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ABSTRACT

In the early detection and diagnosis of lung nodule, computer aided detection

(CAD) has become crucial to assist radiologists in interpreting medical images

and decision making. However, some limitations have been found in the existing

CAD algorithms for detecting lung nodules, such as imprecision classification

due to inaccurate segmentation and lengthy computation time. In this research,

Massive Training Artificial Immune Recognition System (MTAIRS) is proposed to

detect lung nodules on Computed Tomography (CT) scans. MTAIRS is developed

based on the pixel machine learning and artificial immune-based system-Artificial

Immune Recognition System (AIRS). Two versions of proposed algorithms have been

investigated in the study: MTAIRS 1 and MTAIRS 2. Since segmentation and feature

calculation are not implemented in the pixel-based machine learning, the loss of

information can be avoided during the data training in MTAIRS 1 and MTAIRS 2.

The experiment and analysis find that MTAIRS 1 and MTAIRS 2 have successfully

reduced the computation time and accomplished good accuracy in the detection of

lung nodules on CT scans compared to other well-known pixel-based classification

algorithms. Furthermore, MTAIRS 1 and MTAIRS 2 are investigated to improve

their performance in eliminating the false positives. A weighted non-linear affinity

function is employed in the training of MTAIRS 1 and MTAIRS 2 to replace Euclidean

distance in affinity measurement. The enhanced algorithms named, E-MTAIRS 1 and

E-MTAIRS 2 are capable to reduce the false positives in the non-nodule classification

while maintaining the accuracy in nodule detection. In order to further provide

comparative analysis of pixel-based classification algorithms in lung nodules detection,

a pixel-based evaluation method of Kullback Leibler (KL) divergence is proposed in

this study. Based on the pixel-based quantitative analysis, MTAIRS 1 performs better

in the elimination of false positives, while MTAIRS 2 in lung nodules detection. The

average detection accuracy for both MTAIRS algorithms is 95%.



vi

ABSTRAK

Dalam pengesanan awal dan diagnosis nodul peparu, pengesanan berbantukan

komputer (CAD) telah menjadi penting untuk membantu ahli radiologi dalam

mentafsirkan imej perubatan dan membuat keputusan. Walaubagaimanapun, terdapat

keterbatasan yang telah ditemui dalam algoritma CAD sedia ada dalam mengesan

nodul peparu seperti ketakpersisan pengelasan yang disebabkan oleh segmentasi

yang tidak tepat dan masa penghitungan yang panjang. Dalam kajian ini, Sistem

Pengecaman Imun Buatan Latihan Besar (MTAIRS) telah dicadangkan untuk

mengesan nodul peparu pada imbasan Tomografi Berkomputer (CT). MTAIRS

dibangunkan berdasarkan kepada pembelajaran mesin piksel dan sistem imun buatan -

Sistem Pengecaman Imun Buatan (AIRS). Dua versi algoritma dicadangankan telah

diselidik dalam kajian ini: MTAIRS 1 dan MTAIRS 2. Oleh kerana segmentasi

dan penghitungan fitur tidak dilaksanakan dalam pembelajaran mesin berasaskan

piksel, kehilangan maklumat boleh dielakkan semasa latihan data pada MTAIRS 1

dan MTAIRS 2. Ujikaji dan analisis mendapati MTAIRS 1 dan MTAIRS 2 telah

berjaya mengurangkan masa penghitungan dan mencapai ketepatan yang baik dalam

mengesan nodul peparu pada imbasan CT berbanding dengan algoritma pengelasan

bersandarkan piksel lain yang terkenal. Tambahan pula, MTAIRS 1 dan MTAIRS

2 telah dikaji untuk meningkatkan prestasi mereka dalam menghapuskan positif

palsu. Fungsi afiniti tak linear berpemberat digunakan dalam melatih MTAIRS 1 dan

MTAIRS 2 bagi menggantikan pengukuran afiniti jarak Euclidean. Algoritma yang

dipertingkatkan dinamakan sebagai E-MTAIRS 1 dan E-MTAIRS 2 dan algoritma

ini berupaya untuk mengurangkan positif palsu dalam pengelasan bukan nodul di

samping mengekalkan ketepatan dalam mengesan nodul tersebut. Bagi mendapatkan

analisis perbandingan lanjutan terhadap algoritma pengelasan berasaskan piksel bagi

pengesanan nodul peparu, kaedah penilaian bersandarkan capahan Kullback Leibler

(KL) telah dicadangkan. Daripada analisis kaedah penilaian berasaskan piksel,

MTAIRS 1 menunjukkan prestasi yang lebih baik dalam menghapuskan positif palsu

manakala MTAIRS 2 adalah lebih baik dalam pengesanan nodul peparu. Purata

ketepatan pengesanan bagi kedua-dua MTAIRS algoritma adalah 95%.
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CHAPTER 1

