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1. Introduction 

Nowadays the modern medical diagnosis is unthinkable without using medical 
imaging. The outstanding development of atomic physics in the 20th century made it possible 
for the physician (doctor) to look inside the patient's body and to locate its structures and 
possible malformations. As time went by, the growing knowledge concerning the biological 
effects of physical phenomena revealed the necessity of such imaging techniques, which: 

• do not need actual penetration of the body; 

• do not cause pain or discomfort to the patient; 

• have minimized side effects (e.g. radiation). 

These conditions are mostly fulfilled by magnetic resonance imaging (MRI) and 
ultrasound imaging.  

The extremely fast evolution of personal computers, mostly from the point of view of 
computation speed and storage space, enabled us to perform algorithms having hard 
computational load and processing huge amounts of data. For example, the processing of a set 
of MRI slices or cross sections, belongs to this category. Modern medical imaging software 
packages require such algorithms, which can perform image segmentation and interpretation 
efficiently, accurately, and automatically, without relevant amount of human interaction.   

Medical image processing contains several processing steps: beginning with the 
procedures assisting the image formation, and continuing with posterior image enhancement 
(filtering, contrast enhancement, inhomogeneity compensation), image registration 
(integration of several 2-D images into a 3-D volume, by detecting their relative position with 
each other) and segmentation (distinguishing the objects from each other or from background 
within 2-D images or 3-D volumes), and the interpretation of the recognized and localized 
objects.  

 With this work I intend to contribute to the development of image segmentation 
techniques and the supporting theories, by introducing new algorithms and procedures. Of 
course, the final product of my individual work cannot compete with imaging systems 
developed by multinational companies investing thousands of man-years of effort, but the 
efficiency and accuracy of image processing algorithms that stand behind such products still 
can be and still need to be improved. My basic research activity concentrates on novelties in 
clustering theory, and as an application of them, I will propose some efficient and accurate 
medical image processing methods.  

 

2. Main Goals of the Research 

 The first part of my research work, concerning clustering theory, had the following 
main goals: 

• to evaluate the properties of clustering algorithms that use fuzzy and 
possibilistic partitions, especially in case of c-means clustering models [9, 10]; 

• to study the properties of existing hybrid c-means clustering schemes (e.g. 
FCM-PCM hybrids introduced by Pal et al. [40], or the suppressed FCM (s-
FCM) of Fan et al. [15]); 

• to propose novel efficient and accurate hybrid c-means clustering models; 
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• to create new procedures for the optimal choice of system parameters; 

• to create alternate implementation schemes of the hybrid c-means model (e.g.. 
low memory usage, hardware oriented, etc.); 

• to propose an alternate suppression scheme instead of the s-FCM algorithm, 
that can be called optimal from a rigorous mathematical point of view. 

In the field of applications, I had the following main goals: 

• to create an accurate and efficient algorithm for a quick segmentation of MRI 
images contaminated with high frequency noises; 

• to create an accurate and efficient algorithm for inhomogeneity compensation 
and segmentation of MRI images; 

• to design and implement a novel virtual endoscopy system, which can create 3-
D views from 2-D cross sections of the human body produced with MRI 
technology, giving the physician the possibility to interactively navigate and 
measure distances, areas and volumes.  

 

3. Related Works 

Shortly after the introduction of fuzzy logic, by Zadeh [56] in 1965, several 
application fields emerged and they continued to grow and multiply with time: control 
systems (Mamdani and Assilian [30], Takagi and Sugeno [50], Kóczy [24]), intelligent 
cooperative robot systems (Kim et al. [22], Baranyi et al. [7]), speech recognition (de Mori 
[35]), computer vision and image processing (Han, Kóczy et al [16]), portfolio management 
systems (Tanaka et al. [51]), medical diagnosis systems (Sánchez [46]). 

Data clustering was one of the first research fields, where the fuzzy set theory received 
its applications. In 1969 Ruspini introduced the fuzzy partition into clustering theory [45], 
allowing each input vector to belong to several classes with different degrees of membership. 
The first formulation of fuzzy clustering was given by Dunn [14] in 1974, and later it was 
extended by Bezdek [9] to more general cases in 1981, by establishing the well-known fuzzy 
c-means (FCM) algorithm. The novelty of FCM consisted in the fuzzyfication parameter m, 
which could control the fuzzyness of the system. 

