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Abstract. The performance of applying voting to MR segmentation 
is investigated. Three different segmentation methods (fuzzy c-means, 
Bayes, and k-nearest neighbour) are used as input to the voting al- 
gorithm. Using human expert segmented images as a reference an error 
rate of 7.1% is obtained when applying voting. When comparing to the 
other methods it is seen that the results of applying the voting algorithm 
are slightly improved in terms of the error rate, minimum and maximum 
error. 

1 I n t r o d u c t i o n  

Since the mid-eighties medical images have gained increasing importance in the 
health care industry world-wide. Traditionally, the images are used for diagnostic 
purposes. A medical expert gives a qualitative evaluation of the images and 
through the "view inside the patient" provided by the images, the diagnose is 
made. 

In recent years, sparked by the rapid development in computer power, new 
applications using medical images have emerged. From a sequence of images, 3D 
computer models of the patients organs can be produced [9]. One of the areas 
where such models axe utilised is within the development of surgery simulators 
[2] [6]. The general idea of such simulators is to allow the surgeon to practice 
the operation on a computer model of the patient prior to performing the real 
operation. Such applications rely on a very accurate localisation of the ana- 
tomical structures, e.g. when estimating the volume of a tumour or when the 
surgical pathway to the tumour is decided. As high accuracy is needed for the 
entire model the segmentation methods should be robust in order to assure high 
accuracy whenever applied to MR (Magnetic Resonance) images of the organs. 

The construction of 3D models requires such a large amount of images that it 
is not feasible to have an expert segment the individual images manually. Auto- 
matic computerised segmentation of medical images is therefore highly required. 
Figure 1 shows a Magnetic Resonance image (MR image) of a patients brain and 
a medical experts segmentation of the image. The image is segmented into the 
different main tissue types found in the human brain, white matter, grey matter 
and Cerebro Spinal Fluid (CSF). 
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Fig. 1. Left) MR image of the human brain. Right) Segmented version of the MR 
image. White represents CSF, grey represents grey matter, and dark grey represents 
white matter. 

This paper focuses on the development of methods for automatic segmentation 
of MR images of the human brain. The work is related to the VirtuM Brain 
project 1 which aims to develop a surgical simulator for neurosurgery. 

Automatic segmentation of MR images has been of interest for years and as 
of today several algorithms have been developed, including some based on the 
principles of statistical pattern recognition. For a survey of the methods see [1]. 
No single algorithm solves the problem in general. The individual algorithms 
seem to have their own pros and cons. 

The idea behind this paper is not to apply a specific algorithm but to have 
several algorithms "running in parallel" and to have each of them cast a vote on 
the segmentation of each element in the picture. Based on the individual votes a 
segmentation is performed. Such a technique, called voting, has been utilised in 
other application areas with success [8], but has not to our knowledge previously 
been applied to MR image segmentation. Voting has the ability to combine 
decisions from a number of mechanisms and dependent on the strategy it can 
improve performance. In [7] it is stated that the judgement of a group is superior 
to those of individuMs provided the individuals have reasonable competence. 
This brings us to expect that voting will increase segmentation performance 
given that the segmentation methods used will give reasonable segmentation 
results. The objective of this paper is to investigate the performance of voting 
applied to MR segmentation in terms of accuracy and robustness. 

tn section 2 the segmentation methods and voting algorithm used in this 
study are described and the image data used for the experiments is described. In 
section 3 the experiments for evaluating the performance of using voting in the 
context of MR image segmentation are described. A discussion and conclusion 
is given in section 4. 

1 A formal collaboration between Aalborg Hospital and Aalborg University, Denmaxk 
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2 M e t h o d s  a n d  M a t e r i a l  

To enable an investigation of the performance when applying voting to MR 
segmentation a number of segmentation methods must be selected to provide 
inputs to the voting algorithm based on sequences of MR images. 