INTRODUCTION

1.1 Overview

The recent statistics reported by World Health Organisation (WHO) shows

that lung cancer continues to contribute the highest number of death among other

types of cancer in the world (WHO, 2014). Lung cancer is also known as the most

common cancer for both men and women in many Asia countries as well as the

developing countries (Liam et al., 2006). In Malaysia, the National Cancer Registry

of Malaysia has shown that lung cancer is the third most common cancer in the

country (Sachithanandan and Badmanaban, 2012). Due to the dramatic statistics of

lung cancer, its diagnoses have always gained global attention from medical experts in

an attempt to improve the patients’ survival rate. The survival rate of lung cancer

patients can possibly be reduced if the cancer is detected in the early pre-clinical

stage (Jemal et al., 2005). In modern medical diagnosis, screening is an effective

manner to discover lung lesion in the early stage, and hence reduces the lung cancer

mortality (Alex, 2005, WHO, 2014). Thus, to view the condition of human body

noninvasively through screening, medical imaging plays an important role to detect

the early symptoms of lung cancer.

Recently, the development of medical imaging by various technologies is

rapidly emerging in the field of medical diagnosis. There are different types of medical

modalities that have been actively used, such as, planar X-ray, computed tomography

(CT) scans, magnetic resonance imaging (MRI), ultrasonographic diagnostics (USG),

positron emission tomography (PET) and nuclear magnetic resonance (NMR) (Alex,

2005). Compared to conventional planar X-ray images and other modalities, CT

images provide accurate visualisation of lung conditions especially in the lung nodules

detection. Lung nodule is a pathological spot, measuring three centimeters or less

in diameter on the lung. The growth of a nodule larger than three centimeters is
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considered as lung mass which is more likely to represent lung cancer. Therefore, early

detection of lung nodules is crucial as they are likely to be curable lung cancer (Delogu

et al., 2005). With a CT scan, a series of cross-sections is obtained and analysed by a

radiologist to detect lung nodules. The interpretation of CT images requires significant

time from radiologists, as hundreds of multi-sections per patient is acquired from a

CT scan. Consequently, an automated system is crucial in assisting the detection and

classification of disease patterns in the lung medical images.

Computer aided detection (CAD) is an automated system used to enhance the

performance of radiologists and thus, reduces their workload. As reported by Girvin

and Ko (2008), performance of radiologists in the detection of lung nodules has been

significantly increased by mean of CAD schemes when interpreting a large-scale

dataset. In recent decade, research efforts have been focusing on the development of

CAD system that could accurately recognise lesions in CT imagery, and consequently

reduces false positive detection in the existing system. In the detection of lung nodules,

computational intelligence techniques is constantly applied as these techniques provide

promising results (Shiraishi et al., 2011, Suzuki et al., 2005b). It was reported that

a variety of intelligence techniques were also successfully used in different types

of medical images processing (BagcI et al., 2012, Jiang et al., 2010, Shi and He,

2010, Stoitsis et al., 2006). In this chapter, the problem background of computational

intelligent algorithms in CAD in detecting lung nodules will be discussed in the

following section. It is followed by the discussion on the problem statements, the

objectives of the study, the research contributions, the research methodology and the

scope of the study. Lastly, the organisation of chapters is summarised in this thesis.

