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Abstract: This paper describes a new approach for the classification of brain tissues into White Matter, Gray 
Matter, Cerebral Spinal Fluid, Glial Matter, Connective and MS lesion in multiple sclerosis. The proposed 
approach employs singular value decomposition on multiwavelet transformed images. Single level multiwavelet 
transformation decomposes images into 16 subbands, and each subband represents the image in a specific time 
frequency plane. Singular value decomposition is then employed on the subband coefficient matrices. Lower 
singular values are affected more by noise than higher singular values, and hence only higher singular values are 
used to classify textures in the presence of noise. The probability density function of the selected singular values 
is then modeled as an exponential distribution, and the model parameter for the distribution is estimated using the 
maximum likelihood estimation technique. The model parameters, one for each subband are used as features for 
the classification.  The classification is carried out using Weighted Probabilistic Neural Networks (WPNNs). 
Compared to conventional probabilistic neural networks, WPNNs include weighting factors between pattern 
layer and summation layer of the conventional PNNs. Experiments have been carried out using data sets 
composed of three modalities of brain MR images, namely T1 and T2 relaxation times and proton density (PD) 
weighted MR images. The performance of the algorithm is analyzed in terms of classification rate at various 
noise levels and intensity non-uniformity levels. The experimental results demonstrate that the proposed 
algorithm improves the classification rate in the presence of noise and in the presence of intensity non-uniformity 
levels.  
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1 INTRODUCTION
 
Multiple Sclerosis (MS) is one of the most common 
diseases of the central nervous system. Scleroses are 
‘scars’ such as plaques or lesions in the brain and 
spinal cord. MS is a progressive disease in which 
scattered patches of the protective myelin covering 
of the nerve fibers in the central nervous system 
(brain and spine) are damaged or destroyed. 
Inflammation and loss of myelin cause disruption to 
nerve transmission and affect many functions of the 
body [Lihong et al., 2003; Zijdenbos et al., 2002; 
Kamber et al., 1995; Leemput et al., 2001; Udupa et 
al., 1997; Dehmeshki et al., 2002; Johnston et al., 
1996].   
 
Magnetic resonance imaging (MRI) is the preferred 
method of imaging the brain to detect the presence 
of plaques or scarring caused by multiple sclerosis 
(MS). Due to the excellent soft-tissue contrast and 
high spatial resolution, MRI is better at detecting 
plaques than other similar techniques such as 

magnetic resonance spectroscopy [Lihong et al., 
2003; Zijdenbos et al., 2002]. The study of multiple 
sclerosis involves accurate tissue classification from 
MR images of the brain tissues (MR Image 
textures). Manual tracing of White Matter, Gray 
Matter, Cerebral Spinal Fluid, Glial Matter, 
Connective and MS Lesion in MR images by a 
human expert is too time consuming for studies 
involving large amounts of data, and it is likely to 
show large intra and inter observer variability, which 
deteriorates the significance of the analysis and the 
resulting classifications [Zijdenbos et al., 2002; 
Leemput et al., 2001].  
 
Many approaches have been proposed for the 
classification of brain tissues (MR Image textures), 
for instance, classical, statistical, structural, fuzzy, 
and neural networks based techniques [Lihong et al., 
2003; Zijdenbos et al., 2002; Kamber et al., 1995; 
Leemput et al., 2001; Udupa et al., 1997; Dehmeshki 
et al., 2002; Johnston et al., 1996; Held et al., 1997; 
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Chunlin et al., 1993; Reddick et al., 1997]. Classical 
techniques include the use of standard image 
processing techniques such as thresholding, edge- 
based and region-based techniques. Classical 
methods are sensitive to noise because they do not 
employ a priori information. Statistical methods 
assume the tissue region to follow pre-defined 
models such as a finite Gaussian mixture, and their 
parameters are estimated by expectation-
maximization algorithms to obtain the final 
classification: the outcome of such methods can be 
very sensitive to noise. Structural methods often 
ignore the distribution of intensity values within the 
image, when making judgments about boundary 
properties, and measures of homogeneity within 
regions. Knowledge-based methods such as neural 
and fuzzy techniques provide a mean to combine the 
statistical and structural methods. However, neural 
network techniques have only been applied to a 
small number of images, and fuzzy based techniques 
require extensive rule bases to classify the brain 
tissue. 
 
Over the past few years, there have been numerous 
reports on the use of wavelet in medical imaging 
[Ruttimann et al., 1998; Zadeh et al., 2003; Meyer 
2003]. The primary applications of wavelets in 
medical imaging include: compression of medical 
images, CT reconstruction, local tomography, 
wavelet denoising (MRI and ultrasound), wavelet-
based feature extraction, texture and statistical 
descriptors, medical image enhancement (e.g., 
fluoroscopy and mammography), analysis of 
functional images of the brain (positron emission 
tomography and functional MRI), and wavelet-
encoded MRI. 
 
