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Abstract

Cortical thickness is currently researched as a measurement for disease and disability progression
in Alzheimer’s disease and multiple sclerosis, as well as other neurodegenerative diseases. We
provide a cortical thickness measurement pipeline, which is easy to customize allowing for
analysis of progression of Alzheimer’s and multiple sclerosis patients as well as evaluation of
medical trials on MRI.

To develop a diagnostic measurement we discuss the different thickness metrics: linked and
closest points, orthogonal projection and tracing streamlines by solving Laplace’s equation. We
discuss the last two ones in more detail and integrate them into our pipeline. We evaluate our
work with focus on accuracy, robustness and speed. Several points are for further improvement
of the thickness estimations implemented are emphasized. Furthermore our approach shows the
potential of cortical thickness measurement for population analysis in medical trials by enabling
a statistically significant distinction between healthy controls, mild cognitive impairment, and
Alzheimer’s patients.
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Chapter 1

Introduction

It is health that is real wealth
and not pieces of gold and silver.

- Mahatma Gandhi -

Magnetic resonance imaging (MRI) became increasingly important in recent years, with functional
and structural MRI playing a more and more signi�cant role in medical image analysis to investigate
changes in brain structure, function, development and pathologies [SJW+04].

Studies have been carried out addressing Schizophrenia [NTS+05], Alzheimer’s disease (AD), multiple
sclerosis (MS) and trends in volume change in normal brain development [BTJ05]. By applying
cortical thickness measurement on patients with neurodegenerative diseases, focal thinning could be
linked to the progression in Alzheimer’s [LPZ+05] and MS patients [SFS+03]. The natural decrease
of brain volume for healthy controls was found to be less than the brain volume loss in Alzheimer’s
and multiple sclerosis patients, mainly due to lesions and atrophy caused by the disease.

In this work we propose a pipeline for structural MRI analysis for interrogation of changing cortical
thickness in healthy and Alzheimer’s patients over time. In this chapter we introduce the most
important medical vocabulary we use in our work and describe recently applied thickness de�nitions as
well as their bene�ts and drawbacks. In Chapter 2 we present our pipeline, describing each processing
step performed, and then evaluate our metrics’ implementations in Chapter 3.

1.1 Anatomy of the Human Brain

In this thesis we use some special medical vocabulary to refer to certain structures and characteristics of
the human brain. The human brain mostly consists of two di�erent types of tissue and the cerebrospinal

uid (CSF). The brain itself is surrounded by the cerebrospinal 
uid constituting the interface with
the gray matter (GM), which is often referred to as pial surface. The second tissue, white matter
(WM), lies completely inside the gray matter and its interface with the gray matter is also known as
white surface.

Since the gray matter is completely enclosed by the CSF and WM, the pial and white surface are of
great interest for our work; this layer we refer to as cortical mantle. Due to its highly folded structure
thickness measurement is di�cult, especially if done post-mortem, since it is done on a per-slices basis
and does not take into account the brain’s three-dimensional nature. In Figure 1.1(a) the gray matter,
white matter and cerebrospinal 
uid are shown in their typical view, if looked at it on a 2D slice.
The folding results in �ssures, which are called sulci, and the surrounding gyri create the particular
appearance of the human brain as shown in Figure 1.1(b) [Wik10, THSP].
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1.2. MEDICAL RESONANCE IMAGING

(a) Showing the cortical mantle
with its interface to the white mat-
ter and the cerebrospinal 
uid and
the sulcus enclosed by two gyri

(b) Lateral surface of the left cerebral hemisphere visualizing the
highly folded structure of the cerebral cortex. Courtesy of [Wik09]

Figure 1.1: An outside scetch of the brain’s anatomy

1.2 Medical Resonance Imaging

Physically, MRI applies a strong magnetic �eld with a frequency that aligns the spin of protons of the
hydrogen atoms in the human body. The protons’ alignment disperses over time, whereas the speed of
the relaxation varies locally depending on the tissue (see Table 1.1). Multiple timing measurements for
the coherence decay are recorded and converted into multi-modal images (e.g. T1, T2 and PD) [Gil10].
In our work we solely consider T1 weighted images, since they already allow distinction between gray
matter, white matter and cerebrospinal 
uid.

Tissue type T1 (ms) T2 (ms)
White matter 871 87
Gray matter 515 74
CSF 1900 250

Table 1.1: Relaxation time for T1 and T2 weighted images. Courtesy of [THSP]

While a variety of medical imaging techniques for soft body tissue imaging like CT, PET and SPECT
exist, MRI is preferably applied in medical studies for its lack of radiation exposure. Medical imaging
techniques are designed for intensity values belonging to speci�c tissues, so MRI allows for di�erenti-
ation e.g. between the di�erent brain tissues.

In recent years more modern MRI scanners were developed, e.g. those allowing for increased resolution.
Since projects requiring huge electro magnets, like the particle accelerators LHC and CERN, leave
behind a huge infrastructure for production of super conducting magnets, MRI scanners may become
more a�ordable in return.

1.2.1 Limitations of MRI for Cortical Thickness

For cortical thickness the scan resolution and tissues’ intensity parameters are crucial for proper tissue
segmentation, white surface detection and cortical thickness estimation. While the voxel size is usually
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1.3. MEASUREMENTS FOR CORTICAL THICKNESS

1 mm3, the axial resolution may be lowered to reduce acquisition time. The longer the acquisition
takes, the more motion artefacts need to be corrected. To reduce this e�ect, the patient’s head is
�xed to avoid movement and the resolution is adjusted to reduce acquisition time. This is especially
important for patients with e.g. multiple sclerosis, since they can’t be still for a long time.

Although more powerful devices make increased resolution possible, they also introduce stronger MRI
speci�c artefacts, so-called intensity inhomogeneities (the bias �eld), which require additional correc-
tion [Sle97]. Due to the variety of parameters to adjust for acquisition, it needs a lot of training to
obtain scans with appropriate GM and WM contrast. Even with good training, this contrast reduces
in elderly brains, making it more di�cult to identify the white surface, which is one of the main tasks
in cortical thickness estimation [ST05b].

For its limited resolution compared to living tissues characteristics, a voxel within an acquired scan
can contain more than just one tissue. As shown on the left side of Figure 1.2 in an MR image with
a slice thickness of 3mm3 the CSF embedded white matter appears as gray matter in the axial view.
At a �ner resolution of 1mm3 the embedded white matter can be recognized properly. This e�ect is
called partial volume e�ect (PVE).