 The FCM algorithm represented a significant step ahead, with respect to the hard c-
means or k-means clustering models [31] that use the traditional logic. The HCM converges 
as soon as no input vector moves from a cluster to another in a single iteration, because the 
prototypes don’t change either. This sudden stop determines the low accuracy of HCM. On 
the other hand, the cluster prototypes of FCM do change in every iteration, which can make 
the partitions finer. However, this fine tuning of the partitions usually takes several iteration, 
making FCM definitely slower than HCM. Although FCM avoided some of the disadvantages 
of HCM, a few of these properties still persist. For example, the high sensitivity to outliers is 
present in both FCM and HCM. Further on, Bezdek’s FCM formulation does not allow 
clusters to have different variances. 

Mostly these were the main reasons of Krishnapuram and Keller to introduce their c-
means clustering algorithm based on a possibilistic approach (possibilistic c-means, PCM) 
[26]. In their consideration the probabilistic constraint of FCM, which assures that the sum of 
the degrees of membership to which a given datum belongs to different classes equals one, is 
a too strong limitation. That is why PCM relaxes this constraint and introduces the notion of 
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typicality, which indicates the compatibility of input data with clusters. According to this 
logic, for each input vector there must be at least one class to which its typicality is larger than 
zero, and no input vector can have maximal typicality with respect to all classes. From the 
other side, each class must have at least one vector with nonzero typicality. With this change, 
the creators of PCM succeeded to combat the sensitivity to outliers. However, the very often 
met tendency of possibilistic clusters to merge together revealed, that the basic PCM 
algorithm is far from perfect. This cluster merging is caused by the total independence of 
cluster prototypes [6, 8]. 

This latter problem received several solutions. For example, Timm et al [52] 
introduced an extra term into the cost function of PCM, which sets up a repulsive force 
between every couple of prototypes, whose strength reduces with distance. With this effort, 
the authors managed to avoid the merging of clusters, but also caused unnecessary drifts of 
the prototypes. Pal et al. [39, 40] saw the solution in creating FCM-PCM hybrids: they 
introduced several versions, because the first one was mistaken. The latest version contains 
two independent parameters to define the amount of PCM and FCM within the hybrid, while 
one of these parameters also has an effect upon cluster variances. 

Meanwhile, in 2003 Fan et al [15] made it clear with their suppressed FCM algorithm, 
that there is a good reason to mix FCM with HCM, too: it is possible to speed up the 
convergence without losing the partition quality of FCM. They modified FCM by introducing 
a competition among the clusters: every time a vector is presented to the algorithm, the cluster 
prototype situated the closest is declared winner. The fuzzy memberships provided by FCM 
are modified by raising the membership of the winner in the detriment of the others, but 
keeping the probability constraint. The authors proved the utility of their proposal, but they 
failed to clarify several questions (e.g. optimality, or the nature of the introduced 
competition). Recently, Xie et al. [55] published a different clustering model, which achieves 
the same kind of suppression with a completely different formulation: similarly to the support 
vector machines (SVM) [54], they assure a preestablished minimum difference between 
winner and non-winner membership values. 

  

4. The Proposed Hybrid Clustering Model 

 Based on the efforts of Pal et al. to combine FCM with PCM [40], and the results of 
Fan et al. with quasi FCM-HCM mixtures [15], I have formulated a more complex hybrid 
clustering model, which incorporates all three basic c-means clustering algorithms to a given 
degree. These degrees are controlled by two parameters: α is responsible for the ratio of FCM 
and HCM components, while parameter β fixes the mixture ratio between PCM and 
FCM+HCM. This hybrid model optimizes the following objective function [L4, L23]: 
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where n is the number of input vectors, c is the preestablished number of classes, iku , ikt  and 

ikh  are the fuzzy membership, typicality value, and hard clustering label, respectively, 
established between vector number k and cluster number i, ikd  is the dissimilarity between 
vector number k and cluster prototype number i, iη  is the parameter that controls the variance 
of cluster number i, m is Bezdek’s fuzzy exponent [9], while p is the similar exponent value 
assigned to the possibilistic term. 
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Fig. 1. Parametrization of the proposed hybrid clustering model, its domain of definition with 

special cases at the boundary and corners 
 

Figure 1. shows the definition domain of the two tradeoff parameters: α and β values 
range from 0 to 1; in case of 0=β , the value of α is irrelevant. This kind of domain can be 
efficiently depicted in a sector of a circle.  

