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Abstract  

Computed tomography (CT) is gaining widespread usage 
as an aid to tuberculous meningitis (TBM) diagnosis for 
the examination of a number of visual indicators of the 
disease. We present an algorithm that uses modified 
fuzzy c-means clustering to segment CT images of the 
brain into various tissue types. The end result is that 
hyperdense areas of the brain are delineated, which aids 
the radiologist in the diagnosis of TBM.  
 

1. Introduction 
The rise in HIV infection in South Africa has lead to an 
increase in cases of Tuberculous Meningitis (TBM) in 
children. The disease can lead to serious brain damage 
and death and is difficult to diagnose due to the presence 
of many non-specific symptoms. The gold standard in 
testing relies on culturing of the TBM virus; 
unfortunately the incubation time is four weeks, which is 
too long for a patient to wait without treatment. The use 
of Computed Tomography (CT) to detect the disease is 
speeding up diagnosis and improving prognosis. A new 
sign associated with TBM, namely hyperdensity in the 
basal areas of the brain in pre-contrast scans, has been 
observed by Dr S Andronikou. A hyperdense area is an 
area of tissue that has increased density, or increased 
intensity on CT scans, compared to the surrounding 
tissue. The technique avoids invasive contrast 
enhancement and is unique to TBM.  
 
The use of clustering techniques in order to separate brain 
CT images into their separate tissue types will result in 
abnormal tissue being easier to identify and assist 
radiologists with their diagnosis. The fuzzy c-means 
clustering algorithm forms the basis of the segmentation 
method presented in this paper. 
 
1.1 Image Segmentation 
Many segmentation methods are available for clustering 
images into principle components. The problem with 
most hard clustering techniques such as k-means 
clustering, is that they do not take into account 
uncertainty in an image, leading to inaccurate clustering. 
In a study by Nevin et al (1998), comparisons were made 
of different clustering methods, by quoting results from 
various papers. The classical methods, such as 
thresholding and edge based techniques were the least 

successful methods of segmenting medical images. 
Statistical methods were an improvement, but were 
highly affected by noise. The use of neural networks 
proved to be superior to the classical and statistical 
methods, but still had problems with uncertainty. The 
method of segmentation that was most effective for 
medical images, was fuzzy clustering. 
 
1.2 Fuzzy Logic 
Fuzzy sets were first introduced by Zadeh (1965) as a 
way of representing uncertainty or vagueness in real 
world problems. Fuzzy models essentially attempt to 
capture and quantify non-random imprecision (Bezdek et 
al, 1992).  
 
Fuzzy sets have a way of representing imprecise data by 
mapping each number in the set into the interval [0:1]. 
For an example relevant to this paper we look at the case 
of a CT image. The image is made up of a number of 
pixels having different grey values. Each pixel can be 
regarded as having a value that represents its fuzzy 
membership to the set. The borders of the set are 0 which 
represents the colour white, and 1 which represents black. 
Therefore a pixel having grey value 0.8 has a high fuzzy 
membership to the colour black. 
 
1.3 Fuzzy Clustering 
Cluster analysis is based on partitioning data into a 
number of subgroups or clusters. The objects located 
within each cluster must show a degree of similarity. In 
hard clustering such a k-means, each point in the data is 
assigned to only one cluster. With the use of fuzzy 
clustering, each pixel has some degree of membership to 
each cluster. The degree of membership is an indication 
of how similar or close a pixel is to some criterion (Gath 
and Geva, 1989). 
 
The advantage of the fuzzy c-means over other methods 
of segmentation such as classical and statistical methods, 
is that the algorithm does not require any prior knowledge 
of the data and it is fairly robust to noisy data. 
 
