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Abstract

Keywords
Tumor Segmentation, Liver CT Segmentation is the process used to subdivide an image into its constituent
Images, interactive color pre- Tegions or objects. Segmentation of structure in medical images is an important

processing research topic. It has applications in patient diagnoses, image-guided surgery,
and medical data visualization. Several segmentation methods have been
Article History reported with their own pros and cons. Some of the segmentation methods are

assisted with preprocessing, such as their color representation. In this research
work, a novel technique has been proposed as a preprocessing approach to color
the Computed Tomography (CT) Liver images. The interactive-colored
representation of CT Liver images enables the segmentation of tumorous
regions present inside the slices. The proposed method has been implemented
in both fully automated and semi-automated ways. A fully automated way is
purely based on the Electromagnetic (EM) spectrum to color the gray
information into colored one, while a semi-automated way uses the colors
selected by the operator for different anatomical regions of the same human
anatomy. Soft tissue mass evaluation that ranges from non-neoplastic
conditions to benign and malignant tumors is a common problem, referred to
as radiological findings. It is observed that these findings reliably distinguish
between benign and malignant soft tissue lesions. Even expected to provide
confirmatory information about the presence of a mass in preparation for
possible treatment. This is due to wvisually evaluated radiological images, a
nonstandard approach. To overcome this unreliable situation, we decided to
analyze the outcome of various approaches in terms of soft tissue tumor
segmentation and classification adopted by various researchers, and to provide
a better solution to the highlighted problem. During our research work, we will
use human liver CT images in their original. Before segmenting the
pathological tissue region from healthy various colorization techniques will be
analyzed to fill with appropriate colors.
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1 Introduction Computed Tomography (CT), Magneto

In the age of inventions, electromagnetic signals,
transmitted by human anatomies, listen to
through emerging medical imaging modalities
are systematized to embody images. These
modalities include X-Ray, Ultrasonography,

Encephalo Graphy (MEG), Electro Encephalo
Graphy (EEG), Positron Emission Tomography
(PET), Single-Photon Emission Computed
Tomography (SPECT), and MRI. This medical
imagery data is then visually inspected for the
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evaluation of subjects and enables the clinician
to study or prepare their treatment planning.
The targeted anatomical structures include the
liver, prostate, kidney, heart, breasts, and
abdominal structures [1, 2]. The spleen and the
intestine are among the most important
abdominal structures [3, 4]. More accurate and
definitive radiological assessment has become
decisive for the subject’s therapy, such as surgery,
radiation, and chemotherapy. Therefore,
visualization of this medical data, holding
information of biological tissues for the
evaluation and assessment, is now one of the key
issues of radiology departments in routine
health care environments [5-20].

CT is a non-invasive medical examination with
more contrast among the soft tissues and high
spatial resolution. The image quality and
sensitivity of CT scanners made this modality,
the best, to evaluate liver abnormalities. Liver
disorders are complex; therefore, radiologists are
assisted through better visualization of
anatomical structures for accurate and definitive
diagnostic procedures. CT delivers important
information about shape, size, and localization
of soft tissues without revealing the subject to
high ionization radiation [21, 22]. Therefore, it
has central position in liver tissues evaluation
process in clinical atmosphere. In routine
healthcare units, a number of MRI sequences
are embodied [23]. These sequences include T1
weighted (T 1w), T1 with post contrast (T1C), T2
weighted (T2w), Proton Density weighted (PDw)
and Fluid Attenuated Inversion Recovery
(FLAIR) [24] with direct views of the body in
almost any orientation i.e. coronal, sagittal and
axial [25]. These sequences enable tissues to be
visualized well. T1C shows better anatomical
details and better distinction between solid and
cystic structures while PDw shows pathological
changes in better way [26]. Although, liver is
protected by thick bones of skull, however, it is
susceptible to many types of damage and
diseases. The most common are neoplastic
diseases, degenerative diseases, cerebrovascular
diseases, inflaimmatory diseases, which can be
diagnosed through CT scanners [27]. However,

if following issues are addressed at
manufacturing level by CT machines venders,
fully automate diagnostic procedures be
facilitated in well [28-43].