1.2 Background of Problem

Since the majority of imaging modalities provide a large number of datasets,

the interpretation of medical imaging by automatically classifying medical images is

crucial. As an automatic system, CAD has become one of the main research concerns

in medical imaging and diagnostic radiology. In the current lung nodules assessment

by CAD, the computerised systems are able to detect lung nodules and categorise

the types of nodules, for example malignant and benign. Thus, the improvement of

efficiency and accuracy in lung nodules identification has always gained interest of

radiologists and researchers alike. In order to classify these abnormalities, pattern

recognition techniques are usually adopted in the computerised detection system

(BagcI et al., 2012, Kilic et al., 2009, Shiraishi et al., 2011, Stoitsis et al., 2006).
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There are several pattern recognition techniques available in CAD scheme,

such as, methods based on decision theory, structural methods and computational

intelligence methods (Ogiela and Tadeusiewicz, 2008). As a subset of pattern

recognition approaches, computational intelligence algorithms are popular since

they provided promising results and more efficient diagnosis (Stoitsis et al., 2006,

Verma and Zakos, 2001). There are a number of typical computational intelligence

approaches used to analyse medical imaging such as artificial neural network

(ANN) (Alex, 2005, Suzuki, 2009, Suzuki et al., 2003a, 2005a,b), genetic algorithm

(GA) (Ghosh and Mitchell, 2006, Jennane et al., 2010), support vector machine

(SVM) (Abdullah et al., 2011, Kakar and Olsen, 2009, Shao et al., 2010, Xing-li and

Xu, 2008) and artificial immune system (AIS) (Li et al., 2009, Wang et al., 2008, Zhou

et al., 2006). Nevertheless, these algorithms have their own limitations. For example,

GA takes longer time to converge to optimum output, and the convergence time could

not be estimated during the image analysis (Karkavitsas and Rangoussi, 2005). Based

on the statistical learning theory, SVM also provide efficiency performance, but it is

scale sensitive and time consuming in processing large scale of images (Kakar and

Olsen, 2009, Zhang and Ma, 2008). In addition, ANN provides high performance

results and achieves high identification rate in image classification, but it requires

complex computation and large amount of data input for training (Shi and He, 2010).

Suzuki (2009), Suzuki et al. (2003a), Suzuki and Doi (2005), Suzuki et al.

(2005b) employed massive training artificial neural network (MTANN) model for

pattern analysis on lung CT scans. Based on their expertise in radiology, the

computational model was successfully trained to differentiate almost all types of lung

nodules with massive training instances. The architecture of MTANN is described in

Figure 1.1 (Suzuki et al., 2005a), whereby the sub-region with Hounsfield values(HU)

was extracted from region of interest (ROI) to be the input of MTANN. A large

number of overlapping sub-regions were extracted from the ROI to form training

vectors in the learning process of the computational model. Then, the training vectors

were matched with each pixel on teaching images to generate training instances. In

the training of nodule case, the teaching images were produced by the Gaussian

function with standard deviation as key parameter. The standard deviation determined

the distribution at the center of teaching images which represented the size of lung

nodules. Since the MTANN was able to produce regular-sized distribution for different

diameters of nodules, only single value for standard deviation had been used during the

training process. Back propagation algorithm performed the massive training for all

the extracted sub-region. This well-trained model gave promising results and low false

positive rate in the classification without segmentation. However, the computation time

for training took extremely long 30 hours.
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Figure 1.1: Architecture of MTANN (Suzuki et al., 2005a)

Furthermore, inaccurate segmentation is a common limitation in most of the

existing CAD algorithms when classifying lung nodules. The segmentation procedures

in CAD algorithm development are difficult as they can affect the accuracy of features

extraction and classification results. Meanwhile, many research have been conducted

to improve the segmentation of lung nodules as this provides significant impacts in

the subsequent process. It was reported that CAD system missed some nodules due

to the inaccurate lung segmentation (Eva et al., 2009). This shows that inappropriate

segmentation algorithm may directly cause a decrease in accuracy in lung nodules

detection. For instance, segmentation process may exclude low contrast lung nodules

adjacent to blood vessels and airways, and nodules with Hounsfield values similar to

blood vessels and airways, and cases where both densities as well as shapes of the lungs

are altered by abnormalities (Delogu et al., 2005, Sluimer et al., 2006, van Rikxoort

et al., 2009). Therefore, there is a challenge in handling the segmented algorithm

which will guarantee satisfying results in detection of lung nodule. In addition, most

of the feature training in CAD development is based on the calculated features, but

these statistical features will cause the loss of original information in medical images.

