DSpace Institution

DSpace Repository http://dspace.org
Information Technology thesis
2020-03-20

IMAGE PROCESSING FOR LUNG
DISEASES CLASSIFICATION

Meshesha, Kasanesh

http://hdl.handle.net/123456789/10766
Downloaded from DSpace Repository, DSpace Institution's institutional repository



BAHIR DAR UNIVERSITY
BAHIR DAR INSTITUTE OF TECHNOLOGY
SCHOOL OF RESEARCH AND POSTGRADUATE STUDIES
FACULTY OF COMPUTING

USING IMAGE PROCESSING FOR LUNG DISEASES
CLASSIFICATION

Kasanesh Meshesha Alitah

Bahir Dar, Ethiopia
October 19, 2017



IMAGE PROCESSING FOR LUNG DISEASES CLASSIFICATION

Kasanesh Meshesha Alitah

A Thesis submitted to the school of Research and Graduate Studies of Bahir Dar
Institute of Technology, BDU in partial fulfillment of the requirements for the

degree ofMasters inthe Information Technology inthe School of Computing

Advisor Name GebeyehBelay (PhD)

Bahir Dar, Ethiopia

October 19, 2017



DECLARATION

I, the undersigned, declare that the thesis comprises my own work. In compliance
with internationally accepted practices, | have acknowledged and refereed all
materials used in this work. | understand that-adherence to the principles of
academic honegt and integrity, misrepresentation/ fabrication of any
idea/data/fact/source will constitute sufficient ground for disciplinary action by the
University and can also evoke penal action from the sources which have not been

properly cited or acknowledged.

Name of the studén Signature

Date of submission:

Place: Bahir Dar

This thesis has been submitted for examination with my approval as a university

advisor.

Advisor Name;:

Advisor€s Signature:




© 2017

Kasanesh Meshesha Alitah
ALL RIGHTS RESERVED



Bahir Dar University
Bahir Dar Institute of Technology-
School of Research and Graduat&tudies
Faculty of Computing
THESIS APPROVAL SHEET

Student:
Kasanesh Meshesaha
Name Signature Date

The following graduate faculty members certify that this student has succe:
presentedhe necessary written final thesis and oral presentation for partial fulfillme
the thesis requirements for the Degree of Master of Science in Information Technol

Approved By:

Advisor:

Gebeyehu Belay (PhD)

Name Signature Date

External Examiner:
Dereje Teferi (PhD)
Name Signature Date

Internal Examiner:

PrasadKrishna (PhD)

Name Signature Date
Chair Holder

Prof. Bandaru R.K.Rao

Name Signature Date

Faculty Dean:
Dawed Neseru
Name Signature Date




DEDICATION

To myfamilies



ACKNOWLEDGEMENTS

First and for most | would like to thank the Almighty God for supporting me in all walks
of my life including this course workt could have not been possible for me to pass all
the miserable ups and downs of lifexd multidirectional challengesf 1 was not

completely relied upon him.

Next, my heartfeltgratitude goes to my advis@r. GebeyehwBelay, first, for accepting
me to adviseat late timesand second for his timely commendableand extraordinary
constructivecommentghat really gavdife to this thesisl thankmy previous advisobDr.
Bandaru Ram#oo for his unconditionathallengeghat gaveme unparalleletessonson

how totreatlife on a differentfevel anddirection than the usual.

| also sincerely acknowledgBahir Dar University for providing me the chance, the
required financdor the studyas well aghetime in under taking this studielegehiwot
Referal Hbspital, Gamby Teaching Hospital and Adinas General Hospi@/especial
place in my heartfor giving me technical advice angroviding me all the required

informationavailableon hand

My husband TilahurAyalew and myson Kinfemichael Tilahun should also be praised
for their understanding, patience, extraordinary love and encouragement during the

course work.

Finally, my sincere thanks also goesmy beloved friends and colleagyespecially Ato
Abriham Debaswvho has beemmn my siden all the timesdn advising and supporting me

during the course work arehcouraged mgsucceed inmy academic endeavor.

Vv



ABSTRACT

The diagnosis of tuberculosis and lung cancer is difficult as symptoms of both diseases
are similar. A mssed or wrong diagnosis of lung cancer or TB by clinician can lead to
delays in diagnosis and treatment and hence progression of the disease. This indicates
that lung cancer is often misdiagnosed as pulmonary tuberculosis, and vice versa in most
cases. ltschallenges and problems are big concerns in most developing countries,
including Ethiopia.

Research IssueAs the problem of lung disease is raising over time, unlike the Ethiopian
context which stuck on a diagnostic radiologist, globally, the meanseamhijues for
detecting same have also been increasing. However, approaches integrating two or more
lung disease together are rare.

Methods:In order to achieve the objective of the research, image processing based lung
disease classification techniquasing MATLAB proposed and defined. Accordingly, a
digital image analysis technique based on morphological and Texture features was
developed to classify the two lung diseases. Sample lung images taken from three
hospitals andhe internet, and on averagéQ images taken from each; Normal Lung,
Lung TB and Lung Cancer.

Finding: Approaches of KNN, Naive Bayes and Neural Network classifiers on each
classification parameters of morphology, texture and the combination of the two are
compared. To evaluate accunaof the classifier, 70% of the data set used for training
and the remaining 30% for testing. The classification system is supervised corresponding
to the predefined classes of the lung image. It is found that the classification performance
of KNN is bettr than Naive Bayes and ANN classifier. It is also identified that the
discrimination power of texture feature is better than morphology feature, but when two
of the features are used together the classification accuracy is greater. Of all the
classificaton approaches, the best classificatiparformanceis obtained using KNN
(specificity 0©0% and Sensitivitpf 86.67% for Lung TRBNnd 83.33% for Lung Cancer).