Until recently, only scalar wavelets (wavelets 
generated by one scaling function) were widely 
used. But one can imagine a situation when there is 
more than one scaling function, for example, image 
classification, compression and denoising. This leads 
to the notion of multiwavelets, which is a more 
recent generalization with higher numbers of distinct 
scaling functions than wavelets, offer further 
theoretical and experimental advantages. For 
example, multiwavelets have been constructed that 
simultaneously possess symmetry, orthogonality, 
and compact support [Cotronei et al., 1998; Tham et 
al., 2000; Strela et al., 2000; Cotronei et al., 2000; 
Khouzani et al., 2003; Wang 2002; Bao et al.,  2000; 
Hsung et al., 2005]. They combine characteristics 
that cannot be simultaneously obtained with a single 
wavelet. Multiwavelets can simultaneously provide 
perfect reconstruction, while preserving length 
(orthogonality), good performance at the boundaries 
(via linear-phase symmetry), and a high order of 
approximation (vanishing moments). These features 
of multiwavelets are responsible for the better 
performance of multiwavelets over scalar wavelets 

in image processing applications. Specific 
applications where multiwavelets have been found to 
offer superior performance over single wavelets 
include signal/image classification [Khouzani et al., 
2003; Wang 2002], compression [Cotronei et al., 
2000; Bao et al., 2000], and denoising [Hsung et al., 
2005].  
 
The classification of the brain tissues is a difficult 
task to perform, due to the poor quality of the tissue 
images, degradation by noise, intensity non-
uniformity (INU), etc. This non-uniformity in 
intensity is caused by variations in the sensitivities 
of the instruments used in obtaining MR images. 
The INU is measured in terms of percentage levels 
for example: 0%INU—which assumes that there is 
no intensity variation artifact, 20%INU—which 
assumes a fairly typical amount of non-uniformity, 
and 40%INU—which is more non-uniformity than 
normally expected. In order to mitigate these 
problems, an exponential distribution is assumed to 
model the probability density function of the 
multiwavelet domain singular values. The 
parameters of the exponential distributions, one for 
each subband of the multiwavelet transformation, 
are used to represent the MR image and used as 
features for the classification. The parameter of the 
distribution is estimated using the maximum 
likelihood approach (details are provided in section 
3.6). Probabilistic neural networks that incorporate 
the Bayes decision rule and statistical models, have 
been widely used for pattern classification [Specht,     
1990; Mao et al., 2000]. In this paper the 
classification of image textures is carried out using 
modified PNNs called weighted probabilistic neural 
networks. 
 
This paper is organized as follows. Section 2 briefly 
introduces the concepts involved in multiwavelet 
transformation, and the proposed approach is 
explained in section 3. The details of the architecture 
and method used to find the smoothing parameter for 
the WPNNs are provided in Section 4. Experimental 
results and discussions are presented in section 5. 
Conclusions are drawn in section 6. 
 
2 MULTIWAVELET TRANSFORMATION 
 
Multiwavelets can be considered as vector-valued 
wavelets, that satisfy conditions in which matrices 
are involved, rather than scalars, as in the single 
wavelets. This is an advantage for the image 
classification, since it is possible to have a larger 
number of subbands and better energy compaction 
capability with multiwavelets than with scalar 
wavelets. In multiresolution analysis of multiplicity 
r, the multiscaling functions and the corresponding 
multiwavelets are usually written as vectors 

(t)ϕ and (t)ψ , satisfying the matrix dilation equation 
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2 H(t) (2t k)= ∞

= −∞
∑ϕ = ϕ −                  (1) 

and matrix wavelet equation 
                       
            k

k
k

2 G(t) (2t k)=∞

=−∞
∑ψ = ϕ −                     (2) 

 
where Hk and Gk are the lowpass and highpass filter 
coefficients respectively.  
 
Unlike scalar wavelets, in which Mallat's pyramid 
algorithms can be employed directly, the application 
of multiwavelets requires, the input signal to be first 
vectorized (which is a problem popularly known as 
multiwavelet pre-filtering). To address this problem, 
many approaches have been proposed in the 
literature [Strela et al., 2000; Bao et al., 2000].  
 
The decomposition of the multiwavelet 
transformation for 2-dimensional images is carried 
out using tensor products of the 1-dimensional filter 
banks as illustrated in figure 1. 
                                          
 
 
 
 

 
 
 
 
 

 

 

                                                                  
Figure 1: Single level decomposition of 
multiwavelet transformation 
 
The single level decomposition of the multiwavelet 
transformation produces 16 subbands, as illustrated 
below 
                    

L1L1 L2L1 H1L1 H2L1 

L1L2 L2L2 H1L2 H2L2 

L1H1 L2H1 H1H1 H2H1 

L1H2 L2H2 H1H2 H2H2 

                        
Here a typical block H2L1 contains lowpass 
coefficients corresponding to the first scaling 
function in the horizontal direction, and highpass 
coefficients corresponding to the second wavelet in 
the vertical direction. Various multiwavelets used in 
the proposed approach are shown in table 1, along 
with their properties, and the corresponding pre-
filter coefficients are shown in table 2. 

Table 1 Multiwavelet used in the proposed approach 
 
Multiwavelet GHM CL SA4 Card 

bal4 
Orthogonal Yes Yes Yes Yes 
Symmetric Yes Yes Yes Yes 
No. of scaling functions 2 2 2 2 
No. of scaling 
coefficients 

4 3 4 12 

No. of  Wavelet 
coefficients 

4 3 4 12 

Approximation  order 2 2 1 4 
 
Table 2 Corresponding pre-filters used in constructing 
multiwavelet transformation 
 

 
3 PROPOSED APPROACH 

 
The proposed approach consists of two phases, 
namely training and testing. The training phase 
extracts a certain number of features from each 
image belonging to a training set; the extracted 
features are then represented in the form of a vector. 
In the subsequent testing phase, the feature vector of 
the image to be classified is computed, and then 
compared to those in the training set. During both 
phases a feature vector is formed using the 
procedure given below. 
 
