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1.1. Clinical motivations 

The brain is the central organ of the human nervous system, responsible for 

controlling all senses and body functions. The brain is protected by the skull and 

cerebrospinal fluid (CSF) and consists of the cerebrum, cerebellum and the brain 

stem which is connected to the spinal cord. The cerebrum is the largest part of the 

brain and is divided in left and right hemispheres. It is composed of grey (GM) and 

white matter (WM) and encompasses structures such as the thalamus, hippocampal 

formation, amygdala and basal ganglia, consisting of the caudate nucleus, putamen 

and globus pallidus (Fig. 1). 

 
Fig. 1: Top row shows the cerebrum in which white matter is shown in dark blue. Bottom row are 

encompassed structures. Orange: brain stem; Yellow: hippocampus; red: amygdala; green: 

putamen; cyan: thalamus; brown: caudate nucleus; magenta: globus pallidus. S: superior; A: 

anterior; R: right. The Harvard-Oxford probabilistic atlas from FSL [1] in MNI152 template [2] 

space was converted to meshes. 

The hippocampal formation is often referred to as archicortex. It consists of the 

dentate gyrus, cornu ammonis areas (CA1 to CA4), subiculum, fimbria, alveus, 

presubiculum, parasubiculum and the entorhinal cortex. The CA areas are known 

as the hippocampus proper. Sometimes, the presubiculum, parasubiculum and the 

entorhinal cortex are part of the term parahippocampal gyrus and are excluded from 

the hippocampal formation. Hippocampal subfields are illustrated in Fig. 2, in which 

a model created by [3] and [4]. 
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Fig. 2: A model of the hippocampal subfields, the fornix and mammillary bodies is shown [3,4]. 

Green: alveus; red: fimbria; pink: fornix; yellow: CA1; bright blue: CA2/3 (lies underneath the 

fimbria); cyan: CA4/dentate gyrus; dark blue: strata radiatum/lacunosum/moleculare; beige: 

subiculum; grey: mammillary bodies.  

Usually, the term ‘hippocampus’ includes only the hippocampus proper and the 

dentate gyrus [5]. The hippocampal head, body and tail are marked in Fig. 3. The 

hippocampus plays an important role in neurogenesis, learning and memory 

functions [6]. Therefore, in brain image analysis, especially for neurodegenerative 

diseases, the anatomy of the hippocampus is extensively investigated. The central 

theme of this thesis is the accuracy by which the hippocampal shape can be 

determined from magnetic resonance imaging (MRI), and to determine in what 

extent it is possible to detect subtle hippocampal volume loss and other longitudinal 

shape changes. In the remainder of this thesis the term atrophy is used as a 

synonym for volume loss. Hippocampal atrophy is a result of cell degeneration 

leading to volume loss. 

 
Fig. 3: Sagittal and axial slice from the MNI152 standard-space T1-weighted template. 1: 

hippocampal tail; 2: hippocampal body; 3: hippocampal head; red: amygdala; green: putamen; 

cyan: thalamus; brown: caudate nucleus; magenta: globus pallidus. The MNI152 template brain 

[2] is used and structures from the Harvard-Oxford probabilistic atlas from FSL [1] are shown. 
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Neurodegenerative diseases 

In neurodegenerative diseases progressive degeneration and/or death of nerve 

cells leads to problems in brain functioning. Many neurodegenerative diseases 

exist, the most well-known ones are Alzheimer’s disease (AD), Parkinson’s disease, 

dementia with Lewy bodies, frontotemporal dementia, amyotrophic lateral sclerosis 

and Huntington’s disease [7]. Multiple sclerosis (MS) is an inflammatory 

demyelinating disease which also causes neurodegeneration. This thesis mainly 

covers hippocampus anatomical changes associated with AD but also applications 

for MS. AD mainly affects elderly people and accounts for up to 75% of all dementia 

cases worldwide [8]. Worldwide, approximately 47 million people with age 60 or 

higher have been diagnosed with dementia and with the increasing age of the 

population, this number is expected to increase to 131 million by 2050 [9]. Of these 

47 million people with dementia, 58% live in low- and middle-income countries. In 

