3T scanners are more mainstream in clinical settings with 7T 

scanners mostly used in research labs. Moreover, the DBS evaluation can be done quantitatively 

using center of mass (COM) for lead and nucleus as compared to visual identification and 

verification. This would provide for a more stronger evaluation metric that can be then run across 

many test cases to further verify the viability of this procedure. 

A possible approach that could be evaluated to improve the accuracy of ST THOMAS 

includes incorporating machine-learning techniques to eliminate registrations that have failed.  
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This in turn would reduce the number of candidate segmentation choices but would provide better 

results because of the thresholding we performed. In addition to corrective learning approaches 

like this, using vector files for manual segmentations would also help in improving the accuracy, 

as it would result in lesser loss of information by converting to NIFTI images. This means a 

smoother edge for the nuclei when obtained through the vector files. It is also possible to improve 

the accuracy by creating a hybrid of both THOMAS-2 and ST THOMAS by assigning weights 

differently to the two methods. This approach although costly in computation can be used for 

studies that are done over a period since time would not be a primary constraint in these 

applications.  
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Synopsis
Thalamic nuclei are often hard to visualize on most anatomical sequences. White-matter-nulled MPRAGE imaging provides su�cient intra-nuclear contrast
to enable manual segmentation, which is very tedious. We have developed fast multi-atlas based segmentation schemes that can provide accurate
segmentation of all the major thalamic nuclei in under 15 minutes.

Introduction
Precise localization and volumetry of thalamic nuclei are critical for deep brain surgery (DBS) targeting and understanding the e�ect of Alzheimer’s,
schizophrenia and other pathologies on speci�c thalamic nuclei. To date, MRI based methods have been suboptimal. Recently, a white-matter-nulled MP-
RAGE sequence along with manual [1] or automated [2-3] segmentation has shown considerable promise, despite long processing times. We report on a
novel, fast technique that has the potential for near-realtime segmentation of thalamic nuclei, achieving up to 16x speedup over current methods. 

Methods
Technique: Two variants of THalamus Optimized Multi-Atlas Segmentation (THOMAS) have been proposed [2-3]. Both use a “multi-atlas” comprising of 20
white-matter-nulled MPRAGE prior datasets (12 patients and 8 controls) with manual segmentation by a neuroradiologist [1], guided by the Morel atlas. We
developed a fast and robust hybrid of these two methods (Fig 1), using an intermediary averaged template for robustness and cropping the template and
input from for speed. The crop size was varied systematically from full size to the smallest crop that encompasses both thalami in all 3 dimensions. Further
speedup was achieved using Majority voting (MV) instead of Joint fusion (JF), for label fusion. We hypothesized that the robustness of template based
registration would enable the use of MV label fusion, signi�cantly reducing processing times whilst maintaining accuracy. We call our new method ST
THOMAS (Shortened Template and THalamus for Optimal Multi Atlas Segmentation).

The two THOMAS variants and ST THOMAS were compared on 20 subjects (12 patients with MS) who were scanned after informed consent on a 7T GE MRI
scanner using a white-matter-nulled MP-RAGE pulse sequence. THOMAS-1 was implemented using joint fusion, a more robust algorithm than STEPS label
fusion of [2]. Even though 11 nuclei were generated, the 5 nuclei used for analysis in addition to the whole thalamus (Thal) were ventral lateral (VL),
mediodorsal (MD), pulvinar (Pul), anterior ventral (AV) and ventral lateral posterior (VLP). We used processing times, Dice Similarity Coe�cients (DSC) and
Volume Similarity Index (VSI) as quantitative metrics for comparison. DSC is a measure of overlap accuracy whilst VSI measures accuracy of estimated
volumes. All experiments were conducted on a dual-CPU 4-core 3 GHz Intel Xeon E5-2623 v3 Dell workstation.

Results
The proposed method ST THOMAS had mean processing times of 66 min and 10 min respectively for Joint fusion and Majority voting. The corresponding
times for THOMAS-1 were 196 and 134 min respectively. Mean processing times for THOMAS-2 with joint fusion was 30 min. Figure 2 shows mean
processing times and Dice indices for di�erent thalamic nuclei as a function of crop size for our proposed method using MV. It can be seen that the shortest
processing times (7 and 12 min.) are achieved for the two smallest crop sizes. Since the Dice indices for 3 nuclei (AV, VLP, Pul) were slightly higher (p < 0.05)
for the second smallest crop (93x187x68), we used that for the rest of the analysis. Figure 3 compares ST THOMAS with mean processing time of 12 min and
THOMAS-1 with 196 min mean processing time for Dice and VSI. The results are very comparable with the worst performing nucleus for ST THOMAS, 7 %
lower Dice for AV and 1.7 % lower VSI for MD. Note that the VLP nucleus whose inferior part or the ventral intermediate (VIM) nucleus and is critical for DBS
targeting is comparable in accuracy for ST THOMAS (p=0.3). Table 1 compares the performance (median Dice) of ST THOMAS with the two methods reported
in literature [2-3]. It can be seen that we have achieved comparable accuracy whilst achieving 16X and 3X reduction in processing times over the two
methods. Figure 4 shows segmented VLP nucleus from two pre-operative DBS patients overlaid after registration on post-operative MP-RAGE images. In
both cases, the inferior part of the VLP nucleus (which is the VIM) corresponds well with the DBS lead (black dephased area), suggesting the feasibility of ST
THOMAS for realtime DBS surgery. 