The accuracy obtained from this approach is 86.67%.

Conclusion/Originality: The finding of thisstudy revealed that the two major and ever
deadly lung diseases can be classified more accurately fromrag xnage than a
radiologist can do. This will pave the way in treating the two diseases before progression
and saves the lives of many in devatgptountries like Ethiopia.

Key words: Lung TB, Lung Cancer, image classification
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1. INTRODUCTION

1.1. Background

Lung diseaserefers to many disorders affeng the lung such as asthma, Chronic
Obstructive Pulmonary iBeasg COPD) tuberculosis, influenza, lung cancer, pneumonia
and other breathing problems. Lung dis&s#gns and symptoms can differ by the type

of the affectd disease. Common signs are; troublebreathing, shortness of breath,
feeling like not getting enough air, decreased ability to exercise, a cough that won't go
away, coughing up blood or mucuand pain or disomfort when breathing in or

ouf1][2]. Suchdiseases are caused by infection.

Tuberculosis (TB) is an infectiodisease and the most commowver the world. It is
commonly caused by bacteriavhich is known as Mycobacterium tuberculosis and
mostly affecs the lungs of humas TB is spread through the air from everycared
everywhereto the othehealthypeople By coughing, sneezing, spitting felt in patients,
TB bacteria disperses widely into the air. In every year;tbmd of population of the
world has got MycobacteriuB bacteria at a rate of one percent of population with new

infection|[3].

Tuberculosis has been present in humans since antiquity. Tubercular decay has been
found in the spine®f mummies from 3000 to 2400 Bf4]. Hippocrates identified
phthisis (a Gred& term for TB460 BC)as the most widespread disease of the times
involving coughing up blood and fever, which was almost always fatal. The bacillus
causingTB was identified and describéa 1882 by Robert Kochrlhis author also found

1



the similarity of lovine and human TB hrough a classification of cow milk as
pasteurized and unpasteurized, and he knew a glycerin extract for tubercle bacilli as a

remedy for TB.

Mycobacterium tuberculosis the causative agent @B, thatone of the world€s most
devastahg human pathogenswvhich causesmore than 2 million deaths annually. In
addition, an estimate?i billion people are latently infected with M. tuberculosis. Ethiopia

is rankecthe 7" amongTB burden shouldering countries in the world [5].

A person with untreated pulmonary TB is estimated, on average, to infd& gérsons
annually. A primary infection due to Mycobacterium tuberculosis may actively develop
into clinical TB, pass as in apparent infection, or remain latent in the individual
months or years depending on the various host and environmental factors. Overt TB,
thus, could result from a reactivated latent infection or from a recent primary infection or
(secondary) rénfection. It has been observed that the transmissioMyafobacterium
tuberculosis is favored by dusty environment, poor ventilation,e liglin light,
malnourished, bagtound of alcohol and drug abuse, overcrowding, relative virulence of
the strain, the intensity of exposure to an infectious TB case (closemkedsration), and

the susceptibility and immune #ia of the exposed individual [G][

Lung cancer is a disease of abnormal cells multiplying and growing into a tumor. The
mortality rate of lung cancer is the highest among all other types of cancer. Lung cancer
is one of the most serious cancers in the world, with the smallest survivalftet¢he
diagnosis, with a gradual increase in the number of deaths every year. Survival from lung

cancer is directly related to its growth at its detection tiH@vever,people do have a



higher chance of survival if the cancer candatected in the elgr stages [ Cancer

cells can be carried away from the lungs in blood, or lymph fluid that surrounds lung
tissue. Lymph flows through lymphatic vessels, which drain into lymph nodes located in
the lungs and in the centre of the chest. Lung cancer gitelads toward the centre of

the chest because the natural flow of lymph out of the lungs is toward the centre of the
chest. Lung cancer can be divided into two main groupssnall cell lung cancer and
small cell lung cancer. These assignedhaf lung ancer types are dependeant their

cellular characteristics [9

Furthermore,he etiology oflung cancehas been associated with smoking, occupational
exposure to arsenates, nitrosamines, asbestos, and aromatics, and indoor exposures to
radon, and to fuem from fires or cooking stoves. And Outdoor air pollutions also
substantially contribute to the burden of lung cancers in urban dwellers. Inflammation
processes have long been linked to cancer development. Among intrinsic lung diseases
with inflammatory canponents, chronic obstructive pulmonary disease (COPD), asthma,
and pulmonary fibrosis have been linked to lung cancers. Tuberculosis with more than
80% of the cases primarily affecting the lungs entails a chronic inflammatory process.

Coexistence of tubeulosis and lung caecs is not uncommodinically [10].

Higher prevalence of tuberculosis and overlap of its clinical presentation and radiological
features with lung cancer creates a scenario where a significant number of early lung
cancer patients maget wragly labeled as tuberculosis [L11Early diagnosis and
immediate initiation of treatment are essential for an effective TB control. Delay in

diagnosis is significanbtboth disease prognosas the individual level and transmission



within the commauity. Most transmissions occur between the onset of cough and
initiation of treatment. The diagnosis of pulmonary TB depends on clinical suspicion,
response to treatment, chest radiographs, staining foiffastithadli (AFB), culture for

TB, andnucleicacid amplification (NAA) [13.

