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Abstract
In this paper, algorithms are presented and evaluated to detect brain tumors in MRI.
Basics of image processing are introduced, state-of-the-art methods looked into deeply
and three segmentation algorithms, K-Means, Fuzzy C-Means and an integrated ap-
proach making use of watershed transformation and Fuzzy C-Means, explained. These
algorithms are evaluated on the multimodal brain tumor image segmentation bench-
mark (BRATS) data set, that contains three dimensional MRI labeled by experts la-
beled, with special focus on the outcome in different image modalities and the search
of special sub-components of the tumor. They are compared to methods introduced by
BRATS by the Dice-Score.
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1 Introduction
Brain tumor is the second most common cause of cancer-related deaths in children
under the age of 20, in males of the age of 20 to 39 and place five for females of the
age 20 to 39 [LLW+14]. However, it is not very common, but extremely fatal. Tumor
is mostly associated with neoplasm, caused by uncontrolled cell proliferation and its
name originating from the Latin language meaning swelling [BWNR13].
As the most aggressive form of brain tumor, called glioma, has a median survival

rate of two years or less, immediate treatment is mandatory. Constant examination of
the tumor’s response to treatment is mandatory, but patient diagnosis remains bad,
although glioma research has advanced [MJB+15].
Detecting brain tumors in Magnetic Resonance Images remains a difficult and time

consuming task and clinical routine is carried out either by searching for hyper-intense
tissue appearance in T1c images, or by relying on measures such as the largest visible
diameter [MJB+15]. With the additional occurrence of intra-rater volume variabilities
of 20±15% and inter-rater volume variabilities of 28 ± 12% [BWNR13], an explanation
of the above facts may be given and encourage research towards more objective and
automatic methods for brain tumor detection and segmentation. However, segmenta-
tion is still challenging, because glioma exhibits unclear and irregular boundaries with
dicontinuities. Acquisition of the MRI also differs, for example does the time after
contrast injection highly influence the tumor appearance [BWNR13].
State-of-the-art methods achieve average Dice scores of above 70%, but are not em-

ployed in clinical routine yet, as clinicians are not willing to trust automatic approaches
if they fail in some cases [MJB+15]. Therefore, robustness and objectivity are crucial
for the application in clinical routine, which often cannot be achieved as research is
carried out in well-controlled environments [BWNR13].
As seen in this work, a lot of research has been carried out towards fully automatic

and semi-automatic methods. The lack of accepted ground truth makes evaluation dif-
ficult and generalized conclusions are often drawn anyway. Using different data sets
and statistics, comparing methods is hard [BWNR13]. The Multimodal Brain Tumor
Image Segmentation Benchmark (BRATS) [MJB+15], which was introduced at MIC-
CAI in 2012, is one of the first to provide a big data base for researchers with accepted
ground-truth as well as the opportunity to benchmark methods equally, based on the
Dice Score, which is also known as F1-Score.
BRATS contains short papers of researchers which handed in their methods at the

MICCAI challenges, but they do not go into detail on how they applied their models
and methods exactly for the most part. This appears to be common practice this field of
research, as this can also be seen in papers published outside of BRATS in this topic.
This makes it hard to re-implement them. Research so far has been aimed towards
combining models and are extremely progressed, but the single models and algorithms
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that are used often, such as Fuzzy Fuzzy C-MeansC-means, were not benchmarked on
the BRATS data set yet. Additionally, it is not known or published what parts of a
method make it perform well.
The objective of this work is to give an overview of existing methods and evaluate

three algorithms in the task of brain tumor segmentation and look into possibilities
of pre-processing to improve the outcome. They are the two clustering algorithms
K-Means and Fuzzy C-Means and an integrated approach making use of watershed
transformation and Fuzzy C-Means. As all methods need a specific number of clusters
as input, the question which number of clusters works best is answered for a small
range. The algorithms are compared to each other and a pre-processing step is applied
to improve the outcome. The algorithms are furthermore compared to state-of-the-art
methods.
In section 2, some prerequisites are examined, in order to convey the basics of image

processing and MRI in the context of brain tumor detection to the reader. Existing
methods are reviewed and grouped in section 3. In section 4 the three algorithms K-
Means, Fuzzy C-Means and watershed transformation are introduced and an integrated
approach presented, that combines watershed transformation with Fuzzy C-Means.
The procedure of the experiments is shown in section 5 and the outcome as well as the
possibilities and ideas for future work portrayed in section 6. Section 7 completes the
thesis with a conclusion.
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2 Prerequisite
To understand the work carried out in this thesis one should deal with the basics of
image processing first. The retrieval of an image or the conversion analog/digital is not
examined.

2.1 Introduction to Image Processing

A digital image can be represented as a matrix of size m × n with each entry corre-
sponding to the instensity of a pixel, which can be, depending on the type of the image,
the value of RGB color space or in the case of a grayscale image, the grayscale value.
Usually magnetic resonance imaging result in grayscale images, meaning the value of
each pixel is in the range of 0 to 255 in case of 8-bit color depth.
As an image is defined by a matrix of size m×n of a specific value set, mathematical

operations can be carried out. Following chapters all bear on grayscale images.
Formally [BM93], a grayscale image can be represented by a function f : Z2 → Z.

f(p) is the grayscale value of the image at point, or pixel p. Points of the space Z2 may
be vertices of a square or hexagonal grid.

Pixel Connectivity

Pixel Connectivity can be explained easiest when looking at Figure 1. When imagining
an image as a graph of pixels, the center pixel’s distance to each other pixel depends
on the connectivity of the graph.

Brightness Histogram

A brightness histogram is generated by pixel intensities. It is a 2-dimensional graph
with x scaling the value set of intensity and y counting the number of pixels with
the corresponding intensity, as seen in Figure 2. Using a histogram one can carry out
thresholding. This means that all pixels below some threshold T will be set to some
defined value and all pixels above T to another value.
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Figure 1: On the left, a 4-connected graph: Pixel p is only connected to its vertical
and horizontal neighbors. On the right, an 8-connected graph: Pixel p is also
connected to its neighbors in the corners, the diagonal neighbors respectively.
The distance from pixel p to each other pixel is written into the pixels.

Gray tone

Quantity

Figure 2: A brightness histogramm. In x-direction: the gray tone. In y-direction: The
quantity of pixels having a certain gray tone. Below: The gray tones de-
pendign on x.
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Box Filter

Image smoothing is often used to remove noise from images and carried out by a discrete
convolution of an image f with a mask h, which again can be seen as an image and is
also known as ’box filter’. Formally [Jä12], this can be written as

f ′mn =
r∑

m′=−r

r∑
n′=−r

hm′n′fm−m′,n−n′ (1)

and basically means multiplying each pixel in the neighborhood of size −r − r times
its corresponding value in the mask h, adding all of these values and finally putting
the result as a the value of the output image f ′ at the same position as in the original
image f , as represented in Figure 3.

