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Abstract:

Advanced techniques of image processing and asafysil widespread use in
medicine. In medical applications, image data aeduo gather details regarding
the process of patient imaging whether it is a aliseprocess or a physiological
process. Unfortunately, the presence of specklgenioi these images affects edges
and fine details which limit the contrast resolatiand make diagnostic more
difficult. This experimental study was conducted f{Dollege of Medical
Radiological Science and Fadil Specialist Hospitfhe sample of study was
included 50 patients. The main objective of thisesrch was to study an accurate
liver segmentation method using a parallel computalgorithm using image
processing technique. The data analyzed by usingddgporogram to enhance the
contrast within the soft tissues, the gray levaldoth enhanced and unenhanced
iImages and noise variance. The main techniquesl@reement used in this study
were watershed Segmentation Algorithm. In this ifigsrominent constraints are
firstly preservation of image's overall look; sediynpreservation of the diagnostic
content in the image and thirdly detection of sr@ll contrast details in diagnostic
content of the image. The results of this technigues segmentation of liver
successfully based on the methods of enhance theuted tomography images.
This approach of image processing is funded ontamat to interpret the problem
from the view of blind source separation (BSS),sthho see the liver image as a
simple mixture of (unwanted) background informatidragnostic information and

noise.
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Chapter One

| ntroduction

1.1.Introduction:

Enabled by the fast development of imaging techescand computer hardware,
there has been an explosive growth of three-dimeasi(3D) image data
collected from all kinds of physical sensors. ThHelity of a computer to
properly understand and process these image dada pkamitted many
applications to problems in computer vision and gotar graphics. To achieve
this ability, the first step is to extract objenfarmation from the image data,
which can be characterized as an object learnimecgolure in machine
intelligence. Examples of useful object informatiamclude: shape; color;
texture; size; and its relative location to othbjects in the scene. Such object
information is widely used in many image processapgplications including:
3D cartoon animations; video image processing; etamgetection in radar
images; face recognition in security systems; amdot dosimetry in nuclear
medicine. For tasks geared toward object recogndiad reconstruction, shape
models are widely studied and used due to theinsifivity to changes in
object color and surface texture, and their invergato translation and scaling.
Heavily influenced by the fast development of imagpeguisition equipment,
medical image analysis has evolved in the last tyvgears from a multiplicity
of directions.Among all the techniques, image segmentation anii-modal
Image registration are of special interests toacabse they are intensively used
to quantify tumor activity in patients being trehtéy radiopharmaceutical
therapy. The broad, long-term objectives of thenggrasearch are: 1) accurate
tumor dosimetry from external imaging, and 2) difec and resource-
conserving treatment of patients with malignantidalar lymphoma by the

infusion of 1-131 labeled anti-B1 monoclonal antlyo (MADb) following
1



infusion of a predose of non-radioactive anti-B1 bAnage segmentation is a
fundamental task in medical image analysis. In segation, objects of interest
in the image are extracted so that we can analljee fproperties. Such
properties can include pixel (voxel) intensitiegntoid location; shape and
orientation. The information from object segmermiasi is routinely used in
many different applications, such as: diagnosisattnent planning; study of
anatomical structure; organ motion tracking; andnpgoter-aided surgery.
Object segmentation and statistical shape modddgrge and rely on each
other. On the one hand, object segmentation gersenaisy surface data which
can be used to identify a shape model. On the dihed, statistical shape
information acquired through estimated parameters statistical shape model
can guide the segmentation procedure. Other apiplsa such as object
registration, shape denoising and shape classificatan be enhanced by
accurate object segmentation and statistical shag#eling. Due to noise and
sampling artifacts in medical images, conventioralge detection and
thresholding techniques either fail to locate thgecot boundary or generate
invalid boundaries that must be removed in a postgssing step. Deformable
models have been developed to address these HiffecuDeformable models
are curves and surfaces defined within an imageatdothat can deform under
different forces to locate object boundaries. Imaggistration is a classical
procedure in image processing and analysis. Ihsltgvo set of images so that
corresponding coordinate points in the two imagdtect the same physical
location of the scene or 3D volume being imagedudllg, the two set of
Images are obtained at different times, througlfediht sensing systems, or
from different viewpoints, so matching the two irragallows us to compare or
integrate the information contained in them. Dueh® large diversity of data
types in different applications, a wide range aht@ques has been developed

for different applications.