Brain MR Image textures are multiwavelet 
transformed up to two levels. This way a total of 272 
subbands are generated, these include 16 subbands 
from the first level, and 256 subbands from the 
second level. One of the 4 lowpass subbands (L1L1, 
L1L2, L2L1 and L2L2) from the first level is 
selected based on the discrimination capability, 
using variances of the subband coefficient matrices 
(details are provided in section 3.1). All the 16 
subbands from the first level and 16 subbands 
corresponding to a selected subband from the first 
level are considered for further processing. Singular 
value decomposition is applied (details are provided 

Name of 
the 
multiwave
let 

Pre-filter matrix  
Size: ‘r’ by ‘r x l’ real array,  
 ‘r’ is the number of scaling functions,  
 ‘l’ is the number of coefficients in the pre-
filter; 
The matrix is organized as follows: PR=[P1 
P2 ... Pl] 

GHM T0.11942337067748 -0.00598315472909
0.99158171438258 -0.04967860804828
0.04967860804828   0.99158171438250 
-0.00598315472909  -0.11942337067748

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎣ ⎦

 

 

CL 0.2500,    0.2500

0.2743 ,  -0.2743
⎡ ⎤
⎢ ⎥⎣ ⎦

 

SA4 0.7071,    0.7071

-0.7071,    0.7071
⎡ ⎤
⎢ ⎥⎣ ⎦

 

cardbal4 As it is balanced no pre-filter is needed 

 
First row 

decomposition 

 
Pre- filter 
along rows  
 

 
Pre- filter 
along 
columns 

 
First column 
decomposition 
(Single level 
multiwavelet 
transformed 
image) 

Image 
texture 
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in section 3.3) on all the 32 subband coefficient 
matrices after introducing non-linearity.  
 
Lower singular values are truncated to achieve better 
classification rate in the presence of noise.  The 
probability density function of the remaining 
singular values is modeled as an exponential density 
function, and the model parameter is estimated using 
the maximum likelihood estimation technique. The 
model parameters, one for each subband, are used to 
form the feature vector. 
 
During the training phase, the feature vectors of the 
known classes are extracted and used to train the 
WPNNs. During the testing phase, the feature vector 
of the image to be classified is presented to the 
WPNNs, and the WPNNs classify the texture based 
on the Bayes decision rule. The proposed approach 
is illustrated in figure 2. 
 
3.1 Subband Selection  
 
The multiwavelet transformation of an image results 
in a larger number of subbands than the wavelet 
transformation of the same image. For example, with 
two scaling functions, multiwavelet transformation 
gives 16 subbands in the first level, and 256 
subbands in the second level, whereas wavelet 
transformation gives 4 subbands in the first level and 
16 subbands in the second level. Hence the selection 
of subbands in a multiwavelet transformation is 
essential.  
 
We have used all the 16 subbands in the first level, 
out of these 16 subbands, four subbands L1L1, 
L1L2, L2L1 and L2L2 correspond to lowpass 
regions. Conventional wavelet transformation has a 
single lowpass region at each level, and further 
decomposition is carried out subsequently in the 
lowpass region. However, in multiwavelet 
transformation we have four lowpass regions, hence 
our task is to select the best one out of these four 
regions. This is achieved by using ‘Pi’, the ratio 
between the arithmetic and the geometric mean of 
the variances for all the 16 subbands at the second 
level corresponding to each one lowpass subband at 
the first level (i=1 for L1L1, 2 for L1L2, 3 for L2L1 
and 4 for L2L2).  
 
Let 2

kσ denote the variance of the output of the    
kth subband, and k=1,…,M (Here M=16). Let 
 

                     
i

M
2
k

k 1
1

M M
2
k

k 1

1
MP =

=

⎛ ⎞
⎜ ⎟⎜ ⎟
⎝ ⎠

σ
=

σ

∑

∏

                          (3) 

 
Pi is generally greater than one, and equal to one if 
all the variances are equal. When all the variances 

are equal, it is not possible to clearly distinguish 
between the smooth and detail components of the 
multiwavelet transformation coefficients. Hence 
further processing of those subbands is not helpful 
for the classification. One of the lowpass subbands 
of first level, which has highest Pi value is selected, 
and the corresponding 16 subbands at the second 
level are considered. Hereafter all the processing is 
carried out using thirty two subbands, these include 
all the 16 first level subbands and the 16 selected 
subbands from the second level. 
                                                   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                                 

Figure 2: Block diagram of the proposed approach 

3.2 Introducing Non-Linearity 
                  

Multiwavelet Transformation 

Non-Linearity   

Singular Value Decomposition 

Truncation of Lower Singular Values 

Modeling PDF of Singular 
Values 

Estimation of Model Parameters 

Feature Vector 

Weighted Probabilistic Neural 
Network 

         Tissue Type 

Brain MR Image 
Tissue 

Subband Selection 
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Non-linearity is introduced by squaring the subband 
coefficient matrices of multiwavelet transformation 
of MR images to make them less sensitive to local 
variations [Unser et al., 1990; Unser, 1995].  
Numerous non-linearities such as, magnitude, 
squaring, rectified sigmoid have been applied in the 
literature. The magnitude and squaring non-
linearities are parameter free, whereas the rectified 
sigmoid non-linearity requires tuning of the 
saturation parameter. This may be an advantage if 
this parameter is easy to tune or a disadvantage 
otherwise. An appropriate saturation parameter is 
dependent on the dynamic range of the input image. 
Unser [Unser 1995] proposed and tested several 
non-linearities, and concluded that the squaring non-
linearity is the best amongst others, based on the 
resulting classification rate. In this paper, we 
propose a modified squaring non-linearity on the 
magnitudes of the multiwavelet transformation 
coefficients. We consider 3x3 neighborhoods, square 
the magnitude of the transformation coefficients, 
compute the average, and then normalize. The total 
energy at each subband is calculated, for the 
multiwavelet transformation coefficients using the 
following formula 
                           