Despite many advances in the diagnosis of TB in recent years, sputum smear testing
using the ZiehiNielsen stais (ZN) is still the basic tool for TB diagnosis and monitoring
because it is a quick, simple, and low cost tieat can be reproduced in any setting and
used to detect infectious cases in the community, a task that constitutes the cornerstone of
TB diagnosis and monitoring [L3The culture has always been considered to be the gold
standard technique for the diagmof TB The result may be negative in some smear
positive patients owing to the loss of viability of the bacilli or the process used to
decontaminate the sample. Likewise, false positive results may arise because of
contamination of specimens in tlaboratory. Despite these limitations, culture still plays

a key role in the @ignosis and management of TB][14

In the case ofung cancer, one of the most important and difficult tasks the radiologist
has to carry out consists of the detection and aisignof cancerous lung nodules from
chest radiographs. Some of these lesions may not be desgutethey may be hidden
away by the underlying anatomical structure, or the-domlity of the images or the

subjective and variable decisionteria used byadiologistg15].

The clinical importance of chest radiographs, combined with their complicated nature,
explains the interest to develop computer algorithms to assist radislogreading chest

imageg[15]. To provide accurate diagnosiswadayscomputeraided diagnosis (CAD)



becomesone of the major research areasnedical imaging. Basicallycomputeraided
diagnoses are processes which give a lot of information thatphgfciansunderstand
medical images so that the accuracy of medical diagnosis couttpbevedand the time
taken in reading an image by tradiial methods could be decreasétsing image
processing @searchers have now focused on developing algorithatsdetect many
typesof diseasesweakening of brain arteriesgtinal fundus, lung cancer and pulmonary
nodulesbreast ancer, kidney diseases, and coronary artery disgassomdo mention
that arehelping radiologistin their decisiormaking. The CAD algorithm is provided
with functions that automatically analyses acquinedge and providesan automatic

diagnosigdo identify the suspected regions from imafgfes}.

However, nedical image processing needs continuoutaeoements in terms of
techniques and applications to help impravguality of servtes in health care industry
[17]. Accordingly, ths study is meant to design anage processing technigaaableto

detectthe two killer lung diseasamoreaccurately from xayimage

1.2. Statement of the Problem

Manually physicians diagnose lung diseases by simply observiag, CT and MRI
images. In thisegard one of the most important and difficult tasks the radiolsdate

to face is the detection and diagnosis of abnormalities from chest radiographs by naked
eye. Some of these injuriesardly detectedbecause of their complicated nature.
According to studiegadiologists fail to diagnose small lung nodules in as many &s 30

of positive casefl8].



In recent yearsglobally, the CAD system for lung disease diagnds&s given a due
attentionand increasing over timéccordingly, various researcheswebeen carried out
on the classificationof lung diseasesncluding lung cancerlnd lung TB based on CT

scanand xrayimagesby applyingdifferent image processing techniques.

Due to better clarity, low noise and distortion tharay images, CT images avsually
preferredby researcheras data input in wst of theliteratures[19]. Accordingly, an
automated system for nodule detection atabsification 0], a system that identifies
stages olung cancer[9], a system that classifies lung diseases using Naive bayes and
decision tree classifiell] and a GLCM and AN based system that classifies stages of
lung disease$21] and manymore works developed from a CT imagesing different

processindechniques

However, xray is more generally availablban CT imagesand thus initial diagnosis for
TB and lung cancearenow widely performed byphysiciangnainly based on chestray
imageq 1]. Though relatively small in number, there atsosimilar works that make use
of x- ray imagesfor lung disease classificatiolA lung segmentation method that
identifies stage of lung TB22], a texture analysis systentisat identify interstitial lung
diseass, andan image processing system that identifies lungu$idg supportedector

machine 23] are some to mention.

Fromwhat we have observethe depth and width of many researshary each other
The very close literature we came acrdasing our review thatesemble our proposed

system is the work oPatil S.A. and Kuchanur M.R012). This systemlassifieslung



cancers into malignaf6C, NSC) and benign (TB) fromnray images usingGLCM and

ANN classifiers with 49 images from eatthfinally arriveatan acuracylevel of 83%

Despite continuousimprovementsin medical image processinthere is a lack ofan
integrated approach s&upport lung disease treatmeand nost of the image processing
techniques sdar gave much attention to lung cancer, asdallymake use of CT scan
images(which are expensive and are not available everywhErejn all the available
vast number of works on medical diagnosisage processing techniques that classify
lung TB and LungCancer ata time are rareandif available less accuratand needs
improvementBesides, the approach in the Ethiopian conehth is still sticking on the
traditional method of lung disease detectiaan xray imaging and a diagnostic

radiologist demands efficient detection system

Therefore, instead of dedicating the classificatiechniqueon either of the twolung
diseass, and at the ame time considering the Ethiopiaeal situation, this study is
supposed bridge the gap by employing a method of classifier designed to detect the two
major lung diseases; lung TB and lung canfrem an xray image. To enhance all the
previous worksand obtainmore accurate resultae acquiredeasonable number afng

images more featuresare extracted and comparisorgre madeamong different

classifiersHence, we tryd answer the following research question:

Questiont What are the common featureslofng TB andlung canceyandtheir distinct

feature®

Question2; How to develop an effective lung disease diagnosidel?



Question3; What are thdvasictechniques to definasing features of diseases frannay

image?

1.3. Objective of the Sudy

1.3.1. General Objective

The general objective dhis studyis to developlung diseaseClassificationsystem for

thedetecion of Lung TBand Lung cancer.