Europe, approximately 10.5 million people and in north America approximately 5 

million people suffer from dementia [9]. Only little is known about the cause of AD, 

but increased prevalence of amyloid plaques and neuronal tangles are prime 

suspects. Plaques are built due to abnormally folded amyloid beta and tau proteins 

[10]. Plaques and tangles block signalling from cell to cell and transport of 

molecules. Research to prevent amyloid deposition in the early stages of AD is 

therefore highly important. Early signs of cognitive impairment have been formalized 

in criteria for mild cognitive impairment (MCI), which in most patients is a transitional 

state before reaching the clinical threshold for dementia [11]. Most MCI patients 

develop AD with around 15% progressing to AD per year [12]. The hippocampus is 

often damaged in the early stages of AD. Other important structural imaging 

biomarkers in AD are derived from the neocortex (reduced cortical thickness) and 

regions such as the amygdala, thalamus and basal ganglia (volume loss) [13].  

MS is an inflammatory disease of the brain and the spinal cord. It causes focal 

inflammatory demyelinating lesions and neurodegeneration in the GM can occur 

[14,15]. The prevalence of MS greatly varies per region and is highest in North 

America (140/100,000) and Europe (108/100,000) and lowest in east Asia 

(2.2/100,000) and sub-Saharan Africa (2.1/100,000). Demyelination is a result of an 

autoimmune response towards the myelin, in which immune cells attack the 

damaged myelin leading to inflammation of the tissue [16]. Furthermore, MS leads 

to whole brain atrophy [17] and GM atrophy in both the cortex and deep grey matter 

structures such as the thalamus, caudate nucleus and putamen [18,19], but also the 

hippocampus [20].  
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Volume loss quantification and clinical relevance 

Changes to the brain caused by neurodegenerative diseases can lead to cognitive 

dysfunction such as loss of memory, thinking, reasoning and executive functioning. 

Such changes can have profound effects on the quality of life and therefore 

prevention and/or early detection of structural brain changes for treatment is of high 

importance. 

These functional changes are often associated with tissue loss and hence to 

anatomical changes that are detectable with MRI. Measuring anatomical changes 

over time in vivo of structures such as the hippocampus is important to support 

diagnoses and to monitor the course of a disease. For clinical research 

organisations, which perform centralized image analysis in clinical treatment trials 

for the pharmaceutical industry, anatomical changes such as hippocampal volume 

changes are important biomarkers that are used as secondary outcome measures 

evaluating the efficacy of new drugs. A recent overview of completed trials with 

hippocampal volume change as an outcome measure can be found in [21].  

MRI is usually the method of choice to make 3D images of brain anatomy because 

of its high resolution and its good soft tissue contrast. Shape and volume of the 

hippocampus can be obtained from a 3D brain MRI by delineating the hippocampus 

pixel by pixel and slice by slice, a process called segmentation. This can be done 

fully manually, fully automatically, or through some combination; more details are 

provided below. To determine hippocampal atrophy, the hippocampus needs to be 

segmented on longitudinal MRI scan pairs of the same patient. Compared to visual 

inspection of 3D MRI, volumetric segmentation provides a more precise 

quantification of brain structures and their longitudinal changes. 

Hippocampal atrophy  

It is well known that even in healthy subjects, hippocampal atrophy may occur. A 

systematic review and meta-analysis of longitudinal hippocampal atrophy in healthy 

aging subjects reported a mean annual hippocampal volume decline of 0.38% for 

subjects with a mean age <55 years, 0.98% for subjects between 55 and 70 years 

of age, and 1.12% for subjects ≥70 year [22]. Furthermore, even though the right 

hippocampus is known to be larger than the left hippocampus [23], left and right 

atrophy rates in healthy controls were not significantly different [24,25]. In AD, early 

findings based on longitudinal MRI-based volume measurements demonstrated 

increased annual hippocampal atrophy rates in aged matched subjects (70-89years 

old) with a change of −3.98% ± 1.92%/year in AD subjects compared a change of 

−1.55% ± 1.38%/year in controls [26]. A meta-analysis of hippocampal atrophy rates 

in AD reported similar atrophy rates with a mean annual hippocampal volume 



Chapter 1 

 

14 

decline of 1.41% for elderly controls and 4.66% for AD subjects [27]. The subjects 

of the studies included in this meta-analysis had mean ages ranging from 68 to 83 

years. Another systematic review and meta-analysis in MCI, estimated mean 

hippocampal atrophy rates of 2.53% per year with mean ages per study ranging 

from 66 to 79 years [28]. In both MCI and AD, only small and non-significant 

differences in left and right hippocampal atrophy rates have been observed [24,25]. 

