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Abstract

Segmentation is one of the most important and widely used methods in medical image analysis. It is considered to be a

high level image processing technique and can be used for many applications in medical imaging. CT images are

commonly used in medical field and it provides clear picture of the internal organs. However in some places further

processing of CT images are required for disease diagnosis and lesion detection. This work is an effort for bringing out

clinical information from liver images of computed tomography based on image processing. Finally liver tumor

classifications have been performed using texture based image analysis.
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Introduction

Segmentation techniques are useful in partitioning
regions of interest in an image. We can also separate
different regions in an image by means of segmentation.
There are two different ways for segmenting an image.
The first one is the edge based segmentation and the
other one is the region based segmentation. Edge based
segmentation mainly make use of gradient operators such
as Sobel, Canny, Prewitt, Compas, Roberts, Gaussion etc. It
also includes various types of filtering techniques.
Classical image segmentation techniques include region
growing, splitting and merging thresholding etc. There
are several modifications of the above methods which are

available in the literature of segmentation research [1-10].

Segmenting the lesion of tumors or cysts from a CT liver
image is not very easy because of the following reasons.
Liver is a hidden organ which is difficult for observing.

Developments in Segmentation of Abdominal Liver CT Images for Cancer and Other
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Finding the lesion where tumor or cyst is visible is
another difficult task. However, with the use of fine
turned segmentation techniques, it is possible to extract
the region of interest in an image. One approach for
segmenting liver is by the use of classical segmentation
techniques. Other techniques which are possible are by
the use of modified segmentation techniques. One of the
most simple image segmentation techniques is
thresholding. There are various modifications of this
method which can be classified as hard and soft
thresholding techniques and are well implemented in the
literature [11-20].

Filtering is one of the most important but simple
operation in image analysis. In this method the noise
contained in the image is filtered out by means of some
filters such as wavelet filter and fuzzy filters. There are
two types of noise commonly percent in images such as
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luminance noise and chroma noise. Luminance noise
makes an image grainy but it is not visible when printed.
Chroma noise can be visualized as red and blue pixels. If
we remove the luminous noise it reduces the sharpness of
the image. Removing the chroma noise will damage its
actual colour. Reducing noise is actually equilibrium
between softness and color damage.

Some of the latest trends in CT image analysis are by
making use of wavelet based filtering [20-25]. The quality
of the image can be improved by filtering by means of
wavelet based filters and fuzzy filters [26-30]. Another
verity of algorithms available is by using level set
methods [31-35]. In this approach energy minimization is
found to be one of the most important criterions.
Researchers have developed several image analysis
methods based on thresholding in hard and soft platforms
[36-40].

In general edge based segmentation can be made
possible by means of gradient operators and level set
based approaches. Edge detection with gradient
operators is not new, but it is used as a powerful tool in

Materials and Methods

many areas of image processing and pattern recognition.
They are found to be one of the most useful methods for
detecting object edges. After detecting the object edges it
is possible to find the area, volume etc of the tumor /cysts
or other lesions present in the abdominal CT image.

In the present work, a brief review of the latest
developments that took place in the field of segmentation
research is described. Several methods are now available
for segmenting an image based on the requirements of
each and every one. There are few standard techniques
available with image processing applications. Numerous
modified techniques have been developed and the
process is continuing day by day based on the
requirements and the field of applications. This work is
concentrating only in the field of liver image analysis.
Large volume of literature is available now in liver image
analysis and each one is having its own merits and
demerits. In this work we tried to implement only simple
methods which are easy to implement and having less
computational complexity. The methods used here are
gradient operators, various filtering techniques; level set
methods, hard and soft thresholding etc.
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Figure 1: Block schematic of the proposed work.
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¢ In this work, different image processing operations are
performed on abdominal liver CT images. The aim is to
examine whether any clinical information can be dawn
for disease diagnosis or therapy.

e Cancer detection and prevention is one of the most
important and essential work and hence several
medical professionals and biomedical engineers are
involved in it. CT images are quite clear and to some
extent human visual system is satisfied to provide
diagnostic clues. Without disturbing the human body
system, we can have a detailed study using imaging
techniques. But some sort of subjectivity exists while
examining these medical images. This will cause
difficulty in decision making. Radiologists and medical
professional requires more information in the above
cases. Hence further processing of these images is
required, in many cases.