1.2. Problem of the study:

There are many problems due to absence of an &ecliwar detection and

segmentation which is very important for targetiimees delineation and dose
delivery in radiotherapy.

1.3.0Dbjectives of the study:

The main objective of this study is to study anuaate liver segmentation
method using a parallel computing algorithm.

1.3.1. The specific objectives:

* To segment liver from adjacent organs using imagegssing technique

» To design a new algorithm for accurate and fastr lixolume calculation using
minimal user intervention while maintaining high cacacy in volume

rendering.

* To highlight the importance of MatLab image proaeggrogram in Volume

delineation in radiotherapy.

1.4.Overview of study

This study consist of five chapters. Chapter onetisoduction .chapter two

consists of two parts; part one consist of Liveagimg using computed

tomography, image processing technique for 3D Vizatzon, image modeling

and segmentation and using MatLab image processidgtection of liver. Part

two consists of previous study. Chapter three ithote and materials .chapter

four is results. Chapter five is discussion, cosidn and Recommendations.



Chapter Two

Literature Review

2.1.Liver Imaging Using Computed Tomography:

A rapid sequence of images is acquired withoutetabbbvement immediately
after a bolus intravenous injection of radiograptoatrast medium. The rate of
enhancement in each pixel within the chosen skretiben be used to determine
perfusion. The technique provides a quantifiabkpldily of regional perfusion
combined with the high spatial resolution affordby CT. Computed
tomography (CT) involves continuous patient traisiaduring x-ray source
rotation and data acquisition. As a result, a va@utlata set is obtained in a
relatively short period of time. For chest or abdwah scanning, an entire
examination can be completed in a single breattl bthe patient or in several
successive short breath holds. The data volumebmayewed as conventional
transaxial images or with multiplanar and threeahsional methods. The
authors review the technologic aspects of spiral &Twell as its advantages,
limitations, and current clinical applications. Gmuied tomography (CT or
CAT scan) is a noninvasive diagnostic imaging pdoce that uses a
combination of X-rays and computer technology tdoice horizontal, or axial,
images (often called slices) of the body. A CT sshaws detailed images of
any part of the body, including the bones, musdisand organs. CT scans are
more detailed than standard X-rays. CT scans magadoe with or without
"contrast.” Contrast refers to a substance takemdayth and/or injected into an
intravenous (V) line that causes the particulaaoror tissue under study to be
seen more clearly. Contrast examinations may requou to fast for a certain

period of time before the procedure. CT scans eflitter and biliary tract may
4



also be used to visualize placement of needlesgluriopsies of the liver or
during aspiration (withdrawal) of fluid from theear of the liver and/or biliary
tract. CT scans of the liver are useful in the dagis of specific types of
jaundice (yellowing of CT scans of the liver andiaoy tract (the liver,
gallbladder, and bile ducts) can provide more tedainformation about the
liver, gallbladder, and related structures thamddiad X-rays of the abdomen,
thus providing more information related to injuriasd/or diseases of the liver
and biliary tract. CT scan of the liver and bilianact may be performed to
assess the liver and/or gallbladder and their edlatructures for tumors and
other lesions, injuries, bleeding, infections, @sses, unexplained abdominal
pain, obstructions, or other conditions, partidylawhen another type of
examination, such as X-rays, physical examinatiamg ultra sound is not
conclusive. A CT scan of the liver may be used tstijuish between
obstructive and non-obstructive jaundice. Anothez af CT scans of the liver
and biliary tract is to provide guidance for bigssiand/or aspiration of tissue

from the liver or gallbladder.

2.2.Image Processing Technique For 3D Visualization:

Image segmentation has been a long-standing prable@mmputer vision. It is
a very difficult problem for general images, whitlay contain effects such as
highlights, shadows, transparency, and object samiu Segmentation in the
domain of medical imaging has some characterigi@smake the segmentation
task easier and difficult at the same time. On dhe hand, the imaging is
narrowly focused on an anatomic region. The imagingtext is also well-
defined. While context may be present to some éxteisegmenting general
images (e.g., indoor vs. outdoor, city vs. natpegple vs. animals), it is much
more precise in a medical imaging task, where tha&ging modality, imaging
conditions, and the organ identity is known. Iniidd, the pose variations are

limited, and there is usually prior knowledge oé thumber of tissues and the
5



Region of Interest (ROI). On the other hand, thages produced in this field
are one of the most challenging due to the poolitguzt imaging making the

anatomical region segmentation from the backgroesry difficult. Often the

Intensity variations alone are not sufficient tgtoliguish the foreground from
the background, and additional cues are requiredsdatate ROIs. Finally,

segmentation is often a means to an end in meuzaging. It could be part of
a detection process such as tissue detectiony tindgourpose of quantification
of measures important for diagnosis, such as famgte, lesion burden which
Is the number of pixels/voxels within the lesiogioms in the brain.

