DETECTION OF LUNG CANCER WITH THE FUSION OF COMPUTED AND
POSITRON EMMISION TOMOGRAPHY

A Dissertation submitted in fulfillment of the requirements for the Degree

of
MASTER OF ENGINEERING
in

Electronic Instrumentation Control Engineering

Submitted by

Jaspreet Kaur
80145103

Under the Guidance of

Dr. Sunil Kumar Singla

Associate Professor, EIED

2016

Electrical and Instrumentation Engineering Department
(Declared as Deemed-to- be-University u/s 3 of the UGC Act., 1956)
Thapar University, Patiala

Post Bag No. 32, Patiala — 147004

Punjab (India)



DECLARATION

| hereby certify that the work which Is being presented in this thesis entitled, “Detection of
Lung Cancer with the Fusion of Computed and Positron Emission Tomography” in
fulfillment of the award of degree of Master of Engineering degree in Electronics
Instrumentation and Control Engineering submitted in ELECTRICAL & INSTRUMENTATION
Engineering Department of Thapar University, Patiala, is an authentic record of work carried
out by me under the supervision and guidance of Dr. Sunil Kumar Singla, Associate Professor

of Electrical and Instrumentation Engineering Department, Thapar University, Patiala.

Place: Patiala

Date: 15— [-16 aslf;teet Kaur)

801451013

| certify that the above statement made by the student is correct to the best of my knowledge and

belief.
/\/\ b
.
(Dr Sunil Kumar Smgla)
Associate Professor
Electrical & Instrumentation Engineering Department
Thapar University, Patiala
Countersigned By
(Dr. Ravinder Agarwal ) (Dr. S.S. Bhatia)
Head of Department Dean of Academic Affairs
Department of the Electrical and Thapar University, Patiala,
Instrumentation Engineering, Punjab.

Thapar University, Patiala, Punjab.




ACKNOWLEDGMENT

In pursuit of this academic endeavour, | feel that | have been singularly fortunate because
inspiration, guidance, direction, cooperation, love & care- all came in my way in abundance
and it seems almost an impossible task for me to acknowledge the same in adequate term.

| am very thankful to the Director of Thapar University, Dr. Prakash Gopalan, and our Head
of Department, Dr. Ravinder Agarwal, Department of Electrical and Instrumentation
Engineering for their support during the research work.

Also, | shall be failing in my duty if | do not record my profound sense of indebtedness ans
heartfelt gratitude to my supervisor, Dr. Sunil Kumar Singla, Associate Professor,
Department of Electrical and Instrumentation Engineering, Thapar University, Patiala, who
guided and inspired me in pursuance of this work. It was his able supervision, advice and
guidance from the very early stage of this research as well as giving me extraordinary
experiences throughout the work which has resulted in fruitful outcome. | feel bereft of words
to acknowledge his contribution to shape my academic perceptivity.

| feel thankful to the entire faculty and staff of the Department of Electrical and
Instrumentation Engineering. | would also like to thank my friends who devoted their
valuable time and helped me in all possible ways towards successful completion of this work.
| thank all thode who have contributed directly or indirectly to this work.

Lastly, | would like to thank my parents for their unconditional support and encouragement.
JASPREET KAUR

Roll No. 801451013



ABSTRACT

Computed Tomography (CT) is an imaging technique which gives the structural information
of the internal parts of the body. Positron Emission Tomography(PET) gives the functional
information of internal parts of body. Fusion of CT scan and PET scan is mainly done by
machines in many hospitalds the installation machinery is costly, all hospitals may not
afford it. Wavelet based fusion is the method to obtain the fused PET/CT without machines
Database has been collected from PGIMER, Chandigarh. Database included 70 abnormal and
100 normal images of both PET and CT scans. Fusion of CT scan and PET scan of lung
images and classification of PET/CT images have been done in this dissertation. Fusion has
been done by wavelet transform (using haar as a mother wavelet) and PET/CT images have
been obtained which have higher sensitivity & specificity. This technique of fusion is cheaper
than the machine fusion and also it is easy to use as compared to machines. Segmentation of
ROIs has been done to segment normal and abnormal ROIs by manual segmentation
technique. Further, features have been calculated for both normal and abnormal PET/CT
images by Gray Level Co-occurrence Matrix (GLCM) technique. PET/CT images have be
classified using support vector machine. The results of classification shows that the accuracy
of PET/CT is greater than the accuracy of CT images. The accuracy comes out to be 98.2%,

which is 3.2% greater than the accuracy of CT images.
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CHAPTER 1
INTRODUCTION

1.1 Overview of Computed Tomography (CT) Scan

Computed tomography (CT scan) uses low dose X-rays for diagnosing the disease. It is a
kind of non destructive method which used computerized processed X-Rays to diagnose
parts of opaque objects. The 3-D image is obtained by using large series of 2-D images
of opaque object taken around one single axis of rotation. CT scan is mostly used for
diagnosis of abdominal and pelvic, cardiac, head, lungs etc. In head part, it is mainly
used to diagnose bone trauma, tumor, infraction etc. Complexed fractures are also
detected by CT scan [1].

In X-rays, information is displayed in high-resolution analogue kind (increasingly, digital
frames are being utilized) [2]. It is due to one soft tissue appearance regarding constant,
as a result of all soft tissues interacts in primarily constant means with X-radiation.
Therefore the liver, bladder, and thus the necessary digestive fluid ducts, are all hidden
within the same giant soft tissue shadow. The story may be a bit totally different with
CT. The physics allow larger discrimination between the varied structures that form up
the soft tissue.

A typical CT study might use anywhere from twelve to forty slices. The table slides

out of the scanner, the array spins around body obtaining data that slice and so goes on
two consecutive slices wherever constant method is repi@ted

The arrival of the spiral, or whorled CT has greatly improved the CT by taking pictures
continuously. It takes less time and slices are obtained quickly. The cough and breath-
holding drawback of the standard CT scanner does not exist with whorled CT, since the
whole chest is scanned in one short breath hold.

But there are still some issues with this scanner, the frame has to be redesigned because
the detector array has to travel in a continuous circle. The PC conjointly needs
upgradation to accommodate translating a 3- dimensions into a two-dimensional show. In
cases where geometric skills, have to be updated with "Z" plane. Once the standard
scanning is done, it does not require the Z-plane.

In order to notice a stone within the lower channel of body (the tube that conreects th
urinary organ to the bladder), CT scan allows imaging at the highest point of that tube till



the end. CT scanning allowed the medical specialist to expertise in is different structures,
like the liver, duct gland, digestive fluid ducts, aorta, and other parts of body organs and

tissues. The set up of CT scan has been shown in Figure 1.1 and a typical CT slice is

shown in Figure 1.2.

Fig 1.1 CT scan set up [2]

Fig 1.2 CT scan



1.2 Advantages of CT scan

Following are the advantages of CT scan [4]:-

1. Itis a painless and non invasive procedure that greatly assists radiologists in investigating
vessel diseases, infectious diseases, trauma and sureforms of cancer.

2. The CT machine records clear and 3-D sliced pictures of bone, soft tissue and blood vessels
in comparison to the X-rays. The CT scans diagnostic ability creates surgical diagnostic
test or beta surgery.

3. It provides a clear 3D pictures of the coronary arteries while without any invasive technique.

4. Most partial CT scans covers a full scan of the complete body in a few 30 minutes. This

scanning time helps to find internal injuries and internal haemorrhage quickly.

1.3 Positron Emission Tomography (PET) Scan

Positron Emission Tomography (PE%$)a method which gives the 3-D view of the functional
details of internal parts that occurs in the bfigly Tracer emits thg-rays which are detected by

the scannerA 3-D scanis then analyzed with the help afcomputer [6]. Fluorine-18 (F-18)
fluorodeoxyglucose (FDG) tracertis used to detect various types of cancers accurately [7]. The
main disadvantages of PET scanners is that they are very costly and their installation is very
difficult.

