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Abstract

Radiologists have been analyzing multi-view single images for the past twenty years to find
cells that are growing abnormally. This abnormal growth of cells is known as cancer which
can be benign or malignant. Most common cause of death is lung cancer. It is possible to
cure cancer if it is detected at an early stage. Computed Tomography (CT) scan is one of the
reliable screening method. Lung cancer detection technique proposed in last two decades are
single image based technique. If multiple detection techniques are employed on single data,
this would give better results.

Multi-resolution Rigid Registration (MRR), which is applied in this dissertation for multi-
view image registration, is used for pre-processing. Lung segmentation is performed after
pre-processing. The lung segmentation techniques have been developed for early lung cancer
detection. These techniques based on the adaptive globe threshold algorithm in combination
with masking and morphological operations. The multi-view image fusion combines Adaptive
Sparse Representation (ASR) and Laplacian Pyramid (LP) decomposition. The images are di-
vided into various sizes using the LP decomposition approach in the suggested fusion technique.
Following that, the four decomposed layers are fused using LP. The resultant fused image is then
acquired using the inverse LP transform. Secondly, the fused image is also obtained using the
inverse LP transformation method, which preserves detailed information while reducing image
noise and block effect. Finally, the Support Vector Machine (SVM) classifier is used to catego-

rize lung nodules. Intensity, shape and texture were selected to enhance accuracy, sensitivity,



specificity and decrease false positives rate. With only 2.0 false positives per scan, the achieved
accuracy, sensitivity, and specificity at the detection and classification stages are 98.0%, 97.90
% and 98.5% respectively.

In this research work, Discrete Wavelet Transform (DWT) and Principle Component Aver-
aging (PCAv) is used for fusion. The proposed DWT-PCAv fusion method contributes well-
established details with reduced computational time, however the recommended MRR tech-
nique produces significant results compared to Single Rigid Registration (SRR). To evaluate the
proposed techniques Lung Image Database Consortium (LIDC) dataset has been used. The out-
comes of the suggested fusion techniques are compared with those of the existing approaches.
For quantitative assessment, seven different quality analysis measures are used to quantify the
results. The proposed technique improves the Feature Mutual Information (FMI), Peak Sign to
Noise Ratio (PSNR), and computational time to 0.80, 19.25, and 0.08s, respectively. The de-
tection and stages of cancer of lung nodules is also assessed by using Global Average - Convo-
lutional Neural Network (GA-CNN) classifier. With only 1.8 FP/scan, the achieved sensitivity
for detection and classification is 96.4%. Moreover, proposed MRR techniques eliminate the

SRR’s drawbacks and give more precise image details.

Vi



Acknowledgements

ALLAH, The Most Merciful, The Most Gracious. I would want to thank ALLAH for giving
me the stamina and endurance to complete this research. All praise and thanks to ALLAH for
His last Prophet Muhammad (Sallulahu ’ Alayhi wa Sallam) and all of His Sahaba (Razi-Allahu
’Anhu) who dedicated their lives to Dawah and the dissemination of knowledge.

I offer my profound gratitude to my Supervisor Dr. Thsan ul Haq and my Co-Supervisor,
Dr. Muhammad Mohsin Khan, at Yale University in the USA for their support, inspiration,
innovative ideas, and guidance. Without their continuous efforts and kind guidance this work
would not have been possible.

Special thanks to my teacher Dr. Ijaz Mansoor Quershi (Late), who always encouraged me
and conveyed the spirit and guidance necessary for this research. I pay my heartiest thanks to
my colleague, Engr. Fahad Munir always helped me in time of need.

My father, mother, sisters, wife, other family members and friends deserve my gratitude.
Their prayers, love, and unwavering support throughout my education were among the strongest
motivators.

(Imran Nazir)

vii



Contents

Abstract

)i
List of Figures Xii
List of Tables Xy
1 Introduction 1
1.1 Introduction . . . .. . . ... . . i i e 1
1.2 LungCancer. . . . . . . . . o i it i it e e e e e e 2
1.3 Lung Cancer and Nodule Detection . . . . .. ... ... ... ........ 4
14 Computer-Aided Detection (CAD) . . . . . ... ... ... ... ....... 5
14.1 Computed Tomography (CT) . . . . . ... ... .. ... ... .... 6
1.5 LungCTImagingDataSets . .......................... 7
1.5.1 Lung Image Database Consortium (LIDC) . . . . .. ... ... .. .. 8

1.5.2 Lung Image Database Consortium-Image Database Resource Initiative
(LIDC-IDRI) . . . .. oo e 8
1.6 ImageFusion . . ... ... . .. .. .. . .. e 8
1.7 The Motivationof Research. . . . . . . ... .................. 9
1.8 Problem Statement and Objectives of the Study . . . . . ... ... .. .. .. 10
1.9 Thesis Organization . . . . . . ... ... ... ... ... ..., 10

viii



2 Literature Review 12

2.1 Imtroduction . . . . . . . . . . . .. 12
2.2 ImageFusion Algorithms . . . . . ... ... ... ... ... ...... 13
2.2.1 Algorithms using Dynamic Wavelets. . . . . ... ... ........ 14
222 Algorithms using Neural Networks . . . . ... ... ... ...... 15
2.2.3 Algorithms using Different FilteringMethods . . . . . . ... ... .. 16
2.2.4  Algorithms using Image Decomposition . . . . . . ... ........ 19
2.2.5 Algorithms using Fuzzy Logic Techniques . . . . ... ...... .. 21
2.3 LungNodule Detection . . . . .. ... ... .. .. ... ........ 21
24 Discussionand Analysis . . . .. .. ..o 28

3 Efficient Pre-Processing and Segmentation for Lung Cancer Detection Using Fused

CT Images 32
3.1 Introduction . . . . . . . . ... 32
32 Backgroundofthe Theory . ... ... ... ... ... .. ... ....... 38
3.2.1 Sparse RepresentationMethod . . . . . . . ... ... .. ... .. .. 38

3.2.2 Image Decomposition Based FusionMethods . . . . . ... ... ... 39

3.2.3 Deep Learning Based FusionMethods . . . . . . ... ... ...... 39

3.2.4 Rolling Guidance Filtering . . . . . ... ................ 40

3.25 Dictionary Learning . . . . . ... ... ... . 0L 40

3.2.6 Laplacian Pyramid Method . . . . . . .. ... ... ... ... ... 41

33 Materialsand Methods . . . . .. ... ... 43
3.3.1 Image-SegmentationMethod . . . . . . . .. ... ... ... 43

33.2 ImageFusionMethod . ... ... ... ... ............. 46
3.3.2.1 Decomposition of the Segmented Source Image . . . . . . . 48

3322 ASRMethod:: i 5 5 m: & % o o 0 % &m0 5 0 w0 ¢ % s 0 & % o & 49

ix



3.4

35

3.3.2.3 Image Reconstructionand Fusion . . . . .. ... .. ... .. 53

3.3.3 Nodule Classification . « & w < s & oo s 20s 5 v em 6 on o @ 5 % 5 e 53

3.3.3.1 Feature Extraction . . . . . ... ............... 53

3.3.3.2  Support Vector Machine Classifier . . .. .......... 54
ResultSy s s e s i oo i s S a il f d B iR @ ruE R s @ran w ek 55
341 Dataset . . . ... ... e e e 55
34.2 Image Segmentation . ¢ s v w s 4 @ % w s & G e E & & e B G e @ 55
343 ImageFusionResults. . . ... ... ... ... ... ... ....... 57
344 Nodule DetecCtion « v v = e w0 % & a0 5 o s o o w o v & & 6 a0 & & @ 6w 65
3.4.5 DiSCUSSION 5w v v i & & % 0 o 8 W e o o % ey 8 % 0 & 8 G @R G0 & G 67
Conclusions and Future Work . . . . . . . . . ... ... ............ 69

Enhanced Lung CT Image Segmentation using Multi-View Image Registration and

Fusion for Lung Cancer Detection 70
4.1 Introduction . . . .. .. . . . .. .. .. 70
42 RelatedWork . . ... ... ... e 73
43 ProposedMethod . . . . ... ... ... 76
4.3.1 Multi-Resolution Rigid Registration(MRR) . . . . . . ... ... ... 78

432 DWT-PCAvFusion . ... ........................ 80

4.3.3 Lung Nodule Detection and Classification . . . . . . .. ... ... .. 83
433.1 LungNodule Segmentation . . . . ... ........... 84

4332 Extraction of Nodule Candidates . . . . ... ..... ... 84

4.3.3.3 Stage Classification of Lung Nodule . . . ... ... . ... 85

4334 Cross ValidationSet . . . . .. . ... ... ... ... .. 86

44 ResultsandDiscussions . . . . . . . . .. ... e 86
44.1 ImagingDatabase. . . ... ... ... ... ... ... ..... 87



442 Performance Parameters . . . . . . . . . e e e e 87

44.3 Multi-Resolution Rigid Registration MRR) Results . . . . . . .. .. 89
444 Evaluation of Objective Metrics . . . . . ... .. ... ........ 97
445 Result of Image Fusion By Using DWT-PCAv . . . . .. ... .. .. 98
446 Resultsof GA-CNNClassifier . . . . .. ... ............. 98
4.5 Conclusion And ImpendingWork . .. ..................... 101
Conclusion and Future Work 103
5.1 Conclusions . . . . ... ... .. i i e e 103
52 Future Work . . . . . . . . . . e e 104
53 Bibliography . .. .. ... ... .. ... ... e 108



List of Figures

1.1

1.2

1.3

1.4

1.5

2.1

3.1

32

33

34

35

3.6

3.7

Causes of mortality for adults over seventy years in2019. . . . . . .. ... .. 2

Facts of Cancer in Pakistan (2020) By WHO, (a): male and female (b): males

ofallages . . . . . . . . . ... .. e 3
Normal versus cancercells. . . . . ... ... ... ... ... ... .. 4
Lung nodule size less than 10 mm from two different clinical studies . . . . . . 5
Pulmonary nodule in CT scan lungimage. . . . . . . ... ... ........ 7
CADsystempipeline. . . . . . .. ... ... .. .. o oo o 13
Flowchart of the proposed segmentationmethod. . . . . . ... .. ... ... 44
Laplacian pyramid and ASR-based fusion algorithm. . . . . .. ... ... .. 48
Decomposition using the Laplacian pyramid. . . . . ... ... ... ... .. 49
Using ASR’s dictionary composition and selection. . . . . ... ... ... .. 50
LP sparse vector fusion technique. . . . . . ... .. .. ... ... ... 52

Result of the segmented image using the proposed method, (a): Source image,
and (b-f): Segmented image with various global thresholds, (g): Final seg-
mented imMage . . . . . . . ... e e e e e e e 57
Segmented images using the proposed algorithm. The left, center, and right
columns are the original CT images, segmented with a thick boundary, and the

final segmented images, respectively. . . . . . . ... ... .. ... L. 58

Xxii



3.8 Comparison of the segmentation methods, (a): Original image, (b): Region De-
tection( RD), (c): Level Set Without Initialization (LSWI), (d): Re-initialization
Methods (RMs), (e): GDRLSE], (f): GDRLSE2, (g): GDRLSES3, (h): The pro-
posedmethod . . . . . .. ... ... ...

3.9 Dice coefficient comparison of existing methods with the proposed method. . .

3.10 (al)—(a6): Source images, (b1)—(b6): Gaussian pyramid of Layer 1, (c1)—(c6):
Gaussian pyramid of Layer 2, (d1)-(d6): Gaussian pyramid of Layer3 . . . . .

3.11 Dictionary random samples from a single-source image. . . .. ... ... ..

3.12 Final fused results of lung CT images of different patients. . . . . . ... ...

4.1 Block Diagram of the proposed method . . . . . . . .. ... ... ... ...
4.2 Enhancement of CT image, (a): Original CT Image, (b): Enhanced Image . . .
4.3 Pyramid model of multi-view for registration . . . . . .. ... ... ... ..
44 DWT-PCAv fusionprocess . . . . . . .. ... .. ... ...
4.5 Multi-view image registration of lung CT images, (al)-(il): Original image
Left, (a2)-(i2) Thick boundary image Center, and (a3)-(i3) MRR resultant im-
ageRight . . . . . ... .
4.6 Set-1: Multi-view image registration of lung CT images using SRR method
with different performance parameters . . . . . ... ... oL
4.7 Set-2: Multi-view image registration of lung CT images using SRR method
with different performance parameters . . . . . . . ... ... ...
4.8 Set-1: Multi-view image registration of lung CT images using MRR method
with different performance parameters . . . . . . .. ... oL
4.9 Set-2: Multi-view image registration of lung CT images using MRR method

with different performance parameters . . . . . ... ... ... ... .....

xiii



4.10 Set-3: Multi-view image registration of lung CT images using MRR method
with different performance parameters . . . . . . ... ... .. ........
4.11 Set-4: Multi-view image registration of lung CT images using MRR method
with different performance parameters . . . . . ... ... ... ........
4.12 Set-5: Multi-view image registration of lung CT images using MRR method
with different performance parameters . . . . . ... ... ... ... ...,
4.13 Set-6: Multi-view image registration of lung CT images using MRR method
with different performance parameters . . . . . .. ... ... ... .. ...
4.14 Set-7: Multi-view image registration of lung CT images using MRR method
with different performance parameters . . . . . .. ... ... ...

4.15 Multi-view image fusion of lung CT images by using DWT-PCAv . . . . . ..

Xiv



List of Tables

1.1

2.1

2.2

3.1

3.2

33

34

3.5

3.6

4.1

4.2

4.3

4.4

4.5

Comparison of the various screening techniques . . . . . . ... ... ... .. 6
Methods for detecting lungnodule . . . . . ... ... ... ... ... ... 22
Constraints in newly developed techniques . . . . . . . .. ... ... ..... 29
Results of Gaussian SVM classification Using 2, 5, 7, and 10-fold cross-validation

scheme . . . . . .. e e e e 55
Quantitative comparison of different methods. . . . . . . ... ... ... ... 60
Result comparison of the proposed method with existing techniques. . . . . . . 61

Conventional statistical indicators and objective performance measures of Fig-
UFE 3.12. i i ooiope i 5 8 80 & % % W BB e BB W R S R G S W R B A E e 63
Lung nodule categorization by proposed technique . . . . . .. ... ... .. 66

Performance comparison between proposed and existing CAD systems with

nodule size 3-30(mm) . . . . . . ... 67
Classification of lung cancer stages basedonsize . . ... ... ... ... .. 86
Performance metrics for 10 fold cross-validation. . . . . . ... ... ... .. 86
SRR and MRR Technique comparison on multi-view lung CT images . . . . . 95

Image fusion quality assessment result of multi-view CT images by using dif-

ferent fusionmethod . . . . . . . . . ... 96

XV



4.6

4.7

4.8

Various typesof lungnodules . . . . . . . ... ... o 0oL
Classification results of lung cancer stages based on nodule size . . . . . . ..
Performance comparison between proposed and existing CAD systems with

nodule size 3-30(mm) . . . . . . . . ... e

XVi



Chapter 1

Introduction

1.1 Introduction

Each component of information has worth, allowing you to provide the valuable content
material you need. The segmentation and fusion of lungs images is the main objective of this
dissertation. Patients have a better chance of surviving lung cancer if detected early. Radiol-
ogists are helped during the diagnosis process by automatic detection of lungs cancer. Image
fusion is a sub-field of image processing that aids in forming the final image. Image fusion
provides a systematic framework for improving the accuracy and applicability of information
derived from a collection of source images obtained from various resources. Various tool de-
velopments in image processing systems aid in extracting a wide range of data from image
database. Such data is combined using an “image fusion” method to produce a more insight-
ful and beneficial image that contains more useful and fruitful information than a collection of

input images.
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Figure 1.1: Causes of mortality for adults over seventy years in 2019.

1.2 Lung Cancer

In every country of the world, increasing life expectancy is significantly affected by cancer,
which is the primary cause of mortality. According to World Health Organization (WHO) data,
cancer is the third or fourth major cause of death before the age of seventy in 23 of the 183
countries indicated in Figure 1.1, and the first or second leading cause in 112 of those countries.

The survival rate can be improved by detecting nodules initially [1]. It can be used in both
developed and developing nations [2]. According to estimates 225,000 people in the United
States (US) are diagnosed with lung cancer per year, costing 12$ billion in health care [3]. Ac-
cording to another report 433 Americans die from lung cancer every day [4]. The year 2005 was
the deadliest in terms of lung cancer deaths with a staggering total of 159,292. However, with
155,610 deaths recorded in 2014, there has been a slight decline of 2.3% since then. Men have
been the hardest hit by this disease with a higher age-adjusted average of 51.7% per 100,000
versus 34.7% per 100,000 for women. While black and white women have almost identical
rates, black men have a higher rate of 45.7% per 100,000 people than white men, 45.4% per

100,000 people [5].
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Figure 1.2: Facts of Cancer in Pakistan (2020) By WHO, (a): male and female (b): males of all

ages

In developing nations, the situation is much more alarming. Lung cancer in Asia is most
prevalent cancer with having the highest risk [6]. According to estimates, lungs cancer deaths
in Asia increased to 926,436 cases out of 1,033,881 in 2012, with a miserable mortality risk
of 11.5% [6]. According to a different report, Asia accounts for 51% of lung cancer cases [7].
Apart from tobacco, the primary cause of this deadly disease, lack of knowledge, poor hygienic
conditions, and meat intake are the other major factors [8]. Lung cancer in Pakistan is the third-
primary factor of mortality. Total 9771 new cases were registered in Pakistan in 2020 by WHO
as shown in Figure 1.2a and 1.2b.