Image Gradient

The image gradient is useful to extract features from images. It represents change in
intensity. The gradient of an image f can either be calculated in x-direction as ∂f

∂x
,

which leads to an accentuation of vertical edges, or in y-direction as ∂f
∂y
, which leads to

an accentuation of horizontal edges, as seen in 4.
Furthermore, one can create the gradient magnitude image of an image f by calcu-

lating the gradient magnitude for each pixel p as follows [Rus11]:

GMagnitude(p) =
√

(∂f(p)
∂x

)2 + (∂f(p)
∂y

)2. (2)

Figure 5 shows the different stages of calculating the image gradient.
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Figure 3: A boxfilter is applied on pixel p. On the bottom: The image represented as
a grid, where each entry contains a pixel value. Pixels, that are taken into
account for the calculation are highlited darkly. In the middle floats the filter
mask, containing values, that are multiplied with the corresponding pixel
from the original image. The results are added, which is illustrated by the
beam and sigma sign. The sum is assigned to the new pixelvalue p’.

Figure 4: The calculation of the image gradient. On the left: The original image with a
red line indicating the pixels, that are further evaluated. In the middle: The
pixel intensities of the left image at the red line. On the right: The derivative
of the intensity function.
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Grayscale

∂ x ∂ y

Figure 5: Calculating the gradient magnitude image. First, the image is converted to
grayscale. Then, the grayscale image is derived in x- and y-direction. From
the resulting images, one can calculate the gradient magnitude image, which
is at the bottom.
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Euclidean distance

The Euclidean distance d is used to measure the distance of two objects p, q in a
n-dimensional vector space. It derives from the following equation:

d(p, q) = r

√√√√ n∑
i=1

(pi − qi)r (3)

through setting r = 2 [ES00].

Euclidean distance map

The Euclidean distance map (EDM) is produced by assigning a value to each pixel that
is its straight distance line from the nearest background pixel. It can be programmed
as follows [Rus11]:

1. Assign a brightness value of 0 to each pixel in the background.

2. Set a variable N equal to 0.

3. For each pixel in the foreground that touches a pixel whose brightness value is
N , assign a brightness value of N + 1.

4. Increment N and repeat step 3, until all pixels in the image have been assigned.

Median Filter

TheMedian filter is often used to reduce noise in images and is effective when smoothing
the image while preserving edges simultaineously [HVS14]. It can be calculated by
extracting all entries within the filter region, sorting it, extracting the median and
setting the intensity of the pixel to be filtere to the median value.

2.2 Medical Prerequisites

Throughout this work, some medical terms occur. The most important and not self-
evident ones are explained in this section.
When acquiring images or speaking about locations, doctors use anatomical planes.

Figure 6 shows the sagittal (red), axial (green), coronal planes (blue) and the parasagit-
tal plane (yellow), which is not used for the head.
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Figure 6: Example image for the anatomical planes. Red: the sagittal plane. Yellow:
The parasagittal plane. Blue: The coronal plane. Green: The axial plane [wik].

Brain Tumor

Although brain tumor is not the most common type of tumor with less then 1%�
prevalence in the West, it is one of the deadliest. One third occurs to be malignant,
the rest either benign or borderline-malignant. Originating from the Latin language,
the word ‘tumor’ is associated with a neoplasm, which is caused by uncontrolled cell
proliferation [BWNR13]. Brain tumors are classified either on their origin or their
degree of aggressiveness. The latter typically uses the grading scheme introduced by
the World Health Organization (grades I-IV). Primary brain tumors arise in the brain,
metastatic brain tumors mostly come from other parts of the body [BWNR13].
While benign tumor does not invade surrounding tissues and, once removed, does

not reoccur, malignant brain tumor moreover contains cancer cells. It rarely spreads
to other areas of the body, but may reoccur after treatment [NS].
Glioma is the most frequent type of primary brain tumors in adults and account for

70% of malignant primary brain tumors [BWNR13]. High-grade glioma (WHO grade
III and IV) has a median survival rate of two years or less and requires immediate
treatment [BWNR13][MJB+15], whereas individuals affected by low-grade glioma have
a life expectancy of several years [MJB+15].
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2.3 Data

The data [MJB+15][KBP+13] being processed contains 220 cases of high-grade glioma
and 54 of low-grade glioma. It consists clinical image data from multi-contrast MR
scans and synthetic data. Some are pre-, some are post-therapy scans. To obtain images,
different MR scanners with different field strengths and imaging sequences were used,
but all provided data was acquired using the following four modalities [MJB+15]:

T1: T1-weighted, native image, sagittal or axial 2D acquisitions, with 1-6mm slice
thickness.

T1c: T1-weighted, contrast-enhanced image, with 3D acquisition and 1mm isotropic
voxel size for most patients.

T2: T2-weighted image, axial 2D acquisition, with 2-6mm slice thickness.

FLAIR (Fluid Attenuated Inversion Recovery): T2-weighted FLAIR image, axial,
coronal, or sagittal 2D acquisitions, 2-6mm slice thickness.

Each modality highlights different tissue, as shown in Figure 7. For instance the
cerebrospinal fluid and edema are darker in T1-weighted images and brighter in T2-
weighted images, while grey matter is not as dark in T1 and not as bright in T2
[Gie15].
Each subject’s image volumes were co-registered to the T1c MRI and resampled to

1mm isotropic resolution in a standardized axial orientation with a linear interpolator.
Furthermore, Data was skull-stripped with a filter [BFR13] from the Insight Segmen-
tation and Registration Toolkit (ITK)[MJB+15].

Annotations of Tumor Structures

Clinical data was annotated manually by different raters. An algorithm called ‘the
hierarchical majority vote’ was used to assign a label to each pixel, depending on the
amount of raters agreeing on each label [MJB+15]. Therefore, the labels of ground
truth images are as follows [KBP+13]:

1: Necrosis

2: Edema

3: Non-enhancing tumor

4: Enhancing tumor

0: Everything else
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Figure 7: Tissue is represented differently depending on the image modality. From left
to right: T1, T1c, T2, Flair and ground truth labels, which are annotations
of experts on the original images.

To perform an evaluation, that fits the clinical application tasks better, tumor regions
were obtained by the following labels:

• Complete tumor (1+2+3+4)

• Tumor core (1+3+4)

• Enhancing tumor (4)
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3 Related Work
The task of brain tumor detection in contrast to segmentation only tries to identify if
tumor is present and in case it is, its approximate location, while segmentation provides
a complete segmentation of the different substructures of the tumor [BWNR13], e.g.
tumor core and edema. During the literature research for this work, it began to show
that the term Brain Tumor Segmentation is often used differently from the above
definition: Many authors view detecting and locating of brain tumor as a segmentation
from brain tumor from brain and therefore make use of the term.
In this section, first, an overview of different approaches that occur in both tasks is

given, then an overview of methods for brain tumor detection and finally some state-
of-the-art methods. The term segmentation may occur, but embraces detection.

