
Research Journal of Applied Sciences, Engineering and Technology 4(24): 5539-5543, 2012     
ISSN: 2040-7467
© Maxwell Scientific Organization, 2012
Submitted: March 23, 2012 Accepted: April 23, 2012 Published: December 15, 2012

Corresponding Author: R. Suganya, Department of CSE, Thiagarajar College of Engineering, Madurai-625015, India

5539

Comparison and Retrieval of Liver Diseases Based on the Performance 
of SVM and SOM

1R. Suganya, 1A. Hameed Sulthan and 2S. Rajaram
1Department of CSE,

2Department of ECE, Thiagarajar College of Engineering, Madurai-625015, India

Abstract: In this study, we distinguish the liver tumor by SVM and SOM classification. LPND (Laplacian
Pyramid based Nonlinear DiTusion) is the proposed speckle reduction technique for preprocessing the image.
In Feature extraction, we segment the image based on mean, variance, entropy and fractal dimension. The four
layer hierarchical scheme is used for classifying benign and malignant tumors. In the Wrst layer the normal
tissue distinguishes from abnormal tissues. The second layer distinguishes cyst from abnormal tissues.
Cavernous Hemangioma is identiWed in third layer. At last hepatoma is identiWed from undeWned tissues. Self
Organizing Map (SOM) and Support Vector Machine (SVM) algorithms are used to classify the features
extracted from liver diseases. Using performance metrics such as sensitivity and specificity, our results
demonstrate that the SVM provide better retrieval than SOM.

Keywords: Cavernous hemangioma, hepatoma, liver cyst, sentivity, SOM, specificity, SVM 

INTRODUCTION

Liver is an important organ since it plays a vital role
in human life. Therefore, liver diseases have attracted
much attention for a long time. DiTusion-based spatial
Wltering methods provide an edge sensitive diTusion
method [(i.e., Speckle Reducing Anisotropic DiTusion
(SRAD)] to suppress speckle while preserving edge
information. SRAD can preserve or even enhance
prominent edges when removing speckle, but it has
limitation in retaining subtle features, such as small cysts
and lesions in ultrasound images. LPND overcome this
problem by retaining subtle features of liver cyst image.
SVM classiWer is a state-of-the-art learning machine,
which is based on statistical learning theory. It has been
widely used in supervised learning to deal with the
classiWcation problems. SVM can be used for
classiWcation under diTerent types of kernel function
(Chien et al., 2007). SOM is a clustering algorithm in
which uses Best Matching Unit algorithm. The objective
of this study is to compare the performance of the SOM
and SVM to classify the liver diseases based on sensitivity
and specificity; our results demonstrate that the SVM
provide better retrieval than SOM.

MATERIALS AND METHODS

The block diagram for the proposed method is shown
in Fig. 1. First of all, ROIs are selected manually from the
images and then fed into the feature extraction and
selection module. In this module, the appropriate features

are evaluated and processed and the certain features for
the specific diseases are selected. These features are
Wnally passed to the SVM classification module to
determine the diseases. The data set for this study has
been collected from GEM Hospital, Coimbatore and
Arthy Scans, Madurai from the duration June 2011 to
December 2011. This study was conducted by our team
members along with physician’s guidance at our college
campus.

Properties of liver diseases: We are interested in three
types of liver diseases, including liver cyst, hepatoma and
cavernous hemangioma. According to the specialists’
knowledge, the physiological properties of liver diseases
are described as follows.

Liver cyst: Liver cysts are a common sonographic
finding. They are readily diagnosed using conventional B-
mode ultrasound. The typical cyst criteria are echo-free,
round oval, well-defined borders with lateral shadowing
and posterior echo enhancement. Very early
echinococosis might be confused with atypical liver cysts.
Blood vessels have to be excluded by color Doppler
imaging, ruling out arterio-portal venous malformations
with a cystic appearance. Using contrast enhanced
ultrasound; cysts show no contrast enhancement at all. As
they may be confused with metastases in Contrast
Enhanced Ultrasound (CE-US), conventional B-mode
ultrasound should precede CE-US, CE-US is helpful in
recognizing echinococosis in all stages (Katsutoshi et al.,
2010).