FDG tracer uses glucose and phosphorylated byhexokinase. There are other alternative traces
likel1-C Metomidate are available for PET. However, they are not able to find severe tumours

like Cortexorigin.
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Fig 1.3 PET scan



1.4 Fusion of CT scan and PET scan

Positron Emission Tomograph@omputed Tomography (PET-CT or PET/G3 an imaging
technique which merges the information of CT scan and PET scan and thus provides more
information than CT and PET alof@]. Image samples are taken from each device and are
superimposed. Thus, functional images obtained by PET, that depicts the distribution of
metabolic or fuctional changes within the body will be a lot of exactly aligned or

correlate with anatomic imaging obtained by CT scanning.

PET-CT has revolutionized diagnosisseveral fields, by adding exactness of anatomic
localization imaging, that was antecedently lacking by alone PET imaging. Though the
combined device is significantly costlier, instead it's advantagaqusviding in details.

Also there is a challenge the radiopharmaceuticals used for PET imaging, that have small
shelf life.

Since therare numerous strategies and algorithmic rules for fusion of the pictures and have
special benefits of every algorithm combined, thus analysis becomes a lot of subtle.

Several strategies exist to perform image fusion.
1.5 Multisensor Data Fusion

It is a procedure which combines the information from different sources for efficient systems
[4]. Different sensors deliver completely different images from the various point of view. The

fusion sums up the information from different sensors to a single image.

1.5.1 Categories of Sensor Data

Following are the categories of sensor d&ia-

1. One dimensional signals (digital, analog).

2. Two or n-dimensional arrays such as images or radiation field.

3. Procedural information, such as speech, text, software, behavioral rules etc.
1.5.2 Types of Multisensor Fusion

1. Signal-level fusion



2. Image-level fusion

3. Feature-level fusion

4. Symbol-level fusion

1.6 Image Fusion

It is a process of producing a single image from multiple images by combining the relevant
information from both of the images [3] . The information contained in a fused image have

more useful information. The fusion of images is shown in Figure 1.4.

Redundant Information

SENSOR
A

SENSOR
B

Complementary Information

Figure 1.4 Image fusion [4]

1.6.1 Advantages of | mage Fusion

Advantages of fusion are listed below [8] :-

1. Improved reliability— Interference is reduced by combining the multiple image
reliability increases.

2. Robust system performaneeRobustness of systems is also increased by redur
in multiple measurements. If any one of the sensors fail then the system can
depending upon the other sensors.

3. Compressed informatior Fusion compresses the information as it combine
whole information from many images to a single image. It is highly used in r
sensing.

4. Expanded range of operation Multiple sensors that can work under diffel

situations  can be brought into the action for the efficient scope of functionii



an instance, for day and night, two different sensors can be used.
1.7 Motivation

High resolution, multi-spectral, cost effective and robust image sensor design technc
the main reasons for the research of fusion of images. As CT scan prov
structural information of anatomy, wherever as PET provides the useful functional
However, if the structure of the organ (e.g structure of brain, abdomel
doesn't amendment throughout any sickness, then it will be detected by PET scan. }

The contrast of PET is lower than CT scan, thus fusion enables better accuracy [9].
1.8 Requirement of I mage Fusion Schemes

Following are the requirements for the fusion of images [8]:-

1. Obtaining the relevant information from the images (CT scan and PET scan).

2. Artifacts or inconsistencies should be repaired.
1.9 Related Resear ch Fields of Image Fusion

The research fields in which fusion is mainly used are described below:-

1. Image processing: Image fusion is highly used in image processing fie
processing of satellite images or medical images.

2. Auto object detection: It can also be used for detection an object.

3. Robotics: Fusion is used in robotics for automating industry.

4. Remote sensing: It is used in remote sensing and used where high spatial res

required.
1.10 Typesof Fusion

For performing the fusion of images, they need to be registered first. Unregistered
cause errors in fusion and thus corrupts the image. Some famous types of fusion te
are [10]:

1. High pass filtering technique

2. PCA based image fusion



3. IHS transform established image fusion
4. Pair-wise spatial frequency matching
5. Wavelet Transform

1.11 Need of Fusion

As CT scan provides the structural information of anatomy, wherever as PET prov
useful functional details. However, if the structure of the organ (e.g structure of
abdomen etc) doesn't amendment throughout any sickness, then it will be detectec
scan. However, The contrast of PET is lower than CT scan, thus fusion enable

accuracy [11].
1.12 Problem Formulation

The objectives of the dissertation tittlé@etection of Lung Cancer with the fusion of

Computed Tomography and Positron Emission Tomography” are written below:-

1. Study of PET and CT images.

2. Fusion of PET and CT images.

3. Preprocessing and Feature extraction from the fused images.

4. Classification of cancerous and non cancerous images using SVM.



CHAPTER 2

LITERATURE REVIEW

PET-CT has revolutionized diagnosisseveral fields, by adding details of anatc
localization imaging, which was lacking by alone PET imaging. Research in

techniques have been summarized here :-

Giraud P et al. [12] validated atechnique to analyze the carcinoma cancerous
performing the fusion procedure. 12 patients were examined thoroughly. FDG-CDI
performed which was similar to CT scan. Dose volume histograms (DVH) were
calculated after fusionf the information. CT scans and FDG-CDET scans were fus

determine the cancerous cells. Fusion technique had improved the accuracy.

Yani Picard et. al [13] introduced that during PET of head, head is continuously mon
with two video cameras to scan the motion of head. It is real time technique, that rec
position of head during motion. Whenever the movement of head is larger than the
displacement, then PET data acquition system starts saving the acquition with respe
position. The number of frames taken were equal to the frequency of movement of ¢
After adding up all images, resultant image has less artefact effects.

John A. Kennedy et. al [14] introduced a super resolution technique for improving
resolution of PET images. Higher resolution images were obtained by an iterative al
Attenuation corrected PET images were obtained using 2-D and 3-D acquition m
scanner. A super resolution scanning was done around lesion. During scanning,

exposure was not increased. Then images were reconstructed that were of more rest

Andre Salomon et. al [15] introduced a reconstruction technique for PET from
information of MRI scan. In this work, information from MRI scans were preferable i
of CT scan, as CT scan some degrading effects like attenuation etc. Pattern recogr
registeration techniques were applied on MRI using information of CT scan. Nun

attenuation coefficients were reduced during this work.

S. David et. al [16] detected the metabolic changes during PET. Standard uptake
(SUV) plays an important role in diagonosis of any cancer. Fusion was done in th
from multiple observations. This work showed that multi-observation technique was

than Fuzzy C means (FCM) technique. Volume errors were observed using

8



Segmentation of PET/CT images was done to analyze these techniques.

J J Hamill et. al [17] stated that attenuation errors can occur when exposure to x ray
very low level & can cause errors in PET. So attenuation was corrected by scai
80kVp rather than using 120-130kVp. This technique was used for PET/CT imagi
PET imaging. Low dose imaging was compared to high dose imaging technolog
images were reconstructed and compared by SUV levels. This work showed that low
120kV scans are suitable and also doesn’t require segmentation. 80kV dose was n

recommended in this work.

Sonali Mane et. al [18] introduced DWT and PCA methods for fusing MRI and CT im:
PCA and DWT both are applied to integrate the information. These images we
evaluated by PSNR anylasis and RMSE analysis. DSP processors were used for p
images. After decomposing the coefficients of two images, they were combined [

method and fusion rules were applied, then inverse transform was taken.

Bhavana. V et. al [19] stated thathe information contained in MRI, PET and CT ime
alone is not complete. So they need to be reconstructed so as to increase the inform
contained. So scan was improved using multi modal technique of fusion. In this wo
and MRI images were preprocessed. By preprocessing the images, degraded ima
also diagnosed. Preprocessed & enhanced image was then treated with wavelet t
Brain regions were captured during different activities. The system showed around

results. Color distortions were reduced using this technique.