Figure 1.2: Partial volume effect caused by limited scanning device resolution. Courtesy
of [THSP]

It has been found that the varying variability in thickness has the highest normalized standard de-
viation in thin areas, like the pre- and post-central gyri, primary visual areas and anterior medial
temporal lobes [LE05]. Therefore it is even more important that the segmentation method used es-
timates each tissue’s contribution for each voxel in order to �nally assign each voxel a correct label
(CSF, GM, WM or background) with respect to the PVE.

1.3 Measurements for Cortical Thickness

By identifying the two non-intersecting surfaces, the white surface sGM=W M and the pial surface
sCSF=GM , we can estimate the thickness between them. Di�erent metrics have been proposed for
estimating the thickness of the cerebral cortex [MKAE00, FD00, JBA00], compared [BST06, LE05]
and extended [SBT+09, HDVA+08].

In their comparison, Lerch et al. [LE05] applied six di�erent thickness de�nitions on a simulated
data-set, in which they manually thinned a sulcus, and tested the metrics for the ability to detect
this thickness change. They found the thickness estimate for linked nodes on both surfaces tlink,
solving Laplace’s equation tlaplace and orthogonal projection tnormal to be most reliable and accurate.
Bromiley et al. [BST06] have shown the reliability of the orthogonal projection method as well and
prefer it to the approach of Jones et al. since they don’t require the cortical surfaces to be closed.

3



1.3. MEASUREMENTS FOR CORTICAL THICKNESS

Distance between nodes. As depicted in Figure 1.3, we can identify nodes p on each of the
surfaces sGM/WM and sCSF/GM and link them to correspond to a node on the other surface. This
correspondence for the measurement tlink is created by expanding the inner surface to the outer
surface, relying on a geometrical surface representation where each polyhedron has the same typology
and number of vertices [LE05]. In tnear for each node on sGM=W M a simple search for the nearest
node on the other surface sCSF=GM is performed by picking the node with the shortest distance.

To obtain the thicknesses tlink and tnear we simply compute the distance di = kpCSF=GM
i � pGM=W M

i k
for all corresponding nodes. [FD00] suggested a modi�ed thickness tnear namely taverage�near, where
they compute tnear twice by �nding the nearest nodes once from the inner and the outer surface and
then computing the average taverage�near = ktin

near+tout
neark

2 . Within the metrics compared in [LE05] tlink

was found to perform best and taverage�near was found to have a slightly higher sensitivity than tnear,
although both performed \worst" in this comparison.

Figure 1.3: Thickness tlink between linked nodes for both surfaces and tnear for nearest nodes.
tnear returns different results depending on which surface the search started from.

Orthogonal projection Measuring the thickness between two the surfaces sGM=W M and sCSF=GM

along the surface normals of the inner one was introduced by [SBT+09, MKAE00]. In order to compute
this thickness tnormal the surface normals n(p) for each node p on one surface, e.g. the white surface
sGM=W M are computed and then the thickness is measured along the trajectory, until the next surface
sCSF=GM (or in deep sulci sGM=W M again) is crossed.

As shown in Figure 1.4 the banks of deep sulci can be over-sampled in comparison to the gyral crowns,
which might be underestimated using this metric. One advantage of this thickness de�nition is that it
is fairly simple to compute and does not necessarily require an underlying surface model, since normals
can be computed in di�erent ways e.g. by using gradients.

Streamlines solving Laplace’s equation Adapting physical phenomena the thickness tlaplace is
computed by treating the two non-intersecting surfaces sCSF=GM and sGM=W M as conductors and
assigning them di�erent potentials. By solving Laplace’s equation, �eld lines between these surfaces
are found. By de�nition each node p on one surface has a unique trajectory (stream line) which goes
along the surface normals of these �eld lines to the opposing one (see Figure 1.5). For each point c
between the two surfaces tlaplace is then de�ned as the length of the stream line going through c. The
potential �eld can be computed in di�erent e�cient ways [JBA00, YJP03], but requires the surfaces
to be closed and non-intersecting in order to avoid intersection of the stream lines.

4



1.3. MEASUREMENTS FOR CORTICAL THICKNESS

Figure 1.4: Thickness tnormal defined by using orthogonal projection to estimate thickness to
the opposing surface.

Figure 1.5: The two surfaces sCSF=GM and sGM=W M are treated as conductors defining hypo-
thetical field lines between them by solving Laplace’s equation. The thickness tlaplace

can then be measured as the length of the resulting stream lines for each point c
between these surfaces.

1.3.1 Recent Work

With the intention of estimating the thickness of the cerebral cortex, several automatic algorithms have
been proposed in [FAFD09, FD00, HS06, HDVA+08, ST05a, THSP]. These methods are either based
on intensity or geometric models and apply di�erent metrics for thickness estimation as introduced
above. However, all have similar data requirements, which can be expressed in a single, unifying work-

ow [JBA00, HDVA+08, SBT+09]. It can be divided into principal steps: i) data preparation and
(spatial) normalization, ii) brain tissue segmentation and iii) cortical thickness measurement, which
are described thoroughly further on.

Geometric approaches for cerebral surface extraction have been described in [FSD99, DFS99] and were
implemented in FreeSurfer, being used widely within medical image research. Alternative intensity
based approaches have been applied in [JBA00, HDVA+08, BT09]. Due to the complexity of geometric
deformable models, the focus of the following discussion lies on intensity based approaches [HDVA+08,
SBT+09] in order to retain a measurement that is fast to compute.

A variety of tools and frameworks already exists to provide ready-to-use measurements or serve as a
reliable foundation to develop own algorithms and tools. Some of those we found during development
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1.3. MEASUREMENTS FOR CORTICAL THICKNESS

are brie
y introduced in the Appendix. Our solution should provide a simple, easy-to-use and cus-
tomizable solution, focusing on needs of developers working in medical image research. Though based
on established methods, we hypothesize that:

1. The estimated thickness of the cerebral cortex represents the current subject’s state.

2. Our method allows for identi�cation of healthy and progressing (Alzheimer’s, MS) subjects,
within a population of di�erent classes, because the results show signi�cant thickness changes.

3. Our pipeline is reliable and fast, being an alternative to FreeSurfer for this speci�c task.

In the next section we will introduce our thickness measurement pipeline, which we will then evaluate
and �nally give an outlook into MRI analysis, employing thickness estimation.

6



Chapter 2

Cortical Thickness Measurement Pipeline

It is a mistake to look too far ahead.
Only one link in the chain of destiny

can be handled at a time.
- Winston Churchill -

In order to measure cortical thickness, the T1 MRIs have to pass di�erent processing stages, which are
described in this chapter. The pipeline we introduce consists of the steps i) data normalization ii) skull
stripping iii) spatial normalization iv) tissue segmentation and v) cortical thickness measurement.

