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Abstract— Image segmentation is a base, to analyze a physical property of tissue in medical applications. Segmentation is a 
challenging aspect for researches in medical field. This paper proposes a KL Transform based compressive segmentation 
using modified Multiplicative model with energy minimization. For effective segmentation and Bias correction 
simultaneously with less iterations are achieved on the basis of lossless compression by extracting significant energy 
components. With this proposal noisy components present in the Magnetic Resonance (MR) Image can also be reduced. The 
proposed method represents an Image into two Multiplicative components, first component is a reflected intensity variations 
of the image that characterizes the physical property of tissues and is defined as a random variable varying from zero to one, 
which results soft segmentation. The second component is the intensity in homogeneity in the bias field and is defined as a 
linear combination of optimal coefficients with some basis function. This methods provides better tissue segmentations in 
the energy minimization process with existing methods. Observed results are shows that it obtained better bias field 
correction and 3 iterations are enough for proper segmentation for different percentage of compression.   
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I. INTRODUCTION   
 
Adaptive Segmentation uses Intensity Inhomogeneity 
and MR Image segmentation and Reported methods 
used to correct a difficulty of Inter and Inter scan 
Intensity Inhomogeneity. The Brain Segmentation 
results in Axial, Coronal and Sagittal[1]. Expectation 
Maximization model is improved and implemented, 
by describing on simulated and real data[2]. A new 
method to correct the intensity inhomogeneities and 
gives significant improvement in tissue segmentation. 
Parametric model correct bias field and the noise 
which is present in the correcting field is much larger 
than the contrast image. The degree of the polynomial 
function combines bias field correction with 
histogram of datasets[3].The fully automated method 
for Bias field correction applied iterative Expectation 
Maximization (EM)  algorithm that provides pixel 
classification with estimation of class distribution and 
bias field parameters[4]. The pre-processing methods 
that deals with smoothly varying image intensities 
that referred to as intensity inhomogeneity, shading or 
bias field. The intensity inhomogeneity aspect in MRI 
affect quantitative image analysis[5]. An algorithm 
for fuzzy segmentation of MRI data and estimation of 
intensity inhomogeneities using fuzzy logic. The 
noise in acquization sequence, results in a slowly 
varying shading artefact over the image. The 
regularization technique is to segment the MR scans 
corrupted by salt and pepper noise[6]. 
This paper proposes a modified approach for bias 
field estimation and tissue segmentation on KL 
Transform based compressive MR Image by reducing 
the noise component present in the image. Since KL 
transform basis vectors depends on the   statistical 

nature of image, so it provides significant information 
of the MR image by neglecting the distorted 
components. Compression can also be achieved with 
this method by selecting the optimum significant 
vectors. Due to optimum significant information, the 
bias field estimation and tissue segmentation can be 
achieved simultaneously with effective energy 
minimization by less iterations. 
 
II. K L TRANSFORM 
 
The Karhunen Loeve transform adapts to process in 
order to produce the best possible basis for its 
expansion. The KL Transform is fundamentally 
different from all other transforms. KL 
Transformations actually operates on the basis of 
statistical properties of vector representation of the 
data. ( ) ( )T

x x xC E X X     For M vectors of a 
random population, where M is large enough and µx 
is given by, 

   
 

 
The KL Transform expression is given as 

( )xY A X   . The above expression is due to matrix 
A, the rows of matrix A are orthogonal vectors and 
the Eigen vectors of the Covariance  
matrix Cx.. The application of this particular 
transformation amounts to establishing a new 
coordinate system whose origin is at the centroid of 
the object pixels and axis of this new coordinate 
system will be parallel to the directions of Eigen 
vectors. 
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A.  Inverse Karhunen-Loeve Transform 
Reconstruct the original vectors x from its 
corresponding vector y by A-1 = AT(1)  and X = ATy 
+ x  .The form a matrix Ak from the k Eigen vectors 
corresponds  to the k largest Eigen values, yielding a 
transformation matrix of size k×n. The y vectors is 
then by k dimensional. The reconstruction original 
vector is x̂ =Ak

T y + x . 
 