e In the present work image data base have been
prepared among various types of liver cancer images,
collected from regional cancer center and medical
colleges in and around Trivandrum, Kerala, India for
conducting the study. 600 images of liver tumors, Cysts,
Cirrhosis etc. have been collected. The images are
resized into 256 x 256 pixels. Most of the images we got
are in dicom format. These have been converted into
GIF Format for easy processing. Various image
processing operations are performed in these images
and the results are shown to the radiologists and
medical professionals. The selected images alone are
used here for formulating the result and discussion
parts.

Support Vector Machine for Classification

Support vector points will be lying on the margin. The
exact solution to the classification problem can be
expressed by the decision function

N
d(x)="sign| > 'AY, n(s,X)+b | v (1)
i=1
Where
A; = Langrange multiplier;x; € R" (ith input vector),
yi €{+1,-1}

Si = Support Vectors
N = Total number of support vectors
n(s;, x) = The function for convolution of Kernels

Radial Kernels usually provides the best result

N(X,Y) =€ D e )

1 €R and is a non - zero parameter
The SVM outputis -1 or +1
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When output of sub image is 1 the system classifies the
image as malignant. When it is -1then it classifies as
benign.

Out of the 600 liver tumor images 100 malignant liver
tumors and the same number of benign tumor images are
separated. Texture analysis has been performed on these
images and texture features are extracted. These features
are then used for classification of liver tumors into benign
and malignant tumors. For the purpose of classification
support vector machine is employed. Classified output is
compared with the result that obtained by radiologists
and medical experts.

Methods of Approach

Gradient Operators

Edge detection with gradient operators is found to be
very effective in classical image processing processes.
They are found to be one of the simplest methods by
simply taking the first derivative of the image for
detecting object edges. Many gradient operators such as
Canny, Sobel, Prewitt, Robert, Compass etc. are available
for finding the object edges. After detecting the object
edges it is possible to find the area, volume etc of the
tumors or lesions present in the abdominal CT images of
liver. Even though edge detection is considered as a
simple basic operation in image processing over the years
researchers have identified the significance of detected
edges. There are several advantages and disadvantages of
these edge detection methods. Several methods
contribute information losses from the original image.
Some methods make the object edges thick. This further
requires another step for edge thinning operation. After
detection of the object edges it is possible to visualize the
cyst or tumor lesion present in the abdominal CT image.

Filtering

Another simple operation which can be implemented
in images of CT are filtering. We have several Filters such
as linear filters and nonlinear filters which can be applied
on quality image which can be used for further processing.
Researches and medical professionals are always
interested in reading the line good quality images. High
pass, low pass etc., are some of the examples of commonly
used filters. In image processing and pattern recognition
we use special type of filter such as wavelet filters, fuzzy
filters, various variations of median filters etc. which are
capable of providing very good quality input images for
further processing. Using filter banks is another idea
which can provide excellent results.

Copyright© Hariharan S.
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Level Set Based Approach

Computed tomography images can be used for liver
tumor diagnosis. Accurate segmentation is essential for
medical image analysis. Active contour methods can be
used for the segmentation of tumors in liver CT images.
Active contour methods have many disadvantages also.
We will not get proper segmentation in the presence of

noise and other major edges near to the original boundary.

This can easily be carried out using an expectation
maximization algorithm.

Level set methods can be used for modeling the liver
tumor using different methods such as Mumford Shah
model, Baysian level set model etc. However they are
found to be very old. The piecewise constant model is one
alternate solution to Mumford Shah model. This is first
proposed by chan and vese. This method can be easily
implemented on liver CT images and hence used for
tumor segmentation.

Hard Thresholding

Image segmentation is one of the most important
processes in image analysis. In segmentation we can
partition an image into several sub regions. Out of these
sub regions we can perform further analysis on the region
of interest (RIO). There are many ways in which
segmentation can be executed. The methods include
region growing, splitting and merging, thresholding etc.
Several algorithms have been proposed by segmentation
researchers based on the above classical segmentation
methods.