W. Paul Segars et. al [20] derived a technique for attenuation correction of PET in
using the attenuation map from CT information. They utilized the (NCAT) i.e. the ¢
based cardio torso along with real respiratory model, that was based on CT informat
data was registered although minor registeration problem occurred at lungs and di¢
This technique provided more information that was also accurate and correct.

N. Indhumadhi et. al [21] introduced the method of fusion. First wavelet transform
applied to the medical images and were decomposed, lower approximation details w
using Laplacian fusion technique and for higher details was used then these were ¢
to get new image. After this the resultant image was reconstructed using inverse

Laplacian technique was used, because it is accurate and reliable an gives more info

Namita Aggarwal et. al [22] described the first order and second order features. Fe

9



that are based on texture give less features. Wavelet and texture based featt
evaluated for the classification of Alzheimer disease from MRI images. Training and
time was evaluated along with sensitivity, specificity and accuracy. After evaluation
performances, first & second order feature extraction technique was said to be more

and precise as compared to wavelet based method.

K. Malaa et al. [23] performed classification analysis of cirrhosis liver from CT imze
Classification was done using Linear vector Quantization (LVQ), Probabilistic |
Network (PNN) and Back Propagation methods. The data set included was abdo

images. PNN showed the high accuracy from all.

L. Devan et al. [24] described a technique to classify lung cancer using the metl
computer sided diagnosis. Texture based features were extracted during thi
Classification of lung images for tuberculosis was done by using the methods such ¢
network & statistical method of classification. The classification was done on 440 CT
and 180 carcinoma images. The method that was performed was helpful to

carcinoma and fibrosis.

T. Suna et al. [25] performed the comparison of SVM with other classifiers. SVM
compared to Decision trees, LASSO regressions, k-nearest neighbour & random fore
7438 ROIs were segmented for this experiment from 259 patients. 5984 ROIs were
training data set out of total 7438. The results showed that SVM is better classifier th

classifiers for lung cancer.

| leea et al. [26] evaluated different types of classifiers by diagnosing lung disease frt
images. The classifiers used were Bayesian classifier, SVM, Artificial neural netwo
classifiers were tested on 67 normal lung,70 bronchiolitis obliterans, 63 centri
emphysema and 63 mild centrilobular emphysema images. Out of all the classifiers t
evaluated in this work, SVM gives the best performance results.

S. Arivazhagan et al. [27] performed classification of texture by using Ridglet trans
and made a comparison with wavelet transform classification. The features were obt:
texture from the sub bands of decomposition of ridglet & after that these features wi
for classification. The data set was included 20, 30, 112 and 129 images. The result:
in this work was that the ridglet transform has good accuracy as compared to the

transform.

10



V. S. Bharathi and L. Ganesan [28] performed feature selection technique of orthoc
features order. Zernike moment and Legendre moment features were evaluated for s
images. Then the new method called statistical feature selection method that was b
test was proposed for the order of features. The data set included was 50 normal irr

70 abnormal CT images of liver.

S. Basu et al. [29] introduced a model for classification to classify lung disorders and t
in CT images. Texture features were being extracted in this work using some
methods like co-occurrence matrix technique, wavelet decomposition method, morph
features technique etc. Features were selected using techniques called relief-F me
wrapper. After doing this much of work, features were classified using SVM and d
tree techniques. The classifier was applied on the CT images of lungs which were
adenocarcinoma and 36 with Squamous cell Carcinoma. The accuracy came out t

68% with the proposed method.

O. Kayaaltia et al. [30] introduced a method of classification for liver fibrosis stag
using CT scans. First of all features are extracted by using GLCM and grajifference
method, gabor filter method and wavelet transform technique. Then the feature
selected by using exhaustive technique. After this classification was done using k
neighbour method (k-nn) and SVM. SVM outperformed the k-nearest neighbour techi

AO yan-li et al. [31] performed image processing techniques and segmentation, to f
the best processing ans segmentation technique. This work actually explains the 1
segmentation and processige-noising and image enhancement methods were intro

in this work.

Edwing de Jesus Zarrazola et al. [32] performed the efficient technique of segment:
based on fuzzy logic. They described the main difference is in the result of segment:
the classical segmentation techniques give only the homogenous regions in any in
the purpose of this paper was to collect hierarchial information about the groups in a

as the full image can be divided into groups having minimal information.

Prince Albert Lonn et al. [33] performed an experiment in which attenuation of 51:
was corrected with the help of CT scan. Attenuation correction was done withir
diameter. Attenuation correction was done by reconstructing PET scans. In this dis

error of attenuation was find to correct PET images, CT images helped a lot anc

11



accuracy was increased.

Czernin J et al. [34] proposed a technique in which highest quality PET images
produced by using the details of CT scan. The research showed that PET/CT
already replaced PET scans due to higher accuracy to detect cancers. Differesitvsit

carried out in this research and verification of variety of images was done.

Von Schulthess GK et al. [35] combined PET an@T, as PET has different information ¢
CT gives different information, hardware fusion was done to combine CT/PET. Con
these informations improves sensitivity & specificity. Also attenuation correction fo
scans can be done by using details from CT images. This dissertation showed that F
20%-30% faster than alone PET.

12



CHAPTER 3

METHODOLOGY

In this chapter, the proposed methodology is being introduced. Discrete Wavelet Tr

is used to fuse CT scan and PET scan and then fusion rule is chosen to fuse the im:

chapter shows the detailed study of application of wavelet transform, fusion rules,

families and inverse wavelet transform.

For classification of lung disease, following steps have been performed :-

4.

5.

CT and PET samples have been collected.

Fusion of CT and PET is done by using wavelet transform.

Further, region of interests have been segmented by manual segmentation tec
Features have been extracted by using GLCM technique.

Detection of lung cancer by classification of PET/CT images by SVM.

The block diagram of work is presented below in figure 3.1.

CT & PET images

|

Fusion of CT & PET using wavelet
transform

l

ROI by segmentation

v

Feature extraction
(GLCM)

l

Classification of PET/CT of
lung using SVM

Figure 31 Block diagram of proposed work

13



3.1 2-D Discrete Wavelet Transform (DWT)

We would focus on 2-D wavelet transform, as our image is also 2-d signal. The Figur
shown below is the decomposition of wavelet transform. In the picture shown, when v
is applied on an image, image is decomposed into four parts, which are approximatio

details, horizontal details, vertical details and diagonal details [37].

' |s’
LH 1
uL’ |gg’ 1 1,2, 3 --- Decomposition
LH Levels
HL' | HH®
H--——- High Frequency
Bands
]—]]_11 HH' L -———- Low Frequency
Bands

Figure 3.2 Decomposition of Wavelet Transform [38]

3.1.1 Image Fusion using Wavelet Transform (WT)

At first, wavelet transform has been applied on both CT scan and PET images, tl
parts of images are obtained. Further, corresponding parts of both images are con
choosing the rule of fusion from different rules like averaging, maximum fusior
minimum fusion rule. Finally, inverse wavelet transform has been applied on the r
image to obtain the final fused image. The algorithm for the fusion technique is show

Figure 3.3.

14



DWT
-
Fusion
Decision | .
Map
DWT
-
Fused Wavelet Fused
Coefficient Map Tmarze
Fusion rules
Registered Wavelet
Source Images Coefficient Maps

Figure 3.3 Algorithm for Fusion [37]
From the different types of fusions, pixel level fusion has been obtained by combir
information from the corresponding pixels. The criteria for the pixel level fusion is :
below in the Figure 3.4.

Wavelet coefficients of source images

Wavelet coefficients of fused image

|0 > Pixel-hased fusion rule

~|® = Window-hased fusion rule

Figure 3.4 Pixel Level Fusion [38]
3.1.2 Fusion Decision Map

In fusion decision map, pixels were fused using different fusion rules. Corresg
approximation details and diagonal details are fused using these rules, e.g apprc
details can be fused using maximum fusion rule and diagonal details can be fus:

average fusion rule. Different types of fusion rules are described below [39]:

1. Maximum fusion rule: In this rule, pixels are fused by taking the maximum
pixel from the details.
Average fusion rule: In this rule, both pixels from details are averaged.