2.3.Image M odeling and Segmentation:

In general, the information contained in an imaga be modeled in several
ways. A simple approach is to record the intendisgribution within an image
via a One-dimensional (1D) histogram and use sirtipksholding to obtain the

various segments.
2.3.1. Image M odeling:

Several variations on classical histogram threshglthave been proposed for
medical image segmentation that incorporate exténdege representation
schemes as well as advanced information modelingltidshodal or multi-
sequence data: Multi-dimensional are histogramsnéar from the intensity
values produced by each of the imaging protocalss loften the case that
several acquisitions are available for the samg@n&patial information: Since
intensity histograms do not preserve spatial coitiigpf pixels, one variation is
to add spatial position (x, y) or (X, y, z) to fommulti-dimensional feature
vector incorporating spatial layout. If the medicahges are in a time sequence
(e.g. moving medical imagery), then time can beeddas an additional feature
in the representation space.



2.3.2. Segmentation:

Thus, these approaches represent each image @xalfaature vector in a
defined multi-dimensional feature space. The segatien task can be seen as a
combination of two main processes; modeling whishthie generation of a
representation over a selected feature space.ca@inidve termed the modeling
stage. The model components are often viewed agpgymr clusters in the
high-dimensional space. Assignment which is thegagsent of pixels to one of
the model components or segments. In order to becttyi relevant for a
segmentation task, the clusters in the model shoepdesent homogeneous
regions of the image. In general, the better thegenmodeling, the better the
segmentation produced. Since the number of clustetse feature space are
often unknown, segmentation can be regarded asnamparvised clustering

task in the highdimensional feature space.
2.3.3. Visualization:

The visualization of volumetric and multi-modal ezl data is a common
task in biomedical image processing and analysipaltticular after identifying

anatomical structures of interest and aligning ipl@t datasets, a Three-
dimensional (3D) visual representation helps tolaepand to understand the
data. Volume visualization aims at a visual repnesi@on of the full dataset,

hence of all images at the same time. Therefoee,ritlividual voxels of the

dataset must be selected, weighted, combined, amjdcted onto the image
plane. The image plane itself acts literally asimdew to the data, representing
the position and viewing direction of the obsemvéio examines the dataset.

2.4.Using MatL ab I mage processing in detection of liver
Matlab is a high-performance language for technamahputing. It integrates

computation, visualization, and programming in a@s)eto-use environment
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where problems and solutions are expressed initanmiathematical notation.
Typical uses include:

» Math and computation

* Algorithm development

» Modeling, simulation, and prototyping

» Data analysis, exploration, and visualization

« Scientific and engineering graphics

 Application development, including graphical usderface building
Matlab is an interactive system whose basic dameht is an array that does
not require dimensioning. This allows operators sldve many technical
computing problems, especially those with matrig a&actor formulations, in a
fraction of the time it would take to write a pragr in a scalar noninteractive
language such as C or Fortran. Magnetic resonanaging (MRI) has become
a common way to study brain tumor. In this study pine-process of the two-
dimensional magnetic resonance images of brainsaibdequently detect the
tumor using edge detection technique and colorcdbasgmentation algorithm.
Edge-based segmentation has been implemented apmgtors e.g. Sobel,
Prewitt, Canny and Laplacian of Gaussian operatdise color-based
segmentation method has been accomplished usingedtsn clustering
algorithm. The color-based segmentation carefutiects the tumor from the
pre-processed image as a clustering feature. Tdsept work demonstrates that
the method can successfully detect the brain tiandrthereby help the doctors
for analyzing tumor size and region. The algorithmase been developed on
Matlab version 7.9.0 (R2009a) platform