The absolute difference in annual hippocampal atrophy rates between healthy 

controls and MCI and AD subjects is approximately 1% and 3% respectively. 

Therefore, hippocampal atrophy measurement methods have to be highly accurate 

to support a diagnosis or to evaluate the efficiency of drugs correctly. 

Quantification of radiation induced brain damage 

Techniques to measure longitudinal shape changes on MR images were originally 

developed with the perspective to provide an automatic tool to quantify atrophy in 

neurodegenerative diseases. More recently, these developments have attracted the 

interest from radiotherapists to serve as a tool to analyse subtle changes to brain 

structures arising due to irradiation. In patients with brain tumours or brain 

metastases originating from extracranial tumours, brain radiotherapy is often the 

core treatment [29]. Every year, hundreds of thousands of patients worldwide 

receive brain radiotherapy, of whom around 50% die less than 6 months following 

brain irradiation, and 50-90% of the survivors develop cognitive dysfunction [30]. 

Radiation induced cognitive decline reduces the quality of life of patients, which is 

an important factor to account for in oncology. Until now, little is known about the 

pathophysiology of radiation induced cognitive decline [31]. Early radiation-induced 

brain damage, for instance loss of WM, reduction of oligodendrocytes, 

microvascular damage and neuroinflammation, can change into larger 

macrostructural brain changes over time, leading to long-term cognitive decline [29]. 

Furthermore, animal studies have shown that the neural stem cell (NSC) 

compartment in the dentate gyrus of the hippocampus is vulnerable to radiation and 

already small doses can damage it [32–36]. Therefore, having precise methods to 

measure radiation induced structural brain changes on MRI is highly important to 

reveal radiation sensitive brain regions and to better understand radiation induced 

cognitive decline.  

Whole brain radiation therapy is the standard treatment to control brain metastases. 

It has shown improved survival but can also cause cognitive dysfunction in memory-

related domains [37]. In the last decade, due to growing awareness of susceptibility 

of the hippocampus to radiation damage, hippocampal sparing techniques have 

been developed to limit cognitive dysfunction [38]. For such techniques accurate 

hippocampal segmentation is needed to reduce radiation in the hippocampal region 
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specifically. Several clinical trials are investigating the effectiveness of hippocampal 

sparing techniques (ClinicalTrials.gov identifiers: NCT01797159, NCT01780675, 

NCT02635009). One important biomarker for these trials is the determination of 

accurate hippocampal volume loss, using T1-weighted structural MRI. Therefore, 

an evaluation of methods to detect radiation induced hippocampal volume loss is of 

high importance in radiotherapy. 

1.2. Technology and technological challenges 

The general goal of this work is to develop, test and compare tools to efficiently 

quantify anatomical shapes (in particular the hippocampus) and determine their 

longitudinal changes. The technology and technological challenges used for such a 

quantification are addressed in the following sections. 

Segmentation 

Segmentation is not a trivial task, because MR images are not perfect and suffer 

from low resolution (compared to the small structure of the hippocampus), noise and 

sometimes image artefacts. Therefore, a quantitative comparison and validation of 

segmentations is needed. For such a validation the delineated segmentation needs 

to be compared to a “ground truth”, but in medical image analysis of in vivo acquired 

brain data an unambiguous “ground truth” does not exist. Thus, manual 

hippocampus outlining by a trained expert is often used for validation and regarded 

as the “gold standard” [39,40]. A designated expert would be for instance a 

neuroradiologist or a trained radiology technician. Due to similar grey value 

intensities of adjacent brain structures such as the amygdala [41], identifying 

borders of the hippocampus, or other structures, is a challenging task and even 

trained experts can have difficulties to outline such structures. Therefore, manual 

segmentation is subjective and a different or even the same delineation expert might 

not be able to reproduce the segmentation task precisely. Furthermore, manual 

segmentation is labour intensive and time-consuming. 