Therefore, appropriate features selection in computerised system is still a main concern

for researchers. To avoid the loss of information from the original intensities, the

pixel machine learning was proposed by Suzuki et al. (2005a) in the training of

CAD algorithm. Nevertheless, this approach required huge computational power to

handle massive training of instances which were formed by the original intensities

extracted directly from medical images. Due to the huge number of sub-volume in

the training of MTANN, several dimension reduction approaches such as Laplacian-
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eigenfunction-based, support vector regression and principal component analysis were

incorporated with the algorithm to increase the efficiency of training process (Suzuki

et al., 2010a,b, Xu and Suzuki, 2011a). However, the use of these dimension reduction

approaches increased the complexity of pre-processing steps in the development of

algorithm. Thus, selection of appropriate and intelligent computational algorithm is

crucial to ensure that the computational cost be reduced efficiently for the massive

training approach.

In this research, Artificial Immune Recognition System (AIRS) is investigated

to be applied in the pixel machine learning. AIRS is one of the intelligent algorithms

that can reduce the redundant features in training, as well as provide promising

classification results. This machine learning algorithm mimics the several processes

in biological immune system, such as, mutation, immune memory and recognition

of antigen. In the algorithm, the Euclidean distance is used as affinity measure

representing the antibody-antigen interaction. Based on previous works by Watkins

et al. (2004), there were two versions of AIRS being developed to solve the

classification problem. AIRS was named as AIRS1 after AIRS2 was developed.

AIRS2 is the updated versions of AIRS1 that was claimed to have slightly better

improvement as compared to the original version algorithm. However, the fundamental

of AIRS2 algorithm are still similar to AIRS1. According to several experiments

in literature, there was no significant difference in classification accuracy between

AIRS1 and AIRS2 in most of the application area (Brownlee, 2005). Furthermore,

AIRS has been applied in the classification in many research fields including medical

data, and a good accuracy has been shown (Polat and Gunes, 2007a, 2008a,b, Polat

et al., 2006a,b, 2007a,b, Zhao and Davis, 2011). Nevertheless, there is no significant

improvement shown in the application of AIRS algorithms due to the satisfying results

obtained from the application of algorithm. Recently, Jenhani and Elouedi (2012) have

improved the AIRS algorithm and introduced AIRS3, which could further enhance the

classification accuracy on UCI machine learning repository data set. Therefore, due to

the high accuracy found in many applications using AIRS algorithm, AIRS is intended

to be implemented in the detection of lesions by CAD on medical imaging. Besides,

the advantage of AIRS in reducing the redundant data intelligently in the massive

training of algorithm is worth evaluated. Furthermore, to test the performance of

AIRS algorithm in medical images processing, the classification accuracy is normally

measured quantitatively as well as qualitatively.

Usually, the qualitative analysis on the performance of CAD is visualisation

evaluation based on human prejudices on how accurate the abnormality is revealed by
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CAD. Through this manner, several physicians concluded the usefulness of system and

the results were subjective. Therefore, quantitative analysis is also crucial, especially

for the researchers to measure the performance of CAD algorithms. For common

quantitative analysis, effectiveness of CAD in selecting parameters in algorithm is

commonly evaluated by Receiver-Operating Characteristic (ROC) curve. ROC curve

is also used as a probability-based approach to assess whether the performance of a

physician can be increased by implementing CAD (Doi, 2007). In addition, ROC

curve is implemented by researchers to present accuracy of classification results that

has been performed by CAD algorithms. In the research of medical image processing,

golden standard is always required to evaluate the performance of algorithms when

using ROC analysis (Zou et al., 2007). In the detection of lung nodules using pixel-

based machine learning approaches, output images are revealed by classes of instances,

where the pixel values of results are different from the original intensity values.

1.3 Problem Statement

In this study, there are five problem statements and potential solution have been

addressed as following:

Related issue 1: In the preprocessing stage of classification algorithms, segmentation

procedures would sometimes exclude some small and low contrast lung nodules, as

well as affect the accuracy of feature extraction. The inaccurate segmentation has then

affected the overall accuracy of classification results. Besides, calculated features used

in common features training of classification algorithms can also cause the loss of

important information in medical imaging.

Hypothesis 1: Pixel machine learning is implemented in the classification algorithm,

whereby no segmentation and statistical calculation of features are required. The errors

caused by both, segmentation and feature calculation can be avoided since the training

of sub-region with original intensity values is extracted directly from the original

medical images. Although the required time in pixel by pixel-based training is longer,

the dramatic growth of computational power has solved this problem.