1.3.2. Specific Cbjectives

The specift objectives of the researahe defined as follows

oU Todiagnosis lung diseases like; lung TB and lung cancer

ou To introduce x-ray classification techniques for lungdisease diagnosis
performance.

oU To implementdynamic feature extraction to improeecuracy of lung disease
detection

olu To synthesisnx-ray image limitation and challenge for the betteluoly disease

classification

1.4. Scope and limitation

The system classifies occurrences only on the fongsingonly on two diseasesung
TB and Lung CanceBesides,accuracylevel of the result is toley dependent on the
quality of the source image, which is usually difficulinrany healthcare givingstitutes

sincemost health facilities are less equipped with modern and quality equipments related

8



to x-ray imaging. Besides, the number of featuregge acquisition environment and
similar factors during the imaging process may affect the result. Accordingly, factors that
probably setback the accuracy level of the system should be investigated for further

improvement.

1.5. Significance of theStudy

This thesis finding would be essenti@ promoting good and convenient methods for
classifyinglung diseasé type Knowledge and experienad# a physiciancan be one
asset However as they have very close symptomathout having image classification
systemto achievethe desiregerformancen diagnosis and treatment of the lung patient

is impossible Using image processing techniques fang diseasesx-ray image
classificationsupportis to achieve a better resulbothe diseasecan be trei@d earlyand

least costly. Thetudyfinding also essential tthe radiologist/physicians in deliveriray
properresult on the given casand using the extra effort for some other productive
purposethat enabls improve patient caseThe patient isalso benefit ingetting the
required quality medical service timely and at a better price to finally enjoy a healthier

and happier life than otherwise.

1.6. Thesis Organization

The thesis is organized to five chapters. The first chapter i @troductionand
describes backgroundgsource issuespjectives of the thesis, methodologies ad asl

its significance.In the second part of the thesimore emphasis igiven to related



literatures on lung TB and lung cancBesidesjmageprocessing works othe two lung
diseaseseviewed

The third part of the thesis focused on the design of disgpse classification, especially
on features and classifier®n the fourth chaptethe results from the experimentation
described and discussed in detail. Timal part of the study caudes the thesis and

recommendatioon future improvements.

10



2. LITERATRE RIVIEW

2.1.Introduction

The lungs are two spongy organs found in the chest. They are responsible for delivering
oxygen to the bloodstream. When breathed in, air moves into the lungs causing them to
expand. The air can then come very close to blood that is traveling in smal$ \cedisel
capillaries. When breathed out, substances thahetr@eeded, like carbon dioxide are
exhaled. The lungs are specially designed to place blood in close contact with as much air

as possible, so their tissues are very delitp

It is part of a complex apparatus, expanding and relaxing thousands of times each day to
bring in oxygen and expeblrbon dioxideLung disease can result from problems in any
part of this system armaccording to webwed, fdl on one of the following typ§25]; Lung
Diseases Affecting the Airwaysung Diseases Affecting the Air Sacs (Alveplijung
Diseases Affecting Blood Vesseldéung Diseases Affecting the Pleu@nd Lung

Diseases Affecting th€hest Wall

2.2.Pulmonary Tuberculosis

Tuberculosis (TB) is caused by bacteria (Mycobacterium tuberculosis) that most often
affect the lungs. Tuberculosis is curable and preventable. TB is spread from person to
person through the air. When people with lung DBgh, sneeze or spit, they propel the

TB germs into the air. A person needs to inhale only a few of these germs to become

infected[18].

11



About onethird of the world's population havatent TB, which means people have been
infected by TB bacteria but aret (yet) ill with the disease and cannot transmit the
disease. People infected with TB bacteria have a 10% lifetime risk of falling ill with TB.
However, persons with compromised immune systems, such as people living with HIV,
malnutrition or diabetes,rgeople who use tobacco, have a much higher risk of falling ill

[ibid] .

2.2.1. Lung TB Diagnosis Methods

Before clinicians can diagnose TB disef&mea patient, they must think of the possibility

of this disease when they see a patient with symptoms of TB or abnormal ehgst x
findings. Because TB is not as common as it was many years ago, many clinicians do not
consider the possibility of TB when kiag diagnoses for patients who have symptoms.
When this happens, the diagnosis of TB may be delayed or even overlooked, and the
patient will remain ill and possibly infectiouSuch a TB @gnosis can be categorized

into four, which includeshe medical tstory, the tuberculin skin test, the chestay and

the bacteriologic examination.

2.2.1.1. The Medical History

a. Exposure to TB: One important part of the medical history is asking a patient
about his/her exposure to TB. Patients should be asked whether they have spent
time with someone who has infectious TB or someone witHiKeBsymptoms.
Anyone who has been exposed to TB mayeha¥BIl. Many people become

infected withM. tuberculosiswithout knowingthe patien®& status and condition
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The risk of being exposed to TB is higher for some occupations (for example,
certain health care workers) and in some residential facilities (for example,
nursing homes or correctional facilities).

b. Symptoms of TB disease:Another important part of the edical history is
checking for symptoms of TB disease. Although, people with TB disease may or
may not have symptoms, most patients with TB disease have one or more
symptoms that led them to seek medical care.

c. Previous TB infection or TB diseaseDuring the medical history, the clinician
can get valuable information from patient whether he/she has ever been
diagnosed with or treated for TB infection or disease.

d. Risk factors for developing TB diseaseA fourth part of the medical history is
checking forrisk factors for developing TB disease like: HIV infection, Low body
weight (10% or more belowan ideal), Diabetes mellitus, Chronic renal failure,

Certain types of cancer, Solid organ transplant

2.2.1.2. The Tuberculin Skin Test

Patients with symptoms of TB diseaare often given a tuberculin skin test to detect
exposure to r&d infection with TB. However20% of the patients found to have TB
disease have a negative tuberculin skin test reaction. For this reason, patients with
symptoms of TB disease should alwagsdyaluated for TB disease, regardless of their

skin test results.
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2.2.1.3.The Chest Xray

The chest xay is useful for diagnosing TB disease. About 85% of TB patients have
pulmonary TB. Usually, when a person has TB disease in the lungs, the afagst x

appears abnormal. It may show infiltrates (collections of fluid and cells in the tissues of
the lung) or cavities (hollow spaces within the lung that may contain many tubercle

bacilli).