Jarritt et al (2010) stated in their study of Wdecombined PET/CT images
for radiotherapy planning: initial experiences umd cancer that the potential
role of positron emission tomography (PET) in rdogoapy still requires

careful evaluation as it becomes increasingly ratgl into the radiotherapy
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planning process. Diagnosis and subsequent radapglanning based solely
upon X-ray CT are known to be less sensitive amtifip for disease than PET
imaging in non-small cell lung cancer. The CT inmgey not demonstrate the
true extent of intrathoracic disease. To overconm ltmitation, the direct use
of combined PET/CT image data in the treatment rpkan process has been
investigated. A small pilot study of five patiemss carried out at the Royal
Victoria Hospital, Belfast, following the installah of a GE Discovery LS
PET/CT scanner. The initial aims were to investgidite system and to make
preliminary clinical evaluations. The key issueattivere addressed included:
verification of PET/CT alignment, patient positicaand reproducibility for
imaging and treatment; verification of CT numbenstioe PET/CT systems for
dose calculation; integrity of data transfer; réda protection of staff;
protocols for target volume delineation; and the plioations for
physiologically-gated PET and CT acquisitions. Thgaper reviews our

practical experience, and technical problems aserdzed.

Kratochwil et al, (2010) mentioned in their stuoly PETLT for diagnostics
and therapy stratification of lung cancer that Whk introduction of positron
emission tomography (PET) and more recently theitdydystems PET/CT, the
management of cancer patients in the treatmenttegirahas changed
tremendously. The combination of PET with multidéde CT scanning enables
the integration of metabolic and high resolution rpmmlogical image
information. PET/CT is nowadays an established nitydar tumor detection,
characterization, staging and response monitofihg. increased installation of
PET/CT systems worldwide and also the increasednsfic publications
underline the importance of this imaging modalET/CT is particular the
imaging modality of choice in lung cancer stagimgl ae-staging (T, N and M
staging). The possible increased success of sungdmyng cancer patients and

also the expected reduction in additional invaglisgnostics lead to benefits
9



for both the individual patient and the healthcgystem. In this review article
PET and PET/CT is presented for diagnostic andapeartic stratification in
lung cancer. The fundamentals of glucose metabplistaging, tumor

recurrence and therapeutic monitoring are presented

Jover et al (2011) stated in their study of ea@abm lung cancer treatment
using PETET scanning that PET imaging utilizes a dedicatederasystemwith
multiple positron detector rings. PET/ precisely aligns and combines
metabolic PET mages with anatomicat images, and is being increasingly
preferred over PET scanning alone. FDG is the maltly used radiotracer in
the management of cancer patients, and the pratalyBETET protocol used
In other cancers can also be applied to the managteat cervical carcinoma
patients. The applications of PET/ in cervical cancer patients include:
assessing local tumor extension (information onalma@tc tumor activity and
possible endometrial involvement), evaluating pelvodal involvement (even
in cases with negativer or MRI studies)detectionof distant metastases (PET/
should be the first imaging technique used to eatalextrapelvic disease before
pelvic exenteration), radiation therapjanning (in patiens with PET scans
positive for lymph nodes), identification of petsist/recurrent disease
(especially in assessing response to neoadjuvardi and prognosis (with an

inverse response-survival relationship.

Yamamoto et al, (1996) proposed a new algorittamed Quoits filter (Q-
filter) to extract the isolated but low amplituddasow located in the
background which has extremely high amplitude tlatbn. Q-filter is a kind
of mathematical morphology and its formulation ustg simple. This simplicity
brings about a unique merit that output from thiterfis analytically expressive
for the case of analytical input shapes like bedine, or rotation of cosine

function, which have characteristics of rotationmsyetry and monotonic

10



decreasing from the origin. This Q-filter is compdsof two sequential
operations named Q Trans. and Q Inv. Trans., Q slraorresponds to
extracting feature parameters like a matched filmm the input image having
a nonideal isolated shadow, and Q Inv. Trans. spoeds to restoring isolated
images using extracted feature parameters. Ties fd applied to detecting the
cancer candidate shadow automatically in the C¥sce®ctions of lung areas,
aiming to reduce drastically the number of crostiees to be diagnosed by the

doctor.

Cai, et al, (1999) carried out to present a valastudy of CT and PET lung
image registration and fusion based on the chamégching method. Both
anatomic thoracic phantom images and clinical patimages were used to
evaluate the performance of our registration syst@oantitative analysis from
five patients indicates that the registration efrotranslation was 2-3 mm in
the transverse plane, 3—4 mm in the longitudinaation, and about 1.5 degree
in rotation. Typical computing time for chamfer rlaihg is about 1 min. The
total time required to register a set of CT and R&Tg images, including
contour extraction, was generally less than 30 ifiney have implemented and
validated the chamfer-matching method for CT andl Riag image registration
and fusion. Our preliminary results show that thamfer-matching method for
CT and PET images in the lung area is feasible. déscribed registration
system has been used to facilitate target defmiind treatment planning in

radiotherapy.