Approaches

Approaches can be divided by the amount of user-interaction required to fulfill the
task, namely manually, semi automatically or fully automatically. Manual segmenta-
tion requires a human expert to draw boundaries of the regions of interest. A benefit
of human experts is that they can make use of information beyond the presented in-
formation of the image, such as anatomy, while hindrances include the difference of
tumor-volume variability as pointed out in the introduction and the fact that manual
segmentation is extremely time consuming [GMS13].
Semiautomatic segmentation allows the user to intervene with the algorithm. Some

methods require an initialization, some a checking of the accuracy of the result and
some a manual correction of the segmentation. It is expected that semiautomatic seg-
mentation will remain dominant in clinical use for some time due to the vast impact
of poor segmentations. Although these methods have the advantage of computing and
speedup, there may still occur variations in the segmentation outcome [GMS13], as
they are not completely objective [BWNR13].
Fully automatic segmentation aims at developing methods, that segment tumor with-

out any human interaction. They mostly incorporate human intelligence and prior
knowledge and make use of soft computing such as fuzzy systems or model-based
techniques such as deformable models. Although humans have the advantage of using
domain knowledge and high-level visual processing over algorithms, there are various
properties in the domain of brain tumor segmentation that can reduce these advan-
tages: The head’s appearance in MRI is relatively predictable, the brain quantified
structurally well and its behavior in different magnetic resonance modalities relatively
well known. Additionally, humans look at MRI through 2D slices which makes taking
use of three-dimensional information difficult. Even though there can occur changes
in illumination due to magnetic inhomogeneities, which can lead to devastating effects
in the outcome of the segmentation, new research towards this problem has reduced
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the effect of changes in illumination, making it less of a disadvantage. Unfortunately
incorporating all this information into an algorithm remains a challenging task and
it is no wonder that there has not been any fully automatic segmentation algorithm
adopted by clinicians yet, due to the lack of interpretability and transparency in the
segmentation process [GMS13].
Another important characteristic is the supervision. Supervised methods make use of

manually labeled data, while unsupervised methods do not. In unsupervised segmenta-
tion, images can be segmented using clustering algorithms. These algorithms group sets
of pixels depending on a feature or multiple features, which can be the pixel intensity,
some transformation that was calculated at the pixel position or texture. There are
three major disadvantages of unsupervised methods: The number of regions needs to
be pre-specified, what will be seen in later chapters, tumors may be divided into multi-
ple regions and may not have boundaries clearly defined by image features. Still there
is research effort directed towards the task of unsupervised brain tumor segmentation,
because these methods can handle some more complicated cases and through making
use of pre-processing steps such as skull stripping, which removes everything but the
intracranial tissue from a MRI, are improved [GMS13].
Supervised segmentation needs labeled training data, out of which an algorithm can

learn to classify a pixel into tumor or non-tumor tissue, also known as the training
phase. Obviously, the quality of the outcome of the algorithm, which can be evaluated
using test data, highly relates to the quantity and quality of the training data. Su-
pervised methods can perform different tasks by simply changing the training set and
are highly effective and versatile, but in the task of brain tumor segmentation often
suffer from the disadvantages of human variability when manually labeling data and
patient-specific training, which is necessary to obtain good results [GMS13].
Generally, segmentation techniques can be divided into four major classes:

• Threshold-based techniques offer a simple segmentation and are widely used as a
first step.

• Region-based techniques are often used as a post-processing step to detect the
boundaries of the tumor.

• Pixel classification techniques are the most frequently used in the task of brain
tumor segmentation.

• Model-based techniques find boundaries of brain tumor very sensitively, but are
computationally expensive.

While model-based techniques are mostly employed in 3D image segmentation, pixel
classification, region-based and threshold-based techniques are usually employed in 2D
image segmentation.
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Threshold-Based Techniques

Thresholding can be divided into global and local thresholding. In the former, a thresh-
old value T is set and pixels p ∈ Z2 are assigned to 1 if f(x) ≥ T and 0 otherwise,
which is the simplest way of separating a region from its background, but lacks spatial
information and often loses isolated pixels within the region. Still, it performs well if
regions have homogenous and different intensities or a high contrast between them. Lo-
cal thresholding aims at determining a local threshold value around a pixel adaptively
and performs better, when one cannot find a good global threshold in the histogram
for the entire image. Local threshold values can either be estimated by prior knowledge
or statistical properties such as mean intensity values. Local thresholding was carried
out to detect pathologic tissue, but just as global thresholding, is considered unable to
exploit all the information given by MRI, making it used as a pre-processing step in
the segmentation more often [GMS13].

Region-Based Techniques

Region-based methods merge neighborhood pixels into disjoint regions based on a sim-
ilarity criterion. Let Z2 be an image segmented into N regions Ri, with i = 1, 2, . . . , N .
When putting all regions together, there will be no overlapping between regions and
the original image is assembled. All pixels within a region must satisfy a set of rules:

Z2 =
N⋃
i=1

Ri, (4)

Ri ∩Rj = ∅ ∀i, j = 1, 2, . . . , N, (5)

L(Ri) = true fori = 1, 2, . . . , N, (6)

L(Ri ∪Rj) = false ∀i, j = 1, 2, . . . , N and i 6= j, (7)

where L() is a logical predicate of the similarity criterion [GMS13].
The most commonly used segmentation methods are region growing and watershed

transformation, the latter being discussed in detail in chapter 11. Region growing starts
with at least one seed, which can be chosen manually or by an automatic seed-finding
procedure, and extracts connected regions of similar pixels from an image. Depending
on whether neighboring pixels satisfy a similarity criterion, which can be determined
a range of pixel intensities or other features, they are added to the region. Pixels are
added iteratively to regions until no more pixels can be added to any region. The biggest
advantage of region growing is the generation of connected region that have similar
properties. Therefore, it was rife implemented in the task of brain tumor segmentation,
both as the main algorithm and as a refinement step [LLW+14][GMS13].
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Pixel Classification

Pixel classification techniques aim at classifying pixels based on their representation
in a feature space, which may be constructed by pixel intensity of gray level, local
texture or other information. For multi-modality images the classification is performed
in a multi-dimensional feature space. Both unsupervised and supervised methods, such
as Artificial Neural Networks and Support Vector Machines, are used in brain tumor
segmentation using pixel classifiers. Clustering, an unsupervised method, groups pixels
with similar features into a single cluster, which is quantified in terms of an appro-
priate distance measure, for instance the Euclidean distance or the normalized inner
product nd(pi, pj) = pT

i pj

‖pipj‖ , where pi and pj are vectors in a n-dimensional feature space
and T the vector transpose operation. Other unsupervised methods are Markov Ran-
dom Fields and Conditional Random Fields, both currently enjoying popularity and
able to compensate for the lack of spatial information in clustering methods, through
suggesting labeling neighboring pixels the same when a pixel is labeled. Additionally,
they perform better than clustering methods when there is noise as well as giving high
accuracy in the task of brain tumor segmentation. Unfortunately, both these meth-
ods are computationally heavy, which is why they are in practice either approximated
or based on knowledge-based features. Artificial Neural Networks are non-parametric
techniques, which can be represented as a graph, performing mathematical operations
on the input node and finally calculating an output value at the output node. Using
hidden layers of nodes allows non-linear dependencies, which makes training of Arti-
ficial Neural Networks complex, but can result in very good outcomes, especially if
the training set is big. Although training an Artificial Neural Network for brain tumor
segmentation is complex and time consuming due to the size of the network, research
has shown encouraging results [HDWF+17].