Conclusions
Our novel segmentation pipeline provides a new baseline in the work towards automated segmentation of thalamic nuclei with increased speedup (3X-16X)
and high accuracy. By combining optimal cropping of the template and input as well as using majority voting (as opposed to joint fusion), we can achieve 12
min. processing times, opening the avenue for realtime DBS surgery applications. 
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Figure 1. Flowchart of ST THOMAS. The prior-template transformations to are precomputed for e�ciency. The cropping of template and input leads to
reduction of processing times.

Figure 2. Comparison of processing times and mean Dice as a function of template size. Template 2 performs most optimally in terms both Dice and
processing times (mean time 12 min.)

Figure 3. Comparison of Dice coe�cients and Volume Similarity Index (VSI) for 6 ROIs for THOMAS-1 vs. ST THOMAS.

Figure 4. Comparison of median Dice for 5 nuclei and whole thalamus between THOMAS-1, THOMAS-2 and ST THOMAS show equivalent performance and
3X-16X reduction in processing times (a). Segmentation results from ST THOMAS overlaid on manual delineations for 5 nuclei and the whole thalamus (b). 

Figure 5. VLP nucleus segmented from pre-operative WMN MP-RAGE registered and overlaid on post-operative WMN MP-RAGE images for two patients who
underwent DBS surgery for essential tremor. Note the correspondence of the inferior VLP (VIM nucleus) with the lead (blue oval)
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Synopsis
Volumes of the thalamus and 4 thalamic substructures (i.e., anterior (AT), mediodorsal (MD), ventrolateral (VL), pulvinar (Pul)) were quanti�ed using a novel
automated segmentation algorithm in 18 individuals meeting criteria for Alcohol Use Disorders (AUD) and 28 healthy controls (Con). Multiple regressions
considered contributions of diagnosis (i.e., Con vs. AUD), age, sex, and intracranial volume on substructural volumes. Volumes of AT, VL, and Pul were
smaller with increasing age. Volumes of MD and Pul were a�ected by diagnosis: both were smaller in the AUD relative to the Con group. These results
suggest that thalamic substructures have di�erential vulnerability to pathological processes.

Introduction
The current standard of measuring global, undi�erentiated brain structures is too coarse to distinguish substructural volumes, such as those of the
thalamus, which may be di�erentially a�ected by Alcohol Use Disorders (AUD) and other pathologies. Recently, a white-matter-nulled MPRAGE sequence [1]
for manual [2] or automatic [3] segmentation of thalamic nuclei has shown considerable promise. We report here, for the �rst time, the use of a fast,
automated thalamic segmentation algorithm to investigate the e�ects of AUD on thalamic substructures.

Materials and Methods
After informed consent, 46 human subjects (28 healthy, controls aged 56.14±12.23, 14 women; 18 meeting criteria for AUD aged 52.84±7.41, 6 women) were
scanned on a GE 3T MRI scanner using an 8-channel head array coil. A white-matter-nulled MPRAGE sequence [1] with 1mm isotropic spatial resolution was
acquired. A multi-atlas comprising 20 prior white-matter-nulled MPRAGE datasets (12 patients and 8 controls) was used for automatic segmentation. This
atlas was constructed based on manual delineations of thalamic substructures performed by a neuroradiologist guided by the Morel atlas [2] (Fig 1). The
template and input images were cropped to include just the bilateral thalami, which accelerated the processing time and minimized errors due to whole
brain registration. Four subregions of the thalamus were considered: anterior (AT), mediodorsal (MD), ventrolateral (VL), pulvinar (Pul). Analysis. A multiple
regression on total thalamic volume (Thal) included 4 factors: intracranial volume (ICV), Diagnosis, Age, and Sex. Multiple regressions for each substructural
volume included 5 factors: Thal, ICV, Diagnosis, Age, and Sex.

Results
Diagnosis, Age, and Sex together explained 40% of the variance in Thal (smaller in AUD, women, and with increasing age): ICV did not signi�cantly modulate
Thal. Table 1 presents the results of multiple regressions for each of the 4 substructures, starting with 5 factors. Thal explained a signi�cant percent of the
variance of each sub-region. Together, the remaining 4 factors explained 23–39% of the variance of substructural volumes. Volumes of AT and VL were most
sensitive to Age (smaller with increasing age). MD was sensitive to Diagnosis and Sex (smaller in AUD and in women). Pul was similarly sensitive to Diagnosis
and also to Age (smaller in AUD and with increasing age). Indeed, when volume measures were corrected for Age, Sex, and ICV, Thal (Fig 2), MD, and Pul (Fig
3) were found to be signi�cantly smaller in the AUD relative to the control group.

Discussion
These results demonstrate the utility of using automatic segmentation of 3T MPRAGE data to delineate substructures of the thalamus. Total thalamic
volume (i.e., Thal) was sensitive to Diagnosis, Age, and Sex. Although volumes of all 4 thalamic substructures correlated signi�cantly with Thal, older age was
associated with smaller volumes of the AT, Pul, and VL. MD was selectively a�ected by Diagnosis, a �nding that comports a previous study conducted on
postmortem tissue showing that MD is selectively sensitive to AUD [3]. Future work will evaluate how additional factors, such as drinking variables,
hematological indices, and cognitive performance are related to substructural volumes of the thalamus to provide further support for the biological
relevance of these quanti�ed volumes. 
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Fig 1. Overlay of manual and automatic segmentation results. 

Fig 2. Age-, Sex-, and ICV- corrected Standardized Scores of Total Thalamic Volume in Con and AUD groups. 

Fig 3. Age-, Sex-, and ICV- corrected Standardized Scores of AT, MD, Pul, and VL volumes in Con and AUD groups.

Table 1. 
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