Thresholding is one of the most important and
popular tool used for image segmentation. In thresholding
usually two thresholds are fixed. One for the object and
other for the back ground. Thresholding can be divided
into global thresholding and local thresholding. In global
thresholding we select a threshold ‘T’ that will separate
object from background. In local thresholding we divide
an image into sub regions and perform thresholding in
each region. Global thresholding technique is one that
thresholds the entire image with a single threshold value.
Local thresholding technique is one that partitions a given
image into sub images and determines a threshold for
each of these sub images. One of the best methods of
thresholding is adaptive thresholding. In adaptive
thresholding each pixel in an image is thresholded based
on the histogram of the pixel neighborhood. Many
researchers developed hard thresholding algorithms
slightly varying from the original method. Out of which
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the methods developed by Otsu, Kapur, Sahoo PK, etc. are
of considerable interest [36-38].

Soft Thresholding Based Approach

Fuzzy Based Thresholding

Fuzzy set theory proposed by Zadeh LA is one of the
most important work for the analysis of medical images.
Due to its flexibility, imprecise and natural characteristics
this can very easily be implemented on medical image
analysis similar to other classical segmentation
algorithms. Fuzzy based approaches can be implemented
on liver tumor segmentation process. However one with
the multi-level thresholding provides fine turned
segmented output. In most simple form, in this work fuzzy
thresholding based strategy is used for the segmentation
of tumors in liver CT images of the abdomen. Using this
method very good segmentation can be achieved. This
thresholding can be done in the crisp form or non-fuzzy
platform or in the fuzzy platform. The fuzzy based
approaches are found to be most suitable for medical
images such as liver images. Hence in this work fuzzy
thresholding is used for the segmentation of liver CT
images.

Wavelet Based Thresholding

Wavelet based thresholding is another option. It is a
powerful tool for noise reduction in an image because of
its capability to bring out detailed spatial frequency
information in real time. Due to this property it is possible
to distinguish between noise and the original data. If we
take wavelet transform of a data we get one
representation which contain main structure of the image
with some large efficient and the noise with the remaining
small coefficients. Noise can be represented as a normal
distribution or Gaussian distribution. Image denoising can
be done with wavelet thresholding or shrinkage schemes
like sure shrink or Bayes Shrink etc. This can be
performed by thresholding small wavelet coefficients. If
we threshold an image with global threshold and filter out
small coefficients to remove noise, high frequency
components belong to the edges will also remove which
will result in image blurring. For improving the wavelet
based denoising local variance evaluation can be done.
Local variance can characterize local features of an image.
Area with small variation provides homogenous region
where as regions containing edges will have a higher
variance. In this work wavelet based thresholding is used
for reducing noise and preserve the important edges in
the image [46-50].
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Texture Based Approach

Texture analysis is one of the most interesting areas in
digital image processing mainly for image analysis and
classification. It is commonly used for interpretation and
classification of different types of images. In order to
discriminate images with different texture characteristics
it is necessary to extract texture features which embody
information about the spatial distribution of grey level
variations in each image. These texture features can be
used directly from the image or from frequency domain.
Based on the application they can be used for solving
classification problems. In this work neighboring grey
level depended matrix method is used for classification of
liver tumor images.

Results and Discussions

First of all NGLDM feature are extracted from the
original images in the data base. The mean and standard
deviation are calculated for different texture features and
or benign and malignant cases. It is shown in table 1. By
trial and error it is observed that the features long run
emphasis and entropy provided best classification results.

Cross validation method is used here for estimating
the performance of the present system. Images in the data
base are divided into n classes. The starting group is kept
as such and the balance (n-1) group is used for training
the SVM.

Figure 5 shows the performance of the SVM system
with varying eta values. Between the bandwidth of 0.02 to
0.03 the proposed system provided stable and highest
accuracy. SVM is tested on the group that was said aside.
The second group is then removed, and the remaining n-1

group is trained and the network is tested on the excluded
group. The method is continued until all n groups have
been used. In this work the value of n is taken as 10.

Neighboring grey level depended matrix method is briefly
explained below.