Some specific parametrization schemes reduce the proposed hybrid model to 
algorithms known from the literature. These are indicated by Fig. 1.:  

• 0=β  in case of any ]1,0[∈α  means pure PCM algorithm 

• 1=β  and 0=α  reduces the hybrid to HCM clustering 

• 1=β  and 1=α  takes us back to Bezdek’s FCM model 

• 1=α  and ]1,0[∈β  results in the PFCM algorithm proposed by Pal et al [40], 
where β controls the tradeoff between PCM and FCM  

• 1=β  and ]1,0[∈α  means a clustering model free from possibilistic component, 
that is, an FCM-HCM mixture, which is not identical with the s-FCM of Fan et al. 
[15] (see evidence later). This parameter setting will lead to the optimally 
suppressed FCM algorithm (Os-FCM) proposed in this thesis 

• Any further )1,0(∈α  and )1,0(∈β  will lead to a novel mixture of the three basic 
components. 

I have extended Bezdek’s alternating optimization scheme [9] based on Lagrange 
multipliers to find the minimum of the proposed objective function, so the clustering can be 
simply executed using a deterministic iterative algorithm, whose stopping criterion evaluates 
the changes in the cluster prototypes during the latest iteration. 
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The performance of the proposed clustering model has been evaluated using several 
types of input data:  

a. Segmentation of MR brain images, consisting of large amount of scalar data 

b. IRIS DATA [2] consisting of 150 four dimensional vectors 

c. WINE DATA [4] was applied to test the algorithm in multidimensional 
environment. 

 
Fig. 2. Clustering accuracy of the IRIS data, plotted against α and β,  

using “ideal” iη  values ( 1=κ ), and other values 5.2=κ  and 5=κ  

  

 Based on series of numerical tests I have established how to choose the model 
parameter values, in order to get a stable and accurate solution in shortest possible execution 
time. According to the formula of Krishnapuram and Keller [26], the iη  values provided by 
setting 1=κ  I named ideal ones.  

In order to establish the parameter that is most responsible for the accuracy, I have 
introduced a sector-of-circle shaped diagram, which represents regions of different 
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classification scores with different shades of gray. Darker regions are the more accurate ones. 
Figure 2. shows a few such representations. 

From Fig. 2, and the other similar ones, which can be found in Figs. 2.5.-2.7 of the 
Thesis, it has been established, that iη  (and consequently κ  values) highly influence the 
optimal  β value: larger iη  values drift the high accuracy zones towards the outer zones of the 
circle, but also weaken the best possible accuracy.  

When establishing the optimal parameter values, I have considered two more factors: 
the speed (represented by the amount of necessary iterations to achieve a given level of 
convergence), and the stability or reproducibility of the result (indicated by a simple cluster 
validity index that reflects the shortest distance found between any two cluster prototypes). 
Figure 3 is a representation of necessary cycles of the hybrid algorithm, plotted against α and 
β, at two different resolutions. It has been found, that the number of cycles has an absolute 
maximum value on the 1=α  axis, whose position mainly depends on the value of κ . For the 
sake of processing speed, this maximum point has to be avoided. 

Based on several test series, I have made the following recommendation for parameter 
choice: ]2,1[∈κ , ]2.0,075.0[∈β , ]75.0,25.0[∈α . 

 

 
Fig. 3. Number of necessary iterations, plotted against the tradeoff parameters, at two 

different resolutions 

 

 I have proposed a different formulation to the hybrid clustering model, which 
drastically reduces the memory requirements, by dropping the partition matrices and 
computing only those sums, which contribute to the computation of the new cluster prototype 
at the and of the cycle. Using this concept, not only the memory storage is reduced, but also 
the execution time [25], because of the excluded load and store commands. This kind of 
algorithms with low memory requirements are suitable for hardware implementation [3]. 