3. Minimum fusion rule: In minimum fusion rule, pixels are fused by taking mini

15



value pixel.
3.1.3 Waveet Families

There are various types of mother wavelets like haar, daubechies, Coifletl, Symlet2
Morlet, Mexican Hat etc. With the help of mother wavelet, the analysis has bee
Temporal analysis and frequency analysis is done by high frequency version ¢
frequency version of mother wavelet (a prototype) respectively. Mother wavelets are
below in Figure 3.5. Haar wavelet is the most common and oldest type of wavelet. \
Daubechies represent the foundations of wavelet signal processing and are used in
applications. There exists some other type of wavelets called Max flat wavelets. Tl
wavelets are shown in the Figure 3.5. The wavelets are chosen based on their size

and their ability to analyse the signal in a particular application [40].

-1 =1 -1

0 05 1 o 1 2 a o 2 4 o ! 2
(a) (b) (©) ()
1 0.8
- - 0.6
: 0.4
H 0 02
0
05 -05 -02
-E 0 5 8 6 -4 -2 0 2 4 B 8 8 5 -4 2 0 2 4 & 8

(e €3] (2
Figure 3.5 Wavelet families (a) Haar (b) Daubechies4 (c) Coifletl (d) Syrelekdyer (f) Morlet (g)
Mexican Hat [41]

The wavelet transform generally allows an image to break it into the multi res
decompositions according to the need. There is a small window and large window f
resolution and high resolution. It differs from the fourier transform in the way t
represents features in both frequency and time domain. Figure 3.5 depicts the workii
discrete wavelet transform in which HO is high pas filter and H1 is low pass filter
filtering, image is subsampled by 2 then up sampling is done. The block diagram is i
in the Figure 3.6.
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analysis synthesis

Figure 36 Implementation of discrete wavelet transform [39]

mpm‘_} output

signal

—
signal

The multi-resolution decomposition of a picture using high pass filter and low pass filt

presented beneath in Figure 3.7.

ROWS | COLUMNS
|
. ll_) 142 HH
: ll-» 112 HL
ongmal __| i
image : il—> 0 I
: ll_) 11) IL
|

Figure 3.7 Filter bank structure of the DWT Analysis [25]

After performing the steps of wavelet transform, inverse wavelet transform ha
performed to get the desired image. The strategy for inverse wavelet transform is <
Figure 3.8. In inverse wavelet, HH, HL, LH, LL sub bands are up sampled and after

rows and columns, desired image is obtained.
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Figure 3.8 Structure of the Inverse Discrete Wavelet Transform [27]

3.2 Image Segmentation

It is a process of breaking a digital 2-D image into multiple segments [40]. Thefaim
segmentation is to extract the particular information from the image by segmenting Region of
interests (ROIs). It is actually a process in which labels are assigned to each element

in a specified pixels with similar label to share some characteristics.

It is based on the fact that every pixel is similar to its near by pixel to some extent in color,

intensity, or texture.
3.2.1 Types of Segmentation Techniques
Following are some types of segmentation technjqi:-

1. Thresholding technique: This technique is based on the threshold value, in this method
gray scale image is shown into binary image. Threshold value is chosen and separation of
background is done from foreground of an image. The figure of thresholding technique is

shown in Figure 3.9.
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(a) (b)

Figure 3.9 Segmentation technique using thresholding (a) Original imagkrésholding segmentatiodd]

2. Region growing technique:

In this technique seed points are selected from the image, then these seed pixels are allowed
to add up more pixels. Pixels are added into seed pixels by their similarity of color, contrast
etc. [43]. When pixels differ from their neighbouring pixels such that they can not be added
into the region, then this iteration process stops and particular region is segmented as shown
in Figure 3.10 (a) & (b).

o

]

(@)

(b)

Figure 3.10 Region Growing Technique (a) Region growing stdti¥ Region growing after few iteration44]
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3. Clustering methods [45

This algorithm is a technique that is based on iteration that is accustomed partition

picture into clusters. The algorithm for K-measis

1. Picking the clusters by randomly or with the help of heuristic technique, for

example K-means++.

2. Assigning each and every pixel to the cluster in an image that minimizes the

space between the pixel and center of cluster.
3. Repeating the above steps until no pixel change occurs.
3.2.2 Technique Used

Manual segmentation technique is used in this dissertation. Region of interests (ROIs) are
extracted manually by observing the pixel values from an image. It is just like the cropping of
an image, using MATLAB programming.

3.3 Feature Extraction

In this chapter, feature extraction has been explained. The detailed formulations of FOS and

GLCM has been described in this section.
3.3.1 Texture Features

Texture features are being extracted to obtain the meaningful information from PET/CT

images. These features are helpful in verifying the fusion methodology. These are further
used to classify the normal and abnormal PET/CT image and hence abnormality can be
defined as abnormal.

3.3.2 First Order Statistics (FOS)

FOS gives the features that are based on the first order static of a picture. It doesn’t consider
the relation of neighbourhood of pixels [46]. The Formulations for FOS features are
presented below:

1
MXN

Mean(p) = a=12b=11(a,b) (3.1)

1
MXN

Energy = a=12b=11(a,b)? (3.2)
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Variance(o?) = [ 3 Ziks Bhor (1@, ) = 7] (33)

1

Skewness = [ ———%iL: 5. (1(a,b) - )°] (34)
Kurtosis = [ ———— N, X1 (e, b) - '] -3 (35)

3.3.3Gray Leve Co-occurrence Matrix (GLCM)

It is one of the famous techniques for feature extraction. As FOS features doesn’t show the
relation between neighbourhood pixels, GLCM shows the relationship between the
occurrence frequency levels at specified orientation and distance and the neighboring pixels.

In this technique, ‘¢’ is the distance between samples and 9 is the direction [47,48].

Where,9 = {0°,4£°,9C°, 135°} [28]. GLCM features calculated are formulated below:

Angular second momelf; = {3, Y ,{P(a,b)?} (3.6)

4=12b-1P(a, b)} (3.7)

Za Zb(a,b)P(a,b)z _H'X “’y

Correlationf; = oxoy (3.8)
Sum of squaref, =Y., ,(a — u)? P(a, b) (3.9)
Inverse difference momefs =Y., Wl_b)zp(a,b) (3.10)
Sum Averagef, = Y28, aPy1y(a) (3.11)
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Sum Variancef;, = 1(j,1) (3.12)

Sum Entropyfg = -X.28, Py1y (@) 109(Py1y(2)) (3.13)
Entropyfy =->, 2» P(a,b) log (P(a,b)) (3.14)
Difference Varianctf;, = Variance oP,_, (3.15)
Difference Entropyfi; = X525 Pe—y (@) 10g{ P,—y ()} (3.16)

Information measures of correlation :

[~ XaXb P(a,b) log (P(ab))]-[- LaZpP(ab) log (Px(a)Py(®))|
max|[- $q Xy P(a,b) log (P@ab))]|,[- ZaXpP(ab) log (Px(a)Py(b))]

fi2 = (3.17)

f13= (1 = exp[=2.0([~ 2, Xy P ()P, (D)Iog(P ()P, (0)] = [~ 2o Xy P(a, b)log(Px(a)Py(b)])])% (3.18)
Where,

R = number of gray levels in an image

Iy, 1y = Means of x and y

o, 0, = Standard deviation 7 , P, respectively

3.4 Classification of Non- Cancer ous and Cancer ousimages

In the process of classification, objects and ideas are categorized in different classes. It is
generally considered as an example of supervised learning, in the language of machine
learning. The basis of the classification is that the set of training data that contains the
features, whose category is to be analysed. With the help of training data, test data is

classified. Basically, classifier is the algorithm which classifies the data into different classes.
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3.4.1 Typesof classifiers

There are various types of classifiers listed below:-

1. kNN

2. Decision trees

3. Perceptron

4. Support Vector Machine (SVM)

5. Linear Discriminant Analysis (LDA)

In the proposed work, Support Vector Machine (SVM) classifier has been used.