To overcome these problems, automatic and semi-automatic segmentation 

methods have been developed over the last decades. These can be intensity-base, 

atlas-based, surface-based or a combination of the categories [42]. Intensity-based 

methods use the intensity histogram of an MR image and classify voxels in tissue 

classes such as white matter (WM), grey matter (GM) and cerebrospinal fluid (CSF). 

Methods such as thresholding, region growing, probabilistic classification or 

clustering are intensity-based and are used to extract a region of interest (ROI) [42]. 

For classification, usually atlases and atlas registration are required. In atlas-based 

methods brain structures need to be segmented manually on template brains. Atlas-

based methods can be divided into single, multiple and probabilistic atlas 
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segmentation methods [43]. In multi-atlas segmentation methods multiple atlases 

are registered to a target image and labels are fused to obtain the segmentation of 

the target space using some sort of scoring system. For probabilistic atlas 

segmentation methods, a priori probabilities of structures of interests are 

determined by registering a set of atlases to a standard space.  

Surface-based methods are based on deformable models which use parametric 

curves or surfaces defined in the image domain. These are deformed under the 

influence of virtual internal and external forces which are computed from the image 

data to delineate boundaries of a ROI. Semi-automatic methods are often based on 

deformable models, atlas-based registration or intensity-based classification. Either 

initial contours need to be delineated before the deformation process takes place, 

or seed points in the ROI need to be selected for atlas registration or initially tissue 

classified images need to be post processed. For a more detailed description of 

such segmentation methods the reader is referred to these review articles [42–44] 

of which Dill et al. specifically reviews hippocampus segmentation methods. 

Semi-automatic and automatic segmentation methods are usually based on 

manually segmented datasets, are often computationally expensive and are prone 

to errors arising from image noise, artefacts and anatomical abnormalities in the 

image. Researching, improving and developing the segmentation task is an 

important part of this thesis. In particular, hybrid methods that improve the speed of 

supervised (manual) methods are needed. 

Segmentation sensitivity 

Average hippocampal volume measured on MRI varies between 2cm3 and 6cm3 

depending on the subject’s condition and on the segmentation protocol [40,45]. This 

means that 1% to 4% hippocampal atrophy is quite a small amount in terms of 

absolute volume, and therefore segmentations need to have high accuracy. For 

instance, 1% hippocampal atrophy of a hippocampus with 3000mm3 is 30mm3, only 

30 voxels if voxel dimensions are 1x1x1mm3. Usually, MRI scans do not have 

isotropic 1x1x1mm3 voxels which makes the segmentation task even more 

challenging. Therefore, segmentation methods need to be highly accurate to detect 

such subtle changes. To demonstrate this subtle change in another way, one can 

think of a sphere with a volume of 3000mm3, a radius of 8.95mm and a surface area 

of 1005.92mm2. A 30mm3 volume decrease of the sphere leads to a radius decrease 

of 0.03mm, indicating that for accurate measurement of hippocampal atrophy we 

need to measure a sub-millimetre surface change.  

Despite being a time-consuming and difficult task, for many clinical trials 

segmentations were performed manually as for instance in [46–48]. It seems 
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unlikely that such small volume changes can be detected by an expert observer, 

because the human segmentation error might be higher than the volume change to 

be measured. However, developing robust and accurate automatic segmentation 

methods is a challenging problem and automatic methods were lacking clinical 

practice to be used in such trials [49]. In the following chapters, the performance of 

automatic segmentation methods in comparison to manual segmentations will be 

discussed in more detail. Nevertheless, reducing the time for observers to segment 

anatomical structures and hence reduce costs for such trials is highly important. To 

address this problem, a semi-automatic segmentation method was developed and 

will be presented in chapter 4. In the following, other image registration methods to 

compare segmentations and 3D rendering of labelled images will be briefly 

explained, because these methodologies are important for every chapter. 