In 1995, Hathaway et al [17] introduced some reformulated versions of all three 
classical c-means clustering problems, by eliminating the partition matrix values from the 
objective functions. Thus they drastically reduced the searching space, making these 
equivalent alternative algorithms suitable for minimization via evolutionary computation. 
Following this concept, I have implemented a genetic algorithm, which performs the hybrid 
clustering alternatively. This algorithm shows lower stability, generally gives worse clustering 
score than the deterministic AO scheme, but the obtained results support most of the 
conclusions and recommendations found earlier. Further on, with this genetic solution, 
sometimes we find very accurate partitions (see Fig. 2.16. of the Thesis), but they are very 
hard to reproduce. 
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As it was mentioned earlier, the suppressed FCM algorithm was introduced by Fan et 
al. [15], as the authors wanted to intuitively create some parametrized algorithm that is 
situated somewhere between FCM and HCM. Their method modifies the fuzzy membership 
values given by the FCM formula, and use these modified ones when computing the new 
cluster prototypes. The authors set up a competition among clusters for each vector presented 
to the algorithm: in each case it is established, which cluster is the winner (the closest one), 
the non-winner memberships are suppressed via multiplying them with a suppression rate α  
situated between 0 and 1, and giving all suppressed parts to the winner prototype. This extra 
step doesn’t hurt the probabilistic constraint, as the sum of the modified memberships is still 
1. The declared main goal of s-FCM was to drift the FCM clustering towards the HCM, which 
practices a winner-takes-all competition, and thus its convergence will accelerate. The authors 
have proved the validity of their ideas via numerical simulations. Further successful 
applications appeared in medical image segmentation [18], but the s-FCM algorithm is not a 
pure FCM-HCM mixture in any of the points situated inside the )1,0(∈α  interval. 

The main merit of the s-FCM algorithm is that it proved there is a reason to investigate 
FCM-HCM mixtures. The authors established no mathematical relation regarding the 
competitivity of their method. The question of rigorous mathematical optimality did not even 
emerge. 

From a classical point of view, s-FCM cannot be called a competitive algorithm: their 
behavior differs significantly. In a competitive algorithm, the winner cluster makes a step 
towards the won input vector, according to the preestablished, monotonically decreasing 
learning rate (possibly the non-winner prototypes also make a step, but definitely shorter one). 
In comparison, s-FCM modifies its cluster prototypes based on all input vector, according to 
the result of all competitions performed in the given iteration. I have realized and analytically 
proved, that the proportional suppression of non-winner memberships in case of s-FCM is 
equivalent to taking in consideration the winner just as it were closer by a certain distance 
than it really is. This virtually shortened distance can be characterized by a quasi learning rate, 
whose mathematical formula I have computed. The obtained formula is:  
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where wu is the value of the winner fuzzy membership in the current competition [L3, L5]. It 
was expected to receive a formula that depends on Bezdek’s fuzzy exponent m, and the 
suppression rate α , but the presence of wu  makes the phenomenon’s evaluation harder. 
Figure 4. shows the graph of the quasi learning rate in two different plots: Fig. 4(a) uses 
constant 8.0=wu  values and represents the learning rate against α , for different m values; 
Fig. 4(b) fixes the fuzzy exponent to its most popular value ( 2=m ), and plots the learning 
rate against α , for different values of the winner membership wu . 

 In order to call s-FCM an optimal algorithm, from the rigorous point of view of 
mathematicians, it is necessary to find a cost function, whose alternative optimization 
formulae obtained from the zero crossing of its partial derivatives or Lagrange multipliers 
problem, give the modified fuzzy memberships produced by s-FCM and compute the new 
cluster prototypes accordingly. Unfortunately, this kind of function we found only for the case 
represented by the constraint 1=α , that is, FCM’s objective function introduced by Bezdek. 
The cost function of HCM satisfies the conditions for the case 0=α ; however this function is 
not differentiable with respect to the crisp membership variable, because it’s not even 
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continuous. The analytical formula valid in all cases between these two extremes, is not easily 
accessible. I have found a function, which satisfies the condition of modified memberships, 
but the prototype update rule turns out to be different. Based on all these, it is very probable, 
that the analytical objective function of Fan’s s-FCM algorithm doesn’t exist. In the 
followings, we propose an optimally suppressed FCM (Os-FCM) algorithm, whose objective 
function we receive from the hybrid model by setting 1=β , which  excludes the presence of 
PCM terms. In other words, we receive a parametrized objective function, which mixes HCM 
and FCM using a parameter α , in the same direction as s-FCM does. This function really 
implements a pure mixture of FCM and HCM objective functions. 