The result of classification is generally shown as confusion matrix. It is a table which
represents the performance of classification. Table 6.1 is the example of confusion matrix,

where, TP= true positive, FP= false positive, TN= true negative and FN= false negative.

Table 3.1 Example of confusion matrix [50]

Predicted class

Yes No

Actual Yes TP EN
class

No FP TN

The main parameters of classification are accuracy, specificity and sensitivity. They are

calculated with the help of confusion matrix as below:

TP+TN
Accuracy = (3.19)
TP+TN+FP+FN
o TP
Sengitivity = (3.20)
TP+FN
Soecificity = TNLFP (3.21)
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3.4.2 Support Vector Machine (SVM)

It is a type of learning model, which is based on supervised learning. It identifies pattern and
evaluates data i.e. used for classification [25]. Although SVM can classify non linear data,
but it is suitable for linear data set. Classification in SVM is done by taking the training data

of known classes and by separating them into classes. Observations are placed in a space like
a point and these are used to classify the unknown new data set. SVM consists of a hyper
plane in the space that are used to classify the data set. Higher the margin of the hyper plane
from nearest training points of all classes, more good will be the performance of classifier

Figure 3.11 shows the linear classification using SVM.

Jr‘-.ﬂa Xirnum.
margin
™

Figure 3.11 SVM classification [34]

The mathematical formulation is explained below:

Let the training seT,. is known which contains z points of the form:

T, = Y2 {(X, Y| X;€ R™, Yie {—1,1}} (3.22)

where, X; is a vector of dimension ‘n’, ¥; defines that to which claX; belongs that is, -1

or 1. The class oX; is decided by hyper plane. Set of points of hyper plane should satisfy

below equation:
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W*X-b=0 (3.23)

W = normal vector to hyperplane (90 degr¢ "2} dot product

If the training data set is linearly separable, then only two hyper planes are required
classify data points. There should not be any data points lie in between the region of hyper
planes. These hyper planes are represented as :

W*"X-b=1 (3.24)
and
W*X-b=-1 (3.25)

2
Distance between two hyper planesm, |[W]|| should be maximized for maximum

margin.

Figure 3.12 SVM training with samples of two classes [34]

3.4.3Primal form

It is not easy to solv¢|W||, as it includes the square root computations of W. In this
approach||W|| is simply replaced b% IW]|? in a problem, without any change in solution.

The solution of this form can be expressed by combining the training vectors.
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W =37, B Y, X, (3.26)

whereX; are support vectors correspondin¢3;pandp; are non zero. These support vectors

satisfy the equation written below:

Yy(W" X, -b)=1 (3.27)
This implies :
b=W"X;-Y; (3.28)

This equation is used to calculate b, offset. It is shown that offset b depencX; @oalY;.

3.4.4 Dual form

It is easy to solve the calculations of dual form as compared to the primal form. In this form
of classification, maximum margin depends only upon the support vectors which are

contained in training data set. Thus the optimization problem is reduced to:
Maximize
L(B) = Xi-1 B % B B Y X X=X, B '%ﬁi B;Y; Y kr(X;, X;) (3.29)
wherep; >0 Vi=1ltoz
and

=B Y =0 (3.30)
It can be seen that in this form kernel is included where kernel is defined as:
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CHAPTER 4

RESULTSAND DISCUSSION

4.1 Results

Classification of PET/CT is done after fusing the PET and CT imagesvelet transform,

using haar as a mother wavelet. In fusion, first both PET and CT images are decomposed into
four parts that are approximation and diagonal details. Further, decomposing, corresponding
details are combined by using averaging rule of fusion followed by inverse wavelet
transform, which converts the details back to a single image. The detailed description of
decomposition of PET lung and CT lung image is shown in Figures 4.1 (a) & (b).

(a) (b)

Figure 4.1 Decomposition of (a) PET scan of lung (b) CT scan lun

Fused PET/CT lung image is shown in Figure 4.2.
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Figure 4.2 Fused PET/CT

Some of the fused lung images are shown in Figures 4.3 to 4.7.

Figure 4.3 Fused image example 1
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Figure 4.4 Fused image example 2

Figure 4.5 Fused image example 3
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Figure 4.6 Fused image example 4

Figure 4.7 Fused image example 5
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4.2 Segmentation of PET/CT Images

After fusing both medical images, abnormality part is cropped out of the images. This part is
done by segmentation. ROIs are segmented using manual segmentation. Oned cropp
features are calculated out of segmented images. Some segmented images are mepicted i
Figure 4.8.

Figure 4.8 ROIs segmented from PET/CT images

All ROIs are of different size, depending upon the size of cancer, e.g some images are

40%x40, while some are B0 an some others have different size.

ROls of some normal PET/CT are shown in figure 4.9.

—2 \
! B

Figure 4.9 ROIs of normal PET/CT
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4.3 Features Calculated using GLCM

After fusing two images, the information contained in the images is increased. Then features
have been extracted by GLCM method. Total seventeen features has been calculai@d of all

cancerous and 100 non cancerous images. The features calculated are Angular second
moment (ASM-M), Contrast (Cont-M), Correlation (Corr-M), Sum of squares (variance)
(SOSV-M), Inverse difference moment (homogeneity) (IDM-M), Sum average (SUMAv-M),
Sum variance (SumVar-M), Sum entropy (SumEnt-M), Entropy (Ent-M), Difference variance

(Diffvar-M), Difference entropy (DiffEnt-M),

Information measure 1 of correlation

(InfMCorrl1-M), Information measure 2 of correlation (InfMCorr2-M), Cluster Shade
(ClusterShade-M),
(SumCorrelation-M) [49].

ClusterProminence

(ClusterProminence-M),

SumCorrelation-M

Features of 70 abnormal and 100 normal ROIs have been calculated but due to the restriction

of space, 17 abnormal features of 70 images are shown in Table 3.2 and 17 normal features of

32 images are shown in Table 3.9- Table 3.12.

Image Nar 1.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuMAv-M
SumVar-N
SumEnt-V
Ent-M
DiffVar-mM
DiffEnt-M
InfMCorrl
InfMCorr2
ClusterSh:
ClusterPrc
Diagonall
SumcCorre

0.000459
1452.155
0.370616
1156.702
0.04094
0.04094
357.2128
3174.654
5.144402
7.845652
576.5877
4.284886
-0.311324
0.97176
154270.8
29504152
-536.0144

Table 3.2 Features of abnormal ROls

2.jpg
0.02466
1144.439
0.034514
622.9636
0.262456
0.262456
265.6097
1347.415
3.500942
4.788561
848.9926
2.944902
-0.298767
0.901315
94858.76
10954377
-118.8387

3.jpg
0.000707
1777.281
0.29472
1277.173
0.054678
0.054678
88.10737
3331.41
5.204309
7.722899
687.4881
4.35574
-0.292501
0.963794
101980.2
27832759
967.3706

4.jpg
0.0013672
3827.8726
0.5474216
4278.6123
0.0713446
0.0713446
142.85693
13286.577
5.623506
7.6175531
1557.4089
4.6581821
-0.4083228
0.9897628
770908.21
360262229
140.38858

5.jpg
0.0167301
5244.7627
0.4300873
4746.1577
0.2098146
0.2098146
105.35532
13739.868
4.9237788
6.3956017
3072.8201
4.2809113
-0.3645456
0.9693638
1630903.8
576536864
210.83999

6.jpg
0.000416
1649.843
0.530769
1795.607
0.051108
0.051108
208.0253
5532.587
5.410781
8.018722
688.7762
4.299877
-0.335297
0.979817
238107
73112608
145.1186

7.jpg
0.000482
1679.449
0.467879
1640.296
0.046423
0.046423
202.0196
4881.734
5.278927
7.885474
605.1285
4.226302
-0.309932
0.970876
166362
47536700
192.7426