Model-Based Techniques

While previous methods are mainly used in 2D image segmentation, 3D image seg-
mentation is mostly approached by model-based techniques. The idea is to create a
connected and continuous deformable model of the desired object to be segmented by
using prior knowledge and try to fit it onto the image. The model is deformed by in-
ternal forces, defined by the model and keeping the component together, and external
forces, computed from the image data and pushing and pulling the modal towards the
boundaries of the object [FS00]. This task becomes even more complex when applied
to medical images due to the variability in anatomic shapes and size of the acquired
data. Deformable models are categorized into parametric and geometric deformable
models. The strength of the former ones, which are also known as active contour mod-
els or snakes, is an accurate description of the object, insensitivity to noise and the
ability to segment, match and track structures by exploiting constraints derived from
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the image data together with prior knowledge of location, size and shape. Apparently,
bringing in their expertise is much easier for scientist when working with deformable
models compared to the other approaches. A snake is defined as an ordered collection
V = v1, . . . , vn of n points vi = (xi, yi), with i = 1, . . . , n. Now, at each point vi the
energy term can be computed iteratively:

Esnake(V ) = αEinternal(V ) + βEexternal(V ), (8)

with α and β constants, that weight the energy terms. Esnake(V ), Einternal(V ) and
Eexternal(V ) are matrices, where the center value corresponds to the energy of point vi
and the other entries correspond to the energy of the spatial neighbors of vi. Each point
is moved to the location of min{Esnakes(V )}, which results in an energy minimization
problem. Although parametric deformable models give good results when choosing
the energy function correctly, it is difficult to handle topological changes in surface.
To solve this problem, geometric deformable models, also known as level sets, were
applied. Level sets are an implicit version. The front of the contour is given by the
zero level set Γ(t) = {(x, y)|φ(x, y, t) = 0} with φ(x, y, t = 0) = ±d(x, y), where d
is the distance function from point (x, y) and positive if (x, y) is outside the contour
or negative otherwise. The surface φ evolves with speed F as ∂φ

∂t
+ F |∇φ| = 0 given

φ(x, y, t = 0). Lots of different implementations of level sets and snakes were introduced
and can be investigated in [GMS13] and [LLW+14].

Methods for Brain Tumor Detection

Tumor detection aims at deciding if tumor is present and putting out its approximate
location, without segmenting it. Some approaches locate tumor and draw a box around
it, which helps analyzing data quickly and could be used for the initialization of a tumor
segmentation [BWNR13].
While most research is angled at brain tumor segmentation, some research, espe-

cially from smaller groups, was done on tumor detection as well: An unsupervised
change detection method, that searches for dissimilar regions across the symmetry line
of the brain, and a template-matching method to detect metastases were proposed
[BWNR13].
K-Means, Fuzzy C-Means and a region growing algorithm were evaluated and it was

concluded that Fuzzy C-Means outperforms the other two when comparing the error
percentage of the area of detected tumor with the labeled data [HVS14]. K-Means
with integrated Fuzzy C-Means following it up by thresholding and level set to find the
exact contours of brain tumor was applied [AMEAA15]. An algorithm based on Sobel
edge detection combined with thresholding and a closed contouring algorithm was pro-
posed [AKB15], showing superior results compared to brain tumor detection based on
edge detection or watershed transformation. K-Means was used after a pre-processing
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stage to locate brain tumor [MK15]. A Potential-K-Means algorithm was developed
[CG15], which is comparable to mass, in this case pixel intensities, exerting force on
each other and thus creating either small clusters of high intensity pixels or big clus-
ters of low intensity pixels, and was tested to detect brain tumor. The performance of
FCM in brain tumor detection was also evaluated on smaller data sets [BPD12][PS14].
FCM clustering with selecting initial centroid from a histogram calculation was intro-
duced as well as a watershed segmentation, that finds markers through an atlas based
detection method [BDLR16]. The first automatic brain tumor detection method was
introduced [FHHGM01], that separates non-enhancing brain tumors from healthy tis-
suesm making use of a combination of FCM, thresholding and domain knowledge to
remove cerebrospinal fluid, all under the supervision of a knowledge based system. A
combination of FCM with the new ant colony optimization metaheuristic was suggested
[GS14] and a multi-modal version of FCM developed, that can reconstruct the tumor
in a 3D image volume. FCM was improved through an initial centroid selection using
foreground marker controlled segmentation, improving the outcome through morpho-
logical operations [SKG12]. A region growing method based on gradients and variances
along and inside the boundary curve was introduced [DXDL10] and a marker controlled
watershed transformation, that found the foreground marker in the local maximum of
the over-segmented regions of a previous watershed transformation proposed [Pan14].
A semi-automatic watershed transformation with emphasis on the bearing of feature
selection was developed [CLR15] as well as a morphological watershed transformation,
that later classified the tumorous area through fuzzy logic [AA16].
Most methods for brain tumor detection lack a common test set to validate their

outcomes and common quality criterions.

Methods for Brain Tumor Segmentation

Segmenting the sub-regions of brain tumor, also called ‘Brain Tumor Segmentation’,
can only be carried out well, when several modalities are combined. To work in multi-
modality images an image registration step is required, which means, transforming the
different modality images into a common reference space [BWNR13].
Most approaches make use of multi-modality if provided and best results of fully

automatic methods are obtained by classifying voxel-wisely and spatially regulated
[BWNR13].
A fast fully automatic version of the Mumford-Sash algorithm was developed [MWG16],

that makes use of a parallelized approximation in 3D and does not require any training
phase. It was evaluated on the BRATS13 data and showed both extremely fast com-
putation, below half a minute, and Dice scores of 85% for the whole tumor. A Deep
Convolutional Neural Network was introduced [HDWF+17], that exploits local features
and global contextual features by stacking two Convolutional Neural Networks and was
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tested on the BRATS13 data. Time needed for a full segmentation was below 3 min-
utes, outperforming methods of the BRATS13 challenge in terms of accuracy. Brain
tumor was sgemented using model-aware similarity and affinity calculations as an in-
put for conditional random fields with support vector machine-based evidence terms
[WCZC13]. Results were comparable to state-of-the-art algorithms from BRATS12. A
similar, fully automatic method was proposed [BNR11], that is based on support vec-
tor machines in combination with hierarchical conditional random field regularization.
The hierarchical approach can be understood as first separating healthy from tumor
tissue and then sub-classifying the two hierarchically.
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4 Algorithms
In this section, the implemented algorithms are introduced, before they are explained
formally in the subsections and briefly discussed. A detailed discussion refering to as
for the task of brain tumor detection is given in section 6.
Three algorithms will be evaluated. K-Means clustering algorithm partitions a dataset