Registration 

For atlas-based segmentation methods, image registration is needed. In image 

registration one image is the fixed or target image IT(x) and the other the moving or 

source image IS(x) with x ∈ Ω, the image domain. Finding the transformation T(x) = 

x + u(x), with u(x) being the displacement, that spatially aligns IS(x) to IT(x) is defined 

as the registration problem [50]. Minimizing a cost function 𝒞 with respect to T yields 

the image alignment problem: 

 �̂� = arg min
𝑇

𝒞(𝑇; 𝐼𝑇 , 𝐼𝑆) (1) 

Commonly, the transformation model T is divided into rigid, affine and non-linear 

transformation models which are defined by the degrees of freedom of the 

deformation (DOF). Rigid transformation consists of 6DOF for translation and 

rotation and affine transformation (12DOF) includes scaling and shearing. The 

transformation model can be expressed as: 

 𝑇(𝒙) = 𝐴𝒙 + 𝒕 (2) 

where t is the 3D translation vector and A is a transformation matrix consisting of 9 

entries, giving 12 DOF in total. A non-linear registration has more DOF than 12 and 

varies across space. 

Segmentation comparison 

Segmentation methods are usually validated by comparison to a reference set of 

“gold standard” segmentations. Different segmentation comparison methodologies 

can be used to validate the quality of segmentations. Commonly, volumes of manual 

segmentations are compared to volumes of automated segmentations. The volume 
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of a structure can be obtained by counting the number of segmented voxels and 

multiplying it with the voxel dimensions. Other common comparison methods to 

determine the segmentation quality and reproducibility are for instance overlap, 

distance and correlation measurements [51]. Throughout this thesis the following 

comparison methods will appear. The Dice similarity coefficient is defined as: 

 
𝐷𝐼𝐶𝐸(𝑉𝐴, 𝑉𝐵) =

2|𝑉𝐴∩𝐵|

|𝑉𝐴| + |𝑉𝐵|
 (3) 

in which VA and VB specify the volumes of segmentations A and B, respectively. 

These structures can be defined as sets of labelled voxels in a scan, or they can be 

represented by the interior of a closed (triangulated) surface. Similarly, the Jaccard 

similarity coefficient can be used: 

 
𝐽𝑎𝑐𝑐(𝑉𝐴, 𝑉𝐵) =

|𝑉𝐴 ∩ 𝑉𝐵|

|𝑉𝐴 ∪ 𝑉𝐵|
 (4) 

The Dice coefficient can be converted to the Jaccard coefficient with the following 

formula: 

 
𝐽𝑎𝑐𝑐 =

𝐷𝐼𝐶𝐸

(2 − 𝐷𝐼𝐶𝐸)
 (5) 

To compare the overlap of segmentations for multiple methods or observers the 

Jaccard index can be generalized with: 

 
𝐶𝐼𝑔𝑒𝑛 =

∑ |𝑉𝑖 ∩ 𝑉𝑗|𝑝𝑎𝑖𝑟𝑠 𝑖𝑗

∑ |𝑉𝑖 ∪ 𝑉𝑗|𝑝𝑎𝑖𝑟𝑠 𝑖𝑗

 (6) 

in which CIgen stands for generalized conformity index [52]. 

For volume comparison the intra-class correlation coefficient (ICC) is often used. 

The ICC is typically defined as the ratio of the variance of interest over the sum of 

the variance of interest plus the measurement error and it can take different forms 

depending on the statistical model [53]. Furthermore, this reliability measure is often 

differentiated between consistency or absolute agreement. In ICC with absolute 

agreement repetition variability is also considered. Such formulas and computations 

are discussed in depth in [53].  

In linear regression, the Pearson correlation coefficient (r) and/or coefficient of 

determination (R2) are used to determine how well two sets of data are related.  
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These are also usually used to compare volume quantities and are defined as 

 
𝑟 =

∑ (𝑓𝑖 − 𝑓)̅(𝑦𝑖 − �̅�)𝑛
𝑖=1

√∑ (𝑓𝑖 − 𝑓)2𝑛
𝑖=1 √∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑓𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

 

(7) 

with f being the model prediction and y being the true data from dataset {y1,…,yn} 

with corresponding means 𝑓 ̅and �̅�. To measure the accuracy of predictions from a 

regression line the standard error of the estimate is often reported: 

 

𝜎𝑒𝑠𝑡 = √
∑ (𝑦𝑖 − 𝑓𝑖)

2𝑛
𝑖=1

𝑛 − 2
 (8) 

In this formula 2 is subtracted from the number of observations n because both the 

slope and intercept were estimated to minimize the sum of squares. 