The first sign of lung cancer is the appearance of a nodule in the lung. To diagnose lungs
cancer, doctors usually recommend a variety of tests. The most critical of these measures is
radiography screening, which involves CT [5], MRI [6] and PET [6]. The most popular and
cost-effective form of detecting lung cancer is the CT scan [7]. The presence of abnormalities
on a CT scan suggests that an individual may be at risk for lung cancer. CT scan procedure
produce the more than a hundred patient images. To diagnose cancer, radiologists must review
all images that take a long time and are vulnerable to errors. To address this problem radiologists
needs automated or semi-automated systems that assist them in clearly distinguishing between
cancerous and non-cancerous regions. Decision-making systems contribute a significant role
in early detection in medical imaging [9]. Radiologists benefit from these programs because

they have a second opinion. In classifying abnormal lesions in CT scan images, radiologists



employ various decision-making algorithms. Multiple computer vision algorithms are used in

these systems.
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Figure 1.3: Normal versus cancer cells.

1.3 Lung Cancer and Nodule Detection

The development of cancerous nodules in the lung area or periphery is the prime reason for
lung cancer as shown in Figure 1.3. Lung tissue defects with an approximately spherical shape
and a diameter in the range of 3-30 mm are called nodules [10], [11]. Well-circumscribed, juxta-
vascular, juxta-pleural, and pleural tail are the different types of lung nodules as shown in Figure
1.4. Solitary nodules with no connections to adjacent vessels or other anatomical structures are
known as well-circumscribed nodules. The attached portion of juxta-pleural nodules adjacent
to the pleural surface has been discovered. That surface has its tail nearby the pleural wall. The
lung normal functioning can be disrupted by larger nodules and causes death in a short time
[12]. When a nodule grows, it becomes more challenging to treat the patient [13]. So that, the

detection of cancer in the initial stage is more desirable and highly recommended.

4
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Figure 1.4: Lung nodule size less than 10 mm from two different clinical studies

1.4 Computer-Aided Detection (CAD)

Identification of lung nodules at the initial stage can be aided by CAD. CAD is a term used
in radiology to describe medical procedures that help doctors interpret medical images [14].
The value of CAD has grown significantly due to the quick advancement of imaging techniques
in medical science. Through non-invasive human body examination, imaging techniques in
medical science assist researchers in gathering potentially life-saving data. The medical image
analysis community has been pre-occupied with the difficult task of extracting clinically useful
knowledge from anatomic structures images using CT, MRI, PET, and other modalities using
computers. Table 1.1 shows the pros and cons of multiple screening methods.

Despite the fact that modern imaging devices provide excellent views of internal anatomy,
ability of computers to accurately and effectively enumerate and examine embedded structures

is limited. Accurate, reproducible, and quantifiable data must be extracted appropriately to en-



Table 1.1: Comparison of the various screening techniques

Screening Methods | Advantages Disadvantages
X-Ray Less expensive, quick, simple to perform, | Invasive, provide few
provide significant information. It is recom- | details, high false pos-
mended for initial screening. itive
CT Highly sensitive, gold standard, 3D image Expansive, high X-
Ray dose, Invasive
MRI Better contrast resolution, No ionizing radia- | Expensive
tion, very sensitive
PET Low false positive rate, non-invasive high | Expensive
resolution, highly sensitivity, assesses the
metabolic activity of tumors
Sputum Cytology Non-invasive, useful for centrally located ma- | Non-specific for tu-
lignancies, less expensive mor types, false nega-
tive, low sensitivity

sure the integrity of scientific studies and medical procedures from diagnosis through radiation

and surgery. As a result, the actual extraction of interest zones is the basic concept of CAD

[15], [16]. CAD accomplishes three main objectives:

1. Improve the diagnostic accuracy.

2. Improve treatment outcomes by detecting cancer early.

3. Avoid taking biopsies that are not required.

1.4.1 Computed Tomography (CT)

CT images are created by integrating X-ray technology with a computer to aid doctors in

visualizing and examining the body in greater detail. An X-ray tube takes images by slowly

rotating 360 degrees across the human body.

It’s a technique for examining the human body’s internal structure in great detail, allowing

doctors to scan for internal bleeding, masses, brain tumors, and lung nodules. It has been a

common imaging modality over the last two decades. For bone structures, CT provides more

detailed results. CT scans take less time and are less affected by patient movement as compared

to MRI or PET scans. It is less expensive and detect nodules of size less than 3mm [17] as

shown in Figure 1.5, which would be undetectable through standard X-ray of lung. On a reality
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Figure 1.5: Pulmonary nodule in CT scan lung image.

basis, CT screening result shows that majority of cases are undetectable through a standard
chest X-ray. However, Low Dose Computed Tomography (LDCT) is recommended because,

due to advances in CT, it can detect smaller nodules than traditional chest radiography [18].

1.5 Lung CT Imaging Data Sets

In the performance assessment of a diagnostic method, a well-characterized repository is
critical. In majority of the research, clinical data from various hospitals were used which were
labor and time-intensive process. Normalizing these images necessitates additional work. As a
result, a standard repository must be developed, which will take much time and human resources
[19]. In recent years, several researchers have been pursuing this issue to increase the diagnostic

system’s precision and reduce the probability of false positives. [20].



1.5.1 Lung Image Database Consortium (LIDC)

LIDC is an open accessible dataset that researchers can use to test the efficiency of their pro-
posed methods. The National Cancer Institute’s Imaging Archive (NCITA) [21], [22] provides
this dataset. This thoracic CT image database was created in collaboration with five medical
imaging research groups [23]. The nodules were annotated with regard to their location and
size by four experienced radiologists from various institutions. Nodules in this dataset range in

size from 3 to 30 mm. [21].

1.5.2 Lung Image Database Consortium-Image Database Resource Ini-
tiative (LIDC-IDRI)

The expanded LIDC dataset is known as LIDC-IDRI. The LIDC has 4,682 scanned CT
images of 61 lung cancer patients, including nodules ranging in size from 3 - 30 mm that
were thoroughly interpreted by different experts. Image Database Resource Initiative (IDRI)
was merged with it in 2004. The database has grown with the passage of time, resulting in
LIDC-IDRI. It is most comprehensive database for evaluating pulmonary nodule diagnostic
systems. Furthermore, researchers can access an XML file repository that contains annotation
information for the nodules in the dataset in addition to the image data. This dataset has become
a benchmark in recent years, and it is the most commonly used in the performance assessment

of diagnosis methods [24].

1.6 Image Fusion

Image fusion is a technique where a system collects similar details from different images
and puts them into one image. Technologies likes these are commonly used in the military, re-

mote sensing, medical imaging, astronomy, and many other important domains. Image fusion is



a technique for enhancing information quality by merging two or more images. When different
data sets are combined with several imaging systems (e.g., airborne, satellite-based, ground-
based), object recognition programs can work much better due to the advanced image fusion
technology. It also assists in image sharpening, geometric corrections, enhancing features that
are not visible in either image, replacing faulty data, and complementing data collection to im-
prove the process of making the right decisions. Here, critical details from input images are
assembled to get an improved version of source images in the form of an optimized image
(while keeping original data intact.) [25]. Because of the presence of natural and man-made
objects in the image, a high-resolution panchromatic image provides geometric data, while a
low-resolution multi-spectral image provides color information. According to different appli-
cation areas, there are four major image fusion components:

1. Multi-focus image fusion

2. Multi-modal image fusion

3. Visible infrared image fusion

4. Multi-spectral image fusion

1.7 The Motivation of Research

A significant increase in lung cancer ratio can be found both in developed and developing
countries. Lung cancer is estimated to affect 225,000 people in the United States per year
costing 12$ billion in health care. Therefore, it’s critical to find lung cancer at an early stage.
False positives remain a problem with lung nodule diagnosis approaches. This may be due to
radiologist exhaustion, poor image quality, a lack of proficiency and radiologist experience, all
of which increase dependence on Phase Congruency (PC) innovation and CAD frameworks.
The sensitivity of lung cancer screening is also affected by the image quality. This task is

ceptional challenging complete due to a lack of professional radiologist and a large number



of patients. All of the above issues illustrate the need for a CAD scheme. Additionally, this
approach may be utilised as a second opinion to confirm a radiologist’s results, allowing for the

early detection of symptoms.

1.8 Problem Statement and Objectives of the Study

Many techniques for diagnosing lung cancer have been developed in the last few years. The
accuracy of these systems meets the bottom level of requirements and demands more improve-
ments. All the developed techniques use a single screening method to detect cancer and have
limited scope. These algorithms work only with limited datasets. Therefore, foremost need to
develop algorithms that may work all kinds of images (noisy, low contrast etc.) with high accu-
racy. This can only be achieved using image fusion concepts (pixel level, feature level, decision
level).

Followings are the objectives of this research work:

i. The main objective of the research is to develop a novel approach to multi-view medical
image fusion for better subjective and objective quality.

ii. To develop algorithms, extract the important details from each image, and form a new
fused image.

iii. Another significant objective of the research is to develop a robust fusion system that

can deal with different multi-view images.

1.9 Thesis Organization

This chapter is one of five that make up this thesis.
Chapter 1 introduces briefly about Lung cancer. Its statistics and the requirement for auto-

mated diagnosis tools. It discusses the main goals, inspiration, and limitations in the research.
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Chapter 2 presented the recently developed lung cancer diagnosis methods proposed in re-
cent years. This review provides details on various image investigation, fusion, and artificial
intelligence methods used in the literature for lung cancer detection and classification.

Chapter 3 includes a multi-view medical image fusion approach built on LP decomposition
and ASR. In this approach, ASR was used to reduce the noise, produced on by the high rate of
recurrence data. Moreover, SVM classifier was used for the detection and classification of lung
nodules into malignant and benign.

Chapter 4 discusses the multi-view strategy used to expand the amount of qualitative and
quantitative medical imaging data. For image registration, MRR is used, while image fusion
uses the DWT and PCAv. A novel GA-CNN classifier was used for the detection, classification,
and staging of lung nodules according to their sizes.

Chapter 5 concludes the thesis by providing summarized outcomes, contributions, and future

research areas.
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Chapter 2

Literature Review

In this chapter of dissertation we emphasise different reviews pertained to our problem. To
detect irregular growths on the lung patients usually undergo X-ray or CT scans, Sputum Cytol-
ogy (SC), PET, and biopsy. New emerging technologies, such as molecular markers, Discrete
Cosine Transform (DCT) technique, Artificial Intelligence (Al) based technology, hybrid en-
ergy imaging, and fusion imaging open the door to early lung cancer detection without surgery
or misdiagnosis and lower mortality rates. Novel techniques of the image fusion has also been

discussed in this chapter.

2.1 Introduction

Over the past ten years, several experts conducted different development studies to classify
and define nodules by processing radio-graphs using computer vision and machine intelligence
algorithms. These techniques are more valuable in terms of efficiency and precision. [25]. In
1980, the University of Chicago [26] began developing computer-based systems. The primary
goal of these applications was to include a computer-based framework that would enhance the
radiologist’s ability to interpret CT images with greater accuracy and reliability. It had to be

a time-saving tool as well. [27], [28]. The key goal of the CAD method is to use computer
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CT/MRI Scan
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Nodule Detection
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Estimate the Growth Rate Appearance Analysis

Figure 2.1: CAD system pipeline.

performance to improve diagnostic accuracy and quality in radiologist image interpretation.
The CAD (Figure 2.1)system addresses the problem of creating a computer-based system
for extracting maximum features from a segmented suspicious region in a lung image, and
these properties can be used to identify lung tumors as benign or malignant directly from the
CT image [9]. The features help the CAD system take correct decisions in hard copy converted

into soft and store for analysis and processing, then the system classifies the task.

2.2 Image Fusion Algorithms

Many image fusion methods have been implemented to use and compute various images
efficiently, and research on such techniques has been ongoing for more than 20 years [29]. Be-
cause of their narrow depth-of-focus, optical focal points often produce images that occupy both

in and out-of-focus areas [30]. The resultant image [31] has almost all required and useful in-
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formation. Multiplication, addition, median and maximum functions are all used in traditional
image fusion processes. Although such methods are effective, they are insufficient for accu-
rately fusing multi-focus images [32]. These algorithms are classified into different categories

which cover the majority of issues.

2.2.1 Algorithms using Dynamic Wavelets

In medical image fusion different parameters such as bones structures, tissues and veins are
used [18]. Image fusion is a crucial and fundamental phase in reconstructive image evalua-
tion, which includes medical images. Therefore, the contrast and structure perceptibly of such
medical images are minimal. Using distinct contrast operators, a technique that improves im-
age quality while reducing radiation measurement has been proposed in recent years [33]. In
addition, image handling systems are designed to re-establish image information locally and
globally using multi-scale edge maps [34]. For successful image fusion effects, wavelet modu-
lus maxima are applied at various dimensions and transfer speeds [35]. Correlation information
contained in adjacent pixels is adopted to fuse different bands. On the other hand, fusion is an
important phase in which useful data from different modalities is combined.

Dual tree dynamic wavelet with shift-invariance and directional selective models are used
to persist valuable data [36]. Minimum errors estimator and weight maps dependent filter are
used to fuse noisy medical images like MRI and CT but the experimental choice of different pa-
rameters is crucial in concluding remarks [37]. By estimating the useful information data, pixel
significance assigns weight to each pixel. The statistical properties of pixels and neighboring
data are used to determine the importance of pixels [38]. However, such methods produce a
variety of blurring objects.

The issues of fusing multi-focus images were discussed by Zhan et al. [39]. The concept

of Phase Congruency (PC) is correctly applied. The target measure works as a robust Phase
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Congruency near to a specific image function, that is evaluated using a complex Gabor wavelet.
The decision map is created by comparing the PCs, and this determines fusion quality. The
majority filter is used to complete each of these tasks. This fusion method delivers excellent re-
sults in physically and analytically. The guidelines for treating duplicate details from the image
have not been thoroughly investigated, which could compromise the method’s efficiency. This
method’s fusion efficiency can be improved by combining alpha mapping and Sum-Modified

Laplacian (SML) gradients [40].

2.2.2 Algorithms using Neural Networks

A fusion approach was introduced by Yin et al. [41]. Using this method, source images
are decomposed with the help of Non-Subsampled Shearlet Transform (NSST). A Parameter-
adaptive pulse Coupled Neural Network(PCNN) is used to merge high-frequency input bands.
The PCNN parameters are estimated adaptively using this band. Fusion based on NSST used
image characteristics such as detailed details and enhances image features by contrast. However,
this approach is not feasible since boundaries are blurred and edges are not demarcated. When
used in conjunction with NSST, performance can be improved.

Using Convolutional Neural Networks (CNN), Liu et al. developed an image fusion tech-
nique [42]. A Siamese Convolutional Network (SCN) is used to compute a weight map in this
technique. The weight combines the pixel behavior information from different input images.
The decomposed coefficients modify the fusion process using a local similarity-based approach.
When images have a high resemblance, it helps to avoid losing important information sources.
This system, in combination with Deep CNN, can improve results.

Salient detection and multi-scale image decomposition were proposed for an image fusion
technique by Bavirisetti et al. [43]. By combining multi-scale image decomposition and maxi-

mal symmetric salient detection, this technique addresses various issues that arise in multi-focus
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image fusion. In this fundamental technique, source images are evaluated using the average fil-
ter. This technique’s weight map aids in locating oriented and refocused areas of the source
images. The fused image incorporates sharp image information found in the source images.
With this approach and a multi-scale morphological focus-measure, performance can be im-
proved.

To fused medical images, Ramlal et al. implemented an image fusion scheme [44]. With
the support of NSST, this scheme uses a simplified version of a PCNN for use in the medical
field [44]. After decomposition, NSST extracts estimation and detail parts from the source
images. This scheme employs an activity metric dependent on regional electricity. It aids
in the verification of accuracy. This measure aids in the fusion of the NSST approximation
components. Information components are used with PCNN to fuse with detail components and
measure morphological gradient. The majority of the bone and edema specifics are retained
using this process. Other types of filters, such as box filters, should boost fusion laws. Activity
level calculation was conducted by Liu et al. combine a fusion rule with the CNN model’s
learning process. Deep CNN image fusion calculates a focus map and assigns weights to each
pixel [45]. To identify a direct mapping between the centred measure and the source images, a
deep learning methodology is applied. To encode the mapping data, a deep CNN is used next.
Image stripes of varying consistency, as well as blurred images. This system was slow because
it employed CNN and performed segmentation at different levels and failed to fuse multiple

regions.

2.2.3 Algorithms using Different Filtering Methods

Zhan et al. developed a Fast Filtering Image Fusion (FFIF) method built on fast filtering and
a structure-preserving mask [46]. The value of discrete gradient magnitude is employed in this

approach to detect image quality. This process is further refined using a quick morphological
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filtering operation. For structure preservation, the mean and variance of the weight matrix are
computed by using a filter. Furthermore, a structure-preserving filter is used in conjunction with
a box filter to construct the weighted image in the spatial domain for further fusion process.
This method is computationally effective and indifferent to the empirical collection of different
constraints. Although, FFIF fusion still suffers from additional artifacts in various areas of the
image. Performance can be improved by using majority filtering in conjunction with FFIF.

Bavirisetti et al. suggested a procedure for combining medical images [47]. In this process,
the source medical images are MRI and CT brain images. This method extracts detail layers
from each source image using directed filter and image statistics for fusion. These detail layers
are used to calculate weights for each source image with the aid of image data. Weighted
average method is applied on source images for the improvement of fusion process Although,
it has been discovered that a procedure does not precisely fuse the desired image.

To fuse the source image, Kumar et al. used a weighted average. After processing the
information files, this technique applies the weights obtained [48]. Cross Bilateral Filter (CBF)
is used to calculate the weights from source images. These weights used to connect neighboring
pixels of source images by using geometric closeness function and intensity resemblance for
fusion process. The resultant image are obtained by subtracting the input image from the CBF’s
output image. By computing the intensity of detail elements, such images aid in calculating
weights. CBF produces gradient artifacts in the fused image and takes longer to process in the
fused image. To prevent objects like these, image fusion frameworks can be used. Although, the
efficiency of this approach can be further investigated and enhanced when used in combination
with other edge-preserving filters.