into k clusters calculating the distance of each object to every cluster center iteratively
and thereby finding the optimal solution. As this is NP-hard [AV07], in practice a ter-
minating condition is appointed, e.g. number of iterations or an error. K-Means was
selected as a basic clustering algorithm to give a better understanding of the perfor-
mance of the other algorithms, because most readers probably have had contact with
K-Means before.
Fuzzy C-Means is an unsupervised clustering algorithm as well. Its calculation is

similar to K-Means but instead of assigning each object to one cluster, an object can
belong to various clusters. The membership of an object to a cluster is conveyed in a
weight between 0 and 1 and the summation of all weights of an object has to equal 1.
Watershed transformation is a method specially developed for image processing. First

the image must be converted into its grayscale image and the resulting grayscale values
can be interpreted as height information. Now a drop of water would follow the gradient
of an image and therefore catchment basins can be found. These form segments of an
image.
Unfortunately, watershed transformation usually tends to over-segment the image.

To obtain good results a pre-processing step or a post-processing step, e.g. merging the
regions, is required.
Apparently, watershed transformation without pre- or post-processing is useless in

the task of detecting brain tumor. An over-segmentation was produced [KWL+] with
watershed transformation and used Fuzzy C-Means to merge the regions to segment
MRI brain images into the brain tissue types. This approach is examined in this work,
but in the task of brain tumor detection.
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4.1 K-Means

The unsupervised clustering algorithm K-Means was first proposed by Hugo Steinhaus
in 1956 [Ste56]. The basic idea is to partition a dataset based on some criteria. This
means, that every object belongs to precisely one cluster and each cluster contains at
least one object [ES00].

Prerequisite

We will now examine the algorithm formally [ES00]: Objects are points p = (xp1, . . . , xpd)
in a d-dimensional Euclidean vector space. To calculate the similarity of two objects p
and q, the Euclidean distance is used:

d(p, q) =
√

(p1 − q1)2 + . . . + (pd − qd)2. (9)

Cluster Centers

Each Cluster C is represented through its cluster center µC , which illustrates the mean
of all objects of given cluster C:

µC = (x̄1(C), x̄2(C), . . . , x̄d(C)), (10)

with
x̄j(C) = 1

nC
·

∑
p∈C

xpj (11)

representing the mean of the j-th dimension of all points in C; nC is the number of
objects belonging to C.

Measuring the compactness of a cluster

Sum of Euclidean distances squared to the cluster center:

TD2(C) =
∑
p∈C

dist(p, µC)2. (12)

The smaller TD2(C) the closer lie objects of cluster C together – C is more compact.

Measuring the compactness of a cluster

Sum of objects distance to its cluster center squared:

TD2 =
k∑
i=1

TD2(Ci). (13)
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The smaller TD2 of a clustering (a set of k clusters), the more compact are its particular
clusters.

Objective

The goal of K-Means is to partition a data set into k classes while minimizing TD2.

Algorithm

First k cluster centers are initialized randomly. The following step is repeated iteratively
until some termination criteria is reached, e.g. number of iterations or an error: For
each object p calculate the Euclidean distance to each cluster center, assign it to the
cluster with the smallest distance and finally update the cluster center based on the
mean of objects belonging to it.
K-Means heavily relies on the initial selection of cluster centers, as different initial

cluster centers lead to different clusterings and might possibly converge to a local
minimum [ES00]. Therefore, K-Means++ was proposed [AV07], which works just like
K-Means but outperforms it in run-time although it takes a pre-processing step to
initialize the cluster centers. Additionally, experiments show evidence that K-Means++
outperforms K-Means in terms of accuracy. To obtain initial cluster centers the first
cluster center is selected randomly from the data set. Iteratively proceed as follows
until k cluster centers are chosen: For each object p calculate its distance to its nearest
cluster centerD(p) and choose the next cluster center from the data randomly, but with
a weighted probability distribution depending on the D(p)2. This means, the bigger
D(p) of an object p, the more likely is its selection.
K-Means is very sensible to outliers [ES00]. Therefore, it is common practice to

pre-process an image to remove noise, but in the task of brain tumor segmentation
this may influence the outcome of the tumor segmentation negatively [BWNR13]. The
question if image de-noising improves brain tumor segmentation using K-Means++
will be discussed in chapter 6.

4.2 Fuzzy C-Means

Fuzzy C-Means algorithm (FCM) first appeared in a work by Dunn and Bezdek in
1973. The algorithm basically works just like K-Means, but instead of clustering ‘hard’,
which means each object can only belong to exactly one cluster, it clusters ‘softly’. This
means that an object can belong to more than one cluster, which is expressed through
a probability. The result is a dataset segmented into c clusters.
The minimization-problem of FCM can be expressed through equation 14,

J =
N∑
i=1

C∑
j=1

δij‖pi − cj‖2, (14)
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were N equals the number of objects, C the number of clusters, cj the cluster center of
cluster j and δij the degree of membership of object pi to cluster j. The norm ‖pi− cj‖
calculates the similarity of object pi and cluster center cj. Equation 15 is re-calculated
each iteration as well as the cluster centers, as follows:

cj =
∑N
i=1 δ

m
ij · pi∑N

i=1 δ
m
ij

, (15)

but δij is taken from the previous iteration and m expressing the fuzzy coefficient,
which will be discussed later on. The degree of membership δij of each object pi is
initialized with random values θij, with 0 ≤ θij ≤ 1 and ∑C

j δij = 1.
The degree of membership is calculated as follows:

δij = 1∑C
k=1( ‖pi−cj‖

‖pi−ck‖
)

2
m−1

. (16)

The fuzzy coefficient m measures the tolerance of the required clustering, which means
the higher m the more are clusters allowed to overlap. 1 < m <∞ is set for equation
14 and equation 16, though m = 2 is chosen for the experiments, because it lies in the
suggested interval of [1, 5; 2, 5] [PB95] and is computationally less expensive than other
values in this interval.
Now, only a termination condition is needed. Calculating the differences in the degree

of membership ε from iteration k to iteration k + 1 for each object pi and taking the
maximum out of these is a commonly used condition:

ε = max{|δkij − δk+1
ij |}, with i ∈ N and j ∈ C. (17)

FCM is computationally more complex than K-Means, but due to the degrees of mem-
bership, it is more accurate in its results, especially in the case of overlapping data,
which an MRI has, due to the representation through voxels, and has shown good
results in the application to medical images [LLW+14].
As was pointed out [GMS13], that FCM is not efficient by itself, because it is sensitive

to outliers just like K-Means. This is why an integrated watershed transformation using
FCM is introduced in the next chapter, which will make use of FCM to cluster the
segments, that are calculated by watershed transformation.
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4.3 Watershed Transformation

The term watershed transformation is used universally for different algorithm that
somehow relate to the original watershed transformation [Mey12]. As explained before,
MRI results in voxels, which may contain different tissue types and therefore feature
overlaps occur. In cases like this, watershed segmentation is a preferred method [Rus11].
In this chapter, first, some prerequisites to understand watershed transformation will

be given, then, watershed transformation by flooding explained in detail and finally an
integrated algorithm introduced, that will also be evaluated.