2.1 Segmentat ion Methods  

No thorough analysis of different segmentation methods has been performed 
in order to make a choice of which to use. It has been chosen to use three 
different multispectral segmentation methods. These are fuzzy c-means, Bayes, 
and k-nearest neighbour. All three methods are well-known pat tern  recognition 
techniques which have been used with success in different applications [1][10]. 
The latter two methods require representative training sets for the segmentation 
process. All methods are based on image intensities from a number of images. 
In the following a brief description of each of the methods will be given. 

F u z z y  c - m e a n s  In the literature fuzzy c-means has been reported as being 
one of the most promising MR segmentation methods [3]. Fuzzy c-means is an 
iterative clustering approach. It resembles the maybe more well-known technique 
c-means but  it uses fuzzy membership functions instead of hard values. Fuzzy 
c-means partitions the data  set X = xl,x2,x3, ...,Xn into c fuzzy subsets ui 
where the value ui(xk) is the membership of Xk in class i. The values of u~(xk) 
are arranged as a c × n matr ix U. The method approximately minimises the sum 
of squared error function defined as 

n 

J (u,v: x )  = Z(u k)mllx  - v tl 
i = l  k = l  

(1) 

where V = vl,v2,...,vc is a set of cluster centers and m > 1 is a weighting 
exponent affecting the fuzziness of u. The parameters (U, V) may minimise Jm 
only if u~k and vi are defined as 

5=1 \llxk villi 

and 

2/(.~-1)- -1 

for all i, k 

)-~=1 (uik) mxk for all i. 
n m Ek=l(u k) 

The stop criteria for the method is determined by Et <_ ~ where 

Et = ~ Hv~,t+l - vi,t]l for all t 
i=1 

The method contains the following iteration steps: 

(2) 

(3) 

(4) 
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1. Initialize Uo. Choose c, m and e. 
2. Compute all c cluster centers vi,o. 
3. Compute all c x n memberships uik,~ and update all c cluster centers vi,t+t. 
4. Compute Et. 
5. If Et < e then stop; else return to 3. 

When the stop criteria is fulfilled a fuzzy output  is available. However, in the 
further processing a hard valued output  is necessary. To produce a hard valued 
output  of the fuzzy c-means algorithm maximum memberships are found, that, 
is, if rnax(uik) = ulk then xk is assigned the label associated with class 1. 

B a y e s  Bayes' optimal decision is a purely statistical approach to segmentation. 
The method is most commonly based on assumptions about  the distribution 
of the data  set X = xl ,  x2, x3,..., xr~. For multispectral segmentation the mul- 
tivariate normal distribution is assumed. The parameters which describe this 
distribution are the data  means # and the covariance matrix Z.  These paramet- 
ers are estimated from representative training sets of the different tissue types. 
In equation (5) Bayes theorem is expressed. 

P(wdxk) = P(XklWi)P(wi) for all i, k 
p(x ) (5) 

where 

p(xk) = ~ p ( x k l c J y ) P @ j )  for all k (6) 
j==l 

Bayes theorem gives the probability of a class wi being present when a sample 
xk is observed (a posteriori probability), provided we know the probability of 
the sample being observed when the class is present, the a priori probability 
of the class, and the probability of that  sample. Assuming multivariate normal 
distributed data  p(xk Iczi) can be estimated directly from the density function 

1 ( (Xk _ [.ti )T -1Zi (xk - # ~ ) )  foral l i ,  k 
f (xk) = (2 )d/21  11/2 2 (z) 

where d is the number of features. To estimate P(wi) information about the 
distribution of the different tissue types must be used. By using a discriminaat 
function gi(xk) = P(wi[xk) the sample xk is assigned the label associated with 
the highest a posteriori probability. 

k - N e a r e s t  N e i g h b o u r  The k-nearest neighbour rule is a non-parametric tech- 
nique, tha t  is, no assumptions are made about the distribution of the data. The 
decisions are only based on representative training sets. However, it is still pos- 
sible to estimate P(~zilxk) from the training sets containing n labeled samples 
by using the samples to estimate the densities involved. If a cell of volume V is 