2.2.1.4. The Bacteriologic Examination

The next step in diagnosing TB dise&s¢he bacteriologic examination. This is done in
a laboratory that specifically deals witl. tuberculosisand other mycobacteria (a

mycobacteriology laboratory). There are four parts to a bacteriologic examination.

a. Obtaining a specimen
b. Examining thespecimen under a microscope
c. Culturing the specimen

d. Conducting drug susceptibility testing

2.3.Lung Cancer

Lung cancer refers to growth of malignant cells in the tissue of the Wihige occurs
when cells in the lung begin to grow out of control and can thesdie nearby tissues or
spread throughout the body. Large collections of cancer cells are called tiineits.
untreated, this growth can spread beyond the lung by the processtastasigto

nearby tissue or other parts of the body. Mmmtcersthat start in the lung, known as
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primary lung cancers, aoarcinomasThe two main types ammallcell lung
carcinomaSCLC) andnonsmalktcell lung carcinom@NSCLC). Lung cancer, téa

leading cause of cancer death among men and the second among women, is responsible
for 1.3 million deaths worldvide annually{24]. Treatment options are those commonly
associated with other cancers and include surgical resection, chemotherayliatah

therapy. Common symptoms of lung cancer include shortness of breath, chronic cough,

weight loss, and fatigue6].

2.3.1. Lung Cancer Diagnosis Methods

Imaging tests: Performing achest radiograpis one of the first investigative steps if a
person rports symptoms that may suggest lung cancer. This may reveal an obvious mass,
widening of themediastinum(suggestiveof spread tdymph nodesthere), atelectasis
(collapse), consolidation (pneumonia)pbeural effusionCT imagingis typically used to
provide more information about the type and extent of disease. Bronchoscapl

guidedbiopsyis often used to sample thetor forhistopathology27].

Lung cancer often appears assalitary pulmonary noduleon a chest radiograph.
However, thedifferential diagnosiss wide. Many other diseases can also give this
appearance, including metastattancer,hamartomas and infectiousgranulomasuch
astuberculosis The  definitive  diagnosis of lung cancer is based
on histologicalexamination of the suspiciousssuein the context of the clinical and
radiological featuresA PET scarand anMRI scan of the brain are often done to

examine other areas of the body where lung cancer can §jiriead

15



Sputum cytology: If there is a serious cough and are producing sputoakjrig at the

sputum under the microscope can sometimes reveal the presence of lung cancer cells.

Tissue sample (biopsy): While all of the remaining tests are important pieces of the
puzzle, a biopsy is the only way to know for sure if there is a caetleAcbiopsy takes

a sample of the suspicious area, which is then examined under a microscope for the
presence of cancer cells. In addition, the biopsy is necessary to determine the type of lung

cancer and if cancer cells are present in the lymph rj@8égs

2.4.Prevalence of Lung TB and Lung Gncer in Ethiopia

Ethiopia is one of the 22 high burden countries (HBCs) and TB remains one of the
leading causes of mortality. According to the 2014 WHO refbigr2.1), the prevalence

and incidence of all forms of TRre 211 and 224 per 100,000 of the population,
respectively. Excluding HIV related deaths, in 2013 TB mortality was estimated to be 32
per 100,000 of the population. About 13% of all new TB cases are also Hhfeobed.
Moreover, Ethiopia is one of th@gh TB/HIV and multidrug resistant TB (MDR TB)
burden countries. Among TB patients with known HIV status, about 11% were HIV co
infected. According to the recent national TB drug resistance surveillance report, 2.3% of

new TB cases and 17.8% of previousBated TB cases were estimated to have MDR.
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Figure 2.1 TB update 2014, March 205
On the other hand_ung cancer is the most frequent cancer death among men in the

world with an estimated aggdjusted mortality rate of 23.0 per 100,00@hHa year 2008.
Furthermore, smoking is the leading cause of cancer and was approximated to contribute
to about 21% of all deaths from cancer worldwileSub Saharan Africa, the prevalence

of smoking was 28% among male and 8% among female populatiantiodkate 15years

in 1995. Despite this relatively high prevalence in this region, data on lung cancer

prevalence is unavailable in Ethiopib].

2.5.The Mimic Between Lung TB and Lung Cancer

Lung cancer (LC) is the most deadly type of cancer and represer@®apublic health
problem worldwide. It is the leading cause of carredmted death in the world, with 1.3
million deaths annually. Similarly, another major cause of morbidity and mortality,

especially in developing countries, is tuberculogislow incident countries with high
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incidence of lung cancer and varying clinical presentations, TB often gets misdiagnosed
with the result of delayed treatment start and unnecessary diagnostic procedures. On the
other hand, many early lung cancers have been dreatengly as pulmonary TB because

the clinical and the radiological features for both conditions are similateaahg to

delay in the correct diagnosis as well as exposure to inappropriate medication. Several
factors are responsible for this situatiam developing countries, including lack of
awareness, inadequate infrastructure and semomomic factor§29] [30][31].