Prerequisites

This section as well as the section ’Watershed transformation by Flooding’ mostly refer
to the original publication of Watershed transformation [BM93].
A section of f at level i is a set Xi(f) defined as

Xi(f) = {p ∈ Z2 | f(p) ≥ i}. (18)

In the same way, the set Zi(f) may be defined:

Zi(f) = {p ∈ Z2 | f(p) ≤ i} (19)

and accordingly follows
Xi(f) = Zc

i+1(f). (20)

Let X ⊂ Z2 and p, q ∈ X. The geodesic distance dX(p, q) is the shortest path
between p and q, as defined in Figure 8. Let Y ⊆ X. The set of points of X with finite
geodesic distance from Y RX(Y ) := {p ∈ X | ∃q ∈ Y with dX(p, q) is finite} includes
all connected compontents, that are marked by Y .
Let Y be a set of n connected component sets Yi. The geodesic zone of influence

zX(Yi) := {p ∈ X | dX(p, Yi) is finite ∧ ∀j 6= i : dX(p, Yi) < dX(p, Yj)} (21)

is the set of points of X with finite geodesic distance from Yi and closer to Yi than to
any other Yj. Figure 9. The geodesic skeleton of influence of Y in X (SKIZX(Y )) is
given by the boundaries between the various zones of influence:

IZX(Y ) :=
⋃
i

zX(Yi) (22)

and therefore
SKIZX(Y ) := X \ IZX(Y ). (23)
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Figure 8: The geodesic distance d(p,q) between p and q is finite, while the the distance
between p and r as well as q and r is infinite.
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Y3

X

SKIZ

Y4

Figure 9: SKIZ of set Y included in set X. A SKIZ is the amount of pixels, that are
in the set X and have the same geodesic distance to two independent subsets
of X.
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Watershed Transformation by Flooding

The idea behind watershed transformation can be explained easily: A grayscale image,
seen as a topographic surface, has pixel intensities creating heights in the surface. To
obtain this topographic, different methods exist and the most common one for seg-
menting overlapping objects is to take the minima of the gradient magnitude image
and calculate the Euclidean distance map from them. Originally the minima of the gra-
dient magnitude are used, which is the chosen technique for watershed transformation
by flooding.
Pinning holes into the local minima mi(f), one can flood this surface. Whenever

the flood of one minimum starts to overflow its catchment basin and therefore starts
to flood another catchment basin as well, a dam is built to prevent this event. The
resulting dams form in a segmentation.
When imagining this scenario, it becomes clear that each minimum creates a con-

nected region.
Considering a section Zi(f) of f at level i as shown in Figure 10 and supposing

the flood has reached this height, one immediately sees that the flooding of Zi+1(f)
would be performed in the zones of influence of the connected components of Zi(f)
in Zi+1(f). Note, that some connected components of Zi+1(f) are not reached by the
flood of Zi(f) and by definition are minima at level i + 1. Therefore, they must be
added to the flooded area.
Let Wi(f) be the section at level i of the catchment basins of f and mi+1(f) the

minima of the function at height i+ 1:

Wi+1(f) = [IZZ+1(f)(Xi(f))] ∪mi+1(f) (24)

with
mi+1 = Zi+1(f) \RZi+1(f)(Zi(f)). (25)

To initialize this algorithm, W−1 is set as ∅. The algorithm terminates when the wa-
tershed line DL(f) is equal to DL(f) = W c

N(f) with max(f) = N , which means the
flood has reached the highest point of the topographic surface.
In general, watershed segmentation tends to over-segment images, as shown in Figure

11. A solution to this problem can be set aside either through a good pre-processing
step, e.g. finding strong initial markers, also known as marker driven watershed, which
became the dominant morphological segmentation paradigm for some time [Mey12],
or a post-processing step, e.g. merging regions depending on some similarity criteria
[GMS13]. Clearly an over-segmented image cannot deliver a basis for tumor detection.
This is why an integrated approach of watershed segmentation with a post-processing
step using FCM will be examined.
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Zi(f )

Watershed

Minimum at 
level i+1

Zi+1(f )
SKIZ

Figure 10: Watersheds are constructed by using the geodesic SKIZ. Some connected
components, that are minima at level i+1, are added to the flooded area.

Good results in brain segmentation were achieved [KWL+] by assigning the mean
value vi, i = 1, 2, . . . , n, where n is the number of regions, of the associated segment
Ri to each pixel from the original image and using the resulting image as the input for
FCM.

Integrated Watershed Transformation using Fuzzy C-Means

The watershed transformation implemented in OpenCV uses the approach introduced
by Meyer in 1993. It is processed by flooding through minima, but only those minima,
that are selected as foreground [BM93]. Therefore, it is a marker-based approach with
a pre-processing step reducing over-segmentation. Whenever the water reaches a saddle
point of neighboring catchment basins and dams are only built if floods originate from
different markers.
However, in this work, watershed transformation should be used as a pre-processing

step to initialize regions for further segmentation through Fuzzy C-Means. Using the
implementation of OpenCV this can be achieved by first calculating the gradient mag-
nitude of an image, retrieving local minima in the brain image and using those as initial
seeds for watershed transformation. This results in the original version of watershed
transformation and gives another parameter to be discussed, as local minima are only
calculated within a specified distance of the Moor neighborhood.
Just like in FCM, the fuzzy coefficient m is set to 2. The integrated approach should

overcome the following downsides that FCM alone and watershed transformation on its
own have: FCM is the sensitivity to outliers, but those are smoothed by assigning each
pixel the mean value of its region, and through clustering of FCM the over-segmentation
of watershed transformation is set aside.
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Figure 11: Stages of calculating the integrated watershed transformation, from left to
right: The original image, the extracted minima, the oversegmented image,
the resulting segmentation after applying FCM.

5 Experiments
This chapter gives an overview of the procedure and some of the difficulties having
arisen during the programming and calculation.
Programming was carried out in Java 1.8 with the use of the following libraries:

• OpenCV: An open-source library for computer vision and image processing. It
is written in C++, but ported to other languages as well, such as Java, Python,
etc.

• SimpleITK: A simplified open-source version of the National Library of Medicine
Insight Segmentation and Registration Toolkit. Available for various languages.

• Apache POI: Another open-source library, which permits the user to read and
write Microsoft Office documents in Java.

The proposed algorithms only make use of pixel intensities in one image modality.
At first, the original pipeline to process images was as follows:

1. Read the 3D MRI file with SimpleITK and convert it to a 3-dimensional array.

2. Extract slices from the array and simultaneously convert them to a matrix with
the data type Mat, which is provided by OpenCV.