Surface extraction 

To compute an overlap index of segmentations, these should have been outlined 

on the same coordinate grid, i.e. segmentations should be delineated on the same 

image and have same voxel positions. When segmentations do not share the same 

coordinate grid, for instance when they are outlined on different MRI scans, these 

segmentations need to be mapped to each other using registration. The mapping 

procedure leads to interpolation errors, implying that shape and volume of the 

segmented structure will not be preserved. To avoid these interpolation errors, in 

this thesis all segmentations were converted to 3D triangulated meshes. 

Registration transformations can then be directly applied to the mesh points and 

Dice coefficients can be computed over surfaces to avoid interpolation errors. A 

triangulated mesh M is a collection of triangles and consists of a set of vertices [54] 

 𝒱 = {𝑣1, … , 𝑣𝑉} (9) 

and a set of triangular faces  

 ℱ = {𝑓1, … , 𝑓𝐹}, ⊂ 𝒱 × 𝒱 × 𝒱 (10) 

The embedding of a triangulated mesh in ℝ3 is specified by giving each vertex 𝑣𝑖 ∈

𝒱 a 3D position. Then each face 𝑓 ∈ ℱ corresponds to three vertices which are part 

a triangle.  
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The extraction of a mesh from a labelled segmentation image, essentially is a form 

of isosurface extraction. In this thesis, the marching cube algorithm is used [55] for 

that goal. Marching cubes is a grid-based method in which a cube is created from 

the centre points of eight neighbouring voxels. This cube “marches” in steps of one 

voxel over the 3D scan and at each step it is determined which surface intersections 

need to be added for that cube. Surface intersections are found by assigning zeros 

and ones to the vertices at the cube depending on if the vertices are inside or outside 

of the surface. For instance, in the case of a labelled segmentation, vertices of the 

cube are assigned with a one if they belong to the segmentation. A surface patch is 

then created out of the intersection points which can be obtained from a triangulation 

look-up table. The 15 base configurations from the look-up table are illustrated in 

Fig. 4, in total there are 28 = 256 combinations, which can be obtained by rotation, 

reflection and inversion of those 15 base configurations [54]. The final reconstructed 

surface is obtained by assembling all triangles detected for each cube position.  

 
Fig. 4: The 15 basic configurations of the marching cubes triangulation table. The other 

formations from the look-up table can be found by rotation, reflection or inversion. Ref: [54] p. 

17. 

The volume of a mesh can be calculated by creating tetrahedrons out of the triangles 

and the origin [56]. These tetrahedron volumes are either negative or positive 

depending on the inwards or outwards orientation of the triangle normal vectors.  
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The tetrahedron volume of three vertices (v1, v2, v3) and origin O in ℝ3 is defined as: 

 
𝑉𝑂𝑣1𝑣2𝑣3

=
1

6
|(𝑣1 × 𝑣2) ∙ 𝑣3| (11) 

Summing up the signed tetrahedron volumes and taking the absolute value of the 

summation yields the volume of the surface. 

The shape and volume of the surface representation of an object will be slightly 

different from its representation by image voxels because the marching cubes 

algorithm rounds off corners. Nevertheless, in this thesis all labelled images are 

converted to meshes prior to processing to avoid interpolation errors resulting from 

the image co-registration process. 

To quantify the difference between the two representations in relation to the 

interpolation error a small simulation study was performed. A total of 360 

hippocampi were segmented on slightly rotated T1-weighted MRI. Using linear 

registration and nearest neighbour interpolation the segmentations were mapped 

back to their original space. The interpolation error was quantified by calculating the 

percentage volume difference between the original and interpolated segmentations. 