Sudha and Jayashree (2010) conduced study taAmagpr which is among the
five main types of cancer is a leading one to aNecancer mortality

contributing about 1.3 million deaths/year globallying cancer is a disease
and it is characterized by uncontrolled cell growthissues of the lung. Lung
nodule is an abnormality that leads to lung canckaracterized by a small

11



round or oval shaped growth on the lung which apgpea a white shadow in
the CT scan. An effective computer aided lung nedigtection system can
assist radiologists in detecting lung abnormaliiesan early stage. If defective
nodules are detected at an early stage, the surateacan be increased up to
50%. This paper aims to develop an efficient lunguie detection system by
performing nodule segmentation through thresholdamgd morphological

operations. The proposed method has two stageg: feigion segmentation
through thresholding and then segmenting the Ilurgdules through

thresholding and morphological operations.

12



Chapter Three

Materials and M ethods

3.1.Study place:
This study was performed in College of Medical Rémlyical Science and Fadil

Specialist Hospital.

3.2.Study Duration
This study was performed in period of January tto®er 2014.

3.3.Methods of data collection:
Separating touching objects in an image is onehef rhore difficult image
processing operations. The watershed transforrfiaas applied to this problem.

The watershed transform finds "catchment basind""aratershed ridge lines"
in an image by treating it as a surface where lggpketls are high and dark pixels
are low. Segmentation using the watershed transtgonrks well if one can
identify, or "mark," foreground objects and backgrd locations. Marker-

controlled watershed segmentation follows thisdpsbcedure:

1. Computation a segmentation function. This is angenavhose dark regions

are the objects you are trying to segment.

2.Computation the foreground markers. These are abadedlobs of pixels

within each of the objects.

3.Computation the background markers. These are9ikealt are not part of

any object.

4.Modification of the segmentation function so thtabmly has minima at the

foreground and background marker locations.

5. Compute the watershed transform of the modifiesngagation function.
13



Stepsof liver segmentation using Matlab program:
Step 1. Read in the Color Image and Convert itray&cale

Step 2: Use the Gradient Magnitude as the Segn@mtatinction

Step 3: Mark the Foreground Objects

Step 4. Compute Background Markers

Step 5: Compute the Watershed Transform of the 8atation Function.
Step 6: Visualize the Result

3.4.Ethical Issue:
» Permission of Radiology Department has been granted
= No patient data published

14



Chapter Four

Results

This experimental study was conducted in Collegeviedical Radiological
Science and Fadil Specialist Hospital. The samplstady was included 50
patients. The main objective of this research wastudy an accurate liver
segmentation method using a parallel computingrehgo.

Experimental study:

Sep 1: Read in the Color Image and Convert it to Grayscale
rgb = imread('pears.png');

| = rgb2gray(rgb);

Imshow (1)

text(732,501,'Image courtesy of Corel(R)',...'FontSize',7,'HorizontalAlignment','right') as shown in

Figure 4-1.

Figure 4-1. The original liver CT image

15



Sep 2: Usethe Gradient Magnitude as the Segmentation Function

The Sobel edge maskafilter, and some simple arithmetic were used to
compute the gradient magnitude. The gradient i# lag the borders of the
objects and low (mostly) inside the objects.

hy = fspecial('sobel');

hx = hy';

ly = imfilter(double(l), hy, 'replicate’);
Ix = imfilter(double(l), hx, 'replicate’');
gradmag = sqrt(Ix.A2 + ly.A2);

figure, imshow(gradmag,[]), title('Gradient magnitude (gradmag)') as shown in figure 4-2.

(sradient magnitude {gradmag)

Figure 4-2. Gradient Magnitude as the Segmentation Function

The image was segmented by using the watershesdfdran directly on the
gradient magnitude using the following code:

L = watershed(gradmag);

16



Lrgb = label2rgb(L);

figure, imshow(Lrgb), title('Watershed transform of gradient magnitude (Lrgb)') as shown in

figure 4-3.