To study the behavior of speckle noise, Choi et al. developed an image fusion process [49].
This approach optimizes denoising efficiency by reducing the impact of speckle noise in ul-

trasonic images. This approach employs a technique known as Speckle Reducing Anisotropic

17



Diffusion (SRAD). SRAD filter detects the edges of diffusion. Without using logarithmic com-
pression, SRAD is used for speckled images. With additive Gaussian noise, this filter is more
efficient. However, the resultant edges are not physically consistent and do not meet indus-
try standards. The SRAD filter’s boundary conditions can be investigated further to improve
the method’s value. The optimum selection fusion criteria has been used to merge the high
frequency coefficients. The fused coefficients used the inverse shearlet transform to compute
the appropriate fused image. This approach has been successfully used to distinguish tumors
correctly in images. However, the quantitative measure root mean square error remains strong,
indicating that image information is still lost during the fusion process.

Shuaiqi et al. [50] proposed a fusion approach that incorporates a Rolling Guidance Filter
(RGF) and a more accurate spiking cortical model (SCM). Fusion strategy provides a more
robust noise-resistant fusion process. SCM aids the method’s expansion in fusing various types
of medical images. The salience of multimodal source images is first measured using RGF in
this technique. To choose the self-adaptive threshold found in SCM, the mean and variance of
the source images are used. Finally, SCM, powered by RGF coefficients, is used to obtain the
fused image. This system, which is based on RGF and enhanced SCM, enhances the robustness
of medical fusion analysis. However, when dealing with noisy images, the output of algorithm
is minimal. For a careful analysis of deficiency in quantitative data, the joint filter method can
be used for RGF and CBE.

A patch-wise image fusion method was proposed by Ma et al. [51]. This method makes use
of the structure vector’s path. This vector is used to construct the weighting mechanism, which
allows for complex scenes to be considered. For various sequences of images, this algorithm
produces good visual results. In the uniform regions, the color tends to be dull. The walls and
window frames are examples of such areas. Quantitative analysis reveals that the algorithm

achieves good results only for the cave and shape house source sequences. However, it is nec-

18



essary to set a threshold for blocks in which flat regions are less relevant and decompose color
image patch components into three conceptually redundant patches to speed up the algorithm.
The image self-similarity and the distance between the object and the focal plane were in-
vestigated by Guo et al. [52]. Adaptive regions are used in this technique. To decide the clarity,
such regions are formed. These areas are reliant on the source images’ joint uniformity. This
technique ignores the blurring of one object in favor of making more genuine fusion decisions.
The adaptive regions voting rule is then used to propose a weighting fusion rule to eliminate
the blurring artifacts further. The separations between different objects, and the focal plane is
combined in adaptive regions to improve visibility. Around margins and corners of the object,
there are less artifacts. This approach, however, does not work as well as directed filtering and
is computationally costly. To improve this technique, compute weights to assign each pixel a

weightage, and outliers assigned minimum weights.

2.2.4 Algorithms using Image Decomposition

Alshawi et al. proposed a Bi-dimensional Empirical Mode Decomposition (BEMD) based
medical image fusion process. BEMD-based fusion produces similar results to wavelet-based
and curvelet-based fusion methods [53]. BEMD has a long computation time, limiting its utility,
and it only fuses residues using the PCA law. However, other interpolation methods can improve
the efficiency of the Fusion algorithm. If diagonal values for upper and lower envelopes are
also considered, the size of Bi-dimenstional Intrinsic Mode Functions (BIMFs) can differ and
common patterns between the two should be avoided. This method’s accuracy can be improved
by combining PCA and linear discriminant analysis.

Yang et al. [54] proposed an image fusion technique to solve various issues encountered
in spatial and transform domain image fusion techniques, such as the difficulties encountered

in sub-band coefficient selection in multiscale transform domain-based image fusion methods.
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Blocking effects, which are induced by spatial domain image fusion, are discovered. For multi-
focus image fusion, this technique employs NSCT, which recommends centered area recogni-
tion. Fusion decision map (detected by concentrated areas) aids fusion and improves fusion
performance accuracy. However, additional artifacts can be introduced by the high-frequency
sub-band coefficients. The Log-Gabor energy rule aids in the fusion of such bands. To reduce
the influence of additional artifacts, the gradient approach should be applied to the average of
low and high frequency sub-band coefficients.

An efficient quad tree decomposition strategy was implemented by Bai et al. [55]. The
input images are segmented into different blocks, according to the strategy of the method. In
a quad tree structure, each block is of optimal size. The tree structure employs a weighted
focus-measure, which allows for detecting centered regions. To remove the centered areas, the
source images must be used. Reconstructing these regions results in a fully focused picture.
This algorithm is both efficient and straightforward because of the quad-tree decomposition
method and the weighted focus measure. Quantitative findings, on the other hand, suggests that
the system still needs to be improved. For images with soft tissues, such as MR images, the
gradient similarity metric and the edge-based similarity metric should be checked.

An animated texture decomposition-based image fusion scheme was proposed by Liu et al.
[56). Texture and other material are separated from the input images. The improved iterative re-
weighted decomposition collection of rules is used to apply the segmentation procedure. To fuse
the texture and cartoon content, appropriate fusion rules are made. It has a high convergence
rate and is very similar to the morphological structure components. The fused texture, and other
components are combined to create the necessary fused image. This approach yields excellent
visual results. On the other hand, up-sampling data are not adequately discussed in this scheme.
The combination of morphological contents and gaussian saliency will increase efficiency even

more.
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2.2.5 Algorithms using Fuzzy Logic Techniques

Using MRI images, a multi-parametric segmentation approach for image fusion was pro-
posed by Kazerooni et al. [57]. This approach employs the spatial fuzzy C-means clustering
algorithm and the area increasing method. This approach takes into account the glioblastoma
multiform tumor’s fuzzy associated behaviors. In the presence of noise, this procedure yields
good results. Additionally, this approach effectively distinguishes various areas. On the other
hand, this system does not explicitly differentiate regions with low apparent diffusion coeffi-
cients, such as partially viable tumors, normal brain tissue, and edema. Each cluster has an
ambiguous degree of pixel membership that can be improved by defocusing flat regions in MR

images.

2.3 Lung Nodule Detection

The identification of lung nodule candidates in the automated diagnosis phase is important.
The nodules are spherical structures with a round form ranging from 3 mm to 30 mm [58].
The nodules tend to be the brighter object in a CT scan, having dark surroundings and higher
concentration at the core. The main goal of this stage is to detect the candidate set’s all nodules
with 100% sensitivity. The drawbacks of this method is to increase the high number of false
positives results. A detection method’s strength is determined by its sensitivity and low false
positives. To classify objects, image features are crucial. An image comprises several pixel
values, each with its own set of useful and related characteristics. Feature extraction is the
process of extracting these values, and feature selection is selecting the most appropriate values
from those extracted to represent an image best. Various machine learning classifiers [59] are
used to classify nodules and non-nodules based on selected features. The wrong diagnosis will

result from a poor selection of features. The efficacy of the feature selection and extraction
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procedure is shown by the fact that the correct feature selection increases the diagnostic device

efficiency [60].

In recent years, automated diagnostic systems for lung cancer have remained a focus of

study. These diagnosis systems have a major problem with sensitivity and false positives. Seg-

mentation, feature extraction, and classification are the key components of lung nodule diag-

nosis methods [61]. Lungs area extraction and nodule candidate identification are two subsets

of the segmentation. In addition, a standard dataset is important for evaluating the efficiency

of a diagnostic system. Table 2.1 summarizes the various methods for detecting lung nodules

automatically. This section categorizes the approaches suggested in these papers by innovation.

Table 2.1: Methods for detecting lung nodule

S.NO Author Feature Types Detection Methods Category Year
1 daSilva Sousa et Texture features, Ge- thresholding, SVM Hybrid 2010
al. [62] ometric features Method
2 Messay et al. Geometric, intensity Fisher Linear Dis- Supervised 2010
[63] and gradient features. criminant (FLD) and Learning
and quadratic classi- quadratic classifiers
fiers
3 Lee et al. [64] Gray level values Random forests based Supervised 2010
classification Learning
4 Lee et al. [65] Geometric and tex- Ensemble classifica- Supervised 2010
ture features tion Learning
5 Chenetal. [66] Texture, geometric Neural network en- Supervised 2011
semble Learning
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S.NO Author Feature Types Detection Methods Category Year
6 Magalhdes Bar- Shape and texture SVM classifier Supervised 2012
ros Netto et al. Learning
[67]
7 Cascio et al. [68] Geometric and inten- 3D Mass-Spring  Supervised 2012
sity Model Learning
8 Chenetal. [69] Morphological fea- Neural network Supervised 2012
tures Learning
9 Elizabeth et al. Shape and texture Thresholding Thresholding 2012
[70]
10 Teramoto and Shape and intensity Thresholding, cylin- Hybrid 2013
Fujita [71] drical nodule, en- Method
hancement filter
11 Choi and Choi Geometric and tex- Thresholding method Supervised 2013
[16] ture features for segmentation and Learning
SVM
12 Wang etal. [72] Texture and shape SVM based on three- Supervised 2013
features dimensional matrix Learning
patterns
13 Tartar et al. [73] Morphological fea- Decision tree Supervised 2013
tures and patient Learning

information
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S.NO Author Feature Types Detection Methods Category Year
14 Keshani et al. 2D stochastic and 3D Adaptive fuzzy Supervised 2013
[74] anatomical features thresholding and ac- Learning
tive contour models
(ACM)
15 Jang et al. [75] 2D and 3D features Fuzzy clustering and Fuzzy Logic 2013
genetic algorithm
16 Choi and Choi Three-dimensional Dot enhancement fil- Supervised 2014
[10] shape-based feature  tering/SVM Learning
17 Kuruvilla and Statistical parameters  Artificial neural net- Supervised 2014
Gunavathi [76] work Learning
18 Caoetal. [77] Intensity, shape, and Ensemble learning Supervised 2014
gradient features Learning
19 de Carvalho Shape and texture Thresholding based Hybrid 2014
Filho et al. [78] segmentation Method
20 Badura and Texture features Fuzzy connectedness Hybrid 2014
Pietka [79] and the evolutionary Method
computation
21 Brown et al. [80] Shape features Watershed, intensity Hybrid 2014
thresholding and Method
Euclidean Distance
Transformation
(EDT). A vector

quantization (VQ)
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S.NO Author Feature Types Detection Methods Category Year
22 Tasca and Ugur Texture features Otsu thresholding, Thresholding 2015
[81] morphological oper-
ations, generalized
linear model re-
gression  (GLMR)
classifier.
23 Akrametal. [82] Geometric and inten- Artificial neural net- Supervised 2015
sity based statistical work Leamning
features
24 Wang et al. [83]  Shape features Spherical shape Supervised 2015
enhancement filter, Learning
Chan—Vese V)
model
25 Kaya and Can Shape, size, and tex- Ensemble classifica- Supervised 2015
[84] ture features tion Learning
26 Shi et al. [85] Gray values ROI extraction based Unsupervised 2015
on hessian matrix and Learning
Laplacian of Bilateral
(LoB)
27 Dai et al. [86] No features Graph cuts algorithm Unsupervised 2015

with Gaussian mix-

ture models (GMMs)

Learning
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S.NO Author Feature Types Detection Methods Category Year
28 Han et al. [87] Geometric, intensity, Different levels of Unsupervised 2015
gradient, and hessian vector quantization Learning
features for lung and nodule
segmentation.
29 Shenetal. [88]  Contextual features Bidirectional chain Hybrid 2015
Code,SVM Method
30 Hua et al.[89] Texture and morpho- Deep belief network  Deep Learn- 2015
logical features ing
31 Firmino et al. HOG features Region growing, Supervised 2016
[90] SVM and rule base Learning
classifiers
32 Nibali et al. [91] Deep convolutional Deep residual learn- Deep learn- 2017
features ing, curriculum ing
learning, and transfer
learning
33 Dou et al. [92] Deep convolutional multi-level 3D CNN  Deep learn- 2017
features ing
34 da Silva et al. Deep convolutional Deep learningand ge- Deep learn- 2017
[93] features netic algorithms. ing
35 Sun et al. [94] Shape, texture and OCNN, DBN, Autoen- Deep learn- 2017
deep features coder ing
36 Gupta et al. [95]  Shape, texture and in- Neural network clas- Supervised 2018
tensity features sifier Learning
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S.NO Author Feature Types Detection Methods Category Year
37 Zhang et al. [96] Morphology based ACM, threshold- Morphology 2018
3D  skeletonization ing, morphological Based
feature, shape feature operation,, SVM
and intensity features
38 Jaffar et al. [97] Intensity and gradient Differential evolution Hybrid 2018
based thresholding Method
39 Ali et al. [98] Deep features Reinforcement learn- Deep Learn- 2018
ing based deep neural ing
network
40 Jiang et al. [99]  Deep features Four channel CNN, Deep Learn- 2018
Frangi filter ing
41 Li et al. [100] Deep features CNN-ensemble Deep Learn- 2018
ing
42 Huidrom et al. Shape, intensity and Neural Network opti- Supervised 2019
[101] gradient features mized with GA and Leamning
PSO
43 Shaukat et al. Shape, texture andin- ANN, threshold- Supervised 2019
[102] tensity features ing and watershed Learning
segmentation
44 Xie etal. [103]  Deep features with R-CNN and Boosting Deep Learn- 2019
RCNN CNN ing
45 Kasinathan et al. Deep features ACM, enhanced Deep Learn- 2019
[104] AlexNet ing
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S.NO Author Feature Types Detection Methods Category Year
46 Panetal. [105]  Feature extraction 3D CNNs Deep Learn- 2020
ing
47 Paranathi et al. Deep Feature Image enhancement, Deep Learn- 2020
[106] image segmentation, ing
Feature extraction
48 Khan et al. [107] Feature Fusion and Contrast perfection, Deep Learn- 2020
selection multiple feature ing
extraction. DWT
along with geometric
features
49 Abdullah et al. extracting features Image Processingand Deep Learn- 2020
[108] images k-Nearest Neighbors. ing

2.4 Discussion and Analysis

The present study of lung nodule detection methods focuses primarily on recent methods.

These methods are evaluated using several criteria, including accuracy, nodule size, datasets,

and nodule forms. A diagnostic system’s primary goal is to identify and classify nodules with

high sensitivity and a low number of false positives. Due to the various criteria used during their

study, comparing the soundness of different methodologies is a difficult task. For example,

it is unjustifiable if two diagnostic systems produced findings on different datasets based on

different kinds of nodules and sizes. These techniques, however, were unable to resolve the

rate of false positives. While Keshani et al. [74] achieved 89% sensitivity, their findings were
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268 L&

based on a dataset with only large nodules larger than 5 mm in size. These detection techniques
have a deficiency in achieving the significant accuracy rate and reducing the false positive ratio
in juxta-vascular nodules because of the smaller size of nodules. The drawbacks of modern

approaches are shown in Table 2.2. These problems are due to the complex nature of the human

lung.
Table 2.2: Constraints in newly developed techniques

S.NO Year Techniques Limitation

1 2013 Keshani et al. {74] Multiple diseases were treated with features
of the same type, resulting in poor per-
formance.Low sensitivity (89%) and high
FPs/scan (7.3), multiple diseases were handled
with features of the same type, resulting in poor
performance.

2 2013 Choi and Choi [16] For performance assessment, a subset of the
dataset was used.

3 2014 Choi and Choi [10] The evaluation was performed on a subset of the
dataset containing 148 nodules,which resulted
in a high false positive rate of 6.67 per scan.

4 2014 Kuruvilla and Guna- There were no other features used except sta-

vathi [76] tistical ones. 30 false positives per scan is an
extremely high rate.

5 2014 Caoetal. [77] There were no false positives found and

achieved 85% accuracy .
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S.NO

Year

Techniques

Limitation

10

11

12

13

2015

2015

2015

2015

2015

2016

2017

2018

Wang et al. [83]

Shen et al. [88]

Kaya and Can [84]

Hua et al. [89]

Tagc1 and Ugur [81]

Firmino et al. [90]

Nibali et al. [91]

Zhang et al. [96]

Only the false positive rate is stated in terms of
performance measurement. A standard dataset
was not used to assess the system’s perfor-
mance.

Only accuracy is considered when judging a
process. It only dealt with nodules in the juxta-
pleural room.

Sensitivity is just 82 percent. The number of
FPs has not been published.

The results were poor, with a sensitivity of 73%
and a specificity of 82%. No mention of FPs.
The features aren’t well-explained. The method
isn’t put to the test on a regular dataset.

The accuracy of the method was assessed. Only
juxta-pleural nodules were taken into consider-
ation. There was only one form of function used.
The FP was not registered.

For classification, only one feature category
was used. Characteristics of HOG

The fusion of a large number of deep features
increases the complexity of the image.it’s time
to compute FPs aren’t even registered.

A subset of the LIDC-IDRI dataset of 71 scans

with 168 nodules was used.
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Techniques

Limitation

S.NO Year
14 2019
15 2019
16 2019
17 2020
18 2020
19 2021

Huidrom et al. [101]

Shaukat et al. [102]

Xie et al. [103]

Abdullah et al. [108]

Pawer et al. [109]

Liet al. [110]

The output was assessed over 300 scans, but no
information about the nodules is given. Fur-
thermore, there was no information about the
amount of FP.

To remove the lung ROI, a simple thresholding
was used. The juxta-pleural nodules are missed
as a result. 84 scans were used to assess the
process.

Since the nodule detection is based on 2D prop-
erties,the diagnosis is incorrect. As a result,
sensitivity drops to 83 percent, while FPs spike
to 8 per scan.