This pipeline description (depicted in Figure 2.1) is a summary of [SBT+09, HDVA+08, FD00,
JBA00] and represents the current state-of-the-art. In addition to these methods for thickness es-
timation, di�erent approaches for solely white surface detection [SRTB08] and white matter segmen-
tation [EMP+09], which are a crucial part to reliably estimate the thickness, exist. They can work on
MRI without intensity correction, which could enable even faster processing pipelines.

Figure 2.1: Overview of our measurement pipeline. The different processing stages prepare the
MR image to finally enable the thickness estimation.

2.1 Data Preparation

The data preparation is necessary so as to provide coherent input modalities throughout all scans,
which may be obtained using di�erent acquisition protocols and scanning devices resulting in di�erent
GM and WM contrasts, resolutions and intensity inhomogeneities. Therefore each scan is re-gridded
to isotropic voxels of 1x1x1 mm. This basically eases algorithmic development, but also increases

7



2.1. DATA PREPARATION

robustness of all methods employed later on [JBA00]. For interpolation in this step we use BSpline
interpolation with the aim of improving quality in terms of trilinear interpolation [ML94].

Another step that might be necessary before continuing intensity normalization and skull stripping
is the removement of unnecessary neck and body slices. This is especially important for the skull
stripping, hence scans containing too much neck or even shoulders require multiple runs and individual
parameter adjustments to have the brain segmented properly. With guidelines provided for capturing
the data, this step can easily be integrated into existing work-
ows and reduce the overall e�ort.

2.1.1 Intensity Normalization

In MR imaging, high-�eld artifacts which result in intensity inhomogeneities (the so-called bias �eld)
have to be addressed in order to apply simple intensity models in segmentation. They result from
variations in speed in the scanning process along each axis and can be categorized into four groups,
as shown in Figure 2.2. Each axis involved introduces a speci�c type of inhomogeneity with speci�c
parameters.

(a) No variation (b) Along X-axis

(c) Along Y-axis (d) Along Z-axis

Figure 2.2: Field variation in sampling of high-field MRI (modified, by [Gil10])

The most common method used to correct them is the N3 correction algorithm, enabling removal
of multiplicative, non-uniform, non-linear artefacts in the high-�eld MR images [Sle97] addressing
the di�erent types of inhomogeneity. The provided default parameters have recently been evaluated
by [ZCZ09], providing another set of parameters that introduces a speed-up of the N3 MRI bias �eld
correction and an increase in segmentation accuracy. Another artefact in MRI is caused by motion of
the patient during image acquisition. Since the focus of our work lies on Alzheimer’s and in future MS
patients who have di�culties in being still for a longer time, movements can occur quite frequently
during the scanning procedure.

By applying the intensity correction, relatively simple intensity models (binary thresholds) can be
used to initially identify CSF, GM and WM in our T1 images, which can serve as a foundation for
more sophisticated segmentation methods using probabilistic intensity models, as we describe further
below in the segmentation step of our pipeline.

For integration of N3 normalization we have chosen nu correct [Sle97] provided with the MINC pack-
age, which is widely used and also integrated into FreeSurfer.

8



2.2. SKULL STRIPPING

2.2 Skull Stripping

Since the segmentation method we use assumes that the T1 MR image solely contains brain tissue
and registration robustness is thereby improved as well, we need to remove the non-brain tissue. The
skull and cerebrospinal-
uid (CSF) surrounding the brain provide su�cient features to extract it.
Several methods [CWC+07, FSF+08, SDB+04] for skull stripping exist and have been used to a broad
extent.

In our pipeline we use BET, the method provided in FSL, which initializes a triangular tessellation
of a spherical surface inside the brain, that is allowed to slowly deform. This is done one vertex at
a time, following forces that keep the surface smooth and correctly placed while moving towards the
brain’s edge. Since its an iterative algorithm, the smoothness constraints for the deformable surface
are set higher in case no clean brain tissue extraction could be achieved in the �rst run [SJW+04].

However, the di�culty is to �ne-tune parameters to process multiple scans with di�erent modalities
(e.g. contrast, amount of skull and neck). For that reason we already addressed these issues in
Section 2.1 by de�ning a common protocol and blanking unnecessary slices.

Common artefacts introduced by the so-called skull stripping are bad extraction results because too
many slices contain data of neck, or even shoulder. Even more common is missing brain tissue in case
the model was not initialized properly or constraints were set imperfectly. These artefacts a�ect the
segmentation result and therefore the thickness estimation, which is why they need to be avoided by
carefully choosing parameters for skull stripping and preparing the MR image.

2.3 Spatial Normalization

In order to allow for reliable comparison between di�erent scans it is crucial to align them, including
a compensation for anatomical variation. This enables patient independent access to speci�c points
in the brain. A popular common coordinate system for brains, the so-called stereotaxic space, is the
Talairach space [TT88]. However, the MNI space [MTE+95] has proved to be a better choice, since
its atlases are better resolved and it based on a probabilistic model1.

Depending on the models and metrics employed, registration algorithms can be categorized into i) rigid
and ii) deformable methods. For best accuracy it is important to choose the right model complexity and
parameters; additionally computation time and memory consumption have to be taken into account.
Several methods in image and volume registration with di�erent degrees of freedom exist and were
analyzed in [KAA+09, MV98].

However, in our approach we use a simple a�ne registration method, as suggested in [SBT+09,
HDVA+08, JBA00], using FLIRT contained from the FSL package [SJW+04] to transform all subjects’
data in the MNI space. This enables us to compare the thickness estimates obtained through di�er-
ent methods on di�erent patients by identifying regions of interest using one of the atlases provided
with the FSL package. Use of new atlases, which simply need to be registered into MNI space if this
transformation is not already pre-computed, is possible as well.

For registration, we rely on more permanent features, such as the shape of skull and brain, in order to
obtain a reasonable matching to standard space, as done in [SJW+04], since we expect the Alzheimer’s
and MS patients’ brains to change over time. These structural changes would a�ect complex registra-
tion methods and may introduce a variety of wrong alignments and deformations, with would �nally
a�ect the thickness measurements and return wrong results.