Let the image be

1 1 2 3 1
0 1 1 2 2
0 0 2 2 1
3 3 2 2 1
0 0 2 0 1
The P matrix computed from the image is given below.
0/12345678
0001000000
11001100000
2000041000
3010000000

The texture features computed from this method are
directionally invariant. These features are first proposed
by Sun and Wee [52]. The texture features proposed by
them are small number emphasis, large number emphasis,
second moment, number non uniformity and entropy. The
method makes use of one element and its entire
neighboring element at once instead of one direction at a
time. This will reduce the -calculation required in
processing an image. The matrix P (i,j) is a frequency
count of grey level variations. Ng is the number of grey
levels present in the image and Nr is the number of
possible neighbors to a pixel in an image. In the above
image P matrix is computed for grey levels 0-3 at d=1 and
a=0. For conducting the experiments these features are
first extracted and then used for classification purpose.

Malignant Benign
Sl no Mean Std. deviation Mean Std. deviation

1 0.9082 0.0184 0.906 0.0181
2 0.9189 0.0163 0.922 0.0161
3 0.8851 0.0236 0.8526 0.025
4 0.8676 0.304 0.8676 0.027
5 0.8556 0.299 0.8588 0.03

6 0.8044 0.777 0.8132 0.0346
7 0.8081 0.781 0.818 0.0324
8 0.8016 0.7633 0.78 0.0394
9 0.8008 0.75 0.771 0.0436
10 0.7766 0.755 0.6616 0.048

Table 1: Mean and standard deviations of the texture feature large number emphasis.
Hariharan S. Developments in Segmentation of Abdominal Liver CT Images for Cancer Copyright© Hariharan S.
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Test set Malignant Benign
1 2/10 0/10
2 6/10 0/10
3 1/10 0/10
4 3/10 0/10
5 5/10 3/10
6 1/10 3/10
7 1/10 1/10
8 1/10 1/10
9 1/10 1/10
10 0/10 0/10

Table 2: Misdiagnosed cases.

Gradient operators are set of kernels which are useful
for edge detection. We have applied all the important
edge detectors like Soble, Canny, Prewitt, Compass,

Gaussian etc. to get any clinical information present in the
original image. However after performing all these
operations on CT images of liver cancer and easily
distinguishable features could not be brought out except
very few methods such as sobel and canny. Other gradient
operators performed lesser than the above two methods
in bringing the clinical information from the input images.
Like other studies we have also observed that accurate
edge detection is not possible with them and smooth edge.
Also it enhances the unwanted edges also which makes
the output confusing. However it is easy to implement and
detects edges and their orientation. The method is time
consuming and difficult to implement. On the other hand
canny edge detector having a smoothing effect for
removing noise. This operator has got good localization
and response. Also it enhances S/N ratio and is immune to
noisy environment.

Figure 2(d): Output of Prewitt edge detector.

Figure 2(e): Output of Roberts edge detector.

_J

In Figure 2(a) Original liver image is shown. It is
possible to see the liver clearly. After applying the canny
edge detector it is possible to see the liver boundary
traced nicely by the gradient operator Canny and it is
shown in Figure 2(b). The output images after applying
the operator Sobel is shown in Figure 2(c). In this the
boundaries are not very clear and dis continues. Even the
shape of liver is not distinguishable clearly. In Figure 2(d)
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output image of Prewitt edge detector is presented. The
boundaries are not clearly identified in this case also.
Roberts operator output is given in Figure 2(e) which is
not as good as that of the other operators.

Filtering is one efficient and effective method for

enhancing the characteristics of an image. It removes the
noise present in the image without sacrificing the

Copyright© Hariharan S.
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characteristics of an image. In this work we have
implemented many filters like hpf, Ipf, mean median etc.,
and checked the output. It provided good results and
enhanced the characteristics of the images considerably.
While implementing soft thresholding techniques much
better results are obtained. Fuzzy based filters provided

not only excellent results but also natural like images for
visual interpretation. Similarly wavelet based filters also
provided excellent results. This study extensively likes to
state that soft thresholding techniques based on fuzzy and
wavelets filters are excellent as compared to the other
classical image filters.

Figure 3(a): Original image.

Figure 3(d): High Pass filter.