Watershed transform of gradient magnitude (Lrgh)

Figure 4-3. The watershed transform

Step 3: Mark the Foreground Objects

A variety of procedures could be applied here mal fihe foreground markers,
which must be connected blobs of pixels inside eddhe foreground objects.
In this study morphological techniques were usetitary called "opening-by-
reconstruction” and "closing-by-reconstruction™ttean” up the image. These
operations will create flat maxima inside each objhat can be located using

imregionalmax.
se = strel('disk', 20);

lo = imopen(l, se);

figure, imshow(lo), title('Opening (lo)') as shown in figure 4-4

17



Opening is an erosion followed by a dilation, whilgening-by-reconstruction

is an erosion followed by a morphological reconsion.

Cipening (1)

Figure 4-4. The Opening-by-reconstruction algorithm

Next the opening-by-reconstruction was computedngusimerode and

imreconstruct as shown in figure 4-5.

Opening-by-recanstruction {lobr)

Figure 4-5. The opening-by-reconstruction was computed using imerode and

imreconstruct

Following the opening with a closing can remove tlek spots and stem
marks. Compare a regular morphological closing wdh closing-by-

reconstruction. First imclose code was tried:
18



loc = imclose(lo, se);

figure, imshow(loc), title('Opening-closing (loc)') as shown in figure 4-5.

Upening-closing {loc)

Figure 4-5. The 'Opening-closing algorithm

The imdilate code was used followed by imreconstribe image inputs and

output of imreconstruct should complement.

lobrd = imdilate(lobr, se);
lobrcbr = imreconstruct(imcomplement(lobrd), imcomplement(lobr));
lobrcbr = imcomplement(lobrcbr);

figure, imshow(lobrcbr), title('Opening-closing by reconstruction (lobrcbr)') as shown in

figure 4-6.
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Cpening-closing by reconstruction (lobrcbr)

Figure 4-6. Opening-closing by reconstruction algthm

When lobrcbr with loc were compared, reconstruebased opening and
closing found more effective than standard operand closing at removing
small blemishes without affecting the overall stsapé the objects. Calculate
the regional maxima of lobrcbr to obtain good foceond markers.

fgm = imregionalmax(lobrcbr);

figure, imshow(fgm), title('Regional maxima of opening-closing by reconstruction (fgm)') as

shown in figure 4-7.
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Regional maxima of opening-closing by reconstruction (fgm)

Figure 4-7. Regional maxima of opening-closing bgaonstruction (fgm) filter

To help interpret the result, superimpose the faneigd marker image on the
original image.
12=1;

12(fgm) = 255;

figure, imshow(I2), title('Regional maxima superimposed on original image (I12)') as shown if

figure 4-8.

Fegional maxima supenmposed on original image (12)

Figure 4-8. Regional maxima superimposed techniqueoriginal image
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Some of the mostly-occluded and shadowed obje@snat marked, which
means that these objects will not be segmentedegsom the end result. Also,
the foreground markers in some objects go rightaughe objects' edge. The
edges of the marker blobs should clean and thenkstimem a bit. This could be

done by a closing followed by an erosion.

se2 = strel(ones(5,5));
fgm2 = imclose(fgm, se2);
fgm3 = imerode(fgm2, se2);

This procedure tended to leave some stray isofateds that must be removed.
This could be done using bwareaopen, which remabetlobs that had less
than a certain number of pixels.

fgm4 = bwareaopen(fgm3, 20);
13=1;

13(fgm4) = 255;

figure, imshow(13)

title('Modified regional maxima superimposed on original image (fgm4)') as shown in figure

4-9.

Modified regional maxima superimposed on original image (fgmd)

Figure 4-9. Modified regional maxima superimposed original image
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Step 4: Compute Background Markers

Now the background need to be marked. In the cteapeimage, lobrcbr, the

dark pixels belong to the background, a threshgldiperation could start with.

bw = im2bw(lobrcbr, graythresh(lobrcbr));

figure, imshow(bw), title('Thresholded opening-closing by reconstruction (bw)') as shown in

figure 4-10.

Thresholded opening-closing by recanstruction (bw)

Figure 4-10. Thresholded opening-closing by recanstion

The background pixels are in black, but ideally th&ckground markers
shouldn’t to be too close to the edges of the abjedich would segment. the
background would "thin" by computing the "skeletoy influence zones", or
SKIlZ, of the foreground of bw. This can be donecbynputing the watershed
transform of the distance transform of bw, and tlwaking for the watershed
ridge lines (DL == 0) of the result.

D = bwdist(bw);
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DL = watershed(D);

bgm = DL ==0;

figure, imshow(bgm), title('"Watershed ridge lines (bgm)') as shown in figure 4-11.