CT is short for Computed Tomography. It is a
procedure used in hospitals to scan patients and
determine the severity of certain diseases [44-62].
A CT machine uses an X-ray to create detailed
images of the human body. CT is widely used to
analyze soft tissues of human anatomical
structures. Because of the image quality and
sensitivity, CT is currently the best test to
evaluate any abnormalities or disorders within
human anatomy. The number of disorders can
be quite extensive and/or complex and must be
visualized well to enable the radiologist to make
an accurate and definitive diagnosis. The
diagnosis can be further correlated with the
patient's symptoms to determine the treatment
[63-80]. It is a non-invasive medical examination
that helps physicians in diagnosing and treating
medical conditions [81].

CT scan combines a series of X-ray images taken
from different angles and uses computer
processing to create cross-sectional images, or
slices, of the bones, blood vessels and soft tissues
inside our body. CT scan images provide more
detailed information than plain X-rays do.

CT scans are special X-ray tests that produce
cross-sectional images of the body using X-rays
and a computer. CT scans are also referred to as
computerized axial tomography. CT was
developed independently by a British engineer
named Sir Godfrey Hounsfield and Dr. Alan
Cormack. It has become a mainstay for
diagnosing medical diseases. For their work,
Hounsfield and Cormack were jointly awarded
the Nobel Prize in 1979.

CT scanners first began to be installed in 1974.
CT scanners have vastly improved patient
comfort because a scan can be done quickly [82-
87]. Improvements have led to higher-resolution
images, which assist the doctor in making a
diagnosis. For example, the CT scan can help
doctors to visualize small nodules or tumors,
which they cannot see with a plain film X-ray.
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Figure 1. CT Scan machine

Medical images taken of the human body are
acquired or displayed in three main
orientations:

[ Coronal orientation: in a cross section
(plane), for example, across the shoulders,
dividing the body into front and back halves. An
axial CT looks at the liver from below in a series
of images starting at the chin and moving to the
top of the head.

o Sagittal orientation: in a cross section
(plane), for example, down the middle, dividing

the body into left and right halves A Sagittal CT
looks at the liver from the side in a series of
images starting at one ear and moving to the
other.

] Axial orientation: in a cross section
(plane), perpendicular to the long axis of the
body, dividing the body into upper and lower
halves. A coronal CT looks at the liver from
behind in a series of images starting at the back
of the head and moving to the face.

(A)

(B)

Figure 2.(A) shows axial image of liver CT, (B) shows Sagittal view of liver CT, (C) shows Coronal
view of liver CT

CT units use strong electromagnetic fields and
radiofrequency (RF) radiation to translate
hydrogen nuclei distribution in body tissue into
computer-generated  images of anatomic
structures. CT is an imaging technique that uses
the magnetic properties of the hydrogen atom to
produce images. The nucleus of hydrogen is a
spinning charge proton with magnetic
properties.

Two magnetic fields are used in CT.

. The first being a strong static magnetic
field which causes the hydrogen atom in the
bodies to align in a direction parallel to the field.
. A  second magnetic field (radio-
frequency RF pulse) is applied at right-angle to
the first field causing the hydrogen atoms to
change their alignments.
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Figure 3. A Liver image scanned through CT modality

Any time a patient comes into the hospital, the
doctors will have to perform some type of
diagnostic test. The testing helps the medical
staff to find out exactly what a patient is
suffering from. Testing can even be a great way
to find out about a medical condition early,
before it has time to develop into a serious
problem. While there are many kinds of tests
they can all be placed into two different
categories: Invasive and Non-invasive.