 

 
Fig. 4. The quasi learning rate of the suppressed FCM algorithm: (a) at fixed 8.0=wu , (b) at 

fixed 2=m  value 

 
Fig. 5. The quasi learning rate of the Os-FCM algorithm at  

constant fuzzy exponent value ( 2=m )  

 

The alternating optimization scheme of Os-FCM algorithm is inherited from the 
hybrid model. We tried to analytically compute the quasi learning rate of Os-FCM, which was 
only possible if we fix the fuzzy exponent to its popular 2=m  value. The learning rate we 
obtain is [L3, L5]: 
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The graphical representation of this function is shown in Fig. 5. The graphs show high 
similarity to the curves in Fig. 4(b), which suggest that the algorithm may behave similarly.  

 

 Several numerical tests were carried out using the IRIS DATA and WINE DATA, in 
order to make a thorough comparative study of s-FCM’s and Os-FCM’s behavior. The most 
important conclusion is that there is no relevant difference between the two performances, 
neither in the number of necessary iterations, nor in the classification score. Moreover, not 
only the values are similar, but the graphical representation of test results (see Fig. 6.) show a 
remarkable similarity, which suggests that there is a relation (net equality) between the two 
suppression rate, that makes the two algorithms most similar to each other. However, the 
equivalence of the two algorithms is only possible at 1=m , but this is the case of HCM 
algorithm where there is nothing to suppress, as non-winner memberships are zero by default. 

  

 
Fig. 6. Functional comparison of the s-FCM and Os-FCM algorithms 

 

 Based on all presented so far, we can assert that the optimality of the s-FCM algorithm 
doesn’t have a rigorous support, but it is still suitable for efficient and accurate classification. 
At the same time, we can say, that s-FCM’s performance rely on nothing but a simple 
intuition, that is why I recommend using the optimally suppressed FCM algorithm instead, or 
a hybrid model having its β value close to 1. 

 

5. Novel Image Processing Methods  

 During my research, I have concentrated the development of image processing 
methods for MR images, most of the filters I have created are designed aiming at high 
accuracy of MR image segmentation. The classifier and segmentation algorithms, on their 
turn, are easily adaptable to other sorts of images, only the feature vector that characterizes 
each pixel should change. 

 For the segmentation of MR images containing only a neglectable amount of 
inhomogeneity, but contaminated with high frequency noises, I have created a fast method, 
which performs a context sensitive filtering and a histogram-based quick classification [L14, 
L20]. The goal of the filter is to efficiently suppress the so-called „salt-and-pepper” noise and 
Gaussian white noise from the image; in other words, to improve the signal-to-noise ratio of 



 12

the image [5]. The main idea of the filter is to perform an adaptive filtering using a 3×3 or 
5×5 neighborhood of the pixel. The adaptive filter contains a box-filter-like step to assure the 
removal of extreme values from the neighborhood, and then performs a low-pass filtering 
with weights computed depending on two criteria: 

• How far is the neighbor pixel from the current pixel? 

• What is the gray level difference of the neighbor pixel and the current pixel? 

In case of both parameters, larges differences result in lower weights: the physical distance 
decreases the weights exponentially, while the intensity difference counts according to a bell-
shaped function. The intensity of the current pixel is taken into consideration or not, based on 
its reliabily. This reliability is decided by the box filter. Finally, the weights received this way 
are normalized before application [L2, L8, L9].  

 Once having obtained the filtered image, its histogram is computed, and the FCM 
classification is applied upon the histogram data. With this method, we can quickly achieve an 
accurately segmented image. The fast classification is assured by the fact, that in an intensity 
image, the number of colors is much lower than the number of pixels. Clustering based on a 
histogram makes it possible to classify the colors instead of the pixels themselves [L16, L18, 
L19, L20]. Further on, I have computed the optimal value of the fuzzy exponent which 
assures linear variation of pixel intensity in case of partial volume effect. The optimal value is 

3=m . 

 For MRI image segmentation in the presence of high amplitude inhomogeneity, I have 
created a multi-stage FCM-based approach and implemented two different versions of it. The 
compensation is performed at the same time with the segmentation: in each iteration the 
inhomogeneity is estimated and compensated, and the pixels of the corrected images clustered 
to different tissue types.   

 Fuzzy clustering has already been proposed for inhomogeneity estimation [1, 41, 42, 
49, 54, 52]. The efficiency of their procedure drastically reduces at a given signal-to-noise 
ratio.  In order to handle this kind of cases, I have introduced a multiple stage compensation: 
when the convergence is reached after 20-60 iterations, the estimated noise is removed from 
the input image, and the next stage will compensate and segment this corrected image. 
Experiments show, that in case of T1-weighed brain MR images, classified to 3 tissue types 
(white matter, gray matter cerebro-spinal fluid), two stages are enough even at the maximum 
noise level that doesn’t cause image saturation. 