Res. J. Appl. Sci. Eng. Technol., 4(24): 5539-5543, 2012

5540

U
lt

ra
so

un
d 

li
ve

r 
im

ag
e 

 

Pr
oc

es
si

ng
 

R
eg

io
n 

of
 

  i
nt

er
ne

t 

 Features 
extraction 

Classifi-
 cation 

Performance
  evaluation 

 Image
database 

Mean Variance  SVM SOM ROC Anthropometric
         data  

Fig. 1: Block diagram for proposed method

Hepatoma: Generally, most of the gray levels of the
hepatoma tissues are darker than the normal liver tissue.
However, some gray levels in hepatoma tissues might be
similar to parts of the normal liver tissues and the
contours of the hepatoma tissues vary from case by case.
Thus, it is not easy to discriminate the hepatoma tissues
from the normal tissues by the properties of the gray
levels or the contours of the suspected regions. The
surface of the hepatoma tissues is coarser than that of
normal tissues. 

Cavernous hemangioma: Cavernous hemangioma is
benign hepatic masses. The hemangioma is composed of
large thin-walled blood vessels, lined with Xattened
epithelium and separated by Wborosis spaces Wlled with
venous blood. Hepatic hemangiomas are known to be the
most common benign liver tumors, with an incidence in
autopsy and imaging studies of up to 7%. As incidentally
discovered hepatic tumors are more frequently detected
with the increasing use of modern abdominal imagining
techniques, reliable non-invasive characterization and
differentiation of such liver tumors is highly important in
the clinical routine (Lu et al., 2008).

Image preprocessing:
Speckle reduced anisotropic diffusion: SRAD is the
edge-sensitive diffusion for speckled images, in the same
way that conventional anisotropic diffusion is the edge-
sensitive diffusion for images corrupted with additive
noise. The PDE-based speckle removal approach is called
SRAD which allows the generation of an image scale
space. SRAD not only preserves edges but also enhance
edges by inhibiting diffusion across edges and allowing
diffusion on either side of the edge. SRAD is adaptive and
does not utilize thresholds to alter performance in
homogenous regions or in regions near edges and small
features. The advantages of anisotropic diffusion include
intra-region smoothing and edge preservation. Anisotropic
diffusion performs well for images corrupted by additive
noise. In the presence of speckle noise, speckle reducing
anisotropic diffusion excels over the traditional speckle
removal filter by mean preservation, variance reduction
and edge localization. Lee and Frost filters utilize the
coefficient of variation in adaptive filtering. SRAD can
preserve or even enhance prominent edges when
removing speckle, but it has limitation in retaining subtle
features, such as small cysts and lesions in ultrasound

images. To overcome this issue, we have proposed LPND
method for speckle reduction.

Laplacian pyramid based nonlinear diffusion: 
This method consists of three steps:

C Transformation of an image into its Laplacian
pyramid domain.

C Manipulation of pyramid co-efficient by regularized
nonlinear diTusion.

C Reconstruction of the diTused Laplacian (Fan et al.,
2007).

CNR estimation:

CNR 
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where, : and F are mean and variance of the image ROI.

Feature extraction:
Tumor characterization: Two different kinds of Ultra
sound images are differentiated like malignant and
benign. For each type of the images, the regions of the
normal tissues and the lesion tissues are extracted. As a
result, there are a total of four types of ROIs (Region of
Interest), including the normal region, liver cyst,
cavernous hemangioma and the hepatoma. For each ROI,
several features are calculated (Cao et al., 2005).

Mean gray level :

Gray
N

g x yavg
x y ROI
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where, g (x, y) denotes the gray level at pixel (x, y) and N
is  the  total  number  of  pixel inside the ROI (Stavroula
et al., 2007).
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where, G is the 45 maximum gray level of the region and
P (i) is the probability of gray level i. Let h (i) be the
frequency of gray level i in a ROI and the size of the ROI
is N. The probability of gray level i is defined as follows:

P(i) = h(i)/N

Local variance:

LV
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w is the neighbour size of the pixel (x, y) and g (x, y) is
the gray level at pixel (x, y).