8.jpg
0.002094
3941.1821
0.2303456
2637.8752
0.0808831
0.0808831
98.422984
6610.3186
5.3032322
7.237333
1616.5239
4.6145078
-0.3930657
0.9848187
335859.82
115469330
486.9418
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Image Nar9.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuMAv-M
SumVar-©
SumEnt-NV
Ent-M
Diffvar-M
DiffEnt-M
InfMCorrl
InfMCorr2
ClusterSh:
ClusterPrc
DiagonalN
SumcCorre

0.002564
422.9536
0.207769
264.1806

0.11187

0.11187
203.8965
633.7687
4.298423
6.704671
240.3124
3.469832
-0.22769
0.904644
5932.441

2010867
1393.909

Image Nar17.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuUuMAv-M
SumVar-N
SumEnt-vV
Ent-M
DiffVar-mM
DiffEnt-M
InfMCorr1
InfMCorr2
ClusterSh:
ClusterPrc
Diagonall
SumCorre

0.00302
2224.204
0.34453
1715.899
0.108381
0.108381
188.3852
4639.393
4.868312
6.703458
1225.39
4.14179
-0.40795
0.983388
-100327
73418166
234.6806

Table 3.3 Features of abnormal ROls

10.jpsg
0.000827
1514.163
0.329417
1150.629
0.057886
0.057886
163.0843
3088.352
5.056604
7.4552
657.9261
4.241486
-0.32275
0.971082
144580.5
26092129
525.6262

11.jpg
0.000432
1812.453
0.410008
1549.387
0.031098
0.031098
223.8189
4385.097
5.386515
7.826458
520.5427
4.338495
-0.40666
0.990682
-7823.19

38310581
118.1001

12.jpg
0.00154
2136.207
0.254913
1457.878
0.068724
0.068724
77.98344
3695.305
5.066365
7.204431
899.315
4.297921
-0.2908
0.955404
112558.5
30559998
964.2512

13.jpg

0.000871
1387.274
0.272866
948.6453
0.052164
0.052164
175.3783
2407.307
4.994302
7.32662
520.2333
4.205049
-0.36415
0.980045
-53220.2
13004594
576.3141

14.jpg
0.001381
2377.438
0.164466
1402.084
0.069695
0.069695
182.6495
3230.899
4.858717
6.90911
1032.025
4.232374
-0.34508
0.97138
133270.1
26684744
405.1159

Table 3.4 Features of abnormal ROls

18.jpg
0.000277
1189.486
0.719205
2124.631
0.050107
0.050107
218.9101
7309.04
5.557044
8.435229
489.0623
4.190762
-0.28768
0.969976
229458.4
98886095
79.06114

19.jpg
0.000239
1532.467
0.537495
1652.404
0.045403
0.045403
261.9225
5077.149
5.50015
8.531964
553.9162
4.322143
-0.26321
0.961484
-91828.6
52751845
-23.8453

20.jpg

0.003305
3416.769

0.45057
3230.067

0.15811

0.15811
197.5074
9503.498
4.932578
7.122523
2006.844
4.088679
-0.26849
0.940229

1023899
2.86E+08
119.5824

21.jpg
0.000402
3334.697
0.246431
2206.394
0.053577
0.053577
126.0345
5490.881
5.481964
8.37693
1452.685
4.649347
-0.27567
0.964924
112684.1
68641328
419.9182

22.jpg

0.001422
1816.671
0.375055
1494.035
0.113154
0.113154
158.8366
4159.468
4.778733
7.338441

1164.99
3.999692
-0.21026
0.902894
523548.2
1.25E+08
430.0827

15.jpg
0.003684
1548.824
0.173481
969.1898
0.133864
0.133864
150.329
2327.935
4.201917
6.162048
1020.299
3.690392
-0.26041
0.914947
189054.2
27092545
867.1438

23.jpg
0.002062
2907.249
0.451321
2716.364
0.087007
0.087007
112.7718
7958.208
5.518989
8.108646
1483.916
4.525987
-0.29976
0.970074
597307.1
2.04E+08
327.5486

16.jpg

0.000619
3178.161
0.486302
3091.294
0.054317
0.054317
282.0247
9187.016
5.536932
7.507413
1454.107
4.528883
-0.46125
0.994416

-210989
1.62E+08
-47.0513

24.jpg

0.002636
2573.719
0.470262
2486.767
0.093023
0.093023
111.3381
7373.35
5.48102
8.041375
1324.249
4.470786
-0.29591
0.96786
464089
1.64E+08
352.6584
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Image Nar 25.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuMAv-M
SumVar-N
SumEnt-v
Ent-M
DiffvVar-m
DiffEnt-M
InfMCorr1
InfMCorr2
ClusterSh:
ClusterPrc
Diagonall
SumCorre

0.001159
3960.271
0.654623
5700.4
0.104341
0.104341
336.6881
18841.33
5.625968
7.934029
2177.389
4.394686
-0.3451
0.981034
-798265
5.62E+08
-63.776

Image Nar33.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuMAv-M
SumVar-N
SumEnt-V
Ent-M
DiffVar-mM
DiffEnt-M
InfMCorrl
InfMCorr2
ClusterSh:
ClusterPrc
Diagonal\
SumcCorre

0.001961
920.8833
0.075355
509.2211
0.029444
0.029444
212.7493
1116.001
4.417484
6.308335
199.091
3.818336
-0.50221
0.992265
11449.37
2833295
1045.196

Table 3.5 Features of abnormal ROls

26.jpg

0.001222
4739.446
-0.0939
2138.183
0.031287
0.031287
142.8138
3813.286
5.115725
6.834983
1318.075
4.552554
-0.49052
0.993849
-33611.6
35820563
628.9785

27.jpg

0.002297
785.1356
-0.06314
367.3227
0.101449
0.101449
300.669
684.1552
4.326037
6.435063
375.7288
3.842958
-0.3682
0.97188
-2724.9
1841654
-1178.87

28.jpg

0.001226
3403.041
0.035819
1755.081
0.029613
0.029613
138.1483
3617.283
5.073138
6.834868
1034.169
4.480265
-0.51145
0.995247
18224.39
32244513
610.3512

29.jpg

0.001042
6713.687
0.111221
3783.397
0.019217
0.019217
150.4426
8419.902
5.402639
6.929158
2057.936
4.803395

-0.5769
0.998172
330545.9

1.7E+08
263.2089

30.jpg

0.001116
1971.911
0.168735
1191.941
0.037894
0.037894
247.2495
2795.853
5.039725
6.883595
620.0609
4.333147
-0.5123
0.995456
-22295
16415450
51.50683

Table 3.6 Features of abnormal ROls

34.jpg

0.006043
3521.596
-0.31782
1309.306
0.0139
0.0139
192.0365
1715.629
4.020721
5.197062
812.3158
3.952013
-0.82632
0.999581
44015.77
8881050
918.4212

35.jpg

0.002636
2573.719
0.470262
2486.767
0.093023
0.093023
111.3381
7373.35
5.48102
8.041375
1324.249
4.470786
-0.29591
0.96786
464089
1.64E+08
352.6584

36.jpg

0.006212
1540.744
-0.42022
541.3755
0.029753
0.029753
135.4035
624.7583
3.774084
5.177312
449.3985
3.811529
-0.77233
0.999207
7200.823

1248576

10299.7

37.jpg

0.005887
4389.721
-0.35387
1651.524
0.006203
0.006203
207.727
2216.375
4.125147
5.208211
1016.723
3.955175
-0.82885
0.999655
32134.55
12277304
717.8387

38.jpg

0.001603
2855.487
-0.10619
1284.47
0.018555
0.018555
232.1998
2282.394
4.786853
6.489839
741.5986
4.416236
-0.60315
0.99808
84985.25
20285788
217.3704

31.jpg

0.000981
5041.125
-0.03118
2455.321
0.014225
0.014225
252.4643
4780.159
5.212287
6.971936
1587.631
4.722305
-0.58562
0.998397
76652.3
55351856
24.65497