                
M N

2
i i

j 1 k 1

1E X ( j, k )
M N = =

= ∑ ∑          (4) 

                                      
Ei is the overall energy in the ith subband, Xi(j, k) is 
the multiwavelet  transformation coefficient at 
location (j,k) in the ith subband .  
 
Then at each location (j, k) the local energy is 
computed in a 3x3 neighborhood using the formula,  
                            

2 2 2 2 2
i i i i i i

2 2 2 2
i i i i

L(j,k) X(j 1,k-1) X(j 1,k) X(j 1,k 1) X(j,k-1) X(j,k)

X(j,k 1) X(j-1,k-1) X(j-1,k) X(j-1,k 1)

= + + + + + + + +

+ + + + + +              
                                                                                (5) 
                             
The formula replaces the center multiwavelet 
transformation coefficients with the sum of 
magnitude squares of the neighboring transformation 
coefficients in a 3x3 neighborhood 
 
The local energies Li(j,k) are normalized using  

 
i

i
i

L ( j, k)
a ( j, k)

E
=                        (6) 

 
3.3 Singular Value Decomposition  
 
Singular Value Decomposition (SVD) is a very 
powerful tool, and is mainly used for dimensionality 
reduction, solving systems of linear equations and 
noise reduction [Kakarala et al., 2001; Song et al., 

1999]. In this paper, we have used SVD for 
modeling MR image textures, to reduce the effect of 
additive white Gaussian noise, and to reduce the 
effects of intensity non-uniformity.  
 
Let Ai be the selected multiwavelets transformation 
coefficient matrices after introducing the non-
linearity. Singular value decomposition is then 
applied on matrices Ai of size MxN such that  
                                    

                 T
i i i iA U V= ∑                       (7) 

                             
Here Ui are orthogonal MxM matrices whose 
columns are the eigenvectors of AiAi

T , Vi are NxM 
matrices whose columns are the eigenvectors of 
Ai

TAi
 , and i∑  are MxM diagonal matrices with 

nonnegative diagonal elements in decreasing order 
whose entries (the ‘singular values’) are the square 
roots of the corresponding eigen values of  AiAi

T  .  
 
3.4 Truncation of Lower Singular Values 
 
The effects of the additive white Gaussian noise 
(AWGN) are higher on the smaller singular values, 
which correspond to the components of the image 
with lower energy levels. Therefore, the effect of the 
noise is reduced by truncating the lower singular 
values. The number of the singular values included 
in the approximation has been chosen by considering 
the ratio of the energy associated with the singular 
values to the total energy. Let si denote the ith 
singular value where i=1,2,…,M. 
                                                     

                               
2
1

2
i

i 1

M
s

k M
s

=

=

∑
                     (8) 

                                                      
The first k singular values out of M singular values 
are selected for further processing. Our assumption 
on truncating the lower multiwavelet domain 
singular values (MWSV) for classifying the textures 
in the presence of the added white Gaussian noise 
(AWGN) is validated using a proposed metric, 
known as Impact Factor (IF), which is defined as 
                

Original Im age Noisy Im age

Noisy Im age

MWSV (i) WSV (i)
IF(i)

MWSV (i)
  

 

− Μ
=  

  
IF is an index measuring the effect of noise on the 
singular values. Impact factor versus normalized 
magnitude of the singular values (the normalization 
is carried out to accommodate large singular values 
of order 104) are shown in figure 3 for one of the 
subbands relevant to the MR image texture of white 
matter (randomly selected).  
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Figure 3: Impact factor to validate the truncation of lower singular values 

 
The figure shows that the effect of noise is more 
pronounced on lower singular values than on higher 
singular values. This finding is applicable to the 
entire MR image textures at all subbands. Hence, the 
truncation of lower singular values allows us to 
effectively classify the textures in the presence of 
AWGN. 
 
3.5 Modeling of Singular Values 
 
Textures may have periodic/random or fine/coarse 
patterns. The singular values and their distribution 
carry useful information about the image, such as 
periodicity/randomness, and fineness/coarseness. 
For an image texture with periodic patterns, the first 
few singular values are large, and most of the 
remaining singular values are small. For an image 
texture with random patterns, the first singular value 
is very large, and the remaining singular values are 
significant and are almost equal to one-another.  For 
an image texture with fine patterns, all the singular 
values are very small except for the first singular 
value, which is very large. For an image texture with 
coarse patterns, all singular values are large 
[Kakarala et al., 2001; Song et al., 1999]. Hence, we 
have used singular values for modeling image 
textures. 
 