The original hippocampus segmentations were also converted to meshes. Applying 

linear registration on those meshes would lead to zero errors, but to quantify the 

change resulting from mesh conversion the percentage volume difference between 

meshes and voxel-wise segmentations was calculated. The results can be seen in 

Fig. 5, which shows that volumes of the meshes have much smaller variability in the 

difference in volume compared to interpolated segmentations. The standard error 

due to interpolation is of the same order of magnitude as the expected atrophy rate 

(1-3%). However, the boxplot illustrates that mesh volumes are smaller than the 

original segmentations, which is the result of creating meshes from the voxel-wise 

labelled segmentations. This might seem disadvantageous compared to 

interpolated segmentations, which are centred around zero, but volume reduction 

due to mesh conversion is systematic. The following test shows that this systematic 

bias cancels when determining hippocampal atrophy rates. Using the same dataset, 

hippocampal atrophy rates of 160 longitudinal segmentations were determined and 

atrophy rates measured with the original segmentations were plotted against 

atrophy rates measured with the interpolated segmentations and against atrophy 

rates measured with the meshes (Fig. 6). The advantage of using meshes is evident 

from Fig. 6 - atrophy rates are maintained when converting segmentations to 

meshes. 
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Fig. 5: Comparing the volume effect of interpolation and conversion to meshes. Mean and 

standard deviation between original and interpolated segmentations was -0.09(±1.954) and 

between original and mesh segmentation it was 2.26(±0.626). 

 
Fig. 6: From 160 longitudinal hippocampus segmentations one-year hippocampal atrophy rates 

were measured. Atrophy rates measured with the original segmentations was plotted against 

atrophy rates measured with the interpolated segmentations (left; R2=0.701) and against atrophy 

rates measured with the meshes (right; R2= 0.996). The lines are identity lines.  
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1.3. Aim of this thesis 

The general objective of this thesis was to optimize methods for hippocampus 

segmentation and atrophy measurements in the field of neuroradiology and 

radiotherapy. Within the scope of the general objective, the performance of 

commonly used available automatic segmentation methods are compared and 

tested. Furthermore, segmentation and atrophy differences are analyzed to 

determine regions that are difficult to outline and regions in which hippocampal 

atrophy takes place the most. With the labour intensiveness of current manual 

delineation protocols in mind, a semi-automatic hippocampus segmentation method 

is developed which reduces the segmentation time for expert raters. This method is 

tested for broader applicability to be used for segmenting subcortical brain 

structures and for hippocampus delineation in radiotherapy. Finally, the method with 

the best statistical power in atrophy measurement is determined. 

Overview of this thesis 

Over the last few decades, hippocampal volumes have been determined manually 

and automatically. It is therefore important to quantify differences between manual 

segmentations and automatic segmentation methods. In Chapter 2 regional 

hippocampal volume differences were systematically investigated and differences 

between two frequently used automatic segmentation methods and manual 

hippocampus segmentations were determined. 

In radiotherapy, hippocampus delineation gained importance in the last 10 years. 

The hippocampus delineation is used to develop brain radiation treatment plans in 

which the dose to the hippocampus is kept to a minimum. Chapter 3 analyses 

delineation variability of multiple observers who followed a relatively new 

segmentation protocol. 

In Chapter 4 a new semi-automatic delineation method to reduce segmentation 

time is proposed. This delineation method is based on mesh-processing procedures 

and is therefore called FAst Segmentation Through SURface Fairing (FASTSURF). 

For validation, FASTSURF hippocampus segmentations are compared with manual 

segmentations and automatic segmentation methods. 

In MS GM atrophy occurs and analysing GM atrophy of the caudate nucleus, 

putamen and thalamus is of particular interest because of the relation of subcortical 

GM atrophy to disability and cognitive decline. In Chapter 5 FASTSURF 

segmentation accuracy of these structures is investigated and parameters are 

optimized to lay the foundation for a follow-up study in which FASTSURF will be 

used to create “gold standard” segmentations. 
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Atrophy can be determined by manually segmenting structures on longitudinal MRI 

scans or with automatic methods. In Chapter 6 hippocampal atrophy in the 

presence of AD is determined using manual segmentations and seven automatic 

methods, focusing on registration-based methods. These were compared and the 

power of using such methods to determine short-term hippocampal volume loss 

compared.  
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