Figure 3(f): Mean.

Figure 3(g): Median.

In Figure 3(a) original liver disease affected liver
image is shown in Figures 3(a) & 3(b) is the output image
after applying the fuzzy filter. It is possible to observe that
noise present in the image is completely removed and a
smooth filtered output is obtained.

Hariharan S. Developments in Segmentation of Abdominal Liver CT Images for Cancer

Figure 3(c) is the output image obtained after applying
the wavelet filter. This is also found to be one of the best
filters and the filtered image is a good smoothed image
without noise.

Copyright© Hariharan S.
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Among the classical filters high pass, low pass, mean
and median filters are of considerable interest. In Figure
3(d) high pass filter output is presented. The image has
turned black but the liver boundary is more prominent
even in the presence of low contrast. Low pass filtered
output is shown in Figure 3(e) and on visual inspection
the output is not sufficiently good as compared to mean
and median filters. Among these filters median filter is
one of the best and hence used by image processing
researchers long back. Mean filtered output is shown in
Figure 3(f) and the Median filtered output is presented in
Figure 3(g)

Hard thresholding is one of the methods of
segmentation when object and background are clearly
possible to visualize using grey levels. It is also considered
as a process of partitioning pixels in an image into
exclusive and exhaustive regions. In thresholding we have
to identify a threshold T and then segment the image into
two different regions for object and background. In real
life situations it is not easy to identify a single threshold.
The hard threshold output is shown in Figure 4(b). Otsu’s
method of segmentation (thresholding) is a hard
thresholding technique. The output of which is shown in

Figure 4(c). Otu’s method of segmentation based on
thresholding maximizes the class separation of object and
background. This method provides excellent results for a
vide verity of natural images.

Fuzzy based thresholded output is shown in Figure
4(d). Zadeh LA in his paper exclusively stated that one of
the areas of application of his fuzzy set theory is medical
image analysis. Fuzzy thresholded image can be
characterized by two membership functions, one for
object and other for background after segmentation.

Wavelet based thresholding is an excellent method of
segmentation. It can also provide high accuracy and
segments the liver using global threshold. After enhancing
the liver regions segmentation is performed to separate
the image foreground and background. By segmenting an
image also saves processing time. Segmentation can be
done with global threshold or using multiple thresholds.
Wavelet based techniques always provides excellent
segmentation results with more than 90% accuracy as
compared to all the other segmentation techniques. In
Figure 4(e) wavelet based thresholding (segmentation) is
implemented.

Figure 4(d): Fuzzy.

Figure 4 (e): Wavelet.

Figure 4(f): Original image.
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Figure 4(g): output of Level set method.

The level set methods are versatile, most efficient and
accurate for a wide range of problems. This methods
works be embedding propagate fronts as zero level set of
high dimensional function. The equation of motion of this
is like hammilton-Jacob equation. The critical value
partial differential equation is solved using hyperbolic
conservation laws. By using narrow band adaptive
techniques the computational complexity can be reduced
to some extent. This method can handle sharp corners
and cusps. The main advantages of this method are
increased accuracy and robust modeling.

In the area of liver mage analysis, scientists developed
several techniques for segmenting liver tumors. Each one
has its own merits and de-merits. The level set method of
liver image processing has contributed several interesting
results. In Figure 4(f) a liver tumor image is shown. Level
set method is applied and the result is shown in Figure
4(g). It is possible observe that the tumor boundary and
liver boundary are clearly demarcated in this case. Using
level set method it is possible to bring out clinical
information. Further processing may provide more and
more formation about the tumor.

Filtering techniques are extremely important while
dealing with medical images. Hence wide verities of filters
are used in medical image processing and related areas.
The most commonly used conventional filters are the low
pass filters, high pass filters, median filters mean filters
etc. While processing with abdominal CT images it is
observed that median filter performed well, out of all
these. This is one of the old techniques but satisfactory for
preliminary processing for advanced image processing
more sophisticated filtering technique is necessary.
Researchers put their effort in developing various
techniques and as a result fuzzy filters and wavelet filters
have been developed. While applying these filters to CT

images of the liver very good filtered outputs are obtained.