The fusion of a large number of deep features
increases the complexity of the image.

The objectives of the study are up-to the mark
and there is still a need to improve accuracy.
The only thing that was done is to enhance the
fusion performance in terms of visual quality
and variety of quantitative evaluation parame-

ters.
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Chapter 3

Efficient Pre-Processing and Segmentation
for Lung Cancer Detection Using Fused

CT Images

In this chapter, an algorithm based on image fusion for lung segmentation to improve
lung cancer diagnosis was proposed.The Laplacian Pyramid (LP) decomposition and Adaptive
Sparse Representation (ASR) methods were used to develop the image fusion methodology.
Using the LP, the proposed fusion approach divides medical images into several sizes. The
four decomposed layers were fused using LP method at this stage. SVM was used for the nod-
ule detection and classification. The Lungs Image Database Consortium and Image Database

Resource Initiative (LIDC-IDRI) were used to evaluate the proposed approach.

3.1 Introduction

Cancer is one of the most dangerous types of disease, spreading day by day across the globe.
One of the main causes of death is lung cancer. The presence of cancer poses the greatest risk

of complications and death. The underlying causes of cancer are not wholly known, which
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results in the frequent occurrence of the disease. According to the World Health Organization
fact sheet, cancer is ranked as the leading cause of death globally. Cancer caused approximately
10 million casualties in 2020 alone, while more than 70% of the deaths occurred in low- and
middle-income countries. Surprisingly, lung cancer is the most commonly occurring disease,
with 2.21 million cases identified, leading to the death of 1.80 million. However, early detec-
tion of lung cancer can significantly help decrease the death toll while saving the lives of many
people. The advancement of technology has considerably helped cancer diagnosis with com-
monly used techniques such as Magnetic Resonance Imaging (MRI), CT scans, X-rays, Positron
Emission Tomography (PET), lung biopsy, High-Resolution Computed Tomography (HRCT),

etc. The advancement of CT innovation has caused a remarkable expansion in the measurement

‘of information in clinical CT. The development of a Computer-Aided Design (CAD) systems

for lung segmentation and fusion depends on computer vision and medical imaging technology.

Lung parenchyma segmentation is used as a pre-processing phase in lung CT image process-
ing, in particular in lung disease. The pre-processing stages have a direct impact on the resultant
image preparation. Subsequently, quicker and more exact segmentation strategies for lung CT
images are an intriguing issue worthy of exploration, having urgent reasonable importance and
clinical worth. Investigations have considered numerous lung division strategies, and a por-
tion of the ordinary methodologies incorporate threshold region-developing techniques [111].
Regardless, the findings are not exceptionally encouraging, and the process is convoluted and
repetitive. As a result, it is still an unexplored territory. The process of division is quick, yet not
good on the grounds that the dimension estimations of the lung boundaries are the same as the
windpipe and bronchus region. Deep learning [112] is a basic image-segmentation technique
dependent on area. It can isolate the interstitial lung boundaries rapidly and effectively. This
technique, however, is time consuming, and the emerging model is sensitive to boundaries. At

present, most lung segmentation frameworks utilize blended systems dependent on the edge-
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respecting strategy along with unforeseen provincial development and other extraction proce-
dures. In addition, various examinations are based on the division of lung parenchyma with
a lung infection. Pu et al. [113] anticipated a robotized division method dependent on a two-
dimensional versatile line walking assessment to supervise juxtapleural nodules (injuries lining
the chest divider and mediastinum). Senthil et al. in 2019, proposed various evolutionary algo-
rithms for lung segmentation [114]. Four algorithms were applied to the pre-processed images
with enhanced quality. MATLAB was used to verify the realistic results for 20 sample of lung
images, and it was discovered that the Guaranteed Convergence Particle Swarm Optimization
(GCPSO) had improved the accuracy. Moreover, in 2020, Akhter et al. [115] worked on lung
cancer detection using enhanced segmentation accuracy. This study developed an algorithm
that uses median values measured along each row and column, in addition to maximum and
minimum values, and found that this approach improved the accuracy of the segmentation of
these images. The sensitivity, specificity, precision, and accuracy of the proposed methodology
were significantly high with a lower false-positive rate.

Image fusion is the mixture of appropriate data from different input images into one clarify-
ing fused image. Therefore, image fusion is the mixing and integration of desired information
from a set of registered images for clarity and alteration-free features. Spatial-Domain (SD)
and Transform-Domain (TD) based image fusion methods are the two categories into which
image fusion techniques may be separated based on their mode. Both spatial-area-based and
transform-domain-based algorithms can be used to realise image fusion; however, the latter
can also intentionally apply different fusion rules to improve the fusion effect while the former
is less robust and sensitive to noise. This allows the latter to overcome the aforementioned
challenges [116]. Diverse medical modalities for imaging exist with each has its exceptional
qualities. This also helps for different processing techniques and adds a valuable data source.

Multi-scale image fusion is a well-known and commonly used technique. Multiple medical
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images are fused using this process. Pyramid Fusion (PF), DWT, CVT, NSCT and several
other multi-scale image fusion algorithms are currently in use. The above methods are based
on extracting potentially useful knowledge from modified parameters. After fusing the derived
details by measuring the parameters, detailed relevant information along with the fused image
are acquired. A natural signal sparsity analysis technique, Sparse Representation (SR) has
been proposed to improve the capacity of the human visual system in image processing. SR
theory is now commonly used in image-processing applications such as image super-resolution
processing, denoising, and fusion. In recent years, SR theory has received much attention in
the image-processing field, especially in image fusion. It is very well known that the dictionary
development of the algorithms of classical SR can be performed in one of two ways: analytical
methodologies (such as wavelet decomposition) or learning-based methodologies, such as as
Singular-Value Decomposition (K-SVD) and DL-GSGR [117].

Traditional SR algorithms that use a fixed dictionary, on the other hand, have several draw-
backs in the image fusion process. Liu et al. [118] suggested an adaptable compressed dictio-
nary may be created using ASR for image fusion and denoising. Aishwarya et al. [119] applied
the adjusted spatial frequency to image fusion and tried to explain the SR fundamentals of an
adaptive selection dictionary. In 2015, Singh and Khare [120] investigated an image fusion
method for multi-view medical images based on Redundant Wavelet Transform (RWT). Their
proposed method found that quality image fusions can be produced through the shift-invariance
of the Redundant Discrete Wavelet Transform (R-DWT) method. Numerous multimodal MRI,
CT, and PET medical images have been used for experiments, and the results were analyzed
using mutual information and strength metrics [121]. Pyramid transformation is a technique
that can be used to accomplish the fusion of multi-view images. This method was initially in-
troduced, it was mostly used in image compression, segmentation and computer vision [122].

Presently, the pyramid transform was being extensively used to combine multi-view clinical
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images. The method of the union LP was proposed by Du et al. [123] to extract many important
features, which helped to enhance the outline structure and color contrast of the fused images.
To fuse the images captured by a microscope, Kou et al. [124] suggested Region Mosaick-
ing on Laplacian Pyramids (RMLP), but it was found to be vulnerable to noise. Then, it was
proposed to use the LP method, which showed the image’s rich background features and also
included joint averaging. Li and Zhao in 2020 [125] worked on a novel algorithm for combining
multi-modal medical images. In their study, firstly, CT and MR images were decomposed into
low and high-frequency sub-bands using the Non-Subsampled Contourlet Transform (NSCT)
of multi-scale geometric transformation; second, the local area standard deviation method or
fusion was selected for the high-frequency sub-band, while an adaptive pulse coupling neural
network model was developed for the low-frequency sub-band. The algorithm’s fusion findings
in this work greatly improved the accuracy of image fusion and had benefits for both visual
effects and objective evaluation indices, offering a more reliable foundation for clinical illness
diagnosis and treatment. Moreover, Soliman et al. worked on accurate lung segmentation of CT
chest images by adaptive appearance-guided shape modeling and reported a high DS, Bidirec-
tional Hausdorff Distance (BHD), and Percentage Volume Difference (PVD) accuracy of our
lung segmentation framework on multiple in vivo 3D CT image datasets [126].

Khan et al. in 2020 also worked on an integrated design of contrast-based classical feature
fusion and selection [107]. Firstly, the gamma correction max intensity weight approach im-
proves the contrast of the original CT images. Secondly, multiple texture, point, and geometric
features are extracted from the contrast images, and then a serial canonical correlation-based
fusion is performed. Finally, an entropy-based approach is used to substitute zero values and
negative features, followed by weighted Neighborhood Component Analysis (NCA) for se-
lection. The Lung Cancer Data Science Bowl (LDSB) 2017 achieved a maximum accuracy.

Similarly, in 2021, Azam et al. a multi-modal registration and merging of medical images
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is suggested for quality improvement [127]. The HARVARD dataset’s CT and MRI imaging
modalities were used to validate the suggested method. Quality evaluation measures including
MI, NCC, and FMI were produced for the statistical comparison of the suggested system. The
suggested technique yielded more precise outcomes, higher image quality, and useful data for
medical diagnosis.

Orozco et al.[128] proposed lung noudule classification method in CT images without seg-
mentation. After being trained with the retrieved characteristics, SVM was applied to classify
nodule candidates into nodules and non-nodules and achieved the 84% accuracy. A SVM-based
classification of lung nodules employing hybrid characteristics from CT images was proposed
by Akram et al. in 2016[129]. The classifier was trained using the 2D and 3D geometric and
intensity-based statistical characteristics that were acquired. The system claims to have a sensi-
tivity of 95.31% without FP/scan results.

Recently, the American Cancer Society noted that there is a high likelihood of more severe
COVID-19 in cancer patients, recommending that patients and their care-givers be required to
take special precautions to reduce the risk of contracting the disease. This new type of coro-
navirus is SARS-CoV-2. Beta-coronavirus is a primary cause of Acute Respiratory Syndrome
(ARS). In this regard, lung cancer is closely linked with ARS because it is a part of a disease
group based on the progression and expansion of abnormal cells within the human body. Amer-
ican scientists have analyzed the course of COVID-19 in patients with cancer. Therefore, the
diagnostic and examination features are of particular importance, since it includes determin-
ing the causative agent of infectious disease and the main leading indicators, determining the
severity of the clinical images, the prognosis, the nature, and the amount of medical care [130].

In this dissertation, we propose a lung image segmentation and fusion method. The seg-
mentation method is based on an approach by which we optimize the computational time of

CT image segmentation with the help of a very effective known method, the adaptive global
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threshold. The proposed algorithm also incorporates morphological operations and masking,
which have proven very helpful in CT image segmentation e.g. environments, this allowed us
to decrease computation times while maintaining accuracy and removing the requirement for
post-processing activities and operations. Based on the LP and ASR [131] techniques of image
fusion, the lung fusion method produces a better outcome and a more effective way of medical
image fusion in the treatment of lung cancer [42]. To improve up the construction of the sub-
dictionaries using the ASR approach, we applied LP decomposition for the multi-view clinical

CT images.

3.2 Background of the Theory

In this section, we review various image fusion methods for multi-view images.

3.2.1 Sparse Representation Method

Several SR-based fusion approaches have been studied in recent years [132]. According to
Zhu et al. [133], image patches were generated using a sampling approach and classified by a
clustering algorithm, and then, a dictionary was constructed using the K-SVD methodology. A
medical image fusion scheme based on discriminative low-rank sparse dictionary learning was
proposed by Li et al. [134]. Convolutional-sparsity-based morphological component analysis
were introduced by Liu et al. in 2019 [135] as a sparse representation model for pixel-level
medical image fusion.

In the SR method, various small dictionary items were used to linearly explain the natural
signals. Since SR can only reflect natural images in a limited way, it has recently been widely
utilized in different fields. Nevertheless, the use of SR in the fusion methods differs significantly

from that of other areas. As a result, we expect an over-complete dictionary SR to show the

38



signal y € W* [136]. The SR can be depicted as follows:
y=Ea 3.1

where E = [eq,e2,¢3,...,ep] € WN*M(N < M) with ¢; as the dictionary particle, which shows
the matrix of SR, and ; = [0}, 2, @3,..., 0|7 is the set of sparse coefficients. E has over-
complete features; as a result, Equation (3.1) has an infinite number of solutions. This procedure
aims to find a single solution vector 6; which contains the solution with the vector with most
zero values. Normally, we choose the largest /;-norm rule to fuse {a;}. The {a;} is found by
the following equation:

argmgnlly—EaH,z,——}-lHaH] (3.2)

where A has a major impact on sparsity. When A is large, this indicates that the sparse error

will be significant; if A is small, the final error would also be reduced.

3.2.2 Image Decomposition Based Fusion Methods

A novel multi-component fusion method has been presented to generate superior fused im-
ages by efficiently exploiting the morphological diversity features of the images and the advan-
tages [137]. Magqgsood and Javed [138] proposed a two-scale Image Decomposition (ID) and

sparse representation method for the integration of multi-modal medical images in 2020.

3.2.3 Deep Learning Based Fusion Methods

Several DL-based fusion approaches for multi-modality image fusion have recently been
developed. Gao et al. [139] studied the use of a deep network for creating an initial decision map
in a CNN for multi-focus image fusion. Li et al. [140] developed a DL architecture for multi-

modality image fusion in 2018, which included encoder and decoder networks. Zhang et al.
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[141] proposed the general Image Fusion Framework based on a Convolutional Neural Network
(IFCNN) (2020), which is a broad multi-modality image fusion framework based on CNNs. The
performance of these DL-based fusion algorithms has been proven to be competitive. For the
merging of images with different resolutions, Ma et al. [142] proposed a Dual-Discriminator

conditional Generative Adversarial Network (DDcGAN) in 2020.

3.2.4 Rolling Guidance Filtering

The Rolling Guidance Filtering (RGF) algorithm, which is an edge-preserving smoothing
filter, was presented by Zhang et al. [143] in 2014. Rolling guidance was implemented using
RGF in an iterative way, with rapid convergence characteristics. RGF can totally manage the
detail smoothing under the scale measure, unlike other edge-preserving filters. Small structure

removal and edge recovery are the two main methods in RGF.

3.2.5 Dictionary Learning

Aishwarya and Thangammal [119] proposed a multi-modal adaptive dictionary learning sys-
tem for fusing the medical images. In order to learn a dictionary, useful information blocks were
segregated by deleting zero information blocks and estimating the remaining image patches with
a Modified Spatial Frequency (MSF).

The creation of an overly comprehensive lexicon has a significant effect on SR. There are
two basic approaches to creating an over-complete dictionary. Firstly, pre-setting a transforma-
tion matrix is one procedure, for example contourlet transform and DCT. This method yields
a dictionary that is fundamentally unchanged. Although the multi-source images have various
attributes, a consistent sparse dictionary to fuse the images could result in poor performance.
Secondly, a dictionary can be created based on training algorithms like the PCA and K-SVD

approaches. This generates a dictionary from the source image’s structure, allowing the trained
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or prepared particles to address the original image more sparsely. As a result, the dictionary
produced by the latter method has better execution and efficiency, making it more appropriate
for clinical image fusion. Now, look at how to use the dictionary to train the atoms. We say that
{xi}¢,_, is the database sample we obtain via a window with a defined size (\/n x \/n), where e
stands for the number of samples and » for the number of sampling databases. A random sam-
ple is taken from a collection of multiple-view clinical images by the window. The E learning

model from the dictionary is describes as follows:
M
min ) [l [l —Eal2<¢ (3.3)
E.0i i =

where € > 0 is the tolerance factor and number of multi-view clinical images is represented by

M.

3.2.6 Laplacian Pyramid Method

Liu et al. [42] proposed a deep-learning technique for medical image fusion. The strategy
uses the Laplacian pyramid to reconstruct the image in the fusion process after generating a
weighted map of the source image using the deep network. Chen et al. [131] defined the Laplace
pyramid to describe the lost high-frequency detail information caused by the convolution and
down-sampling operations in the Gaussian Pyramid (GP) method.

The LP technique is used to split up a images as input into a series of multi-scale, layer and
pyramid shaped images [144]. This technique breaks down medical images that can distinguish
between useful data and clinical images. The LP method decomposes an image into a pyramid
of images of progressively lower resolution. Images in the bottom layer are high-resolution
while those in the top layer are low-resolution, with the size of the lower image being four times
that of the higher image. The resulting decomposed images have a neat appearance. In the LP
technique, a layer of the GP is created using the contrast between its two levels for processing
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information at different frequencies by different layers. The first pyramid decomposition in the
LP decomposition process is GP decomposition, which loses some high-frequency data due to
the convolution and down-sampling operations. The following are the steps involved in image
decomposition:

The input images are used to create the initial GP (multi-view medical images). A S x 5
2D separable Gaussian filter @(m x n) is used to convolve the source images and build P; by
down-sampling from layer to layer, where [ is represented current layer, and layer’s row count

is represented by W, which is current row count of /-th layer:

2 2
P(i,j)=4 ), Y, o(mn)P_1(2i+m,2j+n);

m=-2n=-2

for (0<I<L, 0<i<W, 0<j<C) (3.4)

The GP obtained in the previous step constructs the corresponding LP. The (I + 1)** layer
P4 is taken away from the I’ layer P; after up-sampling and Gaussian convolution, and the

difference is LP’s I'* layer P;. From the bottom layer to the top layer, the LP is constructed as

follows:
e &, & i-m j—n
Prij)=4 ). ), o(mm)*P(—=—)
m=—2n=-2
for(1<I<N, 0<i<W, 0<j<() 3.5)
P;__|—P! 0<I<N
Ly =« (3.6)
P =N
\
where:
>
. (z—m J__n)_<P,:(";3’”.f-—Ef) :if"_T’",”'—;ﬂ are integers
N/~
0 : otherwise
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The corresponding GP for the fused LP can be restored layer by layer from top to bottom,
resulting in the source image Py. The preceding indicates that the interpolation method will be
used at the start. The inverse LP transform is defined as follows:

Py = LPy, =L
3.7

P =LP +F,

3.3 Materials and Methods

In this section, the proposed technique for the image segmentation, fusion and reconstruc-

tion of the fused image is represented.