 
 



2. Methods 
2.1 Fuzzy c-means clustering 
The fuzzy c-means algorithm by Bezdek et al (1973) is 
based on minimization of the following objective 
function, with respect to U, a fuzzy c-partition of the data 
set X, and to V, a set of cluster prototypes. 
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Where q is any real number greater than 1 and is a 
weighting exponent on each fuzzy membership. Xj is the 
jth m-dimensional feature vector, Vi is the centroid of the 
ith cluster. uij is the degree of membership of the data 
point Xj in the ith cluster,  ( )ij VXd ,2  is any distance 
measure between the cluster centre Vi  and the data point 
Xj ,  N is the number of data points , and finally  K is the 
number of clusters. 
 
To create a fuzzy partition of the data, iterative 
optimization of the above equation needs to be carried 
out. This is done by the following steps: 

1. Choose primary cluster centres Vi   
2. Compute the degree of membership of each data 

point to all the clusters. Membership is 
calculated from equation 2 below: 
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Where q adjusts the fuzziness of the equation, for q 
=1 it becomes the simple k-means algorithm. A value 
of q =2 was used in the algorithm 

3. Compute new cluster centres iV̂   according to 
equation 3 below: 
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Once the new clusters have been calculated, the degree of 
fuzzy membership must be updated from uij to ijû  

Check the termination criterion to determine whether 
another iteration is required. The criterion is given by the 
equation:  

max ijij uu ˆ−  < � ,  

where � is a termination criterion between 0 and 1.  

Once the error criterion is reached, the iterative process is 
complete and the data is separated into a fuzzy partition. 
From equation 2, when calculating the degree of fuzzy 
membership, the distance measure ( )ij VXd ,2  is used. 
When the distance measure represents the Euclidean 
distance, the fuzzy c-means algorithm is what results. 
 
2.2 Fuzzy Maximum likelihood estimation  
To increase the accuracy of the segmentation, especially 
in images where the clusters have differing densities and 
the number of points are not equally distributed, the use 
of the fuzzy maximum likelihood estimation algorithm 
(FMLE) yields better results. The algorithm was proposed 
by Gath and Geva (1989). It combines statistical 
clustering methods with fuzzy logic, yielding an 
improved overall algorithm. 
 
The FMLE has the advantage of being more robust to 
noise, but needs well defined starting clusters as it 
searches for an optimum in a very narrow local region. 
Therefore the fuzzy c-means algorithm is first run in 
order to calculate good starting clusters before executing 
the FMLE. 
 
The FMLE algorithm is very similar to the fuzzy c-
means, with the main difference being that the distance 
measure ( )ij VXd ,2  is no longer the Euclidean distance but 
changes to an exponential distance measure. This new 
distance is used to calculate h(i|Xj), the posterior 
probability. 
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where Fi is the fuzzy covariance matrix of the ith cluster:  
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and Pi is the a priori probability of selecting the ith 
cluster: 
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The algorithm follows the same procedure with equation 
(2) being replaced by equation (4) and the additional 
equation (7) being calculated in step 3 of the algorithm.  
 



 
Figure 1: (a) CT brain scan of a normal child. (b) to (d) results of fuzzy clustering into different tissue types. (b) skull, 
(c) ventricles and (d) brain matter 
 
2.3 Cluster Validity 
 
Due to the nature of the CT images, it is difficult to know 
how many clusters the image requires for segmentation. 
A cluster validity measure provides us with a method for 
deciding whether to add more clusters or not. It is based 
on whether the clusters have a high density of pixels 
surrounding them (partition density), and also minimizing 
the volume of the clusters (fuzzy hypervolume). 
 
Fuzzy hypervolume is calculated as: 
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From the two validity measures, our definition of a 
‘good’ cluster is one that minimizes the classification 
error rate; this is true when the fuzzy hypervolume is 
minimized and the hyperdensity is maximized. 
 
Once the cluster validity is calculated a new cluster must 
be added and calculating where to locate the new cluster 
is important to performance and time of the algorithm. 
 

Cosic and Loncaric (1996) compared 3 different 
equations for placement of new clusters. The approach 
was to place the new cluster in a region where the data 
points have a low degree of fuzzy membership. The 
equation that proved most successful is used in this 
algorithm: 

ijij up maxminarg=    pk XV =+1  

 
Where the expression calls for the value of i that 
maximizes the expression uij, and the j value that 
minimizes uij.  
 