There are many similarities between Lung Cancer and TB like;areyery common,

have high prevalence, involve lung parenchyma and abovehaliacterizedy similar
symptoms. But, there are many differences between these two entities like they have
different etiologies (pulmonary tuberculosis is infectious while lungcenisthe non
infectious disease), different consequences, and altogether different management. Delay
in the diagnosis and treatment of lung cancer results in poorer outcome and lower
survival [32]. According to studiesglelay in diagnosis of lung canceras significantly

high in patients who had received amntbercular treatment for current symptoms
compared with those who did ndthis indicates that lung cancer is often misdiagnosed

as pulmonary tuberculosis, and these patients are presumptively AINEn hence
causinga significant delay in diagnosing cancer. The majority of lung cancers (< 80%)

are diagnosed at amtlvanced stage, i.e. stageditd IV [ibid].

2.6.Image ProcessingBasedDiagnosis Techniques

Image processing has become an active res¢apah in recent years. Researchers have

focused on developing algorithms using image processing to detect many types of
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diseases using computaded diagnosisiyeakening of kain arteries, etinal fundus, lung
cancer and pulmonary nodulelsteast ancer, kidney diseases, and coronary artery

diseas416]

Improving the quality of CAD diagnosis, increase therapguccess by early detection

of a disease,avoid unnecessary biopsieseduce radiotherapist interpretation time,
eliminates the need of repeated visits of patient to a doctor, increases accuracy of
diagnosis, and improves the reliability of diagnosis. Although CAD is improving
overtime its accuracy has been an issue of concesome areasBut, if new techniques

and advanced methods like a number of classifiers are attached with the system then it

can produce far more accurate resultdiagnosigibid].

Physicians are usually unable to diagnose accluags disease by onlyiewing xray,

CT image, MRI image etc. This signifies the importance of using image processing to
diagnose lung diseaseA. study by [Sagar N. Vidhate, V. S. Dhongde ( 2Q1G3ed
texture analysis systems to diagnose lung disdasen microscopic images of patients
which are affected with interstitial lung disease (ILD) usingigh-resolution computed
tomography KIRCT) data. This system segments the right and left lung in to three
different sections and makes an analysis of &x¢ute patterns and then a classifier is
trained to distinguish between emphysema and no emphysema tissue. In the texture
analysis and classification values of standard deviation, entropy and texture index are
considered and fuzzy logic is used in the sifasation of lungs disease. A HRCT image

gives accuracyof 70-80 percent but by using microscopic images increased to an
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accuracy leveto 90% [33]. The image processirtgchniques developdd/ many authors

on lung TB and lung cancer independently are described below;

2.6.1. Lung TB

Despite the existence of an effective and affordable cure, tuberculosis (TB) remains one
of the world€s major health care challenges. Mortality and morbidity rates are only
slightly lower than those of the wethown HIV/AIDS epidemi¢but TB has received

less attention of the media and public. One of the reasons for this has been the decline of
TB in high-income countries. TB is diagnosed using a combination of clinical symptoms,
chestradiography, and sputum examinatiorhe typical symptoms associated with TB

are fever, weight loss, night sweats, and coughing. Manually the detection of TB cavities
which is done by just looking at the-Kays/CT images byhysician&dechniciansby

looking at the images by the naked elyereare more chancefor wrong prediction of

the intensity of the cavitiesBecause of this wrong prediction of the cavities, the
physicians may not prescrilzecorrect dosage of medicine. Themay prescribe high or

low dosage of medicine. If the dosage is too higleads into various harmful effects

such as causing other diseases. If the dosage is too low the patient cannot easily recover
from the disease soon. So the accurate detection of the cavities must bierdiree
accurate prescription of medicine with the correct dosage to get rid of the disease

completely[23].

Sothe automatic detection of tuberculosis froanay maybe helpful in the rural area
where an expertadiologst is not always available. ebelgping a CAD system for

diagnosing TB is a challenging task includes;segmentation, feature extraction and
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classification. In recent years, due to the complexity of developingldédijed CAD
systems for xay analysis, research has concentrated onlaj@wg solutions for specific

sub problems. The segmentation of the lung field is a typical task that any CAD system
needs to support, for a proper evaluation of CXRs. In the segmentation wiager
method were used to segment the lung field correctly.general, segmentation in
medical images has to cope with poor contrast, acquisition noise due to hardware
constraints, and anatomical shape variations. Depending on the lung segmentation,
different feature were extracted for the further analysis. Extracted features are input

to the classifier, which then classifies a given input image into either normal or abnormal.
Here first extrad the lung region using a region based active contour segmentation
method. For this lung region, compute a set gfuee and shape features, which enable

the xrays to be classified as normal or abnormal using a binary clagsaftgr

Detecting cavities from chestray is an efficient method for diagnosing the TB. Region
based active contour segmentation is usedsegmenting lung fieldand theextracted
features are classified using supported vector machine as normal and abnormal. The
Montgomery County (MC) Data set contains 138 posterioanterior cxrs, among which 80
cxrs are normal and 58 cxrs are abnormal witinifestations of TB are used. All images

of the MC set are in 12it grayscale, captured withEureka stationary-xay machine

(CR). The abnormal cxrs cover a wide range of-réBRted abnormalities, including
effusions and miliary pattern3.B can be dtected from Chest-say images by using
image processing methods like segmentation, Feature Extraction and classification.

Existing diagnostics method such as sputum staining has become less reliable in high
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population So this methoccanbe helpful in rual areasincreasingthe features selected

and using another segmentation method may get more accurat¢ibefjult

Rachna H. B., M. S. Mallikarjuna Swan{2013) developed an algorithm based image
processingfor identification of TB bacteria in sputum. The method is based on Otsu
thresholding and Jneans clustering approach. The performance of clustering and
thresholding algorithms for segmenting TB bacilli in tissue sections was compared.
Authorsdeveloped aegmentation algorithm to automate the process of detection of TB
using digital microscopic images of different subjects. A performance comparison of
clustering and thresholding algorithms for segmenting TB bacilli insiihed tisse

slide images was oaed out[34].