3.3.1 Image-Segmentation Method

Lung parenchyma segmentation is significantly helpful in locating and analyzing the nearby
lesions, but it requires certain methodologies and frameworks. In the CAD system of lung
nodules based on CT image sequences, lung parenchyma segmentation is an important pre-
processing stage. We used an optimal thresholding method to reduce the complexity of lung
segmentation in the quest to improve the computational time and accuracy. The approach was
applied with the help of experimentation on several CT images taken from the LIDC-IDRI.
The flowchart of the proposed segmented method is given in Figure 3.1. All the steps of the

proposed segmentation technique are also summarised in Algorithm 1.
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Figure 3.1: Flowchart of the proposed segmentation method.

Let A(x,y) be the input CT image of the lung. The adaptive global threshold was used
to perform the segmentation of the lung through intense thresholding of the region of the lung
segment from the CT image. Then, the threshold value was picked from the CT image histogram

to provide the output.

1 ifA(x,y) >0
A(x,y) = (3.8)
0 ifA(x,y) <o,

where o is the specific global threshold value applied to original input image A(x,y). After
applying thresholding on A(x,y), we obtain the resultant image A% (x, y).

Now, we will obtain the image complement to the clear border by using following equation:

Ac(x7y) =C_A6(x,y)7 (39)

where C is an image with all pixel values equal to 1. The morphological closing operation is
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performed on A¢(x,y) by using the mask B:

AP(x,y) = A°(x,y) o B (3.10)

Now, taking the complement of AP (x,y):

A(x,y) = C—AB(x,y) (3.11)

Now, from Equation (3.8), the binary image A% (x, y) is multiplied with image A?(x,y) from
Equation (3.11):

A%(x,y) =AY (x,y)A%(x,) (3.12)

Morphological closing is applied on A%(x,y) from Equation (3.12) by using the mask B
(structuring element):

A%(x,y) =A%(x,y) o B (3.13)

In the next step, the morphological opening operation is applied on A%(x,y) by using SE B:

A%(x,y) =A%(x,y)oB (3.14)

In the last step, the output segmented image p(x,y) is generated by multiplying A% (x,y)

from Equation (3.14) with A°(x,y) from Equation (3.9) as shown below:

p(x,y) =A%(x,y)A%(x,y) (3.15)
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Algorithm 1 Proposed segmentation algorithm.
Input: Input image — A(x,y)
Output: Segmented image — U(x,y)
Initialization: Thresholding value — &
Structuring Element/Mask — B

Procedure
[M,N) « size(A(x,y))

—

2: C « ones(M,N)

3: if A(x,y) > o then

4 Ad(xy) 1

5: else

6:  A%(x,y) <0

7: end if

8: Image complement:A¢(x,y) « C —A%(x,y)
9: Closing operation:A# (x,y) - A°(x,y) o B
10: Image complement:A”(x,y) + C — AP (x,y)
11: Multiplication : A¥(x,y) < AY(x,y)A%(x,y)
12: Closing operation:A®(x,y) < A%(x,y) e B
13: Opening operation:A®(x,y) < A%(x,y) o B

14: p(x,y) ¢ A®(x,y)A¢(x,y)
End procedure

3.3.2 Image Fusion Method

In this section, the proposed image fusion algorithm is presented. The proposed method has
three steps, as shown in Figure 3.2: decomposition of the source segmented image, hierarchical
fusion, and image reconstruction. The complete proposed fusion method is also summarised in
Algorithm 2 .The method of LP decomposition is used to decompose each multi-view medical
image into proposed four layers in the initial step. The next step is to build a dictionary for each
layer, which is then fused using the ASR method in sequence. The last step is to reconstruct the

resulting image using the inverse LP transform.
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Algorithm 2 Proposed fusion algorithm.

Input: Input image — p(x,y)

Output: Fused image — Ir
Procedure
: Py p(x,y)
:for1<1<3do

P | (P-1)

P 1 (P)

if0 <l <4then

LP,+ P -F
else
LP, + P,

end if
end for
Sub-dictionaries « {Eg,E},Ea,...,E¢}
: Sliding window size — \/n x \/n
: Patch Size:e + (M —\/n+1)x (N—+/n+1)
: Set of patches:{s'1,5%2,...,57}5_;
(Vi Vo Vil €7 ) s, )
: Zero-mean vector:v'; «— v, — 17'1-.1
: Gradient orientation histogram: {6y, 6;,6,...,6x}
Omax maX{O(),01,®,...,OK}
: k* «— argmax{6 )k =1,...,K}
- maxg ] 1% ~ Bt < vACo +e

L
B & B EE SR R R E

—
HWN

D) = e e ek e
S0V ®Io W

[ 38
—

9 a,", — aj.,

2 e argmaxi{llaglh,  j=1,2,...,7}

o \7’; (—\7.,:

: Ve Ex0p+ ;;7 .1 (Fused result of layer)
: Pg_ « Fp+LP,  (0<1<4)
End procedure
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Figure 3.2: Laplacian pyramid and ASR-based fusion algorithm.

3.3.2.1 Decomposition of the Segmented Source Image

To obtain the features of segmented source images p(x,y) at various sizes, the LP decompo-
sition technique was applied. First, we need the Gaussian pyramid of an image of size M x N.
The source image was on the Py layer. To obtain the P; layer (0.5M x 0.5N), the image p(x,y)
from layer Py was down-sampled with the help of the Gaussian kernel function. By repeating
the above steps, the LP decomposition was formed. The three stage decomposition of an LP is
shown in Figure 3.3. The decomposition of the (I — 1)** layer P,_; into the I'* layer P; can be
expressed as follows:

P=4(P) (3.16)

48



LPy

|
P, —P; . LP;
———%

. "

. .
————————— LP
a

Figure 3.3: Decomposition using the Laplacian pyramid.

Each layer of the Gaussian pyramid is sampled in order to create the LP. The image to be

enlarged is considered to be m x n in dimension. An inverse Gaussian pyramid was used to

extend the image into a 2m x 2n image, which can be interpreted as:

Ff =t (P)

Now, the reconstruction of image u(x,y) can done from the Laplacian pyramid layers as shown

below:

(

Py; forl=20

1(x,y) = 4 P +LP; forO<I<L

P =LP; forl=L
\

where L is the total number of LP layers.

3.3.2.2 ASR Method

After decomposing, the ASR method fuses the two groups (LFP, to LP3) of two source images

[145]. As shown in Figure 3.4, the most critical step in ASR is selecting and composing the
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adaptive dictionary. The segmented source images are represented by {1, {2, ..., 14;}, and all
have the same M x N size. Medical images must meet the ASR model’s requirement that the
source images must be of the same size. As a result, ASR is an excellent option for fusing

multi-view images.

=

LP,

{Eo) Ev, Ep, -+ ) By} —>

L7

Figure 3.4: Using ASR’s dictionary composition and selection.

A new LP of the fused images was made using the pertinent layers from the two im-
ages of the LP by using the learned sub-dictionaries {Eg, E;,E»,...,E;}. The sub-dictionaries

{Eo,E1,Es,...,E} were generated through the following five steps:

1. For each image input y;, window that slides with a \/n x \/n was used to remove all
patches that had one-pixel steps from right to left and upward to downward. It was as-
sumed the {s'1,s%,...,5%;};_, was a set of patches in {y, 2, i3, ..., s} for the " im-
age. e=(M~— \/n+1)x (N —/n+1) indicates that how many patched were sampled

from each input image.

2. The column vectors {v'1,V'3,...,V';} were obtained by rearranging the patches {s';,s',...,5's},
and each column vector v* j was made to be zero mean by subtracting the the mean value

\73- from each value of the column vector.

Po=vi—v.1; j=1,2,....] (3.19)
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where 1 is the unit vector of n x 1;

. From the set {¥},7,...,9}, the ¥ ,, with the greatest variance was chosen. Then, using
l:"ma,, a gradient orientation histogram was generated, and one sub-dictionary was chosen
from E = {Ey,E},...,Ex}, which had a total of K + 1 sub-dictionaries. The gradient

orientation histogram can be written as:

0 ={6y,6,...,6¢} (3.20)

Now defining E}; as an adaptive sub-dictionary with k; as index of Ex in which the patch

v; should be divided. The procedure for selecting k; is shown below:

0 :.—gﬂ‘i— <
b = Li=t 9% (321)

k* : otherwise

[

where 0, is:

9m=max{90,91,...,9](}

and the index of O, is shown as:

k* =argmax{6|k=1,...,K}

. The dictionary that was chosen for SR fusion was Dy;. The sparse vectors &'r of {a/', '3, ..., a's}

were obtained after extracting vector v, ji from the LP, of both source images.

max Il
% (3.22)

subject to ||} — E afll2 < Vnco +&
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where ¢ > 0 is a constant and € > 0 is the error tolerance. The flow graph diagram of

above discussed steps are also shown in Figure 3.5.

Sparse
LP, patch coefficient
vector V; 1 vector
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LP,
i —® patch B
coefficient v T
vectoray vector Vg Fo
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LPy patch |y EEENENEN | coefficient
vector Vj vector

Figure 3.5: LP sparse vector fusion technique.
The fusion rule Max-L1 was used for the fusion of sparse vectors {ai 1,0, ....a 7}
o=t j=1,2,:0.,0 (3.23)

where:

J =argmax{||ajlli, j=1.2,...,J (3.24)
J

The following value should be used as the merged mean value: v

(3.25)

<

..".L.
il

\-‘l

Eventually, the projected outcomes of the first layer of {V'1,V',...,V';} are as follows:

v = Ep otk + 751, (3.26)

5. In {s'1,s%,...,5 J}?:l for the source image patches, Steps 2 to 4 are repeated to obtain the
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fused results {v; }¢_, of LPy. The process of choosing the sub-dictionary E; is repeated

in order to fuse the pyramid’s remaining three layers. Finally, we can build the fused LP

image LPr.

3.3.2.3 Image Reconstruction and Fusion

The inverse LP transform is represented in the form of the equation given below:

Pr,=Pi+LP;, (0<l<4) (3.27)

where Py, = LPf, and the Gaussian pyramid of the I'* 1ayer retrieved by LPy, is Pg,. According
to Equation (3.27), the corresponding Gaussian pyramid is obtained after recursion on the top

layer of the LP, and then, the fused image Ir is acquired.

3.3.3 Nodule Classification

The ultimate objective of the dissertation was to classify the lung nodules into benign or
malignant and also reduce the rate of false positives per scan. SVM classifier was used for

detection of lung nodule after feature extraction from final resultant fused image.

3.3.3.1 Feature Extraction

To reduce the certain characteristics from the original data set, feature extraction was used.
In the proposed system, large initial set of features were selected to represents the state of the
art features utilized in the CAD systems. Initially, features were selected and trimmed down
to the optimal subset for the detection of nodule with respect to sensitivity and FP/scan. The
characteristics of the nodule during the selection process were broadly categorize into intensity,

texture and shape.
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3.3.3.2 Support Vector Machine Classifier

Since the SVM classifier is very effective and computationally efficient, we used it in our
proposed methodology. The fact that there are often far fewer samples of nodules than samples
of non-nodules has an effect on a classifier’s performance. To minimise biasness, we balanced
our dataset by randomly picking an equal number of nodules and non-nodules. To be more
accurate, 30% of the data is kept as a test set for the system’s final decision and 70% is retained
for training. During the training phase, we used a k-fold cross-validation technique for model
selection and validation. The k-fold cross-validation process randomly divides the training
dataset into k equal-sized subsamples. Following that, one sample is picked from those samples
to use as validation data for the evaluation, and the remaining k — 1 instances are used to train
the classifier. k times are used to complete this process. The k outcomes from the folds are
then averaged to provide an estimation. This technique has the advantage of only validating
each value once, and each sample is utilised for both training and validation. The classifier’s
input during the training phase consists of the feature vector and the specified class labels.
The classifier is eventually tested totally on the test set once it has been trained and its hyper-
parameters have been modified. More specifically, the classifier’s final evaluation uses 30%
of the data that was previously suppressed, and the results are reported in the result section.
The features were exclusively chosen from the training set. We next adjust it and apply it to
the test set once we have extracted the best feature set for nodule detection from the training
dataset, taking into consideration both sensitivity and FP/scan. The four main metrics that may
be used to evaluate a classifier’s performance are sensitivity, specificity, accuracy, and receiver

operating characteristic curves (ROC curves) as shown in Table 3.1.
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Table 3.1: Results of Gaussian SVM classification Using 2, 5, 7, and 10-fold cross-validation

scheme
K- fold AUC Accuracy Sensitivity Specificity FPs/Scan
Two fold 0.980 98.0 97.9 98.5 2.0
Five fold 0.975 97.40 98.32 96.40 2.88
Seven fold 0.965 97.40 98.41 96.40 291
Ten fold 0.974 97.30 98.36 96.28 2.67
3.4 Results

In this section, the experimental results of the proposed technique are presented and evalu-

ated by comparing with other recently published results of other proposed techniques/methods.

3.4.1 Dataset

The LIDC-IDRI of lung CT images was used to evaluate the performance of the proposed
algorithm. We considered 4,682 scans of 61 different patients from this dataset, which contains
nodules of a size of 3-30 mm. Each patient has 60-120 slices. The dataset is in DICOM format
contains 512 x 512 x 16 bit images and 4096 gray-level values in HU. The pixel spacing range
is from 0.78 mm to 1 mm, whereas the reconstruction interval ranges from 1 mm to 3 mm. We

implemented our algorithm in MATLAB R2019a.

3.4.2 Image Segmentation

The first part of the proposed algorithm is image segmentation. For the evaluation of our
proposed technique for lung segmentation, the DSC index was used to estimate the consistency
between the original segmentation and our calculated results. The dice coefficient is calculated

by using the formula:

| Qimg N Fimg |
| Oimg | + | Fimg |

d=2x%( )

where Oipyg is the original image, while Fi is the segmented result. The results of image

segmentation are shown in Figures 3.6 and 3.7. The DSC index was used as an evaluation
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parameter for the image segmentation. The DSC index value of the proposed method was
0.9929, which is better than the published results of 0.9874 [146].

In Figure 3.7, three cases are presented to show the results. The first column displays the
original images taken for lung segmentation, while the second column displays the outcomes
with a thick boundary of the selected region. The third column presents the final results of the
segmentation. In Figure 3.8, the segmentation results of the proposed method are compared
with the results of recently published techniques. Figures 3.9 and Table 3.2 provide a precise
comparison of the conventional methods with the proposed method for quantification. The DSC
index value of the proposed method was 0.9929, better than the other listed results.

Table 3.3 compares the overall performance of the proposed technique with existing tech-
niques. In this table, three parameters, sensitivity, specificity, and accuracy, are used for evalu-
ation purposes. The quantitative results showed that the purposed technique outperformed the
U-Net [147], AWEU-Net [148], 2D U-Net [119], 2D Seg U Det [149], 3D FCN [150], 3D nod-
ule R-CNN [151], 2D AE [152], 2D CNN [153], 2D LGAN [154], and 2D encoder—decoder
[155]. The accuracy of purposed method was 99%, which is much better than the other listed
methods, as shown in Table 3.3. The sensitivity of the purposed method was 89% higher than
all listed methods, except the published results by the AWEU-Net and 2D encoder—decoder.

However, the other parameters values were lower than the purposed method.
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Figure 3.6: Result of the segmented image using the proposed method, (a): Source image, and
(b—f): Segmented image with various global thresholds, (g): Final segmented image

3.4.3 Image Fusion Results

This section describes the result of the proposed fusion method. A comparative experiment
was performed with single-patient multi-view diagnostic images of lungs to check the feasibil-
ity of the proposed procedure (CT images). In this study, the experiment was performed using
the CT images of the lung patients. There were six indices used to test the fusion results. The
contrast was measured using the Average Pixel Intensity (API). The arithmetic square root of
the variance is the Standard Deviation (SD), which represents the degree of dispersion. The to-

tal amount of information in the image is represented by the entropy (H) [169]. The resolution
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Figure 3.7: Segmented images using the proposed algorithm. The left, center, and right columns
are the original CT images, segmented with a thick boundary, and the final segmented images,
respectively.
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Figure 3.8: Comparison of the segmentation methods, (a): Original image, (b): Region Detec-
tion( RD), (¢): Level Set Without Initialization (LSWI), (d): Re-initialization Methods (RMs),
(e): GDRLSEI, (f): GDRLSE2, (g): GDRLSES3, (h): The proposed method

Dice Similarity Coefficient
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Figure 3.9: Dice coefficient comparison of existing methods with the proposed method.
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Table 3.2: Quantitative comparison of different methods.

Method Dice Similarity Coefficient | Running Time (s)
U-Net [147] 0.89 -
Attention-UNet[156] 0.466 .
Gated-UNet [157] 0.447 -
Dense-UNet [158] 0.410

U-Net + [159] 0.444

Inf-Net [160] 0.579

Seg-Net [161] 0.705 -
BiSe-Net [162] 706 -
ESP-Net [163] 0.706 -
U-Net++ [164] 0.714 -
AWEU-Net [148] 0.89 -
2D U-Net [119] 0.83 -
2D Seg U- Det [149] 0.82 -
3D FCN [150] 0.69 5.0
3D Nodule R- CNN [151] 0.64 -
2D AE [152] 0.90 -
2D CNN [153] 0.61 -
2D- LGAN [154] 0.98 -
2D Encoder—Decoder [154] 0.90 -
RD [165] 0.992 169.2
re-initialization method [165] 0.993 1593
GDRLSEI [165] 0.992 161.57
GDRLSE?2 [165] 0.992 237.66
GDRLSES3 [165] 0.992 265.26
Level Set Without Initialization [166] 0.993 124.83
RASM+OSF [167] 0.974 270
MSGC [168] 0.988 1800
GMMs [146] 0.987 900
Proposed Method 0.99 1.2252

of the fusion effects is measured by the Average Gradient (AG). Mutual Information (MI) re-
flects the energy transferred from the input image to the fused output image [170]. The Spatial
Frequency (SF) was used to analyze the total level of the fused output image information. Edge
retention (Qsp/r) [171] refers to how much the input image edge information is preserved in
the final result. The total loss of the image was determined using Lyg/r [172], and the level of
noise and other related artifacts was calculated using (N, / F) [172].