We assume an exponential distribution to model the 
probability density function of singular values of 
multiwavelet transformation, one for each subband. 
The probability density functions of singular values 
si (here i=1, 2,....,k) are modeled as  
                                   

                   sp ( s ; ) e − λλ = λ                           (9) 
                                    
Experiments have been carried out to validate the 
assumed exponential distribution for the probability 

density functions of the singular values. The 
goodness of the fit is evaluated as explained below. 
The cumulative distribution function c.d.f., for the 
exponential distribution is  
                            

            sF(S) Pr ob(S s) 1 e−λ= ≤ = −                     (10) 
           Let sG(s) 1 F(s) eλ= − =                             (11) 
                  then ln(G(s)) s− = λ                             (12) 
                                  

The plot of ln(G(s))−  versus ‘s’ will be 
approximately a straight-line if the model is correct. 
The goodness of the fit has been verified with 
reference to the singular values derived for various 
brain tissues at various subbands; a plot of 

ln(G(s))− versus ‘s’ is shown in figure 4 for one of 
the subbands for the six brain tissues. The straight-
line relationship shown in figure 4 implies that the 
probability density function of the singular values 
follows an exponential distribution. This finding is 
applicable to the entire range of MR image textures 
at all subbands. 
 
3.6 Model Parameter Estimation: Maximum 

Likelihood Technique  
 
The maximum likelihood (ML) technique is a 
widely used technique to estimate the model 
parameter for Markov random field models (these 
are models used to assess the performance of the 
proposed approach), Hidden Markov models, finite 
mixture models, and others [Miller et al., 2003; 
Bennett et al., 1999]. This technique estimates the 
parameters of the model maximizing the accuracy of 
their values. Due to computational difficulties in 
tracking the model parameters, approximate versions 
of the ML estimates are used. Maximum pseudo 
likelihood and expectation maximization are widely 
employed methods to approximate the ML estimate.  
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Figure 4: Exponential plot to test goodness of the fit 

 
However, these approximations have many 
limitations such as local minima, slow convergence 
rate, among others. In this case approximations are 
not needed, since the estimation of the model 
parameters using the ML technique is straight 
forward for an exponential distribution. If the 
observations 1 2 ks , s , . . . . , s are obtained from a 
situation modeled by a distribution p(s; )λ , then we 
calculate the likelihood as 
                                     
         1 2 kL( ) p(s ; )p(s ; ).......p(s ; )λ = λ λ λ                 (13) 

                              
The ML estimator of λ  is the value λ̂ , that 
maximizes L( )λ . From (9) and (13) the ML for the 
exponential distribution is given by 
                               

             
i

i 1
s

k

k

L ( ) e =
− λ ∑

λ = λ                       (14) 
                                      
Taking the logarithm of both sides we have 
 

      
k

i
i 1

L̂( ) ln L( ) k ln( ) s
=

λ = λ = λ − λ∑                  (15) 

              
Differentiating (15) with respect to λ  gives  
                                    

                   
k

i
i 1

ˆdL( ) k s
d =

λ
= −

λ λ ∑                            (16) 

                         
At the maximum, where ˆλ = λ , the slope given in 
(16) is zero, and hence the ML estimate of  λ  is 
given by                 
                      

k

i
i 1

k

s

ˆ

=

λ =
∑

                                   (17) 

The estimated model parameter λ̂  is then used as a 
feature for the classification of MR image textures. 
 
4 WEIGHTED PROBABILISTIC NEURAL 

NETWORK 
  
Widely used feed forward neural networks such as 
back-propagation neural networks often use heuristic 
approaches to discover underlying class statistics. 
Heuristic approaches usually involve many small 
incremental modifications to the network parameters 
in order to gradually improve the performance of the 
system. This means that the networks require long 
computation time for training. Furthermore, 
incremental adaptation approaches can be 
susceptible to converging to local minima of the 
error function [Specht, 1990; Mao et al., 2000].  
 
Probabilistic neural networks (PNNs) are supervised 
neural networks proposed by Specht as an 
alternative to back-propagation neural networks. The 
network structure of PNNs is similar to that of back-
propagation; the primary difference is that the 
sigmoid activation function is replaced by one of a 
class of functions which includes, in particular, the 
exponential one.   
 
The key advantages of PNNs are that training 
requires only a single pass, and that the decision 
surfaces are guaranteed to approach the Bayes-
optimal decision boundaries as the number of 
training samples grows [Mao et al., 2000]. 
Furthermore, the shape of the decision surface can 
be made as complex as necessary, or as simple as 
desired, by choosing an appropriate value of the 
smoothing parameter; erroneous samples can be 
tolerated, and sparse samples are adequate for 
network performance. 
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                                    Figure 5: Architecture of the weighted probabilistic neural network 

The class separability (the ability of the feature 
vector to discriminate among the various classes) is 
often used as one of the basic selection criteria in 
pattern classification. When a set of features 
maximizes the class separability, it is considered to 
be well suited for classification. However, 
conventional PNNs assign equal weights to all the 
patterns, without considering their class separability. 
In order to reduce this problem, we propose 
weighted PNNs. Compared to conventional 
probabilistic neural networks; WPNNs include 
weighting factors between the pattern layer and the 
summation layer of the conventional PNNs. The 
architecture of the WPNNs is shown in figure 5. The 
WPNNs are three-layer feed forward networks 
including an input layer, a pattern layer and a 
summation layer. These three layers are fixed; 
however, the number of nodes and connection 
weights are variable (depending on the input/output 
details).  The input layer unit does not perform any 

computation and simply distributes the input to the 
neurons in the pattern layer.  
 