II. MODIFIED MULTIPLICATIVE INTRINSIC 
COMPONENT OPTIMIZATION 
 
In this section the formulation of modified MICO for 
bias field estimation and tissue segmentation can be 
achieved by representing an image into two 
multiplicative components. An energy minimization 
approach is used to optimise these two components, 
which provides modified MICO algorithm for bias 
field estimation and tissue segmentation 
simultaneously. Generally MR Image can be 
represented as I(x, y) = R(x, y) B(x, y) + n(x, y). 
Where, x and y are spatial co- ordinates of an image 
of size M×N, I(x, y) is the pixels of acquired image, 
R(x, y) is the actual reflected intensity in an image, 
B(x, y) is the bias field which represents variations in 
the intensity of the acquired image and n(x, y) is 
additive noise due to MR scanner and patient’s 
position. The bias field intensity is assumed to be 
linear combinations of smoothly varying ten basis 
function with optimal coefficients and R is to be 
assumed as a tissue membership function randomly 
varying intensity values from 0 to 1, which 
characterizes a physical properties of the tissue in an 
image. 
 
B. Tissue Membership Function 
To characterize the physical properties of tissue, The 
actual reflected intensity is assumed as a tissue 
membership function which is randomly varying the 
intensity values from 0 to 1 with uniform distribution 
of size M×N. The membership function is a fuzzy set 
generally covers the range between 0 and 1 operating 
in the domain of all possible values and membership 
function ( , ) (0 1), ( 1,2,3)iu x y to i   of three sets is 
given by, 

  

3

1
( , ) ( , )i

i
s x y u x y



                                (2) 

Then the Modified membership function is  

     

( , )( , ) , ( , ) ( 0 1)
( , )
i

i i
u x ym x y m x y or
s x y

 
           

(3) 

C.  Bias function                                                                                                                                                 
The estimation of the bias field is performed by 
finding the optimal coefficients w1,...wm in the linear 
combination is given by B = WG. We represent the 
coefficients w1,..., wM by a column vector w = (w1, ..., 
wm)T. The basis functions g1(x, y), ... , g10(x, y) are 
smoothly varying intensity values of size M×N and 

represented by a column vector valued function G = 
g1, g2, g3...., g10. Where, g1=1 (Constant field),  g2=X 
(Intensity values from 0 to 1 in horizontal direction ), 
g3= 3x2-1/2

 
(Second order symmetrical variations in 

horizontal direction), g4=5x3-3x2/2
 

(Second order  
sinusoidal variations in horizontal directions), g5=Y,( 
Intensity values from 0 to 1 in  vertical direction), g6 
= XY(Symmetrical variations in both horizontal and 
vertical), g7=y(3x2-1)/2

 
(Symmetrical varying second 

order in horizontal and first order in vertical 
direction), g8=(3y2-1)/2 ( Second order symmetrical 
variations in  vertical direction), g9=3y2-
1)x/2(Symmetrical varying first order in horizontal 
and second order in vertical direction) and  g10=(5y3-
3y)/2(Second order  sinusoidal variations in vertical 
directions). 
 
III. ENERGY OF MODIFIED INTRINSIC 
COMPONENT OPTIMIZATION 
 
The true image R(x, y) , is a linear combination of a 
constant ci is in the ith tissue and membership function 
ui. The membership function ui is a binary function 
defined as ui(x, y) = 1 for (x, y) ∈ Ωi and ui(x, y) = 0 
for (x, y) ∉ Ωi , where Ωi is the region of interest in 
which ith tissue is present. The N number of tissues 
can be represented by fuzzy membership functions 
ui(x, y) that is  

1
( , ) 1

N

i
i

u x y



                  

(4) 

1
( , ) ( , )

N

i i
i

R x y c u x y



                 

(5) 

The binary membership function u1, u2,....,uN with 
values either 0 or 1  represent a hard segmentation 
result. The region of interest as Ω1,  Ω2, ....., ΩN  forms 
an image, without overlapping the region of interest. 
The fuzzy membership function u1, u2,....,uN  with 
values between 0 and 1 represent a soft segmentation 
result. The energy equation is given as  

2

1 1
| ( , ) ( , ) ( , ) |

M N

x y
E I x y B x y R x y

 

 
                 

(6) 

This energy depends on the bias field, basis function 
and tissue membership function in the region of 
interest is given by    

 
The energy of the tissue further depends on constant 
ci , membership function ui and weights of basis 
functions in the bias field. By introducing a 
fuzzifier 1q  energy function is modified to achieve 
fuzzy segmentation. 

 
The energy of tissue membership function can be 
minimized by appropriately selecting weights of basis 
function wT and constant Ci of membership function 
ui. 
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D. Energy minimization 
Since energy of tissue depends on ui, ci and wi, to 
minimize energy with less number of iterations are 
achieved based on KL Transformation to extract 
significant energy by removing the noise.   
 