3. Use the Mat as input for the algorithms.

4. Retrieve the resulting labeled matrices, extract the appropriate slice from the
ground-truth MRI and use them as input for an evaluation class.

5. Calculate the Dice-score for the whole tumor for each label and save the best one
in an Excel sheet using Apache POI.

However, this lead to several problems. First test runs made it clear that using a
normal computer for the calculations would take too much time – an approximation of
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220 hours for one run was made, but never quantified. Making use of parallel comput-
ing and a server looked promising. 2D slices were extracted from the 3D MRI files on a
local machine, which took approximately 12 hours on a 2.6GHz dual-core Intel i5 CPU
with multithreading, resulting in around 300.000 2D images. With the new filesystem
and the server set up, run-time still was too high, which was due to the synchronization
of threads when saving the results. This was when it was decided to get rid of Apache
POI and save the results the old-fashioned way, as a .csv-file. Results were saved in
a ConcurrentLinkedQueue as Strings and later re-assembled to a .csv file. This lead
to a huge speed-up and an approximate run-time of 48 hours, which was down to the
number of clusters. Each algorithm was run four times, as the number of clusters be-
tween four and seven should be the most promising. A healthy, skull-stripped brain
has three tissue types: Gray matter, White matter and cerebrospinal fluid. Therefore,
when a tumor is present, it looks different than the rest of brain. When looking at the
substructures of brain tumor, necrosis, edema, non-enhancing tumor and enhancing
tumor, a maximum of seven clusters should result in best performance of the segmen-
tation. The new pipeline was the same as the old one without the first step and a
change in the last step, the writing step.
First experiments showed that using the complete file as an input would lead to poor

results. The number of black pixels affected the cluster outcomes on the one hand and
the marker selection for watershed transformation on the other hand. Extracting only
pixels representing tissue, executing the algorithm on this data of pixels and mapping
the labeled data back to the initial image resulted in much better outcome: K-Means
as well as Fuzzy C-Means did no longer label very dark pixels, which often represent
tumor core, depending on the image volume, the same as the background and therefore
delivered a more accurate clustering.
K-Means and Fuzzy-C-Means require a termination criterion, which can be either a

maximum number of iterations or an error, such that the compactness of the clustering
is below it. In this work, a combination of the two was used: An error of 0.001 and
a maxium amount of iterations of 100000. This watershed transformation requires
an input for the size of the 8-connected neighborhood to be considered to find local
minima for the seeding. This was set to 1. A question to be evaluated is if pre-processing
improves the outcome. This is why median filter was applied in the second run with a
kernelsize of 3.
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Evlauation

To evaluate the algorithms, Dice-Score was used:

Dice = 2 · TP
2 · TP + FP + FN

, (26)

where TP means true positive samples, FP false positive and FN false negative. It
is derived from a combination of precision and recall and was selected for evaluation,
because BRATS compares methods by the Dice-Score as well. An example image can
be seen in Figure 12.
Evaluation of each algorithm was done as follows, for the first run without the first

point:

• Apply median filter to the image.

• Apply the algorithm.

• For each segment: Calculate the Dice-Score.

• Extract the maximum Dice-Score and save it.

To combine all results, the mean, median, first quartile, third quartile, the minimum
and maximum were combined into a boxplot, depending on modalities, the part of the
tumor to be evaluated and the type of the tumor, as seen in Figure 13. The median
is the horizontal dash, the mean the square, the maximum the top most dash and the
minimum, which often converges against 0, the bottom most dash. The first quartile is
seen as the bottom box and means that 25% of samples are in the range between the
median and the bottom dash of the box. The same accounts for the third quartile.
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Figure 12: Calculating the Dice-Score using ground truth of the tumor core (blue and
pink) and the best fitting segment (red and pink). TP is the amount of pixels
labeled as pink, FP the amount of red labeled pixels and FN the amount of
blue labeled pixels.

Figure 13: An example boxplot, showing the pulse of four subjects. Each individual was
metered each hour throughout a day. The black square is the mean pulse
of each subject. The top most dash the maximum pulse, the bottom most
the minimum. The dash in the middle of the box is the median pulse. The
top box means, that 25% of measurements were in the boxrange. The same
accounts for the bottom box.
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6 Discussion
In this section, the performance of the algorithms is evaluated. The best approach is
compared to state-of-the-art methods from BRATS and the possibilities of clustering
are discussed.

6.1 Analysis

The analysis is based on the data from the appendix. The assumption that the optimal
amount of clusters to detect the whole tumor was correct. Best results are obtained
when choosing an amount of four clusters, which separates the image into White Mat-
ter, Gray Matter, cerebrospinal fluid and a fourth cluster for the abnormality, which is
the tumor. An example can be seen in Figure 14. As each modality is used to detect
a specific sub-component of the tumor [BWNR13], a reason why there is such a big
difference in the results of the modalities might be that some components are in gen-
eral smaller than others. When the difference of intensity and the amount of pixels of
that intensity is small, the pixels might be treated as outliers and assigned to another
cluster instead of forming a new one. As a result, the overlap between the best fit-
ting cluster and the ground truth highly depends on the modality and cannot be very
high for all modalities and components at the same time. This shows especially, when
looking at the results of the high grade cases in T1c. This is the only modality that
has better results for the tumor core and enhancing core than the complete tumor and
is therefore used for guiding tumor segmentation in HGG [MJB+15]. This is the first
and most important conclusion of this work. To achieve thorough results, one needs to
consider all image modalities.
In general, state-of-the-art methods struggle to classify the tumor core, which ac-

counts for these algorithms as well, as there is almost no difference in the results of the
modalities showing the best results when looking at the amount of clusters, T1c and
Flair for HGG and T2 and Flair for LGG.
The observations about HGG are likewise for LGG. The only exception is enhancing

tumor, which may be explained by the fact that enhancing tumor is rarely present or
only small in LGG [MJB+15].
Almost all algorithms show extreme outliers. The minima close to zero can be ex-

plained by images that bear only a tiny portion of tumor, resulting in a clustering, that
treats the tumor as an outlier and therefore assigning it to a bigger cluster, as seen
in Figure 15. Another reason might be the occurrence of resections, which are usually
quite evident and result in a poor clustering. The maxima can be explained by easy
cases, in which the portion of tumor in the whole image is relatively big and significant.
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Figure 14: The result of a segmentation using the integrated approach with a number
of clusters of four in Flair for the whole tumor. The best fitting cluster
is labeled red and pink, the ground truth blue and pink. The result is a
Dice-Score of 77%.