Figures 3.10-3.12 present the fusion results obtained using various fusion methods. In
general, the proposed approach produced a fused image that retained the edges and information

as well. Figure 3.10 shows the source multi-view images. The first column shows the different
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Table 3.3: Result comparison of the proposed method with existing techniques.

Methodology Sensitivity (%) | Specificity (%) | Accuracy (%)
U-Net [147] 84.0 96.3 94.3
AWEU- Net [148] 90.0 96.4 94.6
2D U-Net [119] 89.0 - -
2D Seg U-Det [149] 85.0 - -
2D Encoder-Decoder [154] 90.0 - -
Attention-UNet[156] 72.3 93.0 390
Gated-UNet [157] 67.4 95.5 375
Dense-UNet [158] 67.7 97.7 41.5
U-Net + [159] 87.7 92.9 36.9
Inf-Net [160] 87.0 97.4 50.0
Seg-Net [161] 85.2 95.4 -
BiSe-Net [162] 70.6 85.2 -
ESP-Net [163] 70.6 93.3 -
U-Net++ [164] 73.3 97.0 73.9
RASM+OSF [167] - - 97.5
MSGC [168] - - 98.0
GMMs [146] - - 79.7
Proposed Method 97.9 98.5 98.0

multi-view source CT images. The second, third, and fourth columns show the different layers
of the Gaussian pyramid. The proposed approach was applied to the source images at different
levels.

The SR method easily created a block effect, as seen in Figure 3.11. Poor gradient contrast
and the block effects were not eliminated by the ASR approach, resulting in a fusion result with
a blurred texture and structure. The lack of pattern, poor contrast and fuzzy edges in the fused
lungs images would greatly impact the doctor’s treatment accuracy. The proposed method, on
the other hand, it can produce better fusion results and is consistent with the human visual
system, as shown in Figure 3.12. The suggested approach therefore obtained the maximum
extent of medical image fusion efficiency and is applicable to healthcare.

To evaluate the experimental results, six statistical indicators, SF, MI, API, SD, AG, and
H, were used. The better the quality of the fused image, the higher the value of each indicator
is. Since the values of API, SD, and SF were too high, we divided them by ten to make the

observation easier. (Qap/r), (Lag/r), and (N /F) are the fusion efficiency metrics Q, L, and
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Figure 3.10: (al)—(a6): Source images, (b1)-(b6): Gaussian pyramid of Layer 1, (c1)—(c6):
Gaussian pyramid of Layer 2, (d1)-(d6): Gaussian pyramid of Layer 3



N, respectively Table 3.4. (Qsp/r) has a positive sign as well, but the (Lsp/r) and (N}, /F)

values should be lower.

Table 3.4: Conventional statistical indicators and objective performance measures of Figure
3.12.

Method API | SD AG H MI | SF Q L N

LP [144] 460 | 7.84 | 9.19 | 3.88 | 2.71 | 2.16 | 0.80 | 0.17 | 0.02
DWT [173] 530 | 7.07 | 841 | 4.10 | 2.68 | 1.89 | 0.76 | 0.22 | 0.01
CVT [174] 546 | 7.22 | 951 | 522 | 242 | 2.08 | 0.77 | 0.20 | 0.01
NSCT [175] 542 | 742 | 938 | 466 | 2.57 | 2.13 | 0.81 | 0.16 | 0.02
SR [176] 533 | 748 | 9.16 | 3.72 | 359 | 253 | 0.75 | 0.20 | 0.03
ASR [145] 537 | 727 | 9.68 | 3.99 | 2.64 | 2.17 | 0.76 | 0.22 | 0.02
Proposed Method | 5.76 | 8.13 | 10.64 | 5.62 | 3.78 | 2.70 | 0.79 | 0.16 | 0.01

Figure 3.11: Dictionary random samples from a single-source image.

The proposed method showed significant results with respect to the API, SD, and MI, in-
dicating that the suggested technique has a good capacity to maintain details. Because of the
block effect, the SR method outperformed the proposed method in terms of the AG and SF. As
shown in Figure 3.12, the resultant images acquired by using the SR method contained several
artifacts and became smooth due to the loss of internal information in the fused image. The
proposed approach had the best (L4p/r) and (N} y F) ratings, i.e., it retained the relevant infor-
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Figure 3.12: Final fused results of lung CT images of different patients.
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mation from the source image while still maintaining the edge and structure. This shows that
our method is effective in general. According to the study of the fusion results, the suggested
technique had a better overall performance than the other fusion techniques. As a result, when
evaluating multi-view medical image fusion, it is important to consider if the assessment indexes
are appropriate and conform to the human visual system. The results showed that the proposed
approach mostly produced the high-quality fused image with no distortion while attempting to

recreate the fused image with all the information and structure preserved.

3.4.4 Nodule Detection

1332 nodules out of 2341 CT scans, 612 were malignant and 720 were benign by using to
evaluate the proposed method. The complete set of data was randomly and evenly partitioned
into 2, 5, 7, and 10 subgroups for 2-fold, 5-fold, 7-fold and 10-fold cross validation respec-
tively. We calculated the average level for each nodule in order to determine the nodule’s level
and came to the conclusion that: if the average level is greater than 3, this nodule is considered
to be malignant; if the average level is less than 3, it is considered to be benign; and if the aver-
age level is equal to 3, it is considered to be uncertain and is discarded as shown in Table 3.5.
In order to assist the radiologists in making decisions, an estimated malignant probability was
also given to them. To evaluate the effectiveness of our proposed system with the existing lung
CAD system, as shown in Table 3.6. In terms of sensitivity and FP/scan, our proposed method
outperforms in existing systems. Other systems with comparable performance include Zhang
et al.[96] and Naqi et al.[177], which developed a shape-based feature extraction technique. In
addition to the 2D form characteristics, Naqi et al. calculated the 3D shape features Volume,
Compactness, Bounding Box Dimensions, Elongation, and Principal Axis Length (Area, Di-
ameter, Perimeter, Circularity). Proposed system has sensitivity performance with a value of

97.9% and performance achieved in terms of false positive with a value of 2.0 FP/scan.

65



Table 3.5: Lung nodule categorization by proposed technique

Patient Image | Nodules (N) | Classification | Remarks (True=T,False=F)
(PI) No.
N-1 Malignant T
PI-9 N-2 Malignant T
N-3 Malignant T
N-1 Malignant T
PI-34 N-2 Benign T
N-3 Benign T
N-1 Malignant T
PI-42 N-2 Malignant T
N-3 Malignant T
N-1 Malignant T
PI-135 N-2 Benign T
N-3 Malignant T
N-1 Malignant T
PI-267 N-2 Malignant T
N-1 Benign T
PI-395 N-2 Malignant T
N-3 Malignant T
N-1 Malignant T
PI-483 N-2 Malignant F
N-3 Malignant T
N-1 Malignant T
PI-592 N-2 Benign T
N-3 Benign T
N-1 Benign T
RS N-2 Benign T
N-1 Malignant T
PI-813 N-2 Benign F
N-3 Malignant T

A progressive advance selection approach was then applied to obtain the optimal feature
subset. The proposed system performed well in terms of sensitivity, specificity, and accuracy.
The system was assessed by using the LIDC dataset with 1332 nodules to validate the results.
The system has an significantly high in accuracy, sensitivity, and specificity with the value of

98.0%, 97.9%, and 98.5% respectively.
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Table 3.6: Performance comparison between proposed and existing CAD systems with nodule
size 3-30(mm)

Method Accuracy | Sensitivity | Specificity | FP/Scan | No.of Nodules
Proposed Method 98.0 97.9 98.5 2.0 1332
Nagqi et al [177] 96.9 95.6 97.0 2.8 777

Xie et al [178] - 83.0 - 8.0 -
Shaukat et al [102] 93.7 95.5 94.28 5.27 148
Zhang et al [96] 93.6 89.3 - 2.1 168

Ali et al [98] 64.4 58.9 553 - 888
Teramoto and Fujita [179] - 83.0 - 5.0 186

3.4.5 Discussion

In view of a global pandemic and its effect on lung cancer patients, early diagnosis using
segmentation of lung CT images has received greater attention from clinical analysts and re-
search scholars. They have proposed many algorithms to achieve the objective of preciseness
and accuracy. Taking this into consideration, a novel method based on the adaptive global
threshold was proposed by considering three different aspects: DSC, accuracy, and time-based
analysis. First, the DSC results are computed in Table 3.2, which can be further validated by
Figure 3.9. In order to evaluate the proposed method, the results were compared with the results
of the recently published methods and the manual segmentation made by experts. From Figure
3.8, it can be observed that the proposed method provides accurate lung segmentation results.
The proposed method extracts the lung region accurately, as it uses a modified algorithm and
mathematical morphological operations. In Figure 3.6, the specific value of the threshold is o,
which was applied to the input of the original image. The level of the grey threshold was 2/3
in our experimentation. The segmented lung boundary is flawless and clear with the mentioned
value. In this way, the accuracy perfectly aligned with the requirements.

Next, the fusion was performed and improved the classification parameters, as given in Table
3.3 and Figure 3.12. The fusion accuracy achieved by the proposed method was 98%. From

the review of the existing methods, we found that it is very hard to compare the results with
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the previously published work because of their use of non-uniform performance metrics and
different evaluation criteria including the datasets and types of nodules considered. Despite the
constraint, we tried to make a performance comparison of our proposed system with the other
lung CAD systems, as shown in Table 3.3. It can be seen that our proposed system showed
better performance compared to the other systems regarding the sensitivity, specificity, and
accuracy. Other systems that were close on the performance indicators, i.e., API, SD, AG, H,
ML SE, Qup/F, Lap/F» and Ny /p> 2re shown in Table 3.4. It is clear that the proposed method
had the optimum performance on the API, SD, and MI, which demonstrates the ability of the
suggested method to retain the particular information. The images produces by the suggested
method included various artefacts, and the fused image was too smooth since too many internal
features were lost, according to the values of N}, /F in Table 3.4. The smaller values of Lyp/r
and N /F indicate that the image had a minor loss of information along with artifacts in the
fusion process. The study of the fusion outcomes leads to the conclusion that the suggested
method performs more effectively overall than the other fusion methods.

The fusion approach has a significant disadvantage in terms of computing time, while the to-
tal classification time is prolonged by the fusion of several characteristics, which can be reduced
by the selection process, but in the proposed method, it was minimized to 1.22 sec. An analysis
of the given comparison between the computing time and final segmented results revealed that
our proposed method of the adaptive global threshold is more efficient in lung segmentation.
The proposed approach would improve the fused images’ contrast and brightness. The output of
the experiments showed that the suggested technique can significantly preserve detail informa-
tion within a range, provide a clear view of the input images data, and ensure that no additional
objects or information are added during the fusion process. In particular, the proposed method
contains information regarding the edges and structure of all CT image slices. The proposed

method was applied only on a LIDC-IDRI dataset, which is the limitation of this study.
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3.5 Conclusions and Future Work

Lung segmentation has gained much attention in the past due to its effectiveness in lung
CT image processing and clinical analysis of lung disease, and various segmentation methods
have been suggested. A robust lung segmentation method is also required to support computer-
aided lung lesion treatment planning and quantitative evaluation of lung cancer treatment re-
sponse. The improved global threshold approach has made significant development in the field
of computer vision and image processing, prompting us to study its utility in lung CT image
segmentation. As a result, selecting the appropriate collection of characteristics can improve
the system’s overall accuracy by increasing the sensitivity and decreasing false positives. To
evaluate the system’s effectiveness, we also used fusion methods (LP and ASR) and classified
using SVM; however, the findings clearly revealed that these methods reduce image noise and
enhance the image quality by reducing the time as shown in Table 3.2. Experiments revealed
that the suggested approach produced favourable outcomes with accuracy (98%), sensitivity
(97.9%), and specificity (98.5%).

Our proposed method outcomes showed significant results, but it still has potential for im-
provement. First, the fusion rule of the detail layer requires further research. Secondly, the

system should be evaluated on large and different datasets to achieve greater robustness.
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Chapter 4

Enhanced Lung CT Image Segmentation
using Multi-View Image Registration and

Fusion for Lung Cancer Detection

In the previous chapter, we discuss the improved lung segmentation, fusion, detection, and
classification techniques. Here, another multi-view strategy is used to expand the amount of
qualitative and quantitative medical data available to doctors, allowing them to identify cancer
in its starting phase immediately. For multi-view image registration, MRR is suggested in this
method, while, for image fusion, DWT and PCAv are employed for this purpose. After that lung
nodules were detected and stage classifying by using the proposed GA-CNN. For quantitative
assessment of the proposed technique, seven different quality analysis measures are used to

quantify the fusion results.

4.1 Introduction

Lung cancer is one of the most lethal forms of cancer, with an estimated 422 people dying

every day around the world [36]. Cancer is most often diagnosed after the age of 50 years,
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so the number of lung cancer patients increases every day [180]. Since lung cancer is difficult
to detect relative to other diseases, it is considered one of the leading causes of death. The
primary cause of failure is the small size of the lesion, which is referred to as a nodule. Tumor
cell size is small in the beginning stage, but it grows and becomes malignant after a certain
period. Therefore, controlling the disease at an early stage has become important. If cancer is
detected early, the survival rate can be improved [10]. Recently, computer vision researchers
have developed high-tech networks that automatically spot and identify healthy and tumor areas
[11].

One imaging modality is inadequate to give the morphological and functional data needed
to diagnose normal and diseased structures in medical imaging. To provide expanded medical
knowledge that cannot be seen with a single imaging modality, multi-view medical imaging re-
quires the use of two or more images. Multi-view diagnostic imaging improves the identification
of lesions, cancerous cells, non-cancerous cells, and tumors [181]. Multi-view image registra-
tion and fusion can create a final image that contains the most detail. Registration and fusion
procedures are used to resolve this constraint to diagnose certain diseases more reliably [182].
Image registration works in the lines of geometrical dimensions of both images and matches
their level of intensity. After image fusion, the next step is to overlays both images without
removing significant clinical information. The resulting merged image will provide anatomical
and functional information. Medical image fusion is the process of combining various single-
modality medical images to better understand the morphological structure and metabolic state
of lesions and provide a more accurate disease diagnosis. A common medical image fusion
combines single-mode different CT images in slices. CT imaging examines how distinct parts
of the human body absorb X-rays. It can capture the human skeleton and has a high resolution.
Nuclear magnetic resonance technology is used in MRI imaging. While it can collect soft tissue

details from the human body, it does so at a lower resolution [183].
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Recently, the coronavirus disease (COVID-19) outbreak has spread over the world and be-
come a worldwide threat since the end of 2019, prompting the World Health Organization
(WHO) to label the outbreak a pandemic. Nucleic acid testing is currently used to diagnose
COVID-19, although it can result in false negatives. Lung CT scans can be used to screen and
monitor diagnosed cases more effectively. Computer-aided diagnosis technologies can relieve
doctors of their responsibilities, allowing for more quick and large-scale diagnostic screening.
Image fusion, medical image processing technologies, and computer analysis are used in the
computer-aided diagnosis system.

In order to more effectively extract information from medical images and conserve image
energy, this study offers multi-view medical image (CT scan) registration and fusion algorithms.
The aim of the research is to create registration and fusion tools for early diagnosis of lung can-
cer. This approach increases image visual perception while also increasing computing efficiency
and fusion performance. For multi-view image registration, a MRR technique is presented. This
proposed method also employs the DWT as well as principal component averaging. To begin,
the image is decomposed into three phases using DWT. The coefficient and approximation
components are then obtained using PCA. Separates the coefficient’s main element from both
images. Finally, fusion quality evaluation metrics are utilized to assess the merged image qual-
ity. Using multi-view imaging, surgeons and other medical professionals may conduct surgery
with greater accuracy. The suggested methodology’s contribution is to use multi-view CT scans
to more clearly visualise anatomical and functional elements of the lung.

The primary contributions of this study can be summarised as follows:

1- Human visual system is sensitive to the changes of image contrast. Thus, this chapter
proposed multi-view contrast pyramid decomposition based image fusion method, which can
selectively highlight the contrast information of fused image to achieve better human visual

effects.
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2- For the high-frequency components of multi-view medical images, it suggests a useful
fusion rule. To improve the specific qualities of high frequency components, the fusion rule
integrates three low-level aspects, including local phase consistency, local abrupt metric, and
local energy information.

3- The lung are manually marked by the radiologist in most existing CAD-based nodule
detectors, which is a time-consuming and laborious procedure. In the proposed algorithm, the
lung are automatically segmented from the CT images without any user intervention.

4- Nodules come in a variety of shapes and sizes, both regular and irregular. Existing al-
gorithms detect nodules using a few shape templates, however the proposed methodology is
independent by nodule shape or size.

5.- In an e);perimental evaluation carried out on a standard LIDC dataset, the proposed sys-

tem achieved high sensitivity and accuracy, outperforming the existing similar techniques.

4.2 Related Work

Multiview image fusion is one of the latest fields of study in medical imaging. The ap-
proaches are divided into three fusion levels i.e pixel, decision, and feature.