The input pattern x consists of a set of 32 estimated 
model parameters, one for each subband of the 
multiwavelet transformation (details are provided in 
section 3). On receiving a pattern x from the input 
layer, the neuron xij of the pattern layer computes its 
output using the standard formula [Mao et al., 2000]  
 

T
ij ij

ij 0.5d d 2

(x x ) (x x )1(x) exp
(2 ) 2

⎛ ⎞− −
φ = −⎜ ⎟⎜ ⎟π σ σ⎝ ⎠

      (18) 

 
where d denotes the dimension of the pattern vector 
x, σ  is the smoothing parameter and xij is the 
neuron vector. The smoothing parameter σ  defines 
the width of the bell curve that surrounds each 
sample point. 
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The summation layer neurons compute the 
maximum likelihood of a pattern x being classified 
into Ci, by averaging the weighted output of all 
neurons that belong to the same class using 
 

i
TN

ij ij
i ij0.5d d 2

j 1i

(x x ) (x x )1P (x) W exp
N (2 ) 2=

⎛ ⎞− −
⎜ ⎟= −
⎜ ⎟π σ σ⎝ ⎠

∑

                (19) 
 
where Wij is the ratio between ‘between-class-
variance’ and ‘within-class-variance’ of the training 
pattern xij and Ni denotes the total number of 
samples in class Ci.  
 
The ratio Wij, is high for a pattern with high class 
separability, and low for a pattern with low class 
separability. Instead of treating all patterns alike 
(without considering their class separability), we 
have weighted the pattern based on their class 
separability. A pattern with high class separability 
(implying better discrimination ability) is weighted 
high and vice versa.  
 
The output layer has a number of nodes equal to the 
number of classes, each one corresponding to one of 
the possible decisions (brain tissues). The output 
layer performs like a winner-take-all layer, i.e. the 
node with the highest activation is chosen as the 
decision of the network. The output layer classifies 
in accordance with the Bayes decision rule based on 
the output of all the summation layer neurons using 
 

  { }iĈ(x) arg max P (x) , i 1, 2,.., m= =    (20) 
 

where Ĉ(x) denotes the estimated class of pattern x, 
and m is the total number of classes in the training 
samples.  
 
Proper choice of the value for σ  is critical to the 
performance of the PNNs. There is no general 
method available to determine σ , however, the value 
is usually determined by changing its value minutely 
and examining the corresponding classification rate. 
The classification rate is usually measured in terms 
of percentage, which is the ratio between the number 
of images correctly classified and the total number 
of images presented for the classification. We have 
normalized the features (estimates of the model 
parameters) to be used for the classification. The 
normalization of the features is carried out using the 
following expression 
 

   
( )i. j j

i. j
j

F
F̂

− µ
=

σ
                   (21) 

 
 
 

where Fi,j is the jth feature of ith image, and 
j jandµ σ  are the mean and the standard deviation 

of feature j in the training set. The normalized 
features can then be used to train the PNNs. 
 
As the smoothing parameter σ  defines the width of 
the bell curve that surrounds each sample point, we 
have selected the value of σ , in such a way that the 
WPNNs are able to discriminate well among the 6 
classes. This is achieved by selecting σ  equal to the 
difference between the two smallest variances of the 
6 classes. The procedure adopted for finding the   
value of σ  is given below. 
 
Step 1: Compute the variances (of the pattern 
presented for training) for all the 6 classes using 
normalized features. 
 
Step 2: Find the difference between the two smallest 
variances out of 6 available variances. 
 
Step 3: Set the value of σ  equal to the difference 
obtained in step 2. 
 
Based on this procedure we have set 0.00024σ = . 
For each pattern the smoothing parameter is allowed 
to vary within a given range [0 0.1]. The average 
classification rate versus σ  is shown in figure 6. If 
σ  is small [0, 10-6], individual training cases will be 
considered only in isolation, and we will be 
essentially left with a nearest-neighbor classifier. 
However, if the value of σ  is high [10-2,  10-1], the 
details of the density will be blurred together. It may 
be observed from the figure that the average 
classification rate is the highest, around 410−σ = .   
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Figure 6: Average classification rate versus 
smoothing parameter 
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5 RESULTS AND DISCUSSIONS 
 
The effectiveness of the proposed approach is 
experimentally determined using the datasets 
downloaded from [Brain Web MR Simulator; Whole 
Brain Atlas].  The MS brain data sets in  [Brain Web 
MR Simulator] consist of 3-dimensional MR data 
simulated using 3 sequences (3 modalities, namely, 
T1, T2, and PD-weighted), 6 noise levels (NL = 0, 
1,3,5,7, and 9%), and 3 levels of intensity non-
uniformity (INU = 0, 20, and 40%). Each data set is 
composed of voxels (short for volume pixel, the 
smallest distinguishable box-shaped part of a          
3-dimensional image) of 181x217x181 (XxYxZ) 
when the MR image is at a 1 mm isotropic voxel 
grid in Talairach space. Researchers often transform 
their structural and functional data into Talairach 
space, which serves as a common coordinate 
reference system [Brain Web MR Simulator; Whole 
Brain Atlas].  
 

The 3-dimensional MS brain data sets of modalities              
T1, T2, and PD, of noise levels 0, 1, 3, 5, 7, 9%, and  
of intensity non-uniformity levels 0, 20, and 40% 
were downloaded and analyzed.  
 