Figure 15: A bad segmentation of the enhancing tumor in T1c. The best fitting clus-
ter, labeled blue and pink, holds complete ground truth, labeled pink. The
enhancing tumor was treated as an outlier and therefore labeled to another
cluster.
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Applying the median filter to the images improves the outcome of every algorithm,
which was expected. The impact on the mean nor the median is not very big. Probably,
because the mask was chosen small in order to reduce computational time. Parameter
optimization could improve the effect of the median filter.
In conclusion, pre-processing improves the outcome. Other proposed, more complex

pre-processing steps such as bias-field correction, were rife implemented [BWNR13].
Bias-field is an intensity inhomogeneity caused by physical effects during the recording
of the subject [HVS14].

6.2 Comparison

The comparison of the algorithms is devided into the modalities. First, the high grade
cases are evaluated, than the low grade ones.
Best results for detecting the complete tumor is are achieved by the integrated ap-

proach with C = 4 in Flair and a mean Dice-Score of 55%. All algorithms have similar
results and their quality decreases with increasing number of clusters. The integrated
approach also shows best results in T1c with a mean of 28%, in T2 with a mean of
37% and T1 with a mean of 25%, although the means in T1 are all really similar.
In the task of detecting the tumor core, the best method in Flair is surprisingly the

integrated approach with a number of clusters of six and a mean of 35%, but a median,
that is higher for a number of cluster of seven. As this is qualitatively also the case
for the other modalities, it becomes clear, that the selection of the number of clusters
might not be as trivial as expected.
When looking at the charts for the enhancing tumor, best results are obtained by

a number of clusters of seven. Although it looks like they converge to some optimum,
further research has to be carried out to quantify the best number of clusters for the
active tumor core. The best result is obtained by K-Means in T1c with a number of
clusters of six and a mean of 43%.
The algorithms have similar behavior for the low grade cases. But as described before,

they show extreme results in the cases of the enhancing part, were best results are again
obtained by K-Means in T1c.
When comparing the evaluated methods to state-of-the-art methods, which are de-

veloped by groups of academics from different fields of studies, the best result for each
part of the tumor is taken. For HGG, the wshed4 would be placed third last (55%)
for HGG and twelfth (52%) for LGG in the task of detecting the whole tumor. For
finding the tumor core, the integrated approach with a number of clusters of six would
be placed seventeenth (36%) for HGG and twelfth (35%) for LGG. As the enhancing
tumor is only evaluated for HGG by BRATS, K-Means with a number of clusters of 6
would be placed fifteenth (44%) by making use of T1c.
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6.3 Outlook

The proposed algorithms show average Dice-Scores close to the range of the algorithms
presented by BRATS [MJB+15]. They only segment the image, without classification.
Results reach from almost zero to almost perfect scores. Therefore, the current im-
plementation cannot guarantee a good segmentation, which limits their capability to
classify reliably.
To obtain better results, a post-processing step could be added. [HVS14] took use of

morphological operations to improve Fuzzy C-Means and K-Means, to remove isolated
areas, that were wrongly labeled as tumor.
All algorithms show similar results. This might be, because clustering is carried

out by only making use of the pixel intensities. Clustering one-dimensional data is
comparatively easy, which means, Fuzzy C-Means is not used to its full potential. As it
is the most popular unsupervised technique in medical image segmentation [GMS13],
further research should be carried out towards clustering multi-dimensional data, that
can be obtained by taking all modalities into account.
Parameter optimization needs to be executed as well. As seen in the statistics, the

number of clusters for one cannot be chosen as easy as expected. Developing a pre-
processing technique to find the perfect number of clusters could help, for example
through making use of the intensity histograms.
For high grade glioma, it might be a good idea to start searching for the active

tumor core in T1c and then searching for the other sub-components of tumor in all
modalities taking spatial information into account. Current state-of-the-art algorithms
already make use of spatial information [MJB+15].
Lastly, combining methods seems to improve the outcome. However, the lead of the

integrated approach is so small, that this might show more when segmenting multi-
dimensionally. My proposition for further work on the integrated approach is to first
use watershed-segmentation on each modality separately, than extract a feature vector
from the different modalities, clustering these with Fuzzy C-Means and finally use
morphological operations to isolate tumorous area.
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7 Conclusion
In this work, basics of image processing were introduced. Problems concerning auto-
matic methods for the task of brain tumor segmentation were discussed and a deep
look into state-of-the-art algorithms and possibilities given.
Three algorithms were introduced and applied to the task of brain tumor segmen-

tation. The clustering techniques K-Means, Fuzzy C-Means and a new integrated ap-
proach making use of watershed transformation and Fuzzy C-Means were introduced.
The integrated approach first achieves an over-segmentation that is used as the input
of Fuzzy C-Means.
The algorithms were evaluated on the BRATS data set, as well as a the applying

the median filter before applying the algorithms to the pictures. The dataset provided
by BRATS was explained and two dimensional slices from the three dimensional data
extracted.
The evaluation showed that the proposed methods cannot be used to detect tumor

and its sub-components reliably, because of how they treat outliers, which means in the
task of brain tumor detection, small tumors. They often label tissue that has a similar
pixel intensity, but is spatially far away from the real tumor, wrongly as tumor.
During this work it became clear, why most research groups consist of scientist from

different fields of study. Knowing the clinical procedure to segment tumor can be taken
into account for the development of a method, which state-of-the-art methods often
do, as seen in section 3.
Unfortunately, publications on this topic generally lack information on how they

proceed in detail, which is why it is not possible to re-implement these methods without
extensive research.
As the objective was to quantify the algorithms on a statistically significant data

set, obtaining results took a long time. Technical problems consumed a lot of time as
well, for instance the lack of support of a library on a version of an operating system.
Therefore, improvements on the algorithms could not be carried out, but ideas, such
as post-processing using morphological operations, are given in section 6.
In summary, brain tumor segmentation is still a complex task, that cannot be solved

reliably by using simple clustering. Taking use of different algorithms seems to im-
prove the outcome, but should be further researched. This is proven by state-of-the-art
algoriths that combine complex models, such as Hidden Markov Fields.
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Figure 16: The results for the average Dice-Scores of the methods introduced by
BRATS [MJB+15] for the whole tumor, tumor core and enhancing tumor.
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Figure 17: The Dice-Scores of methods introduced in BRATS [MJB+15]. They also
combined algorithms, called Fused, to obtain better results. On the left are
the results of comparing the labels of raters with raters and raters with the
hierarchical majority vote.
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Figure 18: Results for finding complete high grade glioma without pre-processing (left)
and with (right).
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Figure 19: Results for finding the tumor core of high grade glioma without pre-
processing (left) and with (right).
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Figure 20: Results for finding the active part of high grade glioma without pre-
processing (left) and with (right).
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Figure 21: Results for finding complete low grade glioma without pre-processing (left)
and with (right).



Appendix 50

Figure 22: Results for finding the tumor core of low grade glioma without pre-
processing (left) and with (right).
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Figure 23: Results for finding the active part of low grade glioma without pre-processing
(left) and with (right).
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CD mit Ausarbeitung und Programmcode
Der Arbeit ist eine CD mit digitaler Fassung der Arbeit beigelegt. Zudem befinden sich
auf der CD der Programmcode und das benutzte Datenset.
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