An invasive diagnostic test is any type of medical
test that requires physicians to use
instrumentation to physically enter the body.
The instrument can be very small and relatively
pain free, as is the case with taking a blood
sample or more involved, as with a biopsy.
Invasive diagnostics generally involve the
medical professional looking inside the body to
identify a potential medical issue or removing a
part of the body that will be tested. Sometimes
doctors use medical devices fitted with cameras
or other technologically based equipment to
evaluate a patient. If the test is apt to be painful,
patients will either be medicated or sedated.
Medical applications increase the use of
automated detection and diagnosis of diseases.
The automated pathological assessment of
anatomical structures is very important in
clinical environments. The main objective of the
research study is to investigate the methods that
could represent human liver in colored version
so that segmentation process be facilitated in
good manners. It is also the prime objective of
the study that such that information present in
gray scale be converted into colored version
without loss of the medical traits of the subjects.
The summarized, focused and specific objectives
of this research work are as under;

(a) Provide an automatic or semi-automatic
colorization method to represent gray
information of human liver scanned through
CT imaging modality.

(b) Explore the performance of the
proposed method with state-of-the-art method.

1.3.1 Research Methodology

The proposed method has converted gray scale
CT lungs images into colored ones. A gray image
has only luminance or intensity value I to
represent a pixel ranging from O to 255, whereas
a color image may use RGB color space with red,
green and blue components. Human eye cannot
identify two contiguous colors of visible
spectrum, unless there is significant change in
saturation. Starting from 400nm to 700nm,
there are total 301 unique colors. Since each two
contiguous colors are not perceivable human.
Empirically, to derive the criterion (C) for
colorization process, we made experiments on
data set of 29 subjects that describes how many
consecutive color pixels are to drop to select next
pixel from color spectrum. This criterion best
matches to give appropriate and considerable
variations among tissues. Next derivable is the
threshold (T), that determines the successfulness
of the comparison using Euclidean Distance.
The minimum value of T can be 1 (one), but if
the value of T is adjusted at 1, the number of
colors that are assigned is reduced, resultantly,
in-homogeneities in color pixels are observed.
Both derivations are sufficient to produce good
results for soft brain tissues utilized in proposed
colorization method.

2 Literature Review

Researchers established several methods to color
human soft tissues acquired through medical
imaging devices including liver MRI images.
Each of the methods has its own pros and cons.
Almost all these methods produce color images
based upon estimated colors. Attique et al., [88]
calculate luminance of each MRI image pixel
and converts into CIELab using XYZ and then
converges the color mapping process. There is an
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extra overhead conversion from RGB to CIE lab
and vice versa in this proposed method of
colorization and is computationally not
efficient. For grayscale images and videos V. G.
Jacob and S. Gupta [89] proposed a
semiautomatic approach to color. The algorithm
requires position and color of the marker then
few reference frames are manually selected to
colorize using these markers and their
chrominance information is then transferred to
the other frames of the video. Operator
involvement is the main drawback with this
approach. The Luminance along-with texture
has been used to find best matching source pixel.
Then its chromaticity is assigned to target pixel
by retaining its luminance value by Rathore,
Yogesh et al,, [90]. Although an automated
approach is the proposed one but construction
of image databases along with their parameters
is also overhead. C. Sauvaget et al., [91]
suggested an automatic gray image colorization
approach in which user defines color from
chromatic hue wheel. Bochko V et al. [92]
suggested medical image colorization using
support vector machine as a learning method to
learn from set of images. They applied their
method of colorization on dental and skin
images wounded images, hence data set to learn
is the requirement of the proposed medical
image colorization. Holland GN and Bottomley
PA [93] proposed color display technique for
NMR images. MATLAB also colors the gray
images and supports different types of color-
maps (hot, summer etc.). Users are allowed to
define their own color-map and color ranges,
then linear mapping is used to assign colors to a
gray image. Minimum and maximum values are
calculated from source grayscale image and
defined color-map. After calculation of these
maximum and minimum values, the minimum
gray value of the source image is replaced by
calculated minimum color value while
maximum gray value of the source image is
replaced by calculated maximum color value.
The values of gray scale image that are in
between minimum and maximum are linearly
replaced by the middle colors from color-map
colors [94]. Colorization methods based on
multi-parametric MRI images have also been
reported.  Different sequences of same
anatomical position have been utilized during