V. OPTIMIZATION 

 
The optimization value constant Ci of true image 

in the interested region is represented as ˆ
iC , by R(x, 

y)=I(x, y)/B(x, y), 
 

 
 
VI. IMPLEMENTATION 
 
Step1: Apply the KL Transformation for the given 
Image of size M×N. 
Step2: Finding the optimal coefficients in the linear 
combinations.   
Step5: Select only the significant energy of KL 
Transform coefficients 
Step6: Apply the inverse KL Transform 
Step3: Generated the 10 basis functions of size M×N 
to represent the bias field 
Step4: Generate the random function with uniform 
distribution of size M×N 
Step7: Generate constant Ci   for the tissue 
membership function ui 

Step8: Update ˆ
iC  in (17),  ŵ  in (18), B̂  in (19) and 

ˆiu  in (20) in equation 

Step9: Check for Energy minimization and 
Convergence 
Step10: Stop the iterations otherwise update the 
parameters. 

VII. RESULTS 
 
Figure 1, 2 and 3 shows that the reconstructed image 
is similar to the original image by considering 50%, 
75% and 87.5% KL Transform coefficients. Even 
50%, 75% and 87.5% of compressed image gives 
better bias field correction. But segmentation is not 
proper with 2 iterations. Here the Region of 
Interested intensity levels are greater than 15. 
Figure 4, 5 and 6 shows that the reconstructed image 
is similar to original image by considering 50%, 75% 
and 87.5% KL Transform coefficients. Even 50%, 
75% and 87.5% of compressed image gives better 
bias field correction and segmentation with 3 
iterations than the figure 1, 2 and 3. Here the Region 
of Interested intensity levels are also greater than 15. 
Similarly by considering for figure 7, 8 and 9 shows 
that the reconstructed image is similar to original by 
considering 50%, 75% and 87.5% KL Transform 
coefficients. With 50%, 75% and 87.5% of 
compressed image gives best bias field correction and 
proper segmentation with 3 iterations. Here the 
Region of Interested intensity levels are greater than 
30. 
Figure 10 shows the Energy minimization curves 
with KL Transform coefficients, (a) 50%, (b) 75%, 
(c) 87.5% compressed with 2 iterations but the energy 
minimization is not proper for Region of Interested 
intensity levels greater than 15. (a) 50%, (b) 75%, (c) 
87.5% compressed with 2 iterations but the energy 
minimization is not proper for Region of Interested 
intensity levels greater than 15. (d) 50%, (e) 75%, (f) 
87.5% compressed with 3 iterations. Here the energy 
minimization is better than the 2 iterations for Region 
of interested intensity levels greater than 15. (g) 50%, 
75%     compressed with 3 iterations and the energy 
minimization is properly occurred with Region of 
interested Intensity levels are greater than 30.  
 

 
Figure 1: Region of interest for intensity greater than 15 with 2 iterations 
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Figure 2: Region of interest for intensity greater than 15 with 2 

iterations 
 

 
Figure 3: Region of interest for intensity greater than 15 with 2 

iterations. 
 

 
Figure 4: Region of interest for intensity greater than 15 with 3 

iterations. 

 
Figure 5: Region of interest for intensity greater than 15 with 3 

iterations. 
 

 
Figure 6: Region of interest for intensity greater than 15 with 3 

iterations. 
 

 
Figure 7: Region of interest for intensity greater than 30 with 3 

iterations. 
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Figure 8: Region of interest for intensity greater than 30 with 3 

iterations. 
 

 
Figure 9: Region of interest for intensity greater than 30 with 3 

iterations. 
 

 
 

 
Figure 10: Energy minimization curves. (a) 50% compressed 
with 2 iterations. (b) 75% compressed with 2 iterations. (c) 

87.5% compressed with 2 iterations. (d) 50% compressed with 
3 iterations. (e) 75% compressed with 3 iterations. (f) 87.5% 

compressed with 3 iterations. (g) 50% compressed with 3 
iterations(ROI>30). (h) 75% compressed with 3 iterations 

(ROI>30). 
                        
CONCLUSION 
 
The energy minimization is achieved efficiently with 
3 iterations. The energy minimization for bias field 
estimation is accurate and stout. The bias field is 
derived from the valued basis functions and by matrix 
computation. The modified MICO is enhanced by 
using ten different basis functions for different 
compressions. The processing time taken to execute 
simultaneously bias field estimation and 
segmentation in an average of 5.09 seconds. So this 
method gives better results than the existing methods. 
On this basis of work brain diseases can be detected 
in future enhancement. 
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