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Pembangunan Sistem Diagnosis Pintar Automatik untuk Pengesanan Tuberkulosis
Berasaskan Sampel Kahak

ABSTRAK

Tuberkulosis (TB) adalah penyakit berjangkit yang amat merbahaya. Diagnosis untuk
penyakit TB biasanya dilakukan secara manual oleh ahli mikrobiologi melalui pemeriksaan
mikroskopik spesimen kahak pesakit TB untuk penyakit TB pulmonari. Walau
bagaimanapun, amalan tersebut memakan masa dan memerlukan tenaga kerja yang banyak.
Oleh yang demikian, ia menyebabkan keletihan, beban kerja. herlebihan dan sekaligus
menyebabkan penurunan prestasi dalam membuat diagnosis. * Kajian ini melibatkan
pembangunan sistem diagnosis pintar automatik bagi mengesan' TB berdasarkan spesimen
kahak Ziehl — Neelsen. Sistem yang dibangunkan ini-juga dilengkapi dengan sistem
rakaman automatik bagi merakam imej spesimen- slaid kahak secara automatik
menggunakan kanta 40x. Selain itu, kajian ini-joga mencadangkan gabungan teknik
pemprosesan imej dengan rangkaian neural buatan.-dalam mewujudkan satu prosedur baru
bagi proses mendiagnosis spesimen kahak Ziehl — Neelsen. Teknik peningkatan imej
berdasarkan kaedah imbangan putih dan kontras separa telah dicadangkan. Prosedur yang
baru untuk teknik peruasan juga dicadangkan berdasarkan gabungan pengelompokan ‘k-
means’, penapis median bersaiz 3 x 3. dan algoritma ASBRG. Kajian ini juga melibatkan
pengekstrakan ciri, di mana ciri-ciri-seperti saiz, warna dan bentuk telah dipilih dalam
mengklasifikasikan TB ‘bacilli’. dengan bantuan rangkaian neural buatan. Kajian ini telah
mencadangkan penggunaan, ‘rangkaian perseptron berbilang lapisan hibrid (hybrid
multilayered perceptron network, HMLP) untuk proses pengecaman dan pengkelasan
bacteria TB. Sistem ini sepatutnya akan dapat mengurangkan masalah yang timbul semasa
proses diagnosis penyakit TB seperti ketegangan pada mata ahli teknologi kerana
pemerhatian melalui kanta mata mikroskop untuk tempoh masa yang panjang.
Pengklasifikasian-untuk spesimen slaid kahak bagi diagnosis TB menghasilkan keputusan
yang baik dengan ketepatan pengelasan lebih daripada 94%. Kajian yang telah dijalankan
ini telah menyediakan platform untuk sistem diagnosis pintar automatik untuk mendiagnos
penyakit, TB.
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Development of An Automated Intelligent Diagnostic System for
Tuberculosis Detection based on Sputum Specimen

ABSTRACT

Tuberculosis (TB) is a highly infectious disease. TB diagnosis is usually done manually by
microbiologist through microscopic examination of sputum specimen of TB patients for
pulmonary TB diseases. However, this practice is time consuming and labour-intensive.
Hence, it results in fatigue and work overload to the microbiologists, thus reduces the
diagnostic performance. This research involved in the development‘of automated intelligent
diagnosis system for tuberculosis detection based on Ziehl-Neelsen sputum specimen. The
system developed is also equipped with automatic capturing system for capturing sputum
slide images automatically using 40X lens. Besides that;-this study also suggested the
combination of image processing technique with artificial neural network in creating a new
procedure for diagnosing process of Ziehl-Neelsen sputum specimen. Image enhancement
technique based on white balance and partial contrast method has been proposed. A new
procedure for segmentation technique was alse proposed based on the combination of k-
means clustering, 3 x 3 median filter and automated seed based region growing algorithm.
The study also includes feature extraction-where features such as size, colour and shape
were chosen in classifying TB bacilli with the aid of artificial neural network. This research
proposed to use HMLP network with MRPE algorithm for detection and classification of
TB bacilli. The system is supposed to reduce the problems arise during the diagnosis of
tuberculosis disease such as avoidance of eye fatigue to the microbiologist due to observing
through the microscope eyepiece for a long period of time. It has been shown that the
classification for sputum>slide specimen for TB diagnosis produces good results with
classification accuracy of more than 94%. These findings suggest the potential use of this
software in diagnosing pulmonary TB disease. The conducted research has provided the
platform for automated intelligent system to diagnose tuberculosis disease.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Tuberculosis (TB) is one of the oldest diseases known,te“affect humans. At the
beginning of the new millennium, despite efforts in the past decade to bring the problem
under control, TB remains the most important infectious disease in the world. WHO
(2011) mentions in its report that globally; ‘in" 2010, there were 8.8 million TB
occurrences, with 1.1 million deaths from TB among Human Immunodeficiency Virus
(HIV)-negative people. On top ofithat, HIV-associated TB contributed of an additional
0.35 million deaths. 65% of the estimated number of incident cases in 2010 comes from
5.7 million notifications-of'new and recurrent cases of TB. TB is affecting mostly young
adults in their mest:productive years. The vast majority of TB deaths are happening in
the developing world, with more than half occurring in Asia, thus making TB as a
disease)of poverty. In 2010, the majority of the estimated number of TB cases occurred
in Asia (59%) and Africa (26%). There are also cases found in the Region of Eastern
Mediterranean (7%), the Region of Europe (5%) and the America Regions (3%). Five
countries with the highest number of occurrence cases in 2010 were India (2.0-2.5
million), China (0.9-1.2 million), South Africa (0.40-0.59 million), Indonesia (0.37—
0.54 million) and Pakistan (0.33-0.48 million). An estimated one quarter (26%) of all
TB cases worldwide occurred in India along, with another 38% of the cases found in

China and India (WHO, 2011). Fig. 1.1 shows the estimated TB incident rate in 2011.