799 

placed around X so that  k samples are captured ki of these will be labeled wi. 
An estimate of the joint probability p(xk, wi) is 

p (xk, - k i / n  
v (8) 

A reasonable estimate of P(wilxk) is then 

Pn (xk, w~) ki 
P~(w, lxk) = E~'=I p~(xk,wj) = -k- (9) 

This means that  the a posteriori probability that  wi is the class, is the fraction of 
the samples within the cell that  are labeled wi- Using the discriminant function 
gi(xk) = P(~Ixk),  xk is assigned the label most frequently represented among 
the k nearest samples in the training sets. k -- vrn has been used as suggested 
in [4]. 

2.2 Voting Algorithm 

Voting is a technique used in a variety of applications [7][8] which combines 
information from a number of sources and produces outputs which reflects the 
consensus or a compromise of the information. In the context of MR image 
segmentation it is feasible to produce a consensus output in order to obtain a 
reliable segmentation. The reliability of the result is much dependent on the 
competence of the inputs (voters) and the number of inputs as the performance 
of the combined decision is an increasing function of the number of inputs [7]. 
Assuming that  the inputs to the voting algorithm are statistically independent it 
can be shown theoretically, that  it is possible to gain an increase in performance 
by using voting. In general, two subschemes exist related to consensus voting, 
that  is, threshold voting and plurality voting. Threshold voting requires that  the 
number of inputs which agree must exceed a certain preset threshold in order 
to make a decision. Using segmented images from rn different methods as input 
a decision can be made when a number (decided by the preset threshold) of 
the segmentation methods have produced the same output. In plurality voting a 
decision is made based on the maximum support from the inputs. It is decided 
to use a voting algorithm from the threshold voting subscheme called majority 
voting which has been used with success in other applications [7]. In majority 
voting a sample is assigned the class for which there is a consensus or when at 
least 1 of the m inputs are agreed on the identity, where 

is odd 

Having input from three different segmentation methods a decision is made when 
at least two of the methods agree otherwise it is called a non-decision. Non- 
decision situations will theoretically still occur and therefore it must be dealt 
with. This is done by letting the most accurate of the three segmentation meth- 
ods make decisions in such situations. 
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2.3 Image  D a t a  

The inputs to the three segmentation methods are two MR image sequences 
each consisting of 51 images obtained from the same person. The images are 
co-registered meaning that they are spatially aligned. The images have been 
acquired using a 1 Tesla MR scanner, The sequences are a MP-RAGE sequence 
[5] and a FISP sequence [5] yielding different discriminations between the tissue 
types. The MP-RAGE sequence and the FISP sequence have been processed by 
manually extracting the brain and putting it on a uniform black background. In 
that way only the relevant soft tissue structures are present. The images contain 
no pathological tissue. In figure 2 an example of spatially corresponding images 
from each sequence is shown. The different intensities in the images are due to 

Fig. 2. Left) MP-RAGE image. Right) FISP image, 

ditt~rent scanner settings enabling enhancement of certain tissue structures. A 
reference segmentation exists for all the images from a manual segmentation by 
a human expert. The spatial resolution of the images is 256x256 pixels with a 
depth resolution of 8 bit (256 grey levels). Each pixel represents a volume of size 
(1.168)3mm 3. 

3 E x p e r i m e n t a l  E v a l u a t i o n  

3.1 Object ive  

The objective of the experimental evaluation is twofold: 

- Analyse the accuracy and robustness of MR image segmentation when ap- 
plying voting. 

- Compare the results with those of the individual voters (fuzzy c-means, 
Bayes, and k-nearest neighbour). 