Ground truth (manually segmented) images for the 
MR Image Textures (brain tissues) such as White 
Matter, Gray Matter, Cerebral Spinal Fluid,  Glial 
Matter, Connective and MS Lesion are acquired for 
the three cases namely Normal MS Lesion, Mild MS 
Lesion, and Severe MS Lesion. For each case we 
have 324 images (3 Modalities x 6 NL x 3 INU x 6 
Tissues), hence we have set of 972 images. Fifty 
percent of the images from each case are selected 
(randomly) and used for training, and the remaining 
fifty percent of the images are used for testing. The 
proposed algorithm is implemented and applied 
using MATLAB on a P-IV machine.   Figure 7, 
figure 8 and figure 9 show a sample of brain MR 
images used in this paper.  
 

Figure 7: Sample brain MR images at 0% NL (first row: T1 weighted, second row: T2 weighted, third row: PD 
weighted) with various levels of intensity non-uniformity (INU). From left to right: 0% INU, 20% INU, and 40% 
INU. 

Figure 8: Sample ground truth brain MR images at 0% NL and 0% INU (clock wise: white matter, gray matter, 
CSF, Glial matter, connective and MS lesion) 
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Figure 9: Sample brain MR Images at 0% NL (first row: T1 weighted, second row: T2 weighted, third row: PD 
weighted) with various levels of intensity non-uniformity (INU). From left to right: 0% INU, 20% INU, and 40% 
INU. 
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Figure 10: Average classification rate of the proposed approach versus various noise levels at various intensity 
non-uniformity levels 
 

Experiments have been carried out to test the 
performance of the proposed approach with various 
multiwavelet basis functions shown in table 1. 
Almost all the multiwavelets provide similar results. 
Hence, the selection of a multiwavelet basis function 
is insignificant. In this paper all the experiments 
have been carried out using a GHM multiwavelet 
with a corresponding pre-filter shown in table 2. The 
performance of the proposed approach has been 
tested on noisy images as well as on images with 
intensity non-uniformities. Most commonly, the 
noise in the brain MR images is assumed to have 
Rayleigh statistics in the background and Rician 
statistics in the signal regions [Brain Web MR 
Simulator].  Since the magnitude of the MR images 
is simulated as the square root of the sum of the 
squares of two independent Gaussian variables, it 

follows a Rician distribution. In low intensity (dark) 
regions of the image, the Rician distribution tends to 
a Rayleigh distribution, and in high intensity (bright) 
regions it tends to a Gaussian distribution. A 
practical consequence is a reduced image contrast: 
noise increases the mean value of pixel intensities in 
dark image regions. The ‘percentage noise’ 
represents the percentage ratio of the standard 
deviation of the white Gaussian noise versus the 
signal for a reference tissue (White Matter for all T1 
weighted images, and CSF for all T2 and PD 
weighted images). 
 
Figure 10 and figure 11 show the average 
classification rate of the proposed approach at 
different noise levels with various intensity non-
uniformity levels. It may be observed from the 
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figures that the proposed approach gives an average 
classification rate of 99 % at 0 % NL and INU; and 
at 9% NL and 40% INU the average classification 
rate is about 84%. 
 
Tables 3 and 4 present the average classification rate 
of the proposed approach for various brain tissues at 
different noise levels and at different intensity non-
uniformity levels respectively. It may be observed 
from the tables that the classification rate of the 
proposed approach is 99, 98 and 96 % at 0% NL and 
INU for normal, mild and severe MS lesion cases. 
From normal MS lesion to severe MS lesion the 
classification rate of white matter decreases, 

whereas, the classification rate of MS lesion tissue 
increases. This is due to the fact that MS disease 
affects the white matter more severely than other 
tissues.  
 
The confusion matrix for the proposed approach at 
0% NL and INU is shown in table 5. White matter, 
Gray matter and CSF all three show 3 to 4 % of 
misclassification cases among them. 4 % of the Glial 
matter is misclassified as MS lesion tissue.  About   
1 % of Connective is misclassified as Gray matter 
and CSF. About 6% of the MS lesion tissue is 
misclassified as Glial matter. 
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Figure 11: Average classification rate of the proposed approach versus various intensity non-uniformity levels at 
various noise levels 
 
Table 3 Average classification rate of the proposed approach at various noise levels for various brain tissues at   
0 % intensity non-uniformity level 
 

Classification Rate at Various  Percentage of  Noise Levels 
Normal MS Lesion Mild MS Lesion Severe MS Lesion 

Tissue 
Type 

0 
 % 
NL 

1  
% 
NL 

3 
% 
NL 

5 
% 
NL 

7 
% 
NL 

9 
% 
NL 

0 
% 
NL 

1 
% 
NL 

3 
% 
NL 

5 
% 
NL 

7 
% 
NL 

9 
% 
NL 

0 
% 
NL 

1 
% 
NL 

3 
% 
NL 

5 
% 
NL 

7 
% 
NL 

9 
% 
NL 

White 
Matter 

99 98 96 95 93 91 98 96 93 91 90 88 94 92 89 85 84 80 

Gray 
Matter 

100 100 99 96 94 92 99 97 95 92 90 89 95 93 90 87 85 83 

CSF 100 99 98 96 94 93 99 96 95 93 92 90 96 92 90 89 87 85 
Glial 
Matter 

100 98 97 95 93 91 98 97 95 93 92 90 96 94 92 90 88 87 

Connective 99 97 96 94 92 90 98 95 93 91 90 89 96 93 90 88 86 83 
 MS 
Lesion 

94 91 88 85 83 80 97 94 91 89 87 85 99 95 93 90 89 87 

Avg. CR 99 97 96 94 92 89 98 96 94 92 91 89 96 93 91 88 87 84 
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Table 4 Average classification rate of the proposed approach at various intensity non-uniformity levels for 
various brain tissues at 0 % noise level 
 