  The algorithm has two slightly different solutions, both having about the same 
efficiency. They differ in the way of treating the noise: one of them models it additively, the 
other treats it as a gain field. The inhomogeneity of MR images is a slowly varying 
phenomenon that makes some parts of the image look darker than others. The amplitude of 
this noise is sometimes very high. Correct classification using simple FCM algorithms is 
impossible to be applied for such cases. Inhomogeneity estimation using a modified FCM 
formulation is possible, however, but the estimated noise needs a strong averaging filter to 
assure its slow variation in space. This low-pass averaging filter has to be strong enough to 
blur all patterns, textures and edges of the image. On the other hand, this averaging needs an 
upper limit, otherwise inhomogeneity gets totally equalized among pixels, resulting no 
compensation. Literature recommends different sized Gaussian or uniform averaging filtering 
applied once or several times in each iteration. I have proposed a context sensitive averaging 
filter for noise blurring, which decides the necessity of further averaging locally, based on a 
morphological criterion that compares the morphological gradient of the current estimated 
noise with a predefined constant threshold. The proposed modification reduced the 
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misclassification rates by 20-30%. The averaging filter is implemented using quick, batch-
mode image processing commands [L6, L12]. 

 In order to improve the performance of the inhomogeneity estimation and 
compensation algorithm, I have replaced the FCM algorithm with the proposed hybrid 
clustering model. As a direct consequence, the number of computed iterations is reduced by 
45%, while the execution time of the algorithm by 38%. Furthermore, I have achieved 16-
18% reduction in misclassification rates, that is, the accuracy of segmentation is significantly 
better. Figure 7 shows the result of an inhomogeneity correction and MR image segmentation. 

 
Fig. 7. Segmentation of MRI image contaminated with inhomogeneity: (a) original; (b) 

segmented without compensation; (c) segmented with compensation 

 

6. Virtual Endoscopy  

Conventional endoscopy is a medical imaging modality, which requires a penetration 
inside the human body. Usually a small device is introduced into the cavity or hollow organ 
that needs investigation, where it can create some images that enable the physician to 
establish the diagnosis. This intrusion usually causes pain, or at least discomforts the patient, 
who consequently needs some kind of sedation or anaesthesia.  

Recent advances in computer technology, imaging techniques, and computer graphics 
tools, enabled the researcher community to develop a more patient-friendly way of diagnosing 
inner anomalies. A virtual endoscope creates 3-D inner views of the human body based on 
image data collected with computed tomography (CT) techniques, without actual penetration.  
Literature contains several virtual endoscopy applications, most of which concentrate on 
anomalies of the colon [34, 36], blood vessels [23] and airways of the lung [19].  

During my research work, I have conceptualized an own virtual endoscope model, and 
implemented it based on the clustering and image segmentation results, using several further 
image processing and computer graphics procedures: 

• For each type of studied tissue, I have created a so-called region indicator scalar field, 
in order to be able to easily distinguish the outside from the inside of a region. The 
formula of the region indicator field is )()( 21 s

ik
s

ik uR −= , where )(s
iku  is the fuzzy or 

hybrid membership associated with the pixel number k from slice s, and cluster 
number i. The region indicator field is negative inside the region, positive outside, 
while the boundary surface of the region is sought as the collection of points satisfying 

0)( =s
ikR . This kind of problems are easily solved by level set methods. 
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• As a first approximation, I have employed the corrected marching cube algorithm [27, 
37] to detect the zero level set of the region indicator fields. If a more exact surface is 
required, we can employ geometrical contour models [11, 12, 21, 28, 30, 32, 38, 43, 
47, 48, L10, L11]  or even active shape or appearance models [13, L34]. 

• The reconstructed 3D surface consists of small surface elements. For example, in case 
of brain MR slices and enhanced marching cube algorithm we receive a huge set of 
triangles. In order to visualize this kind of large collections, I have turned to OpenGL 
technology, which not only shows the view composed from the collection of triangles, 
but also has an automatic procedure of bending triangles, which makes the cortical 
surface quite smooth (see Fig. 8). 

• Using the implemented virtual endoscope software system, the user (physician) has 
the possibility to interactively navigate through the visualized 3-D structures 
(translation, rotation, orientation of the camera), and to quantify different physical 
measures like distances, areas, volumes, etc. [L10, L11, L17], based on the known 
resolution of the MRI records [16]. 