Hence these methods are found to be one of the most

Hariharan S. Developments in Segmentation of Abdominal Liver CT Images for Cancer
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useful and effective method in image processing and
pattern recognition.

Segmentation of images is very much required in the
area of medical imaging for disease diagnosis and therapy.
Segmentation of tumors and cysts are required in several
cases for diagnosis and therapy. In liver image analysis
tumor or cysts segmentation is possible and we will get
more and more information about the tumor. This will
definitely help in diagnosis and therapy.

We have applied the liver images to all the
conventional segmentation techniques such as region
growing, splitting and merging and thresholding.
Thresholding techniques can be divided into two, hard
thresholding and soft thresholding. Hard thresholding
belong to a group of segmentation techniques modified by
few researches like Otsu, Kapur, P K Sahoo and Kittler etc.
Soft thresholding belongs to methods similar to Fuzzy
thresholding, wavelet thresholding etc. we have
implemented both in the case of abdominal images of
liver CT and found that Fuzzy based thresholding and
wavelet based thresholding provides excellent segmented
output as compared to all the other segmentation
methods.

Texture Based Classification of CT Liver
Images

The summary of the proposed work on classification
of liver tumors into benign and malignant are depicted in
Figure 1. The speciality of this work is that we have tried
to obtain the optimum results by making use of the best
methods used in each and every step. As an example for
filtering we used fuzzy filters and wavelet filters and for
segmentation  fuzzy  thresholding and  wavelet
thresholding are employed.

Texture characteristics can be used for the analysis of
different types of images. These characteristics can also

Copyright© Hariharan S.
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be used for identifying different regions in an image. This
will assign the give texture region to known set of the
texture classes. Texture analysis is considered as a
challenging area of research due to its difficulty to analyze
both natural and artificial textures using a single method.
Texture based image analysis can be broadly classified

into structural, statistical, model based and signal
processing methods. All these methods use textures on
single scale. In order to overcome this limitation multi
resolution analysis can be used. This can easily be
realized with the help of wavelet transforms.

0.82
0.81 /\
A 08
c / N\
0.79 /
c
u 0.78 /
r 0.77
a / \
0.76 /
c
0.75
y
0.74
0.73 I T T T T T 1
0 0.01 0.02 0.03 0.04 0.05 0.06
n Value
Figure 5: Wavelet transforms.
Conclusions Among the conventional image filtering techniques

In this work various image processing operations are
performed on liver CT images. This includes classical
segmentation techniques followed by the latest methods
which are available in the field of liver image analysis.
Finally we compare these methods to check which the
best options are in liver CT image analysis. Several input
images and output images are experimented and the
results are shown to the expert radiologist for their
opinion and advice to examine whether any clinical
information can be drawn from it. The images selected by
them are further examined to find which methods are
efficient in bringing clinical information without
sacrificing image characteristics. Based on these studies
we arrive at the following conclusions:

Among the edge based segmentation techniques level
set methods out perform all the other methods. Earlier
studies have also revealed that canny edge detector is the
best edge detection technique. Sobel operator is also good
but it not only enhances the unwanted edges but also
smooth the image to some extent.

such as LPF, HPF and Mean etc, Median filtering
outperform all the other filters. It is observed that fuzzy
filters and wavelet based filters provided the best results.
Thresholding is one of the most simple and easy to
implement segmentation technique without much
computational complexity. These thresholding techniques
commonly used by the image processing community have
been implemented and the results are manually examined
by the expert radiologist. Among the crisp thresholding
techniques otsu’s method provided best segmentation.
However it is not good in providing internal details of the
liver. Hence tumors or Cysts cannot be clearly identified.
Also it changes the image completely with only one
threshold.

Among the latest developments fuzzy thresholding
and wavelet based thresholding provided the best results.
It accomplishes the segmentation without changing the
input image characterizes but brings the output with this
clear image and possible to highlight clinical information.
After applying these techniques excellent segmentation
results are obtained than any other classical segmentation

Hariharan S. Developments in Segmentation of Abdominal Liver CT Images for Cancer Copyright© Hariharan S.
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techniques. It is also observed that the times taken for
performing these operations are relatively less due to less
computational complexity.
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