1The Talairach atlas’ resolution is coarse, it has been created on one particular brain and both hemispheres
are symmetric [Bre06]

9



2.4. TISSUE SEGMENTATION

2.4 Tissue Segmentation

The brain tissue segmentation is the last and most important pre-processing step before estimating
the cortical thickness, since we rely on a proper classi�cation of CSF, GM and WM voxels to i) enable
extraction pial and white surface for the cortical thickness measurement for [HDVA+08] and ii) have
an intensity model for the boundary detection and thickness estimation introduced by [SBT+09].

The method we apply in this step is FAST [SJW+04] provided with FSL and is now summarized
here. Based on the image histogram, where di�erent classes ideally appear as separate peaks, the
classes intensity distribution is mostly in
uenced by the bias �eld, image noise and partial volume
e�ect persistent in all MR data, which results in a serious misclassi�cation when applying simple
thresholds.

Figure 2.3: The “pure” tissues can be modelled as Gaussian distributions. The partial volume
distributions, which are paired tissue combinations, take the form of a triangular
distribution convolved with a Gaussian. Courtesy of [TP00]

To address these issues the classes (CSF, GM and WM) intensity distributions are modelled as Gaus-
sians one class each, giving them a mean (and a variance) intensity (see Figure 2.3). Underlying this
model, each voxel is now classi�ed not only using its intensity, but also its local neighbors, by placing
a Markov random �eld (MRF) causing a smoother segmentation and greatly reducing the e�ect of
noise. FAST is not only able to model the bias �eld, but also the partial volume e�ect. Thereby the
voxel’s intensity with respect to its classes Gaussian parameters, mean and variance, is used to model
the partial volume e�ect(PVE); by augmenting this with MRF the PVE is spatially normalized.

The method used in our pipeline as well as [BT09] allows for multi-modal input, being T1, T2 and
PD weighted images in MRI. This provides vectors instead of scalars which can improve segmentation
results. T1-only segmentation has problems with intermediate gray levels and with identifying sub-
cortical gray matter in the ventricles, though anatomically there is none.

If we just relied on a white matter segmentation for our thickness estimation algorithms, di�erent
methods available could be used by applying dynamic active contours [SRTB08] or region grow-
ing [EMP+09]. However, we depend on intensity models for each brain tissue [SBT+09] and a tissue
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2.5. CORTICAL THICKNESS ESTIMATION

classi�cation for each brain’s voxel [HDVA+08] respectively. The approach [BT08] adds the gradient
magnitude into a Bayesian classi�er. This additional modality also allows modelling the PVE into
the tissue classi�cation, providing improved segmentation accuracy. Though this approach is slightly
di�erent to using T1, T2 and PD weighted data, it serves the same task.

2.5 Cortical Thickness Estimation

Di�erent methods for thickness estimation [HDVA+08, SBT+09, FD00] have been proposed and can
be categorized in either i) mesh based [FSD99] or ii) voxel intensity based [SBT+09, HDVA+08]
techniques. The two intensity based methods [SBT+09, HDVA+08] will be looked at in detail to �nd
out about their diagnostic reliability for the identi�cation of subjects with Alzheimer’s disease.

In order to obtain this goal, we rely on an existing tissue segmentation method providing labels
for gray matter, white matter and cerebrospinal 
uid. To accomplish this preparing task we use
FAST [SJW+04], since it addresses the partial volume e�ect and is model independent, which is
important for Alzheimer’s and multiple sclerosis patients.

2.5.1 Thickness Estimation Using Orthogonal Projection

The thickness estimation method introduced by Scott et al. [SBT+09] is a two step process with
i) GM/WM boundary estimation using a modi�ed Canny edge detector [ST05b] and ii) thickness
estimation using orthogonal projection [ST04]. Their measurement has a systematic weakness in
proper handling of the sulcal banks, of which they take care by handling di�erent possible cases as
described further below.

Boundary estimation

By taking the labelled data-set of the segmentation that identi�es the tissue in each voxel, we can
compute the parameters meantissue and stdevtissue of Gaussian distributions that represent the mea-
sured intensities for each of the three tissues. To determine the intensity value for the white surface
meanboundary we compute the midpoint meanboundary = max(meanW M ;meanGM )� kmeanW M�meanGMk

2 ,
since this value lies between the GM and WM mean intensity values, as depicted in Figure 2.3 (a).

Based on meanboundary, a z-score image can be computed, which is then integrated into the stan-
dard Canny edge detector [Can87] by replacing the internal gradient magnitude. The z-score for
an element x drawn from a random variable X with known mean(X) and stdev(X) is de�ned as
z(x) = x�mean(X)

stdev(X) .

A pre-processing step in computing the z-score image is to reduce the e�ect of noise in our data by
applying tangential smooting [Tha] instead of an isotropic Gaussian �lter to avoid introduction of
signi�cant correlation between neighbouring voxels [SBT+09]. Then meanboundary is subtracted from
the smoothed image, assuming the intensity values v in the MR image are 8v : v = 0.

In the second step, all voxel values of the �rst step vS1 > 0 are then negated and divided by 10 times
the image noise for each voxel [ST05b]. The local noise was estimated by determining the variance of
the distribution of second derivatives, following subtraction of uniform background [Tha]. Now each
voxel’s value vS2 holds the di�erence vS2 = meanboundary � v.
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2.5. CORTICAL THICKNESS ESTIMATION

In the next step, all voxel values are exponentiated so that each voxel vS3 holds vS3 = e�4vS2 . The re-
sulting values equal 1 for voxels with intensities close to the white surface’s intensity value meanboundary

and 1 > vS3 > 0 for those voxels having more di�erent intensities. The factor 4 is chosen in order to
increase the slope of intensity decrease.

Replacing the gradient magnitude within the standard Canny edge detector by this z-score, we are
now able to identify the white surface sGM=W M by applying our so-called ISO Canny edge detector. In
addition the hysteresis thresholds of the ISO Canny edge detector are set to tlower = 0 and tupper = 0:9.
After �nding all edges to our criteria, edge strings shorter than 5 voxels are removed by performing a
connected component analysis and computing the length for each edge string found [ST04].

We have to remark that the Canny edge detection works on 2D images. Since we ensure isotropic
voxels, we still obtain a good approximation of the 3D surface by applying the ISO Canny edge detector
on each slice of our image data, however [SBT+09] additionally up-interpolated the MR image along
the z-axis to achieve sub-voxel accuracy for the boundary estimate. The slice thickness is then of 0.5
mm. Another important remark is that there exists a systematic o�set in the thickness results, in case
the boundary intensity is not estimated properly. It causes the ISO Canny edge detector to \move"
the edge more into the GM or WM segment.