The accuracy should reflect the overall performance of a given segmentation 
method and the robustness should reflect the variations of the accuracy in a 
number of segmentations using that segmentation method. 
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3.2 Design 

If counting the number of correct classified pixels and misclassified pixel for each 
image in a multispectral MR image sequence (MP-RAGE and FISP) it is possible 
to extract the accuracy and robustness of a given segmentation method. To 
decide whether a pixel has been correct classified or miselassified a human expert 
segmentation of the multispectral MR image sequence is used as a reference. 
The error rate of the segmentation is used as a measure of the accuracy and is 
calculated as: 

total number of misclassified pixels 
error rate = (11) 

total number of pixels 

The total number of misctassified pixels and the total number of pixels are found 
from a misclassification table. This table has entries nij corresponding to the 
number of pixels from class wi classified as belonging to class wj, thus the error 
rate is calculated as ~ i  ~ j ¢ i  nii/N" Calculating the error rate for each image 
instead of for the entire image sequence, the variability of the error rate can be 
calculated and used as a measure of the robustness. 

The protocol for the experiment, can be made as: 

1. Perform segmentations using fuzzy c-means, Bayes, and k-nearest neighbour. 
2. Analyse the results of the segmentations. 
3. Use the segmented image sequences from the three segmentations as input 

to the voting algorithm (majority voting). The most accurate (experiment- 
ally finding) method of the three segmentation methods decides the output 
whenever a non-decision situation occurs. 

4. Analyse the result of the voting algorithm. 
5. Compare the results obtained. 

As a sub-experiment, the error rate is calculated using unanimity voting, 
that is, all segmentation methods must agree. This is done to indicate the lowest 
obtainable error rate when using voting. By disregarding non-decisions only the 
"ultrareliable" results are included in the calculation of the error rate. 

The training sets used for Bayes and k-nearest neighbour have been extracted 
from a set of images (MP-RAGE and FISP) where CSF, white matter, and 
grey matter were well-represented. For this purpose the corresponding human 
expert segmented image has been used to decide which pixels belongs to each 
of the tissue types. From the histograms of the extracted training sets it seems 
reasonable to assume that the data is multivariate normal distributed. This is 
in accordance with the assumption made in Bayes. 

Four parameters must be initialized, when using fuzzy c-means. U0 is ini- 
tialized by first manually selecting three cluster centers (CSF, grey matter, and 
white matter) from a scatter plot of the first set of images and from these all 
memberships are computed. For the rest of the images the cluster centers found 
in the previous scatter plot is used as an initial estimate, rn (weighting expo- 
nent) and e (threshold value) are empirically chosen to 2 and 0.5 respectively. 
By removing the uniform black background of the images prior to segmentation 
c (the number of classes) can be set to 3. This is done for all three methods. 
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3.3  R e s u l t s  

In order to calculate the error rate of the three segmentation methods misclassi- 
fication tables are made for each method. The values in table i are the number 
of pixels and the corresponding percentages which are shown in parentheses. 

Table  1. Misctassification table (percentages are given in parentheses). Columns: Cor- 
rect class. Rows: Classified as. 

Segmentation CSF grey white 
method matter matter 

CSF 56000 (9&41) 13074 (5.89) 0 (0) 

fuzzy grey matter 891 (1.57) 180298 (81.29) 15944 (6.72) 
c-means white matter 12 (0.02) 28414 (12.81) 221493 (93.29) 

Bayes 
CSF 53994 (94.89) 3049 (1.37) 0 (0) 

grey matter 2909 (5.11) 208278 (93.91) 21037 (8.86) 
white matter 0 (0) 10459 (4.72) 216400 (91.14) 

k-nearest 

neighbour 

CSF 54732 (96.11) 4233 (1.88) 0 (0) 
grey matter 2171 (3.89) 214752 (96.92) 43914 (19.97) 

white matter 0 (0) 2801 (1.19) 193523 (80.03) 

voting 
CSF 55004 (96.66) 4417 (1.99) 0 (0) 
grey matter 1899 (3.34)206745 (93.21) 19750 (8.32) 

white matter 0 (0) 10624 (4.79) 217687 (91.68) 

It seems from table 1 that  all methods provide reasonable segmentations as 
all percentages of pixels classified correct are above 80%. It should be noted 
however, tha t  Bayes provide percentages of pixels classified correct which are 
all above 90%. Not surprisingly it is seen that  all methods have the largest 
difficulties in distinguishing grey and white matter.  In table 2 the error rate 
for each of the segmentation methods is shown in the first column as a mean 
value of all the images. It is seen from table 2 that  the smallest error rate of 

Table 2. Error rate. 