The hurst fractal index: Fractals provide a measure of
the complexity of the grey level structure in a certain
region of interest, having the property of self-similarity at
different scales. Every texture, characterized through the
intensity I, can be represented as a reproduction of the
copies of N basic elements: One of the ways to express
the  fractal  dimension  is  the Hurst coefficient (Nicolos
et al., 2010). It finds that the features, Grayavg, En, LV
and fractal dimension were derived from gray-level are
really helpful for distinguishing these three liver diseases.

Classification:
SVM (Support Vector Machines): SVM is originally a
method for binary classification. However, in medical
practice, the number of possible disease types is rarely
restricted to two. When a multi class classification scheme
is processed, the first step is to divide all classes into
binary sub problems. Then, use the SVM method to
classify these sub-problems again. For decomposing the
multi class problem, one-vs.-all decomposition strategy is
used in this study. To construct the multi class
classification based on the one-vs.-all strategy, four binary
classifiers, named C1, C2, C3 and C4, are combined to
form a hierarchical multiclass classifier scheme for liver
disease distinction. In the first layer, the classifier C1
distinguishes the normal tissue from the others. The
second layer classifier differentiates the cyst from the
other abnormal tissues. Cavernous hemangioma is
identified. in the third layer and in the last layer,
hepatoma is recognized from the other undefined
abnormal tissues (Kumar and Moni, 2010).

SOM (Self Organizing Map): A Self Organizing Map
(SOM) algorithm utilizes the concepts of competitive
learning. Competitive learning is an adaptive process in
which the neurons gradually become sensitive to different
input categories. The SOM is a type of artificial neural
network that is trained using unsupervised learning to
produce low dimensional representation of input space of
the training samples called Maps. A Self-Organizing Map
(SOM) is a different from other artificial neural network
in the sense that they use a neighborhood function to
preserve topological properties of the input space (Mitrea
et al., 2008).

SOM runs in two phases:
C Training phase: Map is built, network organizes

using a competitive process, it is trained using large
numbers of inputs (or the same input vectors can be
administered multiple times).

C Mapping phase: New vectors are quickly given a
location on the converged map, easily classifying or
categorizing the new data.

Process:
1. Initialize each node’s weights.
2. Choose a random vector from training data and

present it to the SOM.
3. Every node is examined to find the Best Matching

Unit (BMU).
4. The radius of the neighborhood around the BMU is

calculated. The size of the neighborhood decreases
with each iteration.

5. Each node in the BMU’s neighborhood has its
weights adjusted to become more like the BMU.
Nodes closest to the BMU are altered more than the
nodes furthest away in the neighborhood.

6. Repeat from step 2 for enough iterations for
convergence.

Calculating the best matching unit: Calculating the Best
Matching Unit is done according to the Euclidean
distance among the node’s weights (W1, W2… Wn) and
the input vector’s values (V1, V2… Vn). This gives a good
measurement of how similar the two sets of data are to
each other:

Dist= ( )V Wi ii

i n




 2

0

Determining BMU neighborhood: Size of the
neighborhood can be measured by using an exponential
decay function (William et al., 2008):

F(t) = F0 exp (-t/8)

Effect of location within the neighborhood: The
neighborhood is defined by a Gaussian curve so that
nodes that are closer are influenced more than farther
nodes:
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Table 1: Comparison between LPND and SRAD
Contrast to noise ratio (dB)

Liver diseases -------------------------------------------------
LPND SRAD

Normal 10.84 9.41
Liver cyst 12.34 11.36
Cavernous hemangioma 19.22 18.57
Hepatoma 15.29 14.81

Table 2: Feature extraction
Feature extraction
--------------------------------------------------------------------