Thickness measurement

During the second step, the measuring phase, we make use of the boundary detected by applying the
ISO Canny edge detector and the GM probability map previously computed in the tissue segmentation.
On the GM/WM interface sGM=W M we compute the 3D normal vector n(p) for each boundary voxel p.
Therefore we use the local 3D gradient �(p) by computing the spatial di�erentiation of the 6 adjacent
voxels of p on the smoothed data. For smoothing, we apply a Gaussian kernel with a sigma of 1/2
voxel which is truncated at 5 voxels to limit correlation between neighbouring voxels. Thereby we
reduce the impact of noise on the surface normals n(p).

Then we estimate the thickness for each voxel p by tracing along the normal n(p), pointing towards the
pial surface sCSF=GM . By traversing all voxels along this vector, we have to handle di�erent possible
pathological cases, which are shown in Figure 2.4 and partly result from the partial volume e�ect.

Figure 2.4: Different cases, which have to be handled while tracing along the surface normals
through the cortical mantle.
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At surface points like A1 or A2, tracing a normal through GM terminates at a voxel on the pial surface
sCSF=GM , while for B1 and B2 the �nal voxels lie on the white surface sGM=W M , which are de�ned to
be where the GM probability drops below 50%.

While A1 is the standard case representing the intentional de�nition of this thickness measurement,
the others need special handling. The example B1 shows the weakness of the orthogonal projection
approach, namely sulcal banks being overestimated. In this particular case [SBT+09] simply take half
the distance measured in order to compensate for this e�ect.

(a) Dip size calculation with respect to the
neighboring voxels, by calculating the local dis-
tance.

(b) Estimation of the true position of the trough
of the dip, assuming the dip can be modelled as
linear approximation.

Figure 2.5: Calculation of the dip size and estimation of position of the true minimum. Courtesy
of [SBT+09]

As a result of the highly folded structure of the cerebral cortex and the partial volume e�ect, we have
to perform a dip detection while traversing through all voxels along the surface normal by comparing
the GM probabilities of the last three visited voxels and storing the one dip with the biggest extent
to detect the cases A2 and B2.

The dip size, or \local distance" is computed for each visited voxel by taking the di�erence between
the gray matter probability of the voxel and the average of the gray matter probabilities of the
\surrounding" voxel along the traced surface normal (see Figure 2.5(a)).

In order to estimate the true position of the trough of the dip, we assume that the dip can be modelled
as a linear approximation to a quadratic curve. Then the fraction a’ of the step length (in our case
1mm) at which the dip occurs is equivalent to the fraction a/b [SBT+09]. The search along the normal
is automatically terminated after tracing for a maximum of 20 mm in case no 50% edge on the GM
probability map or a dip was found.

Since we estimate the thickness from every voxel on the detected boundary and store the computed
thickness value tnormal for every single one of it, the retained thickness map is a thin edge string, with
each voxel storing the corresponding thickness value. Scott et al. suggest to store the values directly
into histograms, each assigned to speci�c Talairach regions. We by contrast �rst generate the thickness
map and at a later pipeline step extract these values from this intermediate volume and generate the
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2.5. CORTICAL THICKNESS ESTIMATION

histograms. The advantage of having intermediate thickness results is to be able to easily integrate
alternative analysis and mapping methods as discussed further below in Section 2.6.

In [SBT+09] they were able to process a scan within 6-10 minutes on a 1GHz Xeon, with 4GB of RAM,
which is roughly an order of magnitude smaller than of model-based algorithms. Our implementation,
which is not yet optimized, runs within 8 minutes on one scan on a similar computer.

2.5.2 Thickness Estimation Solving Laplace’s Equation

Hutton et al. [HDVA+08] presented a method for voxel based thickness measurement, solving Laplace’s
equation 2.1 based on [JBA00], but also presented an alternative approach to detect and handle sulci
within the GM segment. In this approach the white surface sGM=W M and pial surface sCSF=GM

are treated as charged conductors by applying Laplace’s equation to de�ne hypothetical electric �eld
lines between them. In this approach the thickness of each cortex’s voxel becomes the sum of the
surface normals along each �eld line. To apply this technique it is required that both cortical sur-
faces are closed and have spherical topology, so the detection of the surfaces has to be complete
beforehand [SBT+09].

� = r2 =
@2 

@x2
+
@2 

@y2
+
@2 

@z2
= 0 (2.1)

Their method can be divided into two steps: i) generation of tangential vector �eld for GM segment
its sub-layers and ii) thickness estimation along the hypothetical �eld lines.

Computing the Tangential Vector Field

As a �rst step we de�ne the potential on the two surfaces sGM=W M and sCSF=GM by assigning each
voxel of the white matter segment the potential potentialmax = 10000V and each voxel of the CSF
segment the potential potentialmin = 0V .

Between these two surfaces the intermediate potential potentialint is computed iteratively by solving
the Laplacian equation which can be described by the kernel  i+1 = [ i(x+�x; y; z)+ i(x��x; y; z)+
 i(x; y + �y; z) +  i(x; y ��y; z) +  i(x; y; z + �z) +  i(x; y; z ��z)]=6 or a 2D convolution �lter,
shown in Figure 2.6 [JBA00], whereas  i+1 is the value of the potential at position x,z,y at the ith
iteration.

������
0 1

4
0

1
4

0 1
4

0 1
4

0

������
Figure 2.6: 2D convolution filter for iterative potential field computation

The potential map computation is stopped as soon as the change ratio (�i � �i+1=�i) drops below
the set threshold 10�5. As the converge metric we compute the summed gradient magnitude �i =
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P
((� i=�x)2 + (� i=�y)2 + (� i=�z)2)

1
2 . The process should converge well under 200 iterations

for the GM segment [JBA00] and even faster for its sub-layers.

After the potential has been calculated, the gradient of  is computed by taking a simple two point
di�erence, for example

� (x; y; z)=�x = [ i(x+ �x; y; z)�  i(x��x; y; z)]=2 (2.2)

and then these are normalized to produce the tangent vectors �eld N, for example

Nx = (� =�x)=[(� =�x)2 + (� =�y)2 + (� =�z)2]1=2 (2.3)

These are computed in a similar manner for y and z dimensions.

Thickness estimation

The �eld lines are guaranteed not to intersect, meaning they are di�eomorphic. As a consequence the
start point of each �eld line is the end of the surface normal from the previous �eld line. Therefore
each point on the white surface has a unique corresponding point on the pial surface. The thickness is
then de�ned as the sum of the lengths of the surface normal at any given point at each �eld line. The
thickness estimation is done by piece-wise tracing the stream line, �nding the next precisely connecting
normal of the next �eld line. This guarantees the unique correspondence between the points on both
surfaces.