39.jpg

0.001498
6274.37
-0.22109
2549.262
0.010934
0.010934
241.5299
3922.679
5.015735
6.537772
1591.599
4.676531
-0.67158
0.99931
58806.48
43891043
101.0356

32.jpg

0.00189
1251.294
-0.23824
501.6786
0.034367
0.034367
184.4675
755.4209
4.415907
6.34086
340.0563
4.064
-0.51809
0.993639
1096.104
1403192
1938.883

40.jpg

0.000281
2144.199
0.433088
1901.076
0.032365
0.032365
230.5587
5460.104
5.490575
8.328816
872.1844
4.459501
-0.33564
0.982412
431226.7
1.25E+08
88.64532
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Table 3.7 Features of abnormal ROls

Image Nar4l.jpg 42.jpg 43.jpg 44.jpg 45.jpg 46.jpg 47.jpg 48.jpg

ASM-M 0.001719 0.001719 0.000381 0.000489 0.003567 0.000341 0.000384 0.000803
Cont-M 3670.38 3670.38 1918.893 3177.414 2917.128 2036.037 3155.874 3558.096
Corr-M 0.667111 0.667111 0.414891 0.353722 0.582234 0.622623 0.685202 0.082418
SOSV-M  5538.061 5538.061 1652.509 2452.078 3495.856 2722.882 5041.355 1943.915
IDM-M 0.09215 0.09215 0.043771 0.062328 0.18271 0.056947 0.074252 0.024986
SuMAv-M 0.09215 0.09215 0.043771 0.062328 0.18271 0.056947 0.074252 0.024986
SumVar-N 168.5929 168.5929 127.2222 150.9178 188.0659 140.6924 253.5658 170.042
SumEnt-Iv 18481.87 18481.87 4691.141 6630.899 11066.3 8855.493 17009.55 4217.566
Ent-M 5.646195 5.646195 5.445161 5.54361 5.164781 5.700493 5.803829 5.266601
DiffVar-M 7.699465 7.699465 8.156749 8.468573 7.171493 8.595963 8.715242 7.204852
DiffEnt-M 1661.629 1661.629 707.8257 1496.63 1795.314 954.1806 1633.528 1170.841
InfMCorrl 4.528341 4.528341 4.405019 4.604009 4.060409 4.409286 4.575115 4.568873
InfMCorr2 -0.37147 -0.37147 -0.30012 -0.27008 -0.3347 -0.28961 -0.28034 -0.49212
ClusterShi 0.984362 0.984362 0.971229 0.9635 0.970191 0.972012 0.970158 0.995257
ClusterPrc 937714.3 937714.3 -15408.2 -41.6552 -249788 445533.6 1268411 92453.08
DiagonalN 6.06E+08 6.06E+08 46200741 91827376 3.06E+08 1.91E+08 5.81E+08 51641284
SumCorre 71.77401 71.77401 473.4133 261.0487 85.42633 213.2465 14.14021 372.8875

Table 3.7 Features of abnormal ROls

Image Nar49.jpg 50.jpg 51.jpg 52.jpg 53.jpg 54.jpg 55.jpg 56.jpg

ASM-M 0.000707 0.01673 0.003684 0.002062 0.000277 0.002636 0.000281 0.00302
Cont-M 1777.281 5244.763 1548.824 2907.249 1189.486 2573.719 2144.199 2224.204
Corr-M 0.29472 0.430087 0.173481 0.451321 0.719205 0.470262 0.433088 0.34453
SOSV-M  1277.173 4746.158 969.1898 2716.364 2124.631 2486.767 1901.076 1715.899
IDM-M 0.054678 0.209815 0.133864 0.087007 0.050107 0.093023 0.032365 0.108381
SuMAv-M 0.054678 0.209815 0.133864 0.087007 0.050107 0.093023 0.032365 0.108381
SumVar-N 88.10737 105.3553 150.329 112.7718 218.9101 111.3381 230.5587 188.3852
SumEnt-v  3331.41 13739.87 2327.935 7958.208 7309.04 7373.35 5460.104 4639.393
Ent-M 5.204309 4.923779 4.201917 5.518989 5.557044 5.48102 5.490575 4.868312
DiffVar-M 7.722899 6.395602 6.162048 8.108646 8.435229 8.041375 8.328816 6.703458
DiffEnt-M 687.4881 3072.82 1020.299 1483.916 489.0623 1324.249 872.1844 1225.39
InfMCorrl 4.35574 4.280911 3.690392 4.525987 4.190762 4.470786 4.459501 4.14179
InfMCorr2 -0.2925 -0.36455 -0.26041 -0.29976 -0.28768 -0.29591 -0.33564 -0.40795
ClusterShi 0.963794 0.969364 0.914947 0.970074 0.969976 0.96786 0.982412 0.983388
ClusterPrc 101980.2 1630904 189054.2 597307.1 229458.4 464089 431226.7 -100327
DiagonalN 27832759 5.77E+08 27092545 2.04E+08 98886095 1.64E+08 1.25E+08 73418166
SumCorre 967.3706 210.84 867.1438 327.5486 79.06114 352.6584 88.64532 234.6806
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Image Nar57.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuMAv-M
SumVar-N
SumEnt-v
Ent-M
DiffVar-M
DiffEnt-M
InfMCorr1
InfMCorr2
ClusterSh:
ClusterPrc
Diagonall
SumCorre

Image Nat 65.jpg

0.003305
3416.769

0.45057
3230.067

0.15811

0.15811
197.5074
9503.498
4.932578
7.122523
2006.844
4.088679
-0.26849
0.940229

1023899
2.86E+08
119.5824

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuMAv-M
SumVar-N
SumEnt-v
Ent-M
DiffVar-mMm
DiffEnt-M
InfMCorrl
InfMCorr2
ClusterShi
ClusterPr¢
Diagonall\
SumcCorre

Table 3.8 Features of abnormal ROls

58.jpg
0.000277
1189.486
0.719205
2124.631
0.050107
0.050107
218.9101
7309.04
5.557044
8.435229
489.0623
4.190762
-0.28768
0.969976
229458.4
98886095
79.06114

59.jpg

0.003567
2917.128
0.582234
3495.856

0.18271

0.18271
188.0659

11066.3
5.164781
7.171493
1795.314
4.060409

-0.3347
0.970191

-249788
3.06E+08
85.42633

60.jpg

0.001719

3670.38
0.667111
5538.061

0.09215

0.09215
168.5929
18481.87
5.646195
7.699465
1661.629
4.528341
-0.37147
0.984362
937714.3
6.06E+08
71.77401

61.jpg
0.001226
3403.041
0.035819
1755.081
0.029613
0.029613
138.1483
3617.283
5.073138
6.834868
1034.169
4.480265
-0.51145
0.995247
18224.39

32244513
610.3512

62.jpg
0.002062
2907.249
0.451321
2716.364
0.087007
0.087007
112.7718
7958.208
5.518989
8.108646
1483.916
4.525987
-0.29976
0.970074
597307.1
2.04E+08
327.5486

Table 3.9 Features of abnormal ROls

0.000489
3177.414
0.353722
2452.078
0.062328
0.062328
150.9178
6630.899
5.54361
8.468573
1496.63
4.604009
-0.27008
0.9635
-41.6552
91827376
261.0487

66.jpg

0.001719

3670.38
0.667111
5538.061

0.09215

0.09215
168.5929
18481.87
5.646195
7.699465
1661.629
4.528341
-0.37147
0.984362
937714.3
6.06E+08
71.77401

67.jpg

0.000402
3334.697
0.246431
2206.394
0.053577
0.053577
126.0345
5490.881
5.481964
8.37693
1452.685
4.649347
-0.27567
0.964924
112684.1
68641328
419.9182

68.jpg

0.001498
6274.37
-0.22109
2549.262
0.010934
0.010934
241.5299
3922.679
5.015735
6.537772
1591.599
4.676531
-0.67158
0.99931
58806.48
43891043
101.0356