Related issue 2: In MTANN training, the teaching images are formed by single value of

the standard deviation to represent all sizes of lung nodules. The MTANN is claimed

to be able to train the model for diverse sizes of lung nodules using average-sized
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distributions in teaching images due to its particular mechanism. This has been proven

by using ROC curve where the fixed value of standard deviation provides the highest

performance measure. However, the training of model using only one teaching image

may not be suitable to present all sizes of trained lung nodules as the nodules can differ

by more than 20mm, especially in other computational models.

Hypothesis 2: To ensure the generality of performance of algorithms in pixel machine

learning using Gaussian teaching images as likelihood of lung nodules, the size of

standard deviation can be adjusted according to the size of lung nodules for each of

the training cases. Since the standard deviation is proportional to the size of the lung

nodules, statistical model can be used to analyse the association and correlation of

parameters.

Related issue 3: In previous research, Massive Training Artificial Neural Network

(MTANN) was developed with pixel-based machine training to detect lesions from

CT scans (Suzuki, 2009, 2012, Suzuki et al., 2005b). MTANN has achieved high

accuracy in classification problems but the long training time of this classifier is

still required to be reduced by using appropriate dimension reduction algorithm

such as Laplacian-eigenfunction-based, support vector regression and principal-

component-analysis (PCA) (Suzuki et al., 2010a,a,b, Xu and Suzuki, 2011a). Besides,

comprehensive adjustment of weights and parameters in MTANN based on the training

cases is needed to ensure the accuracy of classification results. Thus, the computational

time for massive training processes became very expensive.

Hypothesis 3: In this study, Artificial Immune System (AIS) based algorithm –

Artificial Immune Recognition System (AIRS) is employed with the pixel machine

learning for lung CT scans to classify nodule and non-nodule cases. AIRS is

a classification algorithm that can intelligently reduce the redundancy of training

instances and evolving best memory instances for each class in training process,

while maintain the classification performance. Therefore, the proposed algorithm –

Massive Training Artificial Immune Recognition System (MTAIRS) is implemented to

perform the classification of lung nodules on medical imaging. As AIRS1 and AIRS2

algorithms have shown different performance measure in diverse of application area.

Thus, they are intended to be investigated in this massive training manner to assess

their performance in medical imaging classification.

Related issue 4: In the AIRS algorithm, a linear affinity measure namely Euclidean

distance function is used to compute the similarity between two vectors. Although
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Euclidean distance has the advantages of simplicity and efficiency in calculation,

the formulation is sometimes inadequate to measure the similarity between two

cases especially in image processing (Bhattacharya et al., 2012, Wu et al., 2005).

Fundamentally, distance function satisfyingly measures of distance between two

objects but not the similarity of them. In implementation of MTAIRS for processing

lung nodule images, the application of Euclidean distance in affinity function may not

suitable calculate the proximity between two training sub-regions from CT images.

Hypothesis 4: The appropriate function ought to be chosen to measure the divergence

between two sub-regions in the proposed approach. A weighted affinity function can be

employed to measure the similarity between two instances, instead of using Euclidean

distance. In the MTAIRS algorithm training, the weighted affinity function is expected

to be able to take into account the impact of vicinity level of other training points

during the training of particular features. The classification results in both MTAIRS

and modified MTAIRS are compared in terms of false positive rate and quantitative

analysis from their output images.

Related issue 5: The images and results produced by the CAD are normally analysed

by qualitative analysis. Although qualitative evaluation is a quick judgment on how

good the CAD performs, this method is subjective for the scientists and experts in

different fields. Besides obtaining the ROC curve of CAD performance, the image

quality produced by the algorithm should also be analysed by quantitative manner to

prevent the argument of image quality. In the implementation of MTAIRS, the outcome

images have different scale of intensity values in comparison to the original intensity

values. Therefore, statistical analysis such as significant tests for mean comparison are

not suitable to be applied to assess whether there is a significant difference in intensity

between computed and original images.

Hypothesis 5: A measure based on the frequency occurrence of intensities should be

implemented to evaluate two images with different scales of intensity that represent

the same illustration. An expectation of the logarithm of probability density relation

– Kullback Leibler (KL) divergence is implemented in the quantitative evaluation

procedure to evaluate the discrepancy of two images Kullback and Leibler (1951).

In this analysis, KL divergence is able to provide discrepancy measurement from

probability distribution between columns of two images. Subsequently, pixel-based

evaluation is performed to calculate the accuracy of classification based on the number

of false positives obtained from the range of column that has the highest inconsistency

measurement.
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Based on the statement above, the research questions that need to be addressed are:

(a) How can the inaccuracy of segmentation in the detection of lung nodules be

avoided?