Figure 2.7: Sulcal voxel detection by applying thickness estimation on dilated GM sub-layers.
Courtesy of [HDVA+08]

In contrast to [JBA00], Hutton et al. detect the sulci by successively adding isotropic voxels to the
white matter segment to create multiple stacked layers in the GM segment and estimate the thickness
for each of these layers with the aim of detecting sulcal voxels to exclude them from the �nal thickness
estimation of the cortex (depicted in Figure 2.7). Since we are working on isotropic voxels of 1 mm3,
each voxel of the �rst two layers has a thickness value of 1 mm to up to

p
3 mm, depending on the

layer’s orientation. If thickness values found in the GM sub-layers are larger than that, they are
classi�ed as sulcal voxels.

By estimating the thickness of each cortex’s voxel, we trace along the surface normals into both
directions from the voxel, as described above. We stop this process on either the de�ned boundaries
sGM=W M and sCSF=GM or the now detected sulcal voxels to obtain a proper estimate for the cortical
thickness.

We now calculated the potential �eld for each GM sub-layer and estimated the thickness for each voxel
using the method described above and obtained a thickness map for the whole GM segment. Thick
parts of the GM layer have a bigger statistical weight, since there are more of these \thick" result
voxels than \thin" ones. This has to be addressed in the statistical analysis of the map, if histograms
are generated. Therefore [JBA00] suggest a mapping of the results on a supra-cranial surface which
is obtained by dilating the outer GM layer 20 times.
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2.6 Statistical Analysis

The segmentation results on which our thickness estimation algorithms relied were already spatially
normalized. This allows for a simple conversion of our thickness estimates into suitable thickness
histograms. Depending on the atlas chosen for statistical analysis, di�erent anatomical regions of
interest can be extracted.

In order to be able to employ di�erent anatomical atlases, it has to be ensured that these are aligned
to the same stereotaxic space. Therefore we have chosen the MNI space, since FSL provides a robust
registration and statistical analysis framework by including a variety of di�erent atlases aligned to
it.

As already mentioned in the description of the thickness estimation methods, another approach of
comparing the data is possible. By de�ning mean bodies, the results can be mapped and aligned
amongst themselves as suggested in [FD00] on to a sphere. This is possible since the cerebral cortex
has the topology of a sphere. Another method already mentioned above is to create a supra-cranial
surface and thereby mapping the thickness values onto it [JBA00].

By having simple histograms we are now able to address di�erent, freely de�neable regions of interest
for comparing di�erent patients’ progression and performing longitudinal studies.
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Chapter 3

Experiments

What most experimenters take for granted
before they begin their experiments

is in�nitely more interesting than
any results to which their experiments lead

- Norbert Wiener -

In Section 1.3.1 we introduced three hypotheses: our measurements are accurate and reliable, allow
for detection of thickness changes to identify pathological changes and the measurements are faster to
compute than model based approaches, which we now want to verify.

Therefore we implemented two experiments. The �rst one was designed to test for reliable thickness
estimation within one patient. Scans of the same subject taken within a short period of time should
reveal that there is no signi�cant change.

The second experiment was developed to test for signi�cant changes in the estimated thickness in
subjects’ brains. This should allow to distinguish di�erent classes, namely healthy controls, MCI and
AD patients within one population. Finally we compare the speed of our pipeline steps, including the
two thickness measurements implemented with the cortical reconstruction provided by FreeSurfer.

3.1 Data-Sets Used

For our experiments we used two di�erent data-sets: selected subjects of the Alzheimer’s Disease
Neuroimaging Initiative (ADNI)1 and a hydration study provided by MS/MRI, UBC, Vancouver,
BC.

The subjects selected of the ADNI data-set were four elderly controls (age: 63-79), two mild cognitive
impairment (MCI) (age: 80, 84) and two Alzheimer’s disease (AD) patients (age: 73, 83). Each
selected subject provided three scans, taken in MP-RAGE sequences over a period of a year with the
intervals being six months between the scans. The provided data was already B1 and motion corrected,
a N3 intensity correction has been performed as well. From the hydration data-set we selected �ve
subjects with two scans each that were acquired within one day in between.

For each subject we estimated the cortical thickness using our pipeline. We computed the thickness his-
tograms for each time step employing the Harvard-Oxford cortical atlas2provided with FSL [SJW+04].
Its indices are used as labels for the di�erent regions referred in our results and are therefore listed in
Table 3.2.

1http://www.adni-info.org/
2The Harvard-Oxford cortical atlas is probabilistic atlases covering 48 cortical and 21 sub-cortical structural

areas. They were derived from structural data and segmentations provided by the Harvard Center for
Morphometric Analysis.
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3.2 Error Testing

Within each region of the Harvard-Oxford cortical atlas to which we aligned our computed cortical
thickness estimates, we determined the results in thickness histograms and then computed the expected
thickness tph. This provides one thickness value per region and time step for each test subject.

Since we expected the change for each region in all subjects to be minimal, we computed the change
rate rp

change = (tp2 � t
p
1)=t1 with tpi being the thickness for each patient p at a time point i for each of

the region histograms. The value in each histogram spanned from 1 mm to 10 mm, since we expected
anatomical incorrect thickness estimates to in
uence our experiment due to some implementation
errors still left in the methods, introducing too much noise otherwise.

By visually comparing the change ratios in all �ve test subjects from the hydration data-set, the average
error rate rp

change has been below 3%. For the method using orthogonal projection the changes in almost
every atlases region are within the 3% ratio, as shown in Figure 3.1(a), using the Laplacian method
the change ratios are signi�cantly higher than our expected criterion as depicted in Figure 3.1(c).
Nevertheless both methods have hereby shown to be reliable in estimating the current thickness of the
patients’ brains and are consistent within the class of the healthy controls.

The mean thicknesses for our �ve test subjects from the hydration data-set are shown in Figure 3.1(b),
applying the surface normal metric and in Figure 3.1(d) for the stream line approach. The estimated
mean thickness in all anatomical regions is higher for the method employing surface normals.

3.3 Population Identification

With random errors shown to be small enough, our pipeline has now been applied to the selected
patients of the ADNI data-set to test for trends in thickness change within each subject of the MCI
and AD patients, estimating the cortical thickness using implementations of the two methods [SBT+09]
and [HDVA+08].