colorization procedure, in such a way that Tlw
sequence is assigned red channel, T2w sequence
is assigned blue channel, while FLAIR sequence
is assigned green channel. After these primary
channel assignments to individual sequences,
these images are fused, resultantly a color image
is embodied by Weiss, Kenneth L et al. [95].
Weiss KL et al. [96] has also reported multi-
parametric based colorization solution for gray
scale images. Two MRI images of same
anatomical position scanned with different
pulse sequences are used. Hue and luminance of
corresponding pixels of both images is calculated
to generate colored one. Similar nature of work
based on multi-sequence has also been reported
by Hernandez, Maria del C Valdés et al. [97].
Thus, there is a need to investigate more
efficient methods of colorization. Because color
representation of same grayscale image enhances
visual appeal. If such tools are matured, the
assessment process on monochrome data will be
more accurate and definitive.

In the proposed method of liver MRI
colorization, MRI image is colorized in easy and
efficient way. The overheads present in the
reported techniques [95, 97] has been reduced.
As there is no separate process to color each
sequence, allied with fusion process to obtain
colored image. The colorization process based
on these multi phases is generally a costly
solution in terms of computational complexity.
Since, change in gray value of any pixel can cause
artifacts. Therefore, the proposed method of
colorization pertains to the original gray value of
each colorization procedure. The methods
provide by MATLAB to color gray scale images
don’t retain original luminosity [94]. Major gain
to using single image colorization is that it works
equally on other medical imaging modalities
such as OCT, CT, X-Ray etc. where there is only
one parameter available for image acquisition.
In this study, a method of colorization to gray
scale liver MRI images has been reported to
enhance their visual perception and enabling
more precise tissue discrimination. Drawing
upon the human visual system’s ability to
discriminate  colors well, the proposed
methodology can become useful in enhancing
the information content of monochrome MR
(and potentially other modality) images. This
research would be contribution for modeling
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and designing reliable systems to assist
radiologists, neurosurgeons, and healthcare
practitioners for better analysis pertaining
classification of liver tumor, localization of liver
tumor, treatment planning, monitoring of
therapy, pathological assessment of growth and
disorders of liver soft tissues and studying the
differences of healthy subjects and subjects with
tumor.

A Digital image is a two-dimensional array, or a
matrix, of square pixels (picture elements)
arranged in columns and rows. A digital image
is composed of a finite number of elements
called pixels (short for picture elements), each of
which has a particular location and value. Each
pixel represents the colour (or gray level for black
and white photos) at a single point in the image,
so a pixel is like a tiny dot of a particular colour
[98].

A digital image is rectangular array of pixels
sometimes called a bitmap. Digital images are
electronic representations of images that are
stored on a computer. The most important thing
to understand about digital images is that you
can't see them and they don't have any physical
size until they are displayed on a screen or
printed on paper. Until that point, they are just
a collection of numbers on the computer's hard
drive that describe the individual elements of a
picture and how they are arranged. These
elements are called pixels (short for picture
elements), and they are arranged in a grid format
with each pixel containing information about its
color or intensity[99].

Image pixels are represented in a 1D array in
memory. We access it through pointers. While
reading the rest of the code, one should keep in
mind that pointers are only addresses. Even
though the image is a 2D structure, for
convenience and ease of processing& speed, it is
a common technique to represent it as a 1D
structure.

There are several ways of storing pictures on
your computer, each with its own advantages
and disadvantages. For example, some formats
reduce the file size, but others store extra
information to assist with editing the picture.