Adgaonkar A.et al (2014) also maé useneural network bask classifiersimage
processing techniques fan automatic identification of TB bacilland founda good
output The proposed system perform&8.5% sensitivity foridentifying individual
bacilli. The technique involved segmentation followed by an identification procedure.
The segmentation allowed the elimination of a great amount of unwanted objects, and
therefore only those characterized to have a simiafor as that of the bacilli were
retained35].

On the other hand, in Adi Ket al (2013) research, an algorithatevelopedo identify
andcountthe number of tuberculosis alsoanother interesting approach tiatused on
microscope imaging. Colosegmentationdone by way of extracting theatsiration
channel of NTSC (Luminance, Hue, saturation) color model. Feature extraction for

bacteria shape identification process was using two paramegersccentricity and
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compactness. The training and objelassificationwas using Spport Vector Machine
algorithm [36]. They proved that Support Vector Machine is good to be applied in

detecting and counting the number of tuberculosis bacteria

Ziehl-Neelsen (ZN) stained acidst bacilli (AFB) in digital images is detected using
innovative computational algorism B; Sadaphal, J. Rao, G. W. Comstddk,F. Beg
Automated, multistage, colobased Bayesian segmentation identified possible ,TB
objects€, removed artifacts by shape comparison and-letleled objects as ,definite€,

,possible€ or ,neMBE€, bypassingphoto micrographicalibration[37].

Management of tuberculosis cavities that are clearly benign or malignant is
straightforward. Thalifficulty is in the evaluation and management of the indeterminate
nodule and the goal was to correctly diagnose indeterminate tuberculosis cavities,
allowing curative resection of earbtage malignant tuberculosis cavities and avoiding
the morbidity ad mortality of surgery for benign tuberculosis cavities. The proposed

technique was successful iatdcting tiny cavities on lungray image38].

A paper by Manisha RK, Palanisamy KS.(2016)]detailedan automated approach for
lung TB diagnosis and makes use of Chest radiography for same. The lung region is
extracted using Graph cut lung segmentation method for identifying the ribs and
clavicles, which are needed for the diagnosis. The Graph cut agmentation method
provides better accuracy and then thassification is perforred between normal and
abnormal xray patterns.Finally, the research found that the automated approach
provides better performance than the manual diagnosis of Bhan@l thestages are

identified using classification algorithr2?].
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2.6.2. Lung Cancer

Lung cancer seems to be the common cause of death among people throughout the world.
Early detection of lung cancer can increase the chance of survival among people. The
overall 5year survival rate for lung cancer patients increases from 14 to 49% if the
disease is detected in tim@ne of the most important and difficult tasks the radiologist
has to carry out consists of the detection and diagnosis of cancerous lung nodules from
chest radiographs. Some of these lesions may not be detsomsithey may e
camouflagedhidden away)py the underlying anatomical structure, or the-guality of

the images or the subjectiveonesided) and variable decision criteria used by
radologists. Previous studiehowed that radiologists fail to diagnose small lunduhes

in as many as 30% of positive ca$&8]. Hence, a lung cancer detection system using
image processing has been used to classify the present of lung cancer in images. In
studies of this KindMATLAB was usedn all the proceduresTo obtain more accurate
resultsstages were divided in to threlenage Enhancement stage, Image Segmentation

stage and Features Extraction Stg3$.

Al-Fahoum A. eal (2014) developedan automated intelligent system for nodule
detection and classificatiooould read the DICOM CT images andpplied some
advanced image processing principles to facilitate the segmentation and detection of mass
lesions The smaltsized cancer areapresunably when they are biologically early in

their evolution are amenable to surgical cure. Tipegoposedsystem was also able to
display the size of the detected cancer, to replace the manually process of measurements

that is taken by the radiologist to mesesthe width (transverse) and the length (anterior
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posterior) distances of the cancer area. The system discussed in this study displays each
detected area boundary to simplify the detection of region boundary that is subjected to
the observer variations.olw contrast cancer areas that have advanced stages in the
disease may have calcification, necrosis and cavitations; low contrast regions constitute a

challenge and a source of error &madiologist[20].

G. Vijaya, A. Suhasini, and R. Priya (2014) avaralakshmi.K(2013)alsoproposedan
automatic cancer detection system of which the famrsed on dybrid approach called

neurc fuzzy algorithm The segmentation was achieved throagberiesof techniques
including thresholding, median filtering, closing, and labeling. Lung region was
extracted from the original CT image. From the lung region, the ROIs were obtained. The
nodules were evaluated based on the features such as size of area, circularity, skewness,
kurtogs and mean and then subjected to classification to classify the odules. Neural fuzzy
model was designed to extract suitable diagnosis rules, and classified the true nodules

from the ROIJ40] [41].

Faleh H. Mahmood, Wafaa A. Abbas and S. M. @D14)worked ona semiautomatic
segmentation algorithm for lung's tumor detection and extratchiahshowed a good
performance The extracted tumor ardeom the CT slice was measured by a method
based on the Display Field OF View (DFOV). To provide physiciaite wolumetric
data, the lung CT images have beenpm@essed by enhancirtgeir contrast to make
them ready for segmentation by implementing then&ans classification algorithm. As
the segmentation is performed on lung region, the tumor featuresdobamedetermined

and isolated by performing the seeded region growing algorithm. The tumor areas of the
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image slices have been calculated and used to determine the tumor volume by stacking

the extracted tumors on top of one another.