A deep learning strategy for medical image fusion was proposed by Liu et al. [45]. The
Laplacian method is used in this technique. In the Pilella context presented a DTCWT-based
lung cancer CT/PET image adaptable fusion method. As a result, the border and textural data of
the lesions could be more highlighted in the reconstructed fusion image. Fei et al. introduced a
sparse modeling and decision mapping-based multi-modal medical image fusion approach, en-
hancing the algorithm’s efficiency while simultaneously improving the accuracy of the fusion
findings [184]. Li et al. utilized an updated CNN model to estimate the volume of the ventricu-
lus sinister using MR images for multi-view fusion [125]. A method for using fusing images that

uses translation-invariant wavelets and cascaded PCA was proposed by Benjamin and Jayasree
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[185]. According to the experiments, the fusion method outperforms the visual and quantitative
assessment frameworks . An adaptive dictionary learning method for multi-view medical image
fusion was proposed by Aishwarya and Thangammal. For dictionary learning, useful informa-
tion blocks were separated by removing zero data blocks and using MSF to approximate the
remaining image patches. This reduced the amount of computing while simultaneously pro-
ducing a high-quality image [119]. Ziyad et al. proposed a profound knowledge technique for
lung cancer classification from CT scan images found to be the most effective in 2019. The
removed characteristics from a deep approach are optimized using MGSA [186]. Later, using
LDA reduced irrelevant features and got a categorizing precision of 94.57%.

Nasrullah et al. in (2019) developed an automated model to classify lung cancer from CT
scan images. A composite connection network connects to profound systems for feature ex-
traction, U-Net and the faster RCNN [187]. A Gradient Boosting Machine (GBM) was used to
grouped using such elements and these elements yielded a sensitivity of 94% when tested on
1200 CT scan images. Moreover, in 2019 Zhang et al. proposed model based on hybrid features
to classify lung nodules from CT scan images [188]. For better characterization of lung nod-
ules, they combined CNN, LBP, and HOG characteristics. Finally, the GBM classifier is used
to classify the fused features, with a precision of 93.78%.

A novel multi-modality medical image fusion strategy was proposed by Zhu et al. 2019
based on phase congruence and local Laplacian energy. Low-pass subbands are subjected to a
local Laplacian energy-based fusion rule. The fused image is created by inverting the combined
high-pass and low-pass sub-bands. There are three different kinds of multi-view medical image
pairings used in the comparative studies to ensure that the suggested strategy is effective. The
experiments’ results discover that the proposed strategy performs well in terms of image quan-
tity as well as computing costs the comparative studies to ensure that the suggested strategy is

effective. The results of the experiments reveal that the proposed strategy does well with respect
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to image quantity as well as computing costs [189].

In the year 2020, Wang et al present a healthcare image fusion technique stemming from
Convolutional Neural Networks (CNNs). For generating a weight map, the suggested method-
ology blends the trained Siamese convolutional system (network) with the source images’ pixel
activity information. In the meantime, to deconstruct the original image, a contrast pyramid is
used. A weighted fusion operator and the multiple spatial frequency bands are used to combine
source images. Comparative investigations reveal that the recommended fusion algorithm is
successful in protecting source images’ full structure information [190].

Three major phases are included in the proposed method given by Khan et al. (2020). First,
the gamma correction maximum intensity weights method improves the contrast of original
CT images. Second, multiple texture points and geometric characteristics are removed from
contrast images that are fused serially using canonical correlation. Finally, an entropy-based
approach substitutes zero values and negative characteristics, followed by a weighted NCA for
selection. The most distinguishing characteristics are fed into a collective classifier for the final
categorization. The recommended approach is validated using a publicly accessible dataset:
Lung Cancer Data Science Bowl 2017, with a maximum precision of 99.4% [191]. Li and
Zhao, tomography and MR images are decomposed into low and high frequencies sub-bands.
Image reconstruction is used to create the fusion image [125]. The algorithm’s fusion findings
will significantly improve image fusion accuracy. It has certain benefits in optical impressions
and objective assessment, offering a more reliable base for medical detection and treatment of
disorders.

Dafni et al, in 2021 [192] developed fused image technique to improve the results of the
mass screeniﬁg based on lung tumor examination along with Fuzzy C-Means (FCM) and frame-
work study based on PET (positron emission tomography) and CT (computerized tomography).

It monitored the frequency bands of different images and fused some low-frequency bands with
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the help of congruency measurement among the image phases. It combined an approach involv-
ing direct contrast with an algorithm involving a conventional fusion and the purpose of doing
this is to produce fused images of cells at molecular levels. Besides, the accuracy of entropy,
similarity value, PSNR is also improved by it. Furthermore, Xiao et al (2022) [193] developed
an innovative network of Siamese autoencoder for the fusion of CT and PET. As the object
of the model solution, they designed a structural similarity loss function combined with the
L1 regularization term. An assessment of intricate experimental design and over 700 pairs of
CT-PET images validated the efficacy of the recommended technique. The information entropy
gets 0.076 value and the visual fidelity after fusion gets 0.350 value. The fusion performance

results are comparatively excellent, which verifies suggested method’s usefulness.

4.3 Proposed Method

The proposed method for image fusion is cased on MRR and DWT-PCAv methods in this
study. The MRR method is highly precise compared to SRR. The resulting image is then en-
hanced with the DWT-PCAVv fusion technique. Medical CT images are used as input in the
current study. The MRR technique is used to line up the images and compare the different
levels of their intensities in the initial step of the registration process. It has been noted that
the suggested method produces preferable results than the split ring resonating technique. The
resulting image is perfectly fitted and provides more useful diagnostic information. The DWT-
PCAv fusion method is used to merge both images after registration. Figure 4.1 depicts the
overall proposed method’s structure. The resulting image is perfectly lined up and provides
useful diagnostic data. The DWT-PCAv fusion method is used to merge multiple images after
registration. Figure 4.2a shows the source image and 4.2b shows the enhanced image, which
is used in the next process of this study and Figure 4.4 depicts the proposed fusion method’s

structure.
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Figure 4.1: Block Diagram of the proposed method
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Figure 4.2: Enhancement of CT image, (a): Original CT Image, (b): Enhanced Image

4.3.1 Multi-Resolution Rigid Registration (MRR)

The improved input medical images are changed at various resolution levels during the
MRR process. The multi-view registration pyramid is shown in Figure 4.3. The pyramid’s
base image has a higher resolution than its top image, which is the lowest. Each level of the
separated images will go through a registration process. The registration procedure will produce
better results if the input images are identical in size and resolution that, will aid in diagnosing
imperfections. The pyramid’s base contains the original input images. if they are N x N,
the following stage would be N/2 x N/2, the third level would be N/4 x N/4. MRR is a
geometric transformation iterative process that exploits the similarity among the source and

targeted image.
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Figure 4.3: Pyramid model of multi-view for registration

To line up the source images into the targeted image, the proposed technique uses affine rigid
registration geometric transformations that involve rotation, scaling and shearing of the images.
There are several related metrics; however, because to its simplicity and time efficiency, we
choose using the cross-correlation similarity metric. The optimizer will execute an automatic
MRR process till getting a maximum resemblance among the original and resultant images.
It will keep calculating the similarity value until it reaches a maximum and both images are
perfectly matched. The similarity metric is defined by a non-convex function. The suggested
approach makes use of a gradient descent optimizer. Each pixel’s location, value, and neigh-
bouring pixels’ values are determined by the interpolator. The optimizer function ensures that
images are correctly registered by taking into identical metric standards. The registration proce-
dure uses images with a range of intensities, therefore the similarity function is not continuous

and has a number of local optimum values. The images can be better overlapped and recorded
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after the optimal spot is found. MRR requires more time than SRR since it registers images
iteratively.

MRR registration adjusted the levels of each image one after the other, halting when the
source and targeted images were exactly aligned. The final recorded image has a greater geo-
metrical arrangement with the intended image. Still, it is more exact with respect to alignment
but takes more time for registration. Futhermore, the proposed fusion process can reduce the

amount of time spent during the image registration process using the MRR technique.

4.3.2 DWT-PCAv Fusion

Following the MRR approach, the input source images are divided into distinct multi-view
resolutions and rotations utilizing DWT.

Figure 4.4 shows the entire step-by-step fusion process. This procedure is utilized to view
input images at various levels, with each deconstructed level holding unique data. After the
multi-scale breakdown, the main elements are computed on every image coefficients levels. On
each level of a decomposed image, the mean of the key elements is calculated, and weights
are given to each image coefficient variable for fusion rules. Low-Low (LL), Low-High (LH),
High-Low (HL), and High-High (HH) coefficient levels are applied to the input images. The
detailed coefficient scale levels LH, HL, and HH are present, while the approximate coefficients
factor LL is also presented. The PCA is fed with the LL coefficient components from two source
images. The new coefficient elements n, ny and n3 are determined from the LL coefficients
components. To measure the principle components, other complete coefficient components are
also managed. The average of the key elements of the estimation and coefficients is then used
to calculate the ny, n; and n3 average components. Finally, the final image is fused using these

two average principal components.
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The following are the key steps:
1. In the beginning, DWT is used to decompose CT input images into two or three stages.
2. After that, PCA is used to obtain detailed coefficients and approximation components.

3. Multiple multi-view source images classify each principle element of corresponding coeffi-

cient elements.

.

Fusion Using
PCAv

Fused Image

Figure 4.4: DWT-PCAv fusion process

4. PCAv technique is used to determine the average coefficient components.

5. Using the mean and averaging principal components to implement the PCAv fusion ap-

proach.

6. Use fusion quality evaluation metrics to measure the quality of the merged image.

Consider the instance where X,-l , X,-2 and X,-3 are coefficients written as a matrix column and

are generated from LL decomposition levels from three medical image sources. The compo-
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nents of the initial medical image, X;!, the components of the second medical image X? and
the components of third medical image X,.3 are included within a matrix. Where j denotes the

number of approximation coefficients.

X' =LL'= x},xé,xé,...,x} (4.1a)
X} =LI*= B85,y 12 (4.1b)
X=Il=|3 33 .23 (4.1c)

The average sample values !, u2 and p3 are calculated as

i ()nt Rt moie(Jre e

The co-variance of three vectors are calculated as.

cox! x7) = £[(sf -t ) (- 42)] @3)
cov(X;,X?) =E[(x,-‘ —u}) (x? —u,?)] @4.4)
cov(X?,X?) =E[(x%—u§) (x?—u?)] 4.5)

F Eyw Eiy Ens ”
E[(x, X7), (X! X)), (X2, %) = | By Ep En (4.6)

E3 Ex E33J

Diagonal matrix can be define as E which contains the Eigen values. p denotes the decomposi-
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tion levels. ny, n and n3 are determined from estimation coefficients, elements in the following
equations. After calculating all of the ny, n; and n3 components, the average of these elements
is calculated from the given below equations. The final medical image is fused using the PCAv
with valuable assessment details in the final stage.

If E1y > Exn > Ea3

n (LLI) = E(LL) :
™) = E(,1)+E(2,1)+E(3,1)
E(2,1)
2y — ’ . (4.7a)
n2(LLp) E(,)+EQ2D)+EQ3 1)
E(3,1)
3y )
n3(LL;) TEQD+EQD)+EB1)
if E33 is the greatest among all the Eigen values then
E(1,3)
1y ’ .
m(LLy) = E(1,3)+E(2,3)+E(3,3)
E(2,3)
2y _ ’ : (4.7b)
na(LL;) E(1,3)+E(2,3)+E(3,3)
E(3,3)

n3(LLy) = E(1,3)1E2,3)+E(3,3)

4.3.3 Lung Nodule Detection and Classification

Detection of pulmonary nodules can be done using different techniques including image
segmentation, image matching and image enhancement technology. The structure of the lung
parenchyma region contains vascular tissue, bronchial tissue and pulmonary nodules. So, unlike
the previous detection methods, there is a need of more precise algorithm because it can directly
affect the results of our classification system. Most intolerable thing for a radiologist is a missed
nodule which can be potential cancerous nodule. Therefore computer-aided detection system
can rather detect erroneously but should not miss any potential candidate nodule is the primary

requirement of the system.
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4.3.3.1 Lung Nodule Segmentation

Lung nodule segmentation was an important step for the detection of nodule. In order to
achieve this, we implemented optimal thresholding which was followed by contour correction
and labeling of connected components. The following steps were adopted for the lung nodule
segmentation:

1. Initially, the lung volume was evaluated by using the component labeling approach after the
fused CT images has been segmented using optimal thresholding.

2. We obtained a lung CT image having body and non-body areas after applying the optimal
thresholding. Black belongs to the body area, whereas white belongs to the non-body area.
The first and second biggest lung volumes were identified using connected component labelling
on a thresholded image. The majority of the undesirable non-body areas were ignored while
choosing the volume.

3. The final image after background removal has holes in the lung lobes that might contain
prospective nodules. Morphological operations were used to filled the holes for the accurate
detection of nodules.

4. Finally, the rolling ball algorithm were used to smooth the lung juxta pleural nodes.

4.3.3.2 Extraction of Nodule Candidates

There were determined to be three different kinds of lung nodules: isolated, juxta-pleural,
and juxta-vascular. By using suggested approach, there were further sub-steps involved for
the extraction of lung nodules. In first step, improved Ostu’s method was used for grouping
and labeling of lung nodule. After that dot-shape selective enhancement filter was used to
distinguish the spherical, tubular, and planner structure of nodules. The optimal thresholding
was used to detect the nodules. Finally, a rule-based analysis has been performed to select

whether to keep or discard the detected nodule based on area, volume, and diameter. A nodule
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candidate with a volume more than 30 mm should be recognized as a mass or non-nodule since
nodules range in size from 3 to 30 mm. Following rule-based analysis, many features from

prospective nodule candidates were selected and applied to train the GA-CNN classifier.

4.3.3.3 Stage Classification of Lung Nodule

Final resultant segmented lung nodules images were used as input in our proposed GA-CNN
multi-layer method. We have employed six CNN layers, with one convolutional layer and one
global average-pool layer in each layer. The suggested GA-CNN algorithm used to investigate
3x3 kernel function to categories the stages of lung tumors. We trained our proposed model in
each of the 30 epochs. By using the factor value of 10 epochs, the learning rate ¢ in each of
the 8 epochs was reduced using the proposed model. Firstly, the input image of (height x width
x depth) 512 x 512 x 8 pixels was given to the proposed GA-CNN model with 0.2 dropout
and 8192 units of fully connected layer used to classify and achieve the 98.2% accuracy in the
classification of lung cancer stage. Therefore, our proposed model achieved the accuracy to
predict the early cancer stage.

Proposed GA-CNN model has been widely employed with numerous configurations, de-
pending on the number of convolutional layers used in this model. The analysis was performed
after CNN tested with one convolution layer. Then, CNN with two layers was used, and its
findings were assessed. This technique was applied until the model’s output became efficient
and more precise. The final GA-CNN model was composed of six convolutional layers using
global average pooling layer. With respect to size of the nodules, proposed GA-CNN classified
into four stages for detection of lung cancer as shown in Table 4.1. In order to increase accuracy,

we used the fused segmented image and then forwarded it to our proposed GA-CNN model.
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Table 4.1: Classification of lung cancer stages based on size

Cancer stage Size of nodules
STG-1 3to 10 mm
STG-2 >10mm to <15 mm
STG-3 >=15mm to <25 mm
STG-4 >=25mm

4.3.3.4 Cross Validation Set

In this proposed method, the 10-fold cross validation approach were used. Nine sets were
utilised for training and one set was used for validation with a repeat of 15 epochs in the 10-
fold cross validation set. There will be 150 epochs in total for the training operations with a
batch size of 10. For the cross validation set, we fold our dataset into a set of images that is 10
folds. Using the same dataset of images, we examined folds 1, 4, and 6, and the findings were

less accurate than those of the other fold sets. The accuracy, precision, and recall performance

metrics for 10-fold cross-validation with the mean value are shown in Table 4.2.

Table 4.2: Performance metrics for 10 fold cross-validation

K- fold Precision (%) Recall (%) Accuracy (%)
1-fold 97.5 96.4 96.5
2-fold 98.7 98.1 99.5
3-fold 99.3 97.3 99.7
4-fold 97.4 96.4 96.3
5-fold 99.2 97.7 99.6
6-fold 99.7 96.2 96.1
7-fold 97.8 97.6 98.1
8-fold 979 974 99.6
9-fold 97.1 97.4 98.6
10-fold 98.6 98.3 98.0
Mean value 98.32 97.28 98.20

4.4 Results and Discussions

For the evaluation of the proposed technique, LIDC dataset is used for our proposed method-
ology, which has DICOM image format [21]. In the section 4.4.1 LIDC dataset will be discussed

in detail. The performance parameters will also be discussed which are used for the evaluation
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of proposed technique. The results of the proposed technique are presented and also compared
with the results of other techniques in details. The environment for the experimental work was
MATLAB 2016a and Dell Latitude E6230 G3 Intel Core i5 3340M, CPU 2.70 GHz with 16GB

RAM.

4.4.1 Imaging Database

The LIDC is commonly used to evaluate proposed techniques as it reveals in literature re-
view. The Cancer Imaging Archive (CIA) hosts LIDC which is freely accessible on the website
of TCIA [194]. This dataset comprises of 4,682 CT Scan images of 61 patients of lung cancer,
which include nodules ranging in size from 3 to 30 mm that four expert radiologists annotated
in two sessions. Each patient has 60-120 slices, each of which is 512x512 pixels in size and
has 4096 grey levels in HU. Pixel spacing ranges from 0.78 mm to 1 mm, with a 1-3 mm

reconstruction interval.

4.4.2 Performance Parameters

The proposed model is validated using the metrics like MI, FMI, NCC, Peak Signal to
Noise Ratio (PSNR), Structural Similarity Index Metric (SSIM), and Root Mean Square Error
(RMSE). MI decides how information from source images and fused images are combined
[195]. If the source and resultant images are independent then the MI will be zero [196]. More
information are common between the source and resultant images if the MI is higher. MI can

be expressed as [197].