3 Methodology

As recently as few years ago, most radiologists
only had available pictures of several cross
sections of a liver plus their own 3D

reconstruction abilities to make a clinical
diagnosis or to evaluate the result of a therapy
on a patient. They use their experience and the
knowledge they gain from their medical studies
to diagnose the images. If we show a particular
set of liver images of a patient acquired by CT to
different radiologists around the world, they
may diagnose the images differently. Each of
them may have their own opinion about the CT
images. This may lead to ambiguous results
increasing the chances of errors in reports. So,
there is a necessity of providing them with an
automated system that diagnoses the images
reducing the chances of error as in case different
radiologists may give different opinions.

The necessity of providing radiologists with high
contract and noise-free images played a vital role
in the development of modern CT. They
provide a powerful tool for visualization and
diagnosis of various human body parts including
liver.

A major issue for the development of several
neurological applications for CT, such as
quantitative  analysis, surgical  operation
planning, image-guided surgery or functional
mapping, is the elaboration of specialized image
processing techniques. These image processing
techniques include segmentation techniques
with automatic segmentation. Segmentation is
particularly difficult due to low-contract between
tissues which even renders their manual
delineation difficult, and also to high topologic
variations of the structures amongst individuals
(100].

The main objective is to develop a system that
provides  efficient image  segmentation
techniques for processing CT liver images.

The main requirement for a segmentation
system is to have the following characteristics:

1. The system should be as automatic as
possible to avoid errors due to user interaction.
2. It should be adoptable to intensity
variations essentially due to magnetic field in-
homogeneities.

3. It should be able to cope with shape and
topology variations of the liver structure.

3.1 Image Acquisition

The images have been obtained on a CT
scanner. The experimental work has been
performed under institutional laws of Bahawal
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Victoria Hospital (BVH) Bahawalpur, Pakistan.
These laws were validated by institutional review
and ethical committees. The
participants/patients were informed and signed
the consent of data acquisition before
measurements in the department of radiology
and diagnostic images. Bahawal Victoria
Hospital Bahawalpur, Pakistan.

CT images were obtained from total 49 subjects
(35 males and 14 females, 35 normal and 14
abnormal) of average 39 years old patients
having stroke, hemorrhage, tumors and multiple
sclerosis. Amongst them 29 subjects (22 males
and 07 females, 21 normal and 08 abnormal)
were used to derive criteria for colorization as
shown in Table 1. Rest of the 20 subjects (13
males and 07 females, 14 normal and 06
abnormal) were used to derive threshold. All the
subjects were used to obtained results for the
verification of proposed method of colorization.
The colorization model is represented with the
block diagram shown in Figure 1. Author [31]

was consulted to obtain expert opinion and
validation of the outcomes.

3.2 Preprocessing

Histogram-based segmentation depends on the
histogram of the image. Therefore, you must
prepare the image and its histogram before
analyzing it. The first step is histogram
equalization. Histogram equalization attempts
to alter an image, so its histogram is flat and
spreads out over the entire range of gray levels.
The result is an image with better contrast.
Calculate the histogram, equalize the histogram
and then filter the histogram to achieve the goal.
These steps are part of our preprocessing.

Histo Gram

The histogram of an image shows us the
distribution of grey levels in the image. It is
massively useful in image processing, especially
in segmentation.

Frequencies

Grey Levels

Figure 4. Histogram Sample

Image histograms are an important concept in
Image Processing. The histogram of an image
refers to the histogram of the intensity values of
the pixels. It displays the no of pixels in an image
for a particular intensity level.

The x-axis in the image histogram comprises of
the intensity values (0-255 in case of 8-bit depth
image) and the height of the bar displays the
number of pixels with that intensity value.