(b) What is the appropriate method suitable to improve the efficiency of classifier

for large datasets?

(c) How can the MTAIRS models provide the optimal classification results for

detection of lung nodules on CT scans?

(d) Can enhanced affinity function in MTAIRS reduce false positives in the

classification of pixels on CT scans?

(e) How can the performance of MTAIRS in detection of lung nodule images be

evaluated by quantitative method?

1.4 Objectives of Study

The objectives of the study are as follows:

1. To propose the adaptive parameters in the pixel machine learning;

2. To propose Massive Training Artificial Immune Recognition System (MTAIRS)

for detection of lung nodules on CT scans;

3. To propose a pixel-based quantitative analysis based on Kullback Leibler

divergence; and

4. To enhance Massive Training Artificial Immune Recognition System (MTAIRS)

for false positives reduction.

1.5 Contribution of Study

In this research, the contribution of study will focus on the proposed MTAIRS

algorithms for lung nodules detection. There are several roles in the contribution of

research:
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(a) Proposed of MTAIRS as pixel-based classification algorithms to improve the

lung nodules detection on CT scans.

(b) Proposed of pixel-based evaluation method based on KL divergence for image

quantitative analysis.

(c) Enhancement of MTAIRS to reduce false positives of lung nodules detection.

1.6 Research Overview

The research methodology of this study focuses on the proposed algorithm

- MTAIRS, which is developed based on the pixel by pixel-based training in the

AIRS algorithms. The aim of the proposed MTAIRS is to detect lung nodules on

CT scans. Besides, the MTAIRS algorithms will be further enhanced based on the

implementation of appropriate affinity function in the study domain. Figure 1.2 shows

the overview of the conducted research.

Firstly, samples of nodules and non-nodules are selected from Lung Image

Database Consortium (LIDC) database for pixel-based training whereby the locations

and diameter of the nodules are extracted from the documentary of database. The

estimation of parameter is applied on teaching images which are formed by Gaussian

function. A massive training data will be formed based on the pixel machine learning

approach.

Secondly, the prepared massive training data are going through the mechanism

of MTAIRS which mimics the process of several processes in mammalian immune

system. There are several term relations between immune system and component

of AIRS such as antibody - features of vector, antigen - training vector, artificial

recognition ball (ARB) - combination of feature vectors and classes, clonal expansion

- production of ARBs that match with antigen, and affinity maturation - removes

the redundant recognition balls from the mutation and immune memory - remained

memory attributes for classification. The MTAIRS consists of four main stages:

initialisation, memory instances identification and ARB generation, competition for

limited resources, and memory instances introduction. There are two versions of

MTAIRS: MTAIRS 1 and MTAIRS 2 implemented in the experiments. The differences

between both MTAIRS algorithms are in the mechanism of competition for limited

resources. MTAIRS 2 is a simplified version compared to MTAIRS 1. Thirdly,

the modification of affinity function will be done in the stage of memory instances
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Figure 1.2: The overview of proposed research flow

identification and ARB generation. Furthermore, in the pixels classification, the

outcome is indicated by a set of class for each instance and the images will be

built based on the class to reveal the pattern of nodules and non-nodules. It is

expected that a nodule cases will be highlighted as light region, while non-nodule

cases will be revealed as dark regions which represent normal tissues. In addition, the

appropriateness of affinity function in MTAIRS algorithms is further examined in the

application domain. Based on the potential solution suggested in literature review, a

weighted affinity function will be implemented in the enhanced MTAIRS algorithms

(E-MTAIRS 1 and E-MTAIRS 2). The impact of the use of weighted affinity function

in E-MTAIRS 1 and E-MTAIRS 2 will be tested in the detection of lung nodules as

well as the elimination of false positives.

Lastly, qualitative and quantitative analysis are performed in the image

evaluation. It is crucial to examine the quality output as the outcome images will reveal

the illustration of nodule and non-nodule cases. Moreover, a quantitative analysis
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on the basis of KL divergence is proposed to evaluate the dissimilarity of original

images and classified images. The pixel-based evaluation based on the KL divergence

measurement is performed to calculate the accuracy of pixels in the classification

results for lung nodules detection.