Fractal
Mean gray average Local

Liver diseases level Entropy dimension variance
Normal 51.43 4.71 1.81 42.41
Liver cyst 84.85 5.44 1.83 67.51
Cavernous 61.08 6.67 1.89 37.93
hemangioma
Hepatoma 63.44 6.45 1.88 38.35

2(t) = exp [!dist2/2F2(t)]

Modifying nodes weights: The new weight for a node is
sum of the old weight, plus a fraction (L) of the difference
between the old weight and the input vector adjusted
(theta) based on distance from the BMU:

W(t+1)=W(t)+2(t)L(t)(V(t)!W(t))

The learning rate, L, is also an exponential decay
function. This ensures that the SOM will converge:

L(t) = L0exp(!t/8)

The lambda represents a time constant and t is the
time step.

EXPERIMENTAL RESULTS

The image datasets used in the experiment were
provided by GEM Hospital, Coimbatore and Arthy scans
at Madurai. There are 120 images of liver diseases: 40
Liver cyst, 37 hepatomas, 13 Hemagioma and 30 normal
livers are considered for training phase. The size of the
images is 256×256 pixels. The training set for the
classification algorithm is created by manually
segmenting sample regions of four patterns: liver cyst,
hepatoma, cavernous hemangioma and normal. ROIs of
size 23×23 pixels for each kind of patterns are sampled.
Three types of liver diseases, including liver cyst,
hepatoma and cavernous hemangioma, are collected.
LPND (Laplacian Pyramid based Nonlinear DiTusion) is
the proposed speckle reduction technique for
preprocessing the image compared to SRAD. The result
is shown in Table 1. In Feature extraction, we segment the
image based on mean, variance, entropy and fractal
dimension. It is known that certain features are
appropriate for the classification of specific disease and
other specific features are suitable for other disease. By 

Table 3: Performance evaluation of SVM and SOM
Performance evaluation SVM SOM
Sensitivity 1.67 0.92
Specificity 0.94 0.82
Precision 0.49 0.47
Area under the curve 0.70 0.50
 

the   feature  subset  selection,  it  finds  that  the features,
Grayavg, En, LV and Fractal were derived from gray-
level are really helpful for distinguishing these three liver
diseases. The result for the feature extraction is shown in
Table 2.

As a result, according to the above analysis, the
distinguishable features such as Grayavg,, LV, En and
Fractal Dimension are selected as the inputs of the disease
classifier. In the feature calculations, Grayavg, En, LV and
Fractal Dimension of each ROI are as the inputs of SVM
for training. After training all input spaces of SVM, the
system builds a model for classification. SOM also find
the Best Matching Neighborhood for classification. 

The Table 3 shows the performance evaluation of
SVM and SOM based on the Sensitivity, Specificity,
Precision and Area under the Curve. From this table, it
shows that SVM retrieve liver diseases better than SOM.
In medical statistics commonly used measurements are
sensitivity and specificity defined as follows:

Sensitivity = (True Positives/True Positive+ False
Negative)

Specificity = (True Negatives/True Negatives + False
Positives)

CONCLUSION

In this study we proposed a diagnostic system for the
diagnosis of liver diseases from Ultra Sound (US) images
using LPND speckle reduction, texture feature extraction
and classification algorithms. Three kinds of liver
diseases were identified including liver cyst, hepatoma
and cavernous hemangioma. Based on the experimental
results, we concluded that the LPND with Gaussian filters
provide higher accuracy than the SRAD for speckle
reduction in image preprocessing. In feature extraction,
we segment the liver images based on mean, entropy,
local variance and fractal dimension. Generally fractal
dimension plays important role in indentifying ultrasound
liver diseases. The four layer hierarchical scheme
classification is implemented in SOM and SVM
classification. The performance measure of SVM multi
layer classifiers and SOM classifiers are clearly shown by
sensitivity, specificity, precision, area under the curve.
This Table 3 shows that the Support Vector Machine
classifiers work better than Self Organizing Map classifier
for classifying and retrieving liver diseases.
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