Watershed ridge lines (bgm)

Figure 4-11. Watershed ridges of the lines

Step 5: Compute the Watershed Transform of the Segtation Function.

The function imimposemin can be used to modify amage so that it has
regional minima only in certain desired locatiohtere imimposemin used to
modify the gradient magnitude image so that ity sagional minima occur at
foreground and background marker pixels.

gradmag2 = imimposemin(gradmag, bgm | fgm4);

Finally we are ready to compute the watershed-bssgohentation.

L = watershed(gradmag?2);
Step 6: Visualize the Result
One visualization technique is to superimpose tbesground markers,

background markers, and segmented object boundami¢ke original image.
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Dilation could use as needed to make certain aspecich as the object
boundaries, more visible. Object boundaries aratémtwhere L == 0.

14 =1
l4(imdilate(L == 0, ones(3, 3)) | bgm | fgm4) = 255;
figure, imshow(14)

title('Markers and object boundaries superimposed on original image (14)') as shown in

figure 4-12

Markers and object boundanes superimposed on original image {14)

Figure 4-12. Markers and object boundaries superioged on original image
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Chapter Five

Discussion, Conclusion and Recommendations

5.1.Discussion:

Matlab is an interactive system whose basic dameht is an array that does
not require dimensioning. This allows operators sldve many technical
computing problems, especially those with matrig &actor formulations, in a
fraction of the time it would take to write a pragr in a scalar non-interactive
language such as C or FORTRAN. Magnetic resonamaging (MRI) has
become a common way to study liver. Informationvited by medical images
has become a vital part of today’s patient care. iimges generated in medical
applications are complex and vary notably from mmaygion to application. This
experimental study was conducted in College of MdRradiological Science
and Fadil Specialist Hospital. The sample of studs included 50 patients.
The main objective of this research was to studg@urate liver segmentation
method using a parallel computing algorithm. Coragutomography images
show characteristic information about the physiaaly properties of the
structures-organs. In order to have high qualitydice images for reliable
diagnosis, the processing of image is necessa®ly/ stape of image processing
and analysis applied to medical applications isntprove the quality of the
acquired image and extract quantitative informafrom medical image data in
an efficient and accurate way. The main technigliesggmentation used in this
study was watershed transform. The results oftdubnique agreed the results
of Jarritt et al, (2010), Kratchwil et al, (2010xver et al, (2011), Yomamoto et
al, (1996), Cai et al (1999), Saudha and Jayash2€40) who used different
segmentation filtering based on the methods of mec#athe computed
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tomography images. The anther technique was regfomterest technique.

Filtering is a technique for modifying or enhancengimage.
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5.2. Conclusion:

This experimental study was conducted in Collegeviedical Radiological
Science and Fadil Specialist Hospital. The samplstudy was included 50
patients. The main objective of this research veastudy an accurate liver
segmentation method using a parallel computing rdhgo. In addition to
evaluate the usage of new nonlinear approach fotrast enhancement of soft
tissues in computed tomography images in ordetudysautomatic extraction
of liver tissue in computed tomograplg.image processing, filters are mainly
used to suppress either the high frequencies inntlage, i.e. smoothing the
images or the low frequencies, i.e. enhancing tedli@g edges in the image.
Due to various factors the images are in generaf pocontrast. Researchers
applied image pre-processing to remove artefacts gagradations such as
blurring and noise. A variety of smoothing filtdrave been developed that are
not linear. While they cannot, in general, be sutadito Fourier analysis, their
properties and domains of application have beedieduextensively. For this
reason researchers applied anisotropic filtering median filtering. In study
method anisotropic and median filtering algorithnese used.
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5.3.Recommendations:

* The study proposed a new approach of lung tisstraaton using image
processing technique (MATLAB) with limited applicats and | hope from the
other researchers to continue on other applicagonstoolbox.

Image pre-processing techniques can easily removtefaets and
degradations such as blurring and noise so | recrded other researcher to

use those techniques.

» The term contrast is used to describe these diftesare small; it is difficult
to identify the structure will stand out well froms surroundings and it is said
the contrast is high (good). If the differences srall, it is difficult to identify

the structure against its background. The conisasdid to be low (poor).

» The future work of this project is to identify teéfective features for further
classification. Genetic Programming-based Clagssifigll be used for
classification of lung CT images as cancerous anmgaancerous by using the

identified effective features.
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