For each patient the change rate is being computed using linear regression on the average thickness
contained in the regional histograms of the thickness measures for all three time steps provided. The
estimated slope describes the change of thickness in the patient per year. As visualized in Figure 3.2(a)
the change ratios in the healthy controls using the orthogonal projection method [SBT+09] have been
within the 3% limit. For [HDVA+08] this was exceeded in some of the regions (see Figure 3.2(c)).

In the subjects with MCI the change ratios appear to be smaller than for the healthy controls, in-
dependently of the method applied. The mean thickness values are smaller than for the controls
(see Figure 3.2(b) and Figure 3.2(d)). The same could be monitored for the AD patients, in both
methods.

Using the patients’ class information (being a control, MCI or AD), a T2-test has been performed to
test for signi�cant (p=0.05) di�erences between each region per class using the slopes of the regression
results for each region.

As depicted in Figure 3.4 and Figure 3.4 both methods allow for statistically signi�cant di�erentiation
between healthy controls and patients with MCI or AD by employing our methods.
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For [SBT+09] 30 regions allow for di�erentiation between all three classes, 11 to distinguish between
healthy and non-healthy subjects and two regions allow to discriminate between AD and non-AD, as
presented in Figure 3.4.

In contrast to the �rst method our implementation of [HDVA+08] allows to distinguish between
the di�erent patient classes as well, but just within 14 regions. In contrast to the other method
discrimination between healthy and non-healthy subjects is possible in 23 regions and in one region a
prediction between AD and non-AD is possible (see Figure 3.4).

Although the amount of samples selected for each class is quite small our test shows the ability of the
selected methods to assign patients to di�erent progression states of Alzheimer’s disease. In general this
is a di�cult task due to the nature of the cerebral cortex and its highly folded structure and thin areas.
By increasing the population size more exhaustive testing could be performed. Estimating of standard
slopes and thicknesses in speci�c regions for later automated classi�cation would be possible.

3.4 Speed Test and Algorithmic Complexity

Many methods for performing cortical thickness estimation and longitudinal studies have been pro-
posed and implemented, with [FSD99, DFS99, SJW+04] currently being the most prominent ones. In
the related work several metrics have been used and compared [LE05, BST06]. We have analyzed the
reliability and accuracy of our method and now �nally compare the run-time of our pipeline to the
cortical reconstruction toolbox provided with FreeSurfer. It currently serves as a standard in the �eld
of structural and functional MRI analysis, as well as the software provided by FSL. More tool-kits are
brie
y introduced in the Appendix.

We estimated the run-time for each step in our pipeline by computing all of the experiments described
above. The cortical reconstruction of FreeSurfer is far more complex than our approach, since it
generates geometrical models of the cortical and sub-cortical structures of the brain and performs
topological correction on the extracted surfaces to just name a few steps. Other processes like motion
and intensity correction, skull stripping, surface in
ation and �nally thickness estimation for cortical
and sub-cortical structures are included in order to obtain detailed statistic of the subject’s brain.

Pipeline Step Processing Time

N3 - Intensity Correction 4 min
Skull Stripping 8 min

Spatial Normalization 5 min
Segmentation 15 min

Thickness Measurement 8 min (orthogonal projection) or 32 min (Laplacian equation)

Table 3.1: Time needed for computation of the different pipeline steps.

Since we solely focus on the detection of the white surface and cortical mantle thickness estimation,
respectively, we are able to compute our results within 30 to 60 minutes per scan, depending on the
thickness estimation we chose (see Table 3.1).
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Index Name of Anatomic Region
1 Frontal Pole
2 Insular Cortex
3 Superior Frontal Gyrus
4 Middle Frontal Gyrus
5 Inferior Frontal Gyrus, pars triangularis
6 Inferior Frontal Gyrus, pars opercularis
7 Precentral Gyrus
8 Temporal Pole
9 Superior Temporal Gyrus, anterior division

10 Superior Temporal Gyrus, posterior division
11 Middle Temporal Gyrus, anterior division
12 Middle Temporal Gyrus, posterior division
13 Middle Temporal Gyrus, temporooccipital part
14 Inferior Temporal Gyrus, anterior division
15 Inferior Temporal Gyrus, posterior division
16 Inferior Temporal Gyrus, temporooccipital part
17 Postcentral Gyrus
18 Superior Parietal Lobule
19 Supramarginal Gyrus, anterior division
20 Supramarginal Gyrus, posterior division
21 Angular Gyrus
22 Lateral Occipital Cortex, superoir division
23 Lateral Occipital Cortex, inferior division
24 Intracalcarine Cortex
25 Frontal Medial Cortex
26 Juxtapositional Lobule Cortex (formerly Supplementary Motor Cortex)
27 Subcallosal Cortex
28 Paracingulate Gyrus
29 Cingulate Gyrus, anterior division
30 Cingulate Gyrus, posterior division
31 Precuneous Cortex
32 Cuneal Cortex
33 Frontal Orbital Cortex
34 Parahippocampal Gyrus, anterior division
35 Parahippocampal Gyrus, posterior division
36 Lingual Gyrus
37 Temporal Fusiform Cortex, anterior division
38 Temporal Fusiform Cortex, posterior division
39 Temporal Occipital Fusiform Cortex
40 Occipital Fusiform Gyrus
41 Frontal Operculum Cortex
42 Central Opercular Cortex
43 Parietal Operculum Cortex
44 Planum Polare
45 Heschl’s Gyrus (includes H1 and H2)
46 Planum Temporale
47 Supracalcarine Cortex
48 Occipital Pole

Table 3.2: Indices for the anatomical region referred to in the experiment results
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Chapter 4

Conclusion and Future Work

Finally, in conclusion,
let me say just this.

- Peter Sellers -

4.1 Conclusion

In this thesis we have described a pipeline for measuring cortical thickness in patients with neurode-
generative diseases, especially Alzheimer’s and MS patients. We have chosen our methods to be model
independent and resistant against pathological changes in the subjects’ brains.

We addressed the data capturing resulting in di�erent input modalities, a�ecting gray level intensities
of tissues and the voxels’ dimensions. Therefore we �rst re-gridded the data so the voxels were
isotropic with 1 mm in each direction. The data then was corrected using [Sle97], unnecessary slices
were removed, so the brain extraction using BET [SJW+04] could continue properly on the data. This
is the only step where manual intervention is necessary (see Section 2.2) in case the data does not
ful�l the requirements.

To enable statistical analysis between di�erent patients, the skull stripped MR images were registered
to a common stereotaxic space using a�ne, linear registration provided by FLIRT [SJW+04]. Then the
brain tissues (GM, WM and CSF) were segmented using FAST [SJW+04]. Based on these segments
we then applied the methods [ST04, HDVA+08] implemented in C++ using ITK (see Appendix).