Ml = Gx+ Gy — Gxy (4.8a)

Mip = Mlgx + Ml (4.8b)
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Where G, indicates the joint entropy of image X and G, means the joint entropy of image
Y, and Gy, denotes the joint entropy of image X and Y. MI,, signifies the mutual knowledge
between the source and the consequent image. Similar to this, Eq. 4.8b defines M1 of the fused
image, which is MIp. PSNR is an RMSE-based quantitative measure. PSNR calculates the ratio
of intensity levels in medical images to the corresponding pixels in the final image. A higher
PSNR value indicates higher quality fusion or registration.

2
PSNR = 10log,, (g‘“—a")-) (4.9)

RMSE

The highest pixel grey levels quantity in the fused image is indicated by fja.. The SSIM
estimates the similarity among two regions z, and z, in images X and Y. Where Z, and Z,, are

the local means, 0z,z, is the standard deviation, /; and h; are the positive constants.

(2szy + hl ) (ZO-Zny + h2)

SSIM, =
(o) = (2 + 22+ h) (022 + 022y + hy)

(4.10)

MI calculates features from the resultant fused image. It showed how various edges, curves,
and additional characteristics were added to the fused image from the source images. The effi-
ciency of the resultant fused image is proportional to the value of FMI, which can be expressed

in the following way mathematically.

FMIo = FMIpx + FMIp, 4.11)

FMI represents for the attributes of the final image that were transferred from the source
images X and Y. Images X and Y have the characteristics FMIpy and FMIp, respectively.
By comparing the final fused image to the ground truth image, RMSE calculates the image’s
quality. Where S(i, j) is the resultant fused image and O(i, j) are the original input images. Its

value should be closer to zero for successful fusion performance.
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4.4.3 Multi-Resolution Rigid Registration (MRR) Results

Figure 4.10 shows the pre-processed enhanced image. After pre-processing, registration
is the most crucial step. Registration affects the fusion efficiency as well. Intensity-based
registration works well with multi-view image registration. Both rigid registration techniques
are applied on CT lung images. These approaches were chosen because full image alignment
can be completed rapidly, whereas time complexity is not an issue in SRR. But, the quality of
image registration is compromised.

In order to evaluate improved registration outcomes, the visual consequences of lung regis-
tered images with an absolute difference are exhibited. It is observed that these outcomes are
suitable for human perception. Figure 4.5 shows the results of MRR technique implemented on
different lung CT images of patients. Each set of CT images is divided into three parts from
(a-i), [Left] side shows the source image, [Center] side shows the thick boundary identification,
and [Right] side shows the resultant images after applying the MRR technique while 4.3 rep-
resents the results of image registration quality assessments measures. Furthermore, statistical
analyses is performed to show which technique produces significant results in the registration
process. In most circumstances, the MRR performs better. MI, CC, SSIM, NCC, PSNR, SSD,
and RMSE are the seven registration quality assessment measures that have been chosen for
validation. Both registration methods’ computing costs are also computed. For better image
registration, the values of MI, CC, SSIM, NCC, and PSNR should be high, while the values of

SSD, RMSE. Table 4.3 displays the statistical results of lung image registration.
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Figure 4.6: Set-1: Multi-view image registration of lung CT images using SRR method with
different performance parameters

Figure 4.7: Set-2: Multi-view image registration of lung CT images using SRR method with
different performance parameters
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Figure 4.8: Set-1: Multi-view image registration of lung CT images using MRR method with
different performance parameters

Figure 4.9: Set-2: Multi-view image registration of lung CT images using MRR method with
different performance parameters
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Figure 4.10: Set-3: Multi-view image registration of lung CT images using MRR method with
different performance parameters

Figure 4.11: Set-4: Multi-view image registration of lung CT images using MRR method with
different performance parameters
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Figure 4.12: Set-5: Multi-view image registration of lung CT images using MRR method with
different performance parameters

{e}

Figure 4.13: Set-6: Multi-view image registration of lung CT images using MRR method with
different performance parameters
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Figure 4.14: Set-7: Multi-view image registration of lung CT images using MRR method with
different performance parameters

Table 4.3: SRR and MRR Technique comparison on multi-view lung CT images

Source Images

Techniques Source Image-1 Source Image-2 Source Image-3

SRR | MRR SRR | MRR | SRR | MRR
Mutual Infor- | 1.165 1.186 1.154 1.167 1.15 0.93
mation (MI)
Co-relation 0.88 0.89 0.91 0.92 0.74 0.81
Co-
efficient(CC)
Structure 0.77 0.79 0.81 0.82 0.57 0.60
Similarity
Index Method
(SSIM)
Normalized 0.93 0.94 0.95 0.96 0.92 0.94
Cross Correla-
tion (NCC)
Peak Sig- | 30.91 40.43 32.35 43.34 27.62 30.42
nal to Noise
Ratio(PSNR)
Sum of Square | 9.41e +09 | 9.20e+ 09 | 7.78¢ + 09 | 7.04e +09 | 1.17e + 09 | 1.17e+ 09
Distance
(SDD)
Root  Mean | 0.033 0.033 0.032 0.032 1 0.035 0.035
Square Error
(RMSE) 1
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The proposed strategy produces significant results than the other methods tested. The as-
sessment metrics MIF, CC, FMI, SSIM, NCC, PSNR, and RMSE are chosen in Table 4.4 to
compare the statistical results of the suggested methodologies with state-of-the-art fusion meth-
ods. Image fusion evaluation parameters were then compared with previous methodologies
(Symlet wavelet [198], Daubechies wavelet [47], Dual tree complex wavelet [46] and proposed
method). For MIF, CC, FMI, SSIM values are 1.58, 0.91, 0.80, 0.81, respectively. SSIM values
are 0.53, 0.34, 0.29 0.15. In NCC values were 1.74, 2.10, 0.25, and 0.73. Moreover, PSNR
values were 12.26, 10.00, 42.98, and 10.25 simultaneously. RMSE was also calculated and
values were 0.62, 0.80, 0.02, and 0.02 correspondingly. It has been observed that the proposed

technique, for the most part, yields satisfactory outcomes.

Table 4.4: Image fusion quality assessment result of multi-view CT images by using different
fusion method

Fusion LIDC
Techniques Symlet wavelet | Daubechies wavelet | Dual-tree Proposed
complex Method
wavelet trans-
form

Medical Im- | - - - 1.58
age Fusion
MIF)
Co-relation - - - 0.91
Co-efficient
(CC)
Feature - - - 0.80
Mutual Infor-
mation (FMI)
Structure 0.53 0.34 0.29 0.81
Similarity
Index Method
(SSIM)
Normalized 1.74 1.74 0.25 0.73
Cross Correla-
tion (NCC)
Peak  Signal | 12.26 10.00 42.98 10.25
to Noise Ra-
tio(PSNR)
Root  Mean | 0.621 0.806 0.02 0.02
Square Error
(RMSE)
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Table 4.5: Objective metrics of multi-view medical image fusion

Techniques Data set | QA8/F | (Lap/r) | (N /) QTE | QF | VIF
Nazir et al[203] LIDC 0.79 0.16 0.01 - - .
Proposed method | LIDC | 0.850 - - 0.546 | 0.809 | 1.76

Figure 4.15 explains how metrics of each fusion quality evaluation should be high to pro-
duce superior image fusion outcomes, with the exception of computation time. Better fusion
necessitates a low computation time value. The majority of current fusion methods are com-
putationally intensive. Compared to other existing methodologies, the suggested methodology
requires less calculation time. The image fusion computation time is measured in seconds. It is

determined by the parameters of algorithm and the hardware and software specifications.

4.4.4 Evaluation of Objective Metrics

A single assessment metric cannot accurately represent the quality of the fused image for
quantitative evaluation. As a result, a variety of measures are used to provide a thorough review.
The performance of several fusion approaches is quantitatively evaluated in this research using
six widely used measures, which are (Lag/r), (Nyp ), QTE (1991, Q'E (2001, 0*8/F [201] and
VIF [202]. The Tsallis entropy and nonlinear correlation information entropy of fused images
are assessed using the functions Q7% and Q'F, respectively. The edge information is measured
using Q*8/F, VIF assesses many elements of how well humans can visualise fused images.
The ratio of referenced image information to distorted testing image information is represent as
VIF. Whereas, the total loss of the image was determined using L,p/r, and the level of noise
and other related artifacts was calculated using (N}, y £) [172].

Six indicators are used in this research to assess the performance of the fusion. The average
values of previous and proposed method for multi-view CT image fusion are shown in Table

4.5. The proposed method achieves the higher 048/ value than other method.
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4.4.5 Result of Image Fusion By Using DWT-PCAv

Using DWT-PCAv, the multi-view image fusion of lung CT images is shown in Figure 4.15.
Original CT lung image of patients (1-5) is shown in column 1. These images have low contrast
and a lot of colour misrepresentation. Column 2 shows segmented images of patients (1-5). The
third column shows the resultant fused images of patients (1-5) with detailed information. The
proposed method also preserves much information that helps doctors diagnose the disease. The
evaluation parameters MIF, CC, FMI, SSIM, NCC, PSNR, and RMSE in Table 4.4 are calcu-
lated and compared the proposed method with different image fusion techniques, i.e., Symlet
wavelet, Daubechies wavelet and Dual-tree complex wavelet transform. For MIF, CC, and FMI
the value were 1.58, 0.91, and 0.80. In SSIM proposed method showed uppermost value (0.81),
however, Dual-tree complex wavelet contained the lowest value (0.29). NCC contains the best
value (0.73) by using our proposed method whereas Symlet wavelet and Daubechies wavelet
showed the values (1.74). Moreover, PNSR has the highest value (42.98) for Dual-tree complex
wavelet whereas, Daubechies wavelet had the lowest value (10.00). For RMSE, Daubechies
wavelet is having highest value 0.806 and the lowest value for this parameter is 0.019 by using

our proposed method.

4.4.6 Results of GA-CNN Classifier

In the LIDC/IDRI dataset, 61 cases included 2341 CT images. The proposed GA-CNN
model detected 1423 lung nodules. The nodules with sizes ranging from 3 to 30 mm (512 x
512 pixels) were used in this model. The CT lung images with solid, semisolid, and non-solid
nodules were all categorized using the LIDC-IDRI data collection. GA-CNN classified the
nodules as “well-circumscribed, juxta vascular, juxta pleural, pleural tail” Table 4.6showed the
number of solid nodules, semisolid nodules, and non-solid nodules.

Our proposed model detected 1398 out of 1423 nodules, which showed the detection rate of
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Figure 4.15: Multi-view image fusion of lung CT images by using DWT-PCAv
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Table 4.6: Various types of lung nodules

| Solid nodules Semi-solid nodules Non-solid nodules Total nodules
513 609 301 1423

Table 4.7: Classification results of lung cancer stages based on nodule size

Cancer stage Size of nodules Total nodules
STG-1 3to 10 mm 708
STG-2 >10mm to <15 mm 290
STG-3 >=15mm to <25 mm 304
STG-4 >=25mm 96

98.2 % with 1.8 % FP/scan. The total number of false positive (missed nodules) by the proposed
model were 25. The GA-CNN model classified the nodules with respect to size and internal
structure. Result has been summarized in the table 4.7 through GA-CNN classifier. In stage-1
(STG-1), total 708 nodules classified within range of size from 3 to 10 mm, while in stage-2
(STGT-.Z) total 290 nodules classified as per defined size range. Moreover, in stage-3 (STG-3)
and stage-4 (STG-4), total 304 and 96 nodules classified using GA-CNN respectively. Due to
the use of non-uniform performance metrics and various assessment criteria, such as the dataset
and types of nodules taken into consideration, we concluded that it is very difficult to compare
the findings with earlier work that has been published. Despite this limitation, we attempted
to compare the performance of our suggested system with the existing Lung CAD systems, as
shown in table.4.8. The proposed model performed well in terms of accuracy, sensitivity, and
specificity, obtaining values of 98.2%, 96.4%, and 97.2%, respectively, but underperformed
in terms of false positives, with a value of 1.8 FP/scan. Each test set is different, with training
samples comprising 20-70% of images and testing samples comprising 10—40% of images. The
proposed model significantly outperformed than "3D-CNN, 2D-CNN, SVM, ANN, and CNN"

suggested by other authors included in the summary Table 4.8.
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Table 4.8: Performance comparison between proposed and existing CAD systems with nodule

size 3-30(mm)

Method Dataset |Classifier|/AccuracySensitivitySpecificity|FPs/Scan/Nodules
Proposed Method LIDC-IDRI |GA-CNN| 98.2 96.4 97.2 1.8 1398
Eali Stephhen[204] LUNA ([3DCNN| 89.0 83.5 80.5 - -
Nagi et al [177] LIDC-IDRI | SVM 96.9 95.6 97.0 2.8 777
Gopi et al.(2022)[205]| LIDC-IDRI | M-CNN | 97.0 84.7 81.7 1.7 -
Xie et al [178] LUNA16 |2D CNN - 83.0 - 8.0 -
Shaukat et al [102] LIDC SVM 93.7 95.5 94.28 5.27 148
Zhang et al [96] LIDC-IDRI| SVM 93.6 89.3 - 2.1 168
Ali et al [98] LIDC-IDRI | ANN 64.4 58.9 553 - 888
Teramoto [179] Clinical SVM - 83.0 - 5.0 186
Acharya et al.[206] [EPILEPSIAE| CNN 88.7 82.61 78.61 - -

Our suggested GA-CNN model outperformed other methods based on performance mea-
sures, and this was attributable to the effective tumour stage classification, segmentation, and
fusion techniques used in the lung tumour. By utilising CT scans images of lung tumours,
this suggested method helps produce a precise tumour detection. The time complexity of the
suggested technique is O(p?) and the overall processing time is 1800 seconds, where p is the

number of pixels in the segmented fused image.

4.5 Conclusion And Impending Work

Compared to classification methods, the proposed methodology for image registration and
fusion aims to reduce the number of manual inspections while increasing the precision of the
auto process. The proposed MRR eliminates the SRR’s drawback. The SRR is a time-saving
method, but it comes with the risk of mis-registration. The fusion phase uses the MRR recorded
image as an input. By fusing three lung images thus preserving important details, the PCAv
fusion technique enhances the image quality. PCAv fusion also has the benefit of being time-
saving. The suggested technique is applied on whole dataset of lung images, one of which
contains regular source images, the second contains the segmented images, and the last one is

the final resultant fused images. Established fusion approaches are contrasted with the proposed
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approach. Visual and statistical representations of the image registration and fusion results are
given. Moreover, suggested GA-CNN model for nodule classification were applied unsuper-
vised learning neural networks as a predictor and stage classifier to detect nodule more accu-
rately. The accuracy, sensitivity, and specificity of the performance metrics were calculated,
and compared with the existing approaches. The findings indicate that stage categorization for
evaluated segmented fused images was 98.2% accurate. In comparison to other existing tech-
niques, the proposed approach shows potential. Researchers will continue to work on non-rigid
registration in this field and apply their findings to other image modalities procedures. For im-
proved results, this study may be integrated with machine learning models, such as the quick
and portable 3D CNN. The cutting-edge research can be applied to a variety of current diseases

including COVID-19 and its effects on lung psychology.
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Chapter 5

Conclusion and Future Work

5.1 Conclusions

In this dissertation different methods are proposed for lung cancer detection and staging.
For this the major steps are segmentation, features extraction and classification. In proposed
method multi-view image fusion techniques along with SVM and GA-CNN classifiers for early
lung cancer detection are used.

In the proposed method for lung cancer detection adaptive global threshold is used without
post image processing. The proposed method uses LP decomposition and ASR approach for
multi-view image fusion. In the proposed method, dictionaries are built in each layer using LP
method. This reduces the effect of background, noise and block impact. From the lung nodule
candidates, the features like shape, intensity, and texture information are extracted by using
SVM. The experimental results reveal that the sensitivity of the proposed method is 97.9%,
with 2 false positive per scan which is better than the existing methods.

To improve the image quality, an image fusion technique is proposed based on the PCAv
which fuses three lung images without loosing clinical information. Before fusion the images,

MRR technique is used for image registration. The fused image is used for lung cancer detection
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and staging. A GA-CNN classifier is used for the lung nodule detection and staging. The
experimental result shows that the accuracy of the proposed method is 98.2%, with 1.8 false

positive per scan which is also promising results.

5.2 Future Work

There is still has a lot of research work space to be done in CAD system before a commercial
product can be developed and used in hospitals. Following are the future work directions:

1. It is necessary to build a more comprehensive local template library for lung nodules in
order to conduct future research and development on the segmentation of suspected nodules.
Recently, some researchers have assembled different types of nodule patterns and experimented
with assembling a library of nodule templates, but the primary issue they have run across is the
diversity in nodule features.

2. The proposed methods could also be used to detect problems in tissue patterns, including
endobronchial nodules, carcinomas showing as uneven wall thickening of lung bullae and hilar
lesions. The fundamental problem with these diseases is that a limited dataset is available.

3. The CAD system needs to be tested on adequately large dataset to increase robustness,
and after that, the results on how the system is capable of safely managing hospital real-time
clinical tests must be published. The radiologists should also be taken into loop for the validity
of the results.

4. Multi dimensional image reconstruction has become an important aspect of image pro-
cessing in CAD system. Doctors require more comprehensive multi dimensional imaging sys-
tems. The concept of multi-dimensional image reconstruction and segmentation required ex-
tensive research.

5. The detection of nodules (less than 3mm) is an another area that requires attention. Future

CAD systems needs to be capable of detecting all sizes of nodule (including micro nodules) in
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terms of accuracy, sensitivity, specificity, and less FP/scan.
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