1.7 Scope of Study

The scope of the study is limited to the following:

(a) Due to the confidential stipulation, only publicly available dataset is used in

the experiments and method validation. The publicly available dataset: Lung

Image Database Consortium (LIDC) and the Reference Image Data to Evaluate

Response (RIDER) are used as study cases in this research.

(b) The medical images used in the experiment are CT scans for lung in Digital

Imaging and Communications in Medicine (DICOM) format.

(c) The sizes of nodules in study cases are limited to measure between 5mm to

18mm.

(d) Features selection is done based on Hounsfield values (HU) only on CT scans

and pixel by pixel-based extraction for lung region characterisation.

(e) There are two versions of classification algorithms are developed, which are

MTAIRS 1 and MTAIRS 2.

(f) To avoid the inaccuracy of classification, the segmentation of lesions in lung

images and statistical calculation of selected features are not included in the

work flow of research.

(g) Several specific image viewer computation tools are used. They are MIPAV

(Medical Image Processing, Analysis, and Visualisation) version 7.0.1, ImageJ

and MATLAB.

(h) JAVA programming language has been used to develop the proposed

algorithms.
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1.8 Thesis Organisation

Chapter 1 presents the objective of the studies by reviewing the research area

and the problem background. The scope, brief research methodology and contribution

of research are also highlighted.

Chapter 2 presents the literature review on the application of various techniques

in CAD for medical imaging. The role and recent review of CAD in lung nodules

detection by CT scans are discussed. As the focus of research is on computational

intelligent approach, various types of artificial intelligence classifiers are discussed on

the application of CAD. In addition, the pixel machine learning classifier – MTANN is

investigated and its limitation is identified. Further, the overview of AIRS is presented

and the exploration of its potential in classification of lesions on medical imaging is

studied. Besides, the study of affinity function that applicable in AIRS is included.

Furthermore, the evaluation methods for testing the performance of pixel machine

learning classifiers models are reviewed.

Chapter 3 reveals the methodology applied in this study. Firstly, this

chapter introduces research framework of the study. Subsequently, the publicly

available datasets: Reference Image Data to Evaluate Response (RIDER) and Lung

Image Database Consortium (LIDC) are described since they are the input data in

development of algorithms for testing and training purposes. The proposed algorithm

MTAIRS which is developed based on the concept of pixel machine learning and

Artificial Immune System (AIS) is introduced. There are three major phases in the

research design of MTAIRS: input of pixel-based training data, massive data training,

pixel classification and reconstruction of pixels for nodule and non-nodule images.

The methods and processes involved are thoroughly discussed here. Consequence

steps and mathematical formulas are also included in the chapter. This chapter briefly

introduces the proposed pixel-based evaluation method which is based on the concept

of KL divergence in the results validation of classification algorithms.

Chapter 4 explains the details of fundamental of pixel machine learning and

proposed algorithm Massive Training Artificial Immune System (MTAIRS). There

are two versions of MTAIRS: MTAIRS 1 and MTAIRS 2 are implemented in the

experiments of lung nodules detection. The differences of mechanisms in both

proposed methods are also revealed in this chapter. The experiments are conducted

to examine the performance of MTAIRS algorithms in the classification of pixels for

nodule and non-nodule cases on CT images. Besides, the performances of these
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algorithms are also compared with the standard pixel machine learning algorithm

– Massive Training Neural Network (MTANN) in term of efficiency and accuracy.

Furthermore, the experimental results produced by MTAIRS algorithms are assessed

qualitatively and quantitatively.

Chapter 5 describes the enhancement of affinity function in the training process

of MTAIRS. The enhanced algorithms are named as E-MTAIRS 1 and E-MTAIRS 2.

In this chapter, non-linear affinity function is proposed in both enhanced algorithms.

The results of modification of affinity function in pixel classification by E-MTAIRS 1

and E-MTAIRS 2 are compared with the MTAIRS 1 and MTAIRS 2 for both, nodule

and non-nodule cases. The experimental results are examined by both, qualitative and

proposed quantitative methods. Lastly, the results produced by E-MTAIRS 1 and E-

MTAIRS 2 in the classification of lung nodules are concluded.

Chapter 6 concludes the results and discussion of the research contribution

and findings in lung nodules detection by using both, MTAIRS and enhanced affinity

function in MTAIRS algorithms. The chapter ends with suggestions of future study of

this research.
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