 
Fig. 8. An inner view of the human brain, produced by the implemented virtual endoscope 

 

7. Contributions 

1. Thesis Group: Contributions to the Development of c-Means Clustering Models  
1.1. As an extension to the theory of fuzzy c-means clustering (FCM) and possibilistic 

c-means clustering (PCM), I have proposed a hybrid clustering model that besides 
FCM and PCM also contains hard clustering (HCM). These three components are 
weighted using two tradeoff parameters α and β. By performing several tests I 
found the proposed algorithm robust and fast, and it provides high quality 
partitions within most part of the weighting parameter domain [L4, L23]. 

1.2. I have evaluated the behavior and the performance of the proposed hybrid 
clustering model within the whole α – β domain involving relevant parameters 
like misclassification rate and expected number of iterations. Based on this study, 
I have established the rules of choosing suitable weighting parameters α and β  

1.3. I have formulated a reduced memory usage version of the hybrid c-means 
clustering model. Memory reduction is achieved via not storing partition matrices, 
and computing those sums instead, which contribute to the computation of cluster 
prototypes. Memory usage can be reduced by three or four orders of magnitude, 
while in case of high amount of data the algorithm will also perform better against 
the clock [L23]. 
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1.4. I have performed a thorough analysis of the suppressed FCM clustering algorithm 
(s-FCM) and I have established the formula of its quasi-competitive behavior. 
Based on the similarity of s-FCM with a special case of the proposed hybrid c-
means clustering model, I have proposed an optimally suppressed FCM algorithm 
[L3, L5]. 

 

2. Thesis Group: Medical Image Segmentation Using FCM-Based Algorithms 
2.1.  I have proposed a fast and robust histogram based automatic classification 

method for brain MR image filtering and segmentation. The MR image is 
previously filtered using an adaptive context sensitive low pass filtering technique 
that uses spatial and gray level constraints when locally establishing its weights.     
This procedure successfully eliminates impulse and Gaussian noises, and reduces 
the execution time of the classification by 1-2 orders of magnitude, with respect to 
other FCM-based methods [L2, L7-L11, L19].  

2.2. Using analytical computations, I have established an optimal value of the fuzzy 
exponent m, so that the degrees of membership provided by the FCM algorithm 
accurately estimate the structure of pixels contaminated with partial volume effect 
[L7, L13]. 

2.3.  I have proposed two similar formulations of a multiple stage compensation and 
segmentation algorithm for MR images with inhomogeneous intensity. These 
algorithms can accurately handle cases with extremely low signal-to-noise ratio 
[L6, L12]. 

2.4. I have applied the hybrid c-means clustering model for MR brain image 
segmentation. The hybrid model performs quicker and produces better partitions 
than its ancestors [L23]. 

 

3. Thesis Group: Virtual Endoscopy 
3.1. I have formulated an own concept of a virtual endoscope model, and I have 

created its 3-D surface reconstruction algorithm based on 2-D cross sections 
segmented with the FCM or the hybrid model [L10, L11, L14]. 

3.2. I have implemented the virtual endoscope software system, which provides 3-D 
views according to an interactive navigation, and is capable to approximate 
important physical measures [L10]. 

 

8. Benefits of the Research Results 

The proposed hybrid c-means clustering model is universal: it can be applied to 
classify any kind of vectorial data, for which the weighted averaging operation is possible, has 
a meaning. This condition is satisfied by most pattern recognition problems.  

The image processing methods and tools have been tested in clinical practice at the 
County Medical Clinic of Târgu Mureş, Romania, and appreciated by the medical staff. 
However, large scale usage of the developed methods could be possible only if they were 
implemented into embedded software systems. 
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  The results of the research have been integrated into the educational system of both 
Budapest University of Technology and Economics, within the scope of biomedical 
engineering education [L21], and Sapientia University of Transylvania (image processing, 
pattern recognition, biomedical systems). In the last three years, five engineering diploma 
works were carried out with topics closely related to this thesis. 

 In the future, I will attempt to find useful applications for the proposed hybrid 
clustering model in other scientific fields. I will continue the applied researches based on the 
algorithms presented [L15, L22]. Furthermore, I am planning to improve my MR image 
segmentation algorithm, making use of the edges in the image. 
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