The histogram with the image is given below:
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Figure 5. Image of Lena and its Histogram

To convert gray scale brain MRI images into
colored ones a colorization method has been
proposed. A gray image has only luminance or
intensity value I to represent a pixel ranging
from O to 255, whereas a color image may use
RGB color space with red, green and blue
components. Human eye cannot identify two
contiguous colors of visible spectrum, unless
there is significant change in saturation. Starting
from 400nm to 700nm, there are total 301
unique colors. Since, each two contiguous colors
are not perceivable human. Empirically, to
derive the criterion (C) for colorization process,
we made experiments on data set of 29 subjects
that describes how many consecutive color pixels

are to drop to select next pixel from color
spectrum. This criterion best matches to give
appropriate and considerable variations among
tissues. Next derivable is the threshold (T), that
determines the successfulness of the comparison
using Euclidean Distance. The minimum value
of T can be 1 (one), but if the value of T is
adjusted at 1, the number of colors that are
assigned is  reduced, resultantly, in-
homogeneities in color pixels are observed. Both
derivations are sufficient to produce good results
for soft brain tissues utilized in proposed
colorization method. Table 1 shows the details
of the subjects used to derive both C and T.

Table 1. Subjects examined for both Cand 7.

Criteria To‘tal Imaging Normal/Abnormal Male/Female
Subjects
Color Gap (O 29 CT Liver 21/08 22/07
Threshold (7) 20 CT Liver 14/06 13/07

Here are the steps of the proposed algorithm
used for brain soft tissues colorization process
utilizing the visible spectrum ranging from
400nm to 700nm frequencies. The top-down
approach this proposed paradigm is depicted in
Figure 3.3.

3.1Algorithm Steps

1. Input gray scale brain MRI image (I,).
2. Input linear vector (I.) containing visible
color spectrum ranging from 400nm to 700nm
frequencies.

3. Input C and T calculated after analysis
of subjects as shown in Table 1.

Repeat: read individual pixels (P;) of I,
Calculate Intensity (I) of Pi
Repeat: read pixel (P.) from L
Calculate intensity (i) of P.
C. If (ABS(I-)<=T) Then
i.Replace P: with P.
ii.Goto step 4
d. Else
i.Skip no. of pixels from I, equal to C
ii.Goto step 5 (a)

TPk

e. End If
f. End Repeat
6. End Repeat
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Input Color — | Spectrum L |[T¥| . . v
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400nm to 700

nm

Increment of C in L.

Figure 6. Showing the top-down approach for colorization of liver soft tissues using visible color
spectrum ranging from 400nm to 700nm

Figure 7. (A) Shows T2w Liver Image with dimension 256X256, (B) Shows colored image using 400 to
700 nm visible spectrum (C) Shows colored images using visible spectrum from 700nm to 400 nm
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Figure 8 Showing the top down approach for colorization of liver soft tissues using visible color

spectrum ranging from 700nm to 400nm

3.3

A.

B.

C.

Figure 9. (A) Shows T2w Liver Image with dimension 256X256, (B) Shows colored image using 400 to
700 nm visible spectrum (C) Shows colored images using visible spectrum from 700nm to 400 nm

4 Results & Discussion

The basic purpose of this conducted research is
to provide ease to radiologists, radio oncologists,
medical practitioners, physicians, and general
surgeons working in different medial units in
identifying and interpreting the CT images with
more definite and accurate manners. I have
colored the liver tissues in both fully automated
and semi-automated fashion. In both ways of
implementing the proposed system, the results

obtained remained acceptable by the domain
experts. According to their visual and subjective
analysis, the overall system is appreciative. First,
the results obtained through fully automated
way are presented as following (first column
shows the gray scale CT image and its segments,
second column shows colored image using

400 to 700 nm visible spectrum, and third
column shows colored images using visible
spectrum in reverse order i.e. 700 to 400 nm).
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4.1 Results obtained through fully automated developed tool

IMAGE 1:

A.

B.

C.

Figure 10. Showing result obtained from T2W Liver CT Image with dimension 256X256. First column
shows the gray scale CT image and its segments, second column shows colored image using 400 to 700
nm visible spectrum, and third column shows colored images using visible spectrum in reverse order

i.e. 700 to 400 nm

IMAGE 2:

A B.