In our experiments we tested for errors in the results. Our implementations have shown to be useful
for determining thickness changes for di�erent patients. Especially in terms of speed our approach
competes with the geometric approaches like [DFS99, FSD99].

Statistical signi�cant conclusions on the patients class solely based on the thickness change were
possible. We also point out potential improvements for accuracy and speed as suggested in [YJP03].
A more exhaustive evaluation could be performed using bigger populations, estimating parameters
to reliably classify a subject solely based on means of thickness changes within speci�c anatomical
regions.
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4.2 Future Work

The methods suggested, implemented and discussed in this work can be improved in terms of speed
and accuracy although current methods are mostly limited by the scanning devices’ resolution. As
seen in [YJP03, ZCZ09] evaluation of standard parameters may lead to improvements of already
existing approaches. Measuring other structures than the cerebral cortex could provide new �elds of
application. The introduced ISO Canny edge detector could provide a useful tool to detect edges of
speci�c intensity values in noisy image data other than brain MRI.

In our work the handling of oversampling sulcal banks and the result mapping, i.e. to a supra-
cranial surface as suggested by [JBA00], could provide alternatives to the simple atlas based histogram
generation for both our thickness estimates.

In general, structural and functional MR image analysis will provide more and more powerful tools
to analyze the human brain by monitoring its function and e�ects of ageing and neurodegenerative
diseases. As found in the related work of cortical thickness measurement, this will provided even
deeper insight in the human brains development in future.
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Appendix

The Appendix provides a brief description for all tool-kits and libraries found during research for this
thesis and mentioned in this work. Apart from that, some more applications for scienti�c computing
are introduced that can be considered to replace some commercial applications in research.

A.1 Medical Image Processing Tool-kits

TINA

TINA is the framework currently developed at the University of Manchester. It consists of two
parts, the image processing library and the tool interface, assisting in work-
ow development and
containing the reference implementation of [SBT+09]. Other applications available are machine vision
and geometry processing. The source code, written in C, is freely available, as well as memos on the
methods implemented and studies using them. Besides that, a documentation for users and developers
exists. However, the generated documentation by Doxygen lacks exhaustive comments on how to use
the libraries functions. Another disadvantage of the library is the missing support of common image
(e.g. PNG, JPEG) and volume formats (e.g. NifTi).

Homepage: http://www.tina-vision.net/, Latest release: 6 (Nov 2009)

FreeSurfer

FreeSurfer is a collection of methods for cortical and sub-cortical reconstruction (among other tasks)
and is developed at Harvard University. The cortical reconstruction is based on geometric deformable
models [DFS99, FSD99]. It has been applied to measure cortical thickness [DFS99] and monitor focal
thinning in MS progression [SFS+03]. Its reliability and accuracy has been tested in several studies
[BST06]. Other applications of the framework include surface in
ation and manipulation, inter-subject
registration as well as morphometric analysis.

The cortical reconstruction realized in FreeSurfer is very complex and processing a single data-set takes
20 to 40 hours on a modern consumer PC(Quad Core 2.6 GHz 32 Bit, 3.1 GB RAM). System own
source code is not publicly available. Nevertheless, the results of this toolbox are useful for validation
and provide a benchmark for our approach.

Homepage: http://surfer.nmr.mgh.harvard.edu/, Latest release: 4.5.0 (Aug 2009)
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Brain Imaging Software Toolbox

The Brain Imaging Software Toolbox developed at McGill university provides a collection of methods
for advanced medical image processing. It is based on the MINC library written in C and is used by
other applications, such as FreeSurfer. It provides functionality for data correction, atlas alignment,
tissue segmentation, cortical surface extraction, and tools for visualization.

Homepage: http://www.bic.mni.mcgill.ca/ServicesSoftware/HomePage, MINC - Latest re-
lease: 2.0.18 (30 Apr 2009)

FMRIB Software Library (FSL)

This software library is developed at the Oxford Centre for Functional MRI of the Brain (FMRIB).
It provides tools for image analysis and statistical analysis for Functional MRI, MRI and Di�usion
Tensor Imaging [SJW+04] and is also used by FreeSurfer.

Homepage: http://www.fmrib.ox.ac.uk/fsl/, Latest release: 4.1 (Aug 2008)

ITK

The Insight Toolkit is one of most widely used tool-kits and is actively maintained by Kitware and
extended by the open source community. It integrates well with the Visualization Toolkit (VTK),
which provides volume rendering capabilities among other features.

The associated Insight Journal collects all literature evaluating and extending the toolkit. Several
external projects combine and extend ITK and VTK, which provides a solid foundation for medical
image processing. One of them is 3D Slicer system discussed below.

Homepage: http://www.itk.org, Latest release: 3.16 (Sep 2009)

ARCTIC System and NeuroLib

One of the intensity based segmentation approaches, mentioned earlier, is implemented in the ARCTIC
(Automatic Regional Cortical ThICkness) system. It is part of NeuroLib maintained by University
of North Carolina, which provides cortical thickness estimation, �bre tracking, and atlas generation.
ARCTIC is a complete, stand-alone pipeline, which allows individual analysis of cortical thickness.

NeuroLib Homepage: http://www.ia.unc.edu/dev/

ARCTIC Homepage: http://www.nitrc.org/projects/arctic/, Latest release: 1.2 (Jun 2009)

CMTK

CMTK is another toolkit for computational morphometry on biomedical images, developed by Torsten
Rohl�ng, SRI International/Stanford. It provides common functionality for registration (a�ne and
non-rigid; single and multi-channel; pairwise and in groups), image correction (MR bias �eld es-
timation; interleaved image artefact correction), processing (�lters; combination of segmentations;
shape-based averaging) and statistics (t-tests; linear regression). It is implemented in C++ complying
with standard parallel processing libraries, such as OpenMP.

Homepage: http://www.nitrc.org/projects/cmtk/, Latest release: 1.1.3 (18 Nov 2009)
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3D Slicer

With 3D Slicer an open source research platform exists that is applicable to general purpose image
computing. It is developed by several research institutions with center at Harvard University.

It is based on ITK and VTK and its plugin functionality allows integration of other frameworks,
including ARCTIC and CMTK. The active and open development makes 3D Slicer a suitable platform
for developing new procedures in medical image analysis. Recent development aims to integrate Qt
Framework of Nokia for the GUI.

Homepage: http://www.slicer.org/, Latest release: 3.4 (11 Jun 2009)
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