Once all aspects of the algorithm are combined, the 
resultant algorithm is one that is unsupervised and 
automatically decides the optimum number of clusters 
while performing segmentation. 
 
The final algorithm is the combination of the FCM and 
the FMLE algorithm and proceeds as follows: 

(1) Select 2 prototype clusters 
(2) Run FCM 
(3) Run FMLE 
(4) Check cluster validity 
(5) Either add a new cluster and repeat or end 

 
3. Methods and Results 

The data sets used in this project were obtained from the 
Red Cross Children’s Hospital in Cape Town. They 



included 17 patients that were proven to have TBM by 
culturing, as well as 40 cases with probable TBM. 
 
A number of normal CT scans were also obtained to act 
as controls and for comparison. 
 
The CT images first underwent pre-processing in order to 
reduce extraneous information. They were resized and 
clipped so that only the relevant information was left for 
processing, thus reducing run time for the algorithm.  
 
The images underwent histogram equalization and 
contrast stretching in order to provide a better contrast to 
the images. The algorithm was then applied, resulting in 
the images being segmented into the various tissues. 
 
In figure 1, the separate tissue types are displayed, those 
of brain, skull and ventricle. The number of tissues that 
each image was segmented into was left to the 
algorithm’s cluster validity measure to decide. When the 
optimal number of tissues had been found, all the images  
had 3 different tissue types segmented. Once this was 
complete further processing was required in order to 
segment the hyperdense region 
 
The area containing the brain was again segmented using 
the fuzzy clustering and one of the segmented areas that 

resulted was that of hyperdense tissue, indicating TBM. 
Of the 17 positive cases, all images produced areas of 
non-uniform asymmetrical hyperdensity.  
With the 5 negative cases that were tested, all segmented 
hyperdense regions, but they were symmetrical and 
uniform around the outside of the brain indicating beam 
hardening, a common artifact of CT images. 
 
Figure 2 below shows an example of further clustering of 
the brain tissue. It clearly demonstrates the hyperdensity 
in the image on the right, as indicated by the arrows. The 
image on the left is a normal patient, with very little 
hyperdensity. 
 
The segmented images were also assessed by a 
radiologist, and the TBM patients were all confirmed to 
have positive hyperdensity. 
 
 
 
 
 
 
 
 

 
 

 
 
Figure 2: (a) the result of further clustering of the brain segment of a normal brain CT; (b) the result of the clustering 
when applied to a patient with TBM. The arrows highlight the abnormally hyperdense areas in the TBM patient. 
 
 

 
 



 
 

4. Conclusion 
An algorithm has been presented for detection of 
hyperdensity in CT brain scans. The algorithm is based 
on the Unsupervised Optimal Fuzzy Clustering algorithm 
presented by Gath & Geva (1989). The method presented 
differs from that of Gath and Geva (1989) in that the 
cluster selection method of the algorithm has been 
optimized for maximum speed of convergence.  The use 
of contrast stretching and histogram equalisation also 
differed from the original algorithm and contributed to 
better results. The new method for cluster selection was 
based on a method proposed by Cosic and Loncaric 
(1996) in which several different cluster selection 
methods were compared. 
 
The  algorithm was applied to brain CT images of  TBM 
patients in order to confirm a new diagnostic sign 
presented by Dr S. Andronikou. Pre-processing of the 
images, the use of histogram equalization and contrast 
stretching contributed to a fast, accurate algorithm for 
segmenting CT images. 
 
The results of applying the algorithm to the 17 TBM 
positive images all produced asymmetrical hyperdensities 
confirming the sign observed by Andronikou. The 
application of the algorithm to normal CT images did not 
produce the asymmetrical hyperdensity and further 
verified the observation. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
The fuzzy clustering algorithm has been successful in 
segmenting hyperdensity, but may be used to enhance 
many other features in brain CT images associated with 
TBM, therefore providing more information for the 
radiologist on which to base his or her diagnosis.  
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