C

Figure 11. (A) showing liver CT image with
dimensions 256X256 (B) 400 to 700 nm colored
version of image (A), (C) 700 to 400 nm colored
version of image (A).

The above figure shows the normal liver image
with a little liver atrophy. The detail of soft

Figure 11. Showing result obtained from T2W Liver CT Image with dimension 256X256. First
column shows the gray scale CT image and its segments, second column shows colored image using
400 to 700 nm visible spectrum, and third column shows colored images using visible spectrum in

reverse order i.e. from 700 to 400 nm.

tissues is more clearly visible because of
colorization. Figure shows the detail of the skin,
scalp and meninges can be easily made out if
there is any abnormality in these structures, that
will be more easily picked up by human eye
because of color rendering.
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Figure 12. shows output of the proposed method. (a) Original gray scale image of Liver (b)Annotated
image by specialist/radiologist (c)Resultant image by proposed method (d)Gray scale conversion of (c),
(e)Histogram of original image(a), (f)Histogram of Gray scale image(d), (g)Edges detected through
Canny model of (a), (h)Edges detected through canny model of(d).
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Figure 13 shows output of the proposed method. (a) Original gray scale image of Liver (b)Annotated
image by specialist/radiologist (c)Resultant image by proposed method (d)Gray scale conversion of (c),
(e)Histogram of original image(a), (f{Histogram of Gray scale image(d), (2)Edges detected through
Canny model of (a), (h)Edges detected through canny model of(d).
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Figure 14. shows output of the proposed method. (a) Original gray scale image of Liver (b)Annotated
image by specialist/radiologist (c)Resultant image by proposed method (d)Gray scale conversion of (c),
(e)Histogram of original image(a), (f)Histogram of Gray scale image(d), (g)Edges detected through
Canny model of (a), (h)Edges detected through canny model of(d).

To authenticate the proposed method of used to color the other anatomical structures
colorization running in semi-automated way, | scanned through different imaging modalities.
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For this, I considered, Chest image scanned
through X-Ray, Hand image scanned through X-
Ray, and dental image scanned through MRI
medical imaging modality.

5.1 Conclusion

Image segmentation is obviously more essential
feature in most image processing methods allied
with CT imaging data, which reflects anatomical
structure of segment (tissue). The usefulness of
these methods in clinical environment
significantly depends on the ease of
computation and the reduction of operator
involvement. The method used in this research
work is based on the proposed algorithm, which
performs spectroscopy to segment out possible
objects from T2 weighted liver CT image. The
applicability of this algorithm is practically
verified. It is established that the proposed
method can be applied to other medical imaging
modalities or other image processing domains
and it is quite efficient. Segmentation is
achieved through histogram valley to valley
calculation (absorbing small peaks into large
peaks). GM, WM, CSF and abnormality exist
with their original pixel’s intensity levels are
extracted and there is no loss of useful
However, the  proposed
segmentation method needs improvement to
deal with all other imaging modalities for the
segmentation of object under analysis. The
proposed segmentation method does not deal
with intensity in-homogeneity. To deal with
intensity in-homogeneity is another research
article discussed in various literatures. The

information.

colorization method is used to colorize the gray
scale CT images to enhance the visual
perception and increase discrimination. The
proposed methods generate appreciative results
on applying to the T2 liver CT images. The
results generated with the colorization method
are excellently refined and clearly unveil the
hidden information that is difficult to observe
with naked eye from the gray scale image. In
future the liver CT image segmentation method
will be improved in accuracy, precision and
computational speed as well as a fully automatic
way. Furthermore, the different segments will be
mapped into their color plotted domain after
segmentation from liver CT image. The
proposed method will be made so generic by
using some statistical features with applications

of classification and volume calculation of liver
components. Once the window size is adjusted
automatically by using some statistical features
then the fully automatic segmentation method
will be the proposed method.
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