Classification Rate at Various  Percentage of  Intensity Non-Uniformity Levels 
Normal MS Lesion Mild MS Lesion Severe MS Lesion 

Tissue 
Type 

0 %  
INU 

20 % 
INU 

40 % 
INU 

0 %  
INU 

20 % 
INU 

40 % 
INU 

0 %  
INU 

20 % 
INU 

40 % 
INU 

White 
Matter 

99 95 87 98 94 84 94 90 82 

Gray 
Matter 

100 98 91 99 96 86 95 93 84 

CSF 100 97 89 99 95 87 96 93 84 
Glial 
Matter 

100 97 90 98 94 85 96 90 83 

Connective 99 96 88 98 94 85 96 93 84 
 MS Lesion 94 91 88 97 93 89 99 92 89 
Avg. CR 99 96 89 98 94 86 96 92 84 

 
Table 5 Confusion matrix for the proposed approach at 0 % NL and 0% INU Level

            
 White Matter Gray Matter CSF Glial Matter Connective MS Lesion 
White Matter 75 3 3 0 0 0 
Gray Matter 3 76 2 0 0 0 
CSF 3 2 76 0 0 0 
Glial Matter 0 0 0 78 0 3 
Connective 0 1 1 0 79 0 
 MS Lesion 0 0 0 5 0 76 
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Figure 12: Average classification rate versus noise level of proposed approach with multiwavelets and wavelets 
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Figure 12 and figure 13 show the average 
classification rate of the proposed approach with 
multiwavelets and scalar wavelets (using db6 
wavelet basis function) at various noise levels and at 
various intensity non-uniformity levels respectively.  
                                                   

Figures 12 and 13 show that the proposed approach 
with multiwavelets performs better than the 
approach with single wavelets. 
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Figure 13: Average classification rate versus intensity non-uniformity of proposed approach with multiwavelets 
and wavelets 
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Figure 14: Average classification rate of the proposed approach, model based approach and feature based 
approach at various noise levels  
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Figure 15: Average classification rate of the proposed approach, model based approach and feature based 
approach at various intensity non-uniformity levels 
 

The performance of the proposed approach is 
compared to both the model based [Held et al., 
1997] and the feature based approaches [Dehmeshki 
et al., 2002], in terms of classification rate at various 
noise levels and intensity non-uniformity levels. The 
model based approach uses the Markov random field 
model to capture two features: neighborhood 
correlations, and signal inhomogeneities using 
simulated annealing [Held et al., 1997]. The feature 
based approach uses features derived from 
histograms of MR images (peak height and peak 
location) [Dehmeshki et al., 2002].  
 
Figure 14 and figure 15 show the average 
classification rates of the proposed approach, the 
feature based approach, and the model based 
approach, at various noise levels, and at various 
intensity non-uniformity levels, respectively. Figures 
14 and 15 show that the feature based approach 
performs better than the model based approach. 
However, the proposed approach gives a better 
classification rate when compared to the feature 
based method at all noise levels and intensity non-
uniformity levels. 
 
6 CONCLUSIONS 
 
Multiwavelet domain singular values, which provide 
information about the energy distribution of an 
image, are considered to develop a new statistical 

model for the classification of brain tissues in 
multiple sclerosis. The classification is carried out 
using weighted probabilistic neural network.  An 
exponential distribution is assumed to model the 
probability density function of the singular values of 
the multiwavelet transformation coefficients. The 
parameters of the exponential distribution, one for 
each subband of the multiwavelet transformation, 
are used to represent the MR image, and used as 
features for the classification.   
 
The effective parameters of the proposed approach 
that match a high classification rate are (i) the 
selection of the subbands of the multiwavelet 
transformation  (ii) the introduction of a suitable 
non-linearity function on the multiwavelet 
transformation coefficients to make the 
transformation coefficients less sensitive to local 
variations (iii) the number of singular values of the 
multiwavelet transformation  considered for 
modeling (iv) the estimation of the model parameter 
(v) the selection of a suitable value for the 
smoothing parameter of WPNNs, employed for the 
classification and (vi) the weights of the WPNNs. 
An exponential distribution is assumed to model the 
probability density functions of the singular values 
of the multiwavelet transformation coefficients and 
the model is validated using the exponential plot. 
Truncation of the lower singular values gives a 
better classification rate, in the presence of noise and 
intensity non-uniformity, over the approach without 
the truncation. This is due to the fact that lower 
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singular values are affected more by noise and 
intensity non-uniformity than higher singular values.  
 
Experiments have been carried out to test the 
performance of the approach with T1, T2 and PD 
weighted brain MR Images for three cases, namely 
normal MS lesion, mild MS lesion, and severe MS 
lesion. The proposed approach performs well in 
noisy environments as well as in the presence of 
intensity non-uniformity (in terms of classification 
rate). The proposed approach is able to achieve an 
average 4 percent improvement in the classification 
rate.  
 
The multiwavelet transformation of an image results 
in larger number of subbands than the scalar wavelet 
transformation (of the same image). Excessive 
numbers of features increase computation time. 
Furthermore, they make classification more 
complicated. Future research is underway to devise 
suitable soft computing techniques for feature 
reduction.  
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