Vijay A.Gajdhane and Dépande L.M(2014) andKhin Mya, Mya Tun and Aung Soe
Khaing (2014)also proposed a system that identifies stage of lung cancer from a CT
scan images. The region of interast., tumor is identified accurately from the original
image Gabor filter and watershed segmentation gives best results foippreessing
stage. From the extracted region of interest, three features were extracted i.e., area,
perimeter and eccentricity. These three features helped to identify the stage of lung
cancer. The resultsdicated that the tumors were of different dimensions. By measuring
the dimensions of the tumor the lung cancer stage can be detected accurately.
Furthermore,for classification purpose, Support Vector Machines were an attractive
approach to data modelinghey combined generalization control with a technique to
address the curse of dimensionality. The kernel mapping provided a unifying framework
for most of the commonly employed model architectures, enabling comparisons to be
performed. In classification pblems generalization control was obtained by maximizing
the margin, which corresponds to minimization of the weight vector in a canonical
framework. In feature extraction, physical dimensional measures andlevaly co
occurrence matrix (GLCM) method veemused. Artificial neural network (ANN) was

applied for classification of disease staff§f21].

In Khin M.M., Aung X.(2014) study median filter used for image ppgocessing and
Otsu€s thresholding method for segmentation. In feature extrgutigsical dimensional

measures and grdgvel ceoccurrence matrix (GLCM) method are used. Atrtificial

26



neural network (ANN) is applied for classification of disease stages from CT scan image

[21].

Image processing has become an active research topiceint rgxars. Researchers have
focused on developing an algorithm using image processing to detect the different types
of cancer in its early stage. Various preprocessing steps using image processing have
been proposed. But high accuracy, sensitivity andifsgigc are important. To achieve

this, preprocessing of the acquired original image is needd&aimosh S. , Yogesh S.

and Ritu V.( 2016)ktudy CT images used and the preprocessing using image histogram
equalization, thresholding, filtering followdaly feature extraction to reduce the process

complications as well amproveaccuracy 19].

CAD systems provide fast and reliable diagnosis for medical imagesarf Magdy,
Nourhan Zayed, and Mahmoud Fakhr (201%)¢veloped an automatic system that
classifies each lung into normal or cancer. In this work, using 70 CT images, Wiener
filtering on the original CT imagesvas applied as a preprocessing step. Histogram
analysis combined with thresholding and morpholdgigeerations used to segment the
lung regions and extract each lung separately, and AmpiKlatkilation Frequency
Modulation (AM-FM) methodusedto extract features from ROIsThe significant AM

FM features selected using Partial Least Squares Regre@i®R), and finally,
Knearest neighbour (KNN), support vector machine (SVM), Naive Bayes, and Linear
classifiers used with the selected AWM features for classification. The performance of

each classifier in terms of accuracy, sensitivity, and specitoityuated42].

27



Generally, fom all the researchers observed so far we have never come across to a
system that classifies Lung TB and Lung Cancer at a, @axeept the work of FATIL

S.A. and Kuchanur M. B(2012]]he diagnostic results obtainé@m thesystem was as

high as 83% accuracynd theclassification is achieved using training data set$40t
Classification accuracy is improved as the numbers of training samples are increased.
This study also concludetiat, back propagation algorithm of ANNs a good choice for

classification of cancer and TB images.

Digital image processing techniques have been used in developing CAD systems for
locating suspected nodules but too many falssitive (FP) chestadiographsare made.

These FP€s include ribosssings, rib vessel crossings, vessedselcrossings and eron

vessels Accordingly, the challenge to solve for early diagnosis of lung cancer is
associated with the reduction of the number of FP classifications while maintaining a

high degree of truegsitive (TP) diagnoses, i.e., sensitivity. Several methods have been
proposed to reduce the number of P while maintaining a high sensitivity,
define and specify good feature space which will discriminate between nodules and

nonnodulesmalignant and benigrip).

Computed Tomography (CT) is efficient thanray. However, the latter is more
generally availablevorldwide Thus initial diagnosis for TB and lung cancer, now
performed by medical doctors, is mainly based on chestyXmaged1]. Therefore to
focus the image processingnprovementon theleast cost andvidely used medical
imagingtechnique i.e., xray, is important for developing countries like Ethiopidnere

accessibility of otheimaging is minimal
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3. METHODOLOGY

In order to achieve objective of the study, the methodology used in this thesis work is
experimental. Image processing based lung disease classification techniquesraging x
image Xray images required for the study are collected from three hospitals and
databases from the internet. To remove noises and artifacts from the acquired image,
median filtering used in the preprocessing phase. Once the images are enhanced, to
separate region of interest from the back ground image, image segmentation is aarried o
using kmeans clustering. Consequently, morphology and texture features (nine feature
sets in total) are extracted. Three classifiers; Naive Bayes, ANN and KNN are trained
using the features extracted from 70% (210 images) of the image data. Thecatawsif
accuracy of individual classifier is tested using the features extracted from 30% (90

images) of the image data for comparison.

Finally, the results obtained from the process summarized in a confusion matrix and bar
graphs. Accuracy and sensitivianalysis results used to describe inter and/or intra

classifier performance.

3.1. The Implementation Tool

To process and classify theray image, MATLAB R2013a application is used in the
study. MATLAB is a dynamic and advanced application for such an imae It is an

interactive environment used by millions of users in science and engineering fields.
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Therefore, this application is a capable and scalable tool to analyze and define a proper

parameter.

MATLAB provides multiplatform environment. This tookiused for prototyping, data
analysis, and visualization with built support for matrices and matrix operations. Also,

it is loaded with graphic capabilities, as well as a friendly programming language and
development environment. It enables to test rlgms immedi