Mean [%] Std. dev. [%] Min [%] Max [%] 
fuzzy c-means 11.30 3.63 6.65 18.89 
Bayes 7.26 2.26 4.27 11.58 
k-nearest neighbour 10.94 1.78 7.49 13.55 
voting 7.11 2.26 4.05 11.27 

the tree segmentation methods is obtained when using Bayes. In terms of the 
error rate, Bayes is the most accurate of the three segmentation methods, hence 
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it must make the decisions in non-decision situations when using voting. Using 
the segmentation results obtained by the three segmentation methods as inputs 
to the voting algorithm yields a segmented sequence of images which can be 
analysed in the same way as for the output  of the three segmentation methods. 

The misclassification table in table 1 indicates that  voting yields a reasonable 
segmentation result since all values are above 90%. The error rate when using 
voting has been found to be 7.1% (see table 2 which is a slight improvement 
compared to Bayes. In table 2 the variations of the error rate in terms of the 
s tandard deviation and the minimum and maximum error are shown. It is seen 
from table 2 that  by using k-nearest neighbour the lowest standard deviation is 
obtained. However, the maximum and minimum error found when using voting 
are lower than for the other methods. 

The misclassification table when using unanimity voting is shown in table 3. 
It is seen from table 3 that  the percentages of pixels classified correct are above 

Table  3. Misclassification table (percentages are given in parentheses). Columns: Cor- 
rect class. Rows: Classified as. 

CSF grey white 
matter matter 

CSF 
grey matter 
white matter 

53333 (99.07) 2455 (1.33) 0 (0) 
502 (0.93)179684 (97.35) 13501 (6.64) 

0 (0) 2432 (1.32) 189793 (93,36) 

93%. The error rate when using unanimity voting is 4.28% which is an indication 
of the lowest obtainable error rate. 

4 Conclusion 

The performance of a voting algorithm applied to MR segmentation has been 
investigated. Using three segmentation methods (fuzzy c-means, Bayes, and k- 
nearest neighbour) to provide inputs to the voting algorithm the accuracy and 
the robustness of the voting algorithm has been analysed and compared to those 
of the three segmentation methods. It was found that  Bayes was the most ac- 
curate of the three segmentation method however a slight improvement of the 
accuracy was obtained when using voting. Regarding the robustness it was found 
tha t  k-nearest neighbour was more constant with its error rates than the other 
methods. This must be seen in the light of the fact that  k-nearest neighbour 
generated an overall error which was 3.8% larger than that  when using voting. 
Both the maximum and minimum error were lowest when using voting. In gen- 
eral there were no larger deviation between the methods though fuzzy c-means 
showed a maximum error which was more than 5% larger than the others. To 
show the potential  of voting an experiment was made using unanimity voting. 
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The experiment showed that  the lowest obtainable error rate when using voting 
was 4.28%. Based on this study it must be concluded that  improvements of the 
performance when applying voting to MR segmentation is possible. These im- 
provement might not be significant improvements, however it is much dependent 
on the competence of the voters and the number of voters. Also, it can be ar- 
gued whether the three segmentation methods produce statistically independent 
segmentations since all methods are intensity based. One possible source of er- 
ror in this investigation has been the fact that  the human expert  segmentations 
is part ly based on what he sees in the images and part ly based on his know- 
ledge about  neuroanatomy. In future work this problem will be addressed by 
incorporating anatomical knowledge into the segmentation process. 
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