69.jpg

0.000281
2144.199
0.433088
1901.076
0.032365
0.032365
230.5587
5460.104
5.490575
8.328816
872.1844
4.459501
-0.33564
0.982412
431226.7
1.25E+08
88.64532

63.jpg

0.001422
1816.671
0.375055
1494.035
0.113154
0.113154
158.8366
4159.468
4.778733
7.338441

1164.99
3.999692
-0.21026
0.902894
523548.2
1.25E+08
430.0827

70.jpg

0.001719

3670.38
0.667111
5538.061

0.09215

0.09215
168.5929
18481.87
5.646195
7.699465
1661.629
4.528341
-0.37147
0.984362
937714.3
6.06E+08
71.77401

64.jpg

0.000381
1918.893
0.414891
1652.509
0.043771
0.043771
127.2222
4691.141
5.445161
8.156749
707.8257
4.405019
-0.30012
0.971229
-15408.2
46200741
473.4133
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Image Nar la.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuMAv-M
SumVar-N
SumeEnt-v
Ent-M
DiffVar-mM
DiffEnt-M
InfMCorr1
InfMCorr2
ClusterSh:
ClusterPrc
Diagonall

0.010267
24.31286
0.0579
13.11905
0.229032
0.229032
222.5619
28.16336
2.957391
4.905439
8.953051
2.337612
-0.09389
0.618458
43.44423
1857.65

Image Nar9a.jpg

ASM-M
Cont-M
Corr-M
SOSV-M
IDM-M
SuUuMAv-M
SumVar-N
SumEnt-v
Ent-M
DiffVar-m
DiffEnt-M
InfMCorr1
InfMCorr2
ClusterSh:
ClusterPrc
Diagonall\
SumcCorre

0.631056
0.433239
-0.00092
0.216838
0.880183
0.880183
503.8736
0.434112
0.779876
0.951639
0.359269
0.650959
-0.03853
0.187887
-0.50984
2.027039
-1.3E+07

Table 3.10Features of normal ROIs

2a.jpg

0.046436
4.387034
-0.08139
2.022271
0.417745
0.417745
243.1755
3.702048

2.02595
3.361754
1.555866
1.560258
-0.07574
0.470936
0.705553
46.03047

Table 3.11Features of normal ROIs

10a.jpg

0.328077
0.517243
0.08088
0.278283
0.787685
0.787685
503.5311
0.595888
1.091629
1.506407
0.313325
0.781822
-0.05304
0.254651
-0.32812
1.2924
-9016983

3a.jpg

0.026669
367.9636
0.160619
239.6825
0.305492
0.305492
253.6318
590.7665
2.91685
4.254648
283.8539
2.369985
-0.22244
0.793132
38907.13
3628928

1la.jpg

0.150102
1.593513
0.214994
1.058071
0.600681
0.600681
502.3885
2.638771
1.673721

2.31428
0.705396
1.159213
-0.11293
0.473023
-3.25152
19.82476
-2322361

4a.jpg

0.023995
7.682371
0.436012
6.759216
0.333011
0.333011

245.936
19.35449
2.750562
3.986297
1.985741
1.669717
-0.19951
0.748844
-8.82895

869.827

12a.jpg
0.002095
1233.347
0.206607
726.4617
0.083889
0.083889
387.6175
1672.5
4.413936
6.450483
636.2515
3.798099
-0.33463
0.959986
85259.67
13405361
-1454.23

5a.jpg
0.041033
8.202454
-0.09061
3.786945
0.387039
0.387039
242.4854
6.945325
2.247749
3.695558
3.539926
1.821676
-0.12144
0.613322
-8.52188
154.9998

13a.jpg
0.002162
2629.692
-0.25267
1076.106
0.08853
0.08853
352.1278
1674.732
4.440691
6.54554
1307.431
4.138114
-0.41686
0.98348
397.746
13893145
-1493.85

6a.jpg

0.02205
22.23441
0.020791

11.6841
0.300814
0.300814

244.276
24.50197
2.692563
4.235368
12.51277
2.119072
-0.12358
0.647155
253.6502
12172.41

14a.jpg

0.001987
450.8537
0.414844
389.1579
0.08666
0.08666
424.4934
1105.778
4.417092
6.499265
158.4972
3.565349
-0.31166
0.951417
-7993.74
2136925
-3003.9

7a.jpg

0.036327
5.598169
0.215073
3.591588
0.401501
0.401501
246.5961
8.768182
2.395821
3.627031

2.1729
1.656886
-0.12713
0.618626

-9.452
226.8765

15a.jpg
0.004758
253.2981
0.168764
152.1298
0.167312
0.167312
461.9878
355.2211
3.777804
5.835452
144.0011
3.178595
-0.20822
0.856534
-13560.5
991463.2
-13753.2

8a.jpg

0.149656
1.017061
0.016685
0.515838
0.656866
0.656866
506.4217

1.04629
1.378703
2.028206
0.458086
0.970697
-0.04685
0.298643
-0.17079
2.765647

16a.jpg
0.003743
170.9242
-0.21225
69.85265
0.109379
0.109379
376.8565
108.4864
3.524194
5.882861
68.57049
3.211719
-0.17745
0.822702
160.2185
69719.56
-20789.5
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Table 3.12Features of normal ROIls

Image Nar17a.jpg 18a.jpg 19a.jpg 20a.jpg 2la.jpg 22a.jpg 23a.jpg 24a.jpg

ASM-M 0.001963 0.014173 0.001631 0.002262 0.002978 0.001287 0.001963 0.014173
Cont-M 323.1881 248.5702 736.3364 1503.788 426.728 1693.515 323.1881 248.5702
Corr-M 0.116303 0.297821 0.017394 -0.06276 0.509011 0.158814 0.116303 0.297821
SOSV-M 189.461 166.4711 380.3565 714.1081 435.4331 1064.074 189.461 166.4711
IDM-M 0.080977 0.245202 0.077704 0.100314 0.100974 0.050899 0.080977 0.245202
SuMAv-M 0.080977 0.245202 0.077704 0.100314 0.100974 0.050899 0.080977 0.245202
SumVar-N  438.116 462.2235 357.7977 337.3876 432.8331 343.6531 438.116 462.2235
SumEnt-Iv 434.6559 417.3141 785.0896 1352.645 1315.004 2562.78 434.6559 417.3141
Ent-M 4.189567 3.456525 4.381015 4.507205 4.493593 4.68859 4.189567 3.456525
DiffVar-M 6.566656 5.107133 6.638979 6.543068 6.341113 6.842976 6.566656 5.107133
DiffEnt-M 110.4166 157.5115 360.1681 649.7908 109.969 732.6614 110.4166 157.5115
InfMCorrl 3.530443 2.869405 3.843292 4.00192 3.46055 4.165401 3.530443 2.869405
InfMCorr2 -0.25723 -0.22757 -0.31128 -0.34818 -0.33454 -0.3915 -0.25723 -0.22757
ClusterShi 0.922137 0.8504 0.955423 0.967299 0.959448 0.981364 0.922137 0.8504
ClusterPrc -4303.11 -16305.4 -5344.96 -33106.6 -7604.22 149707.5 -4303.11 -16305.4
DiagonalN 528486.1 1081065 2860852 4995331 2968059 25289990 528486.1 1081065
SumCorre -9610.73 -10178.2 -2464.47 -1193.23 -2673.59 -664.513 -9610.73 -10178.2

Table 3.13 Features of normal ROIls

Image Nar25a.jpg 26a.jpg 27a.jpg 28a.jpg 29a.jpg 30a.jpg 3la.jpg 32a.jpg

ASM-M 0.014173 0.014173 0.120774 0.029747 0.059259 0.117426 0.00229 0.004758
Cont-M 248.5702 248.5702 1.697917 6.404474 4.332939 95.1204 744.3975 253.2981
Corr-M 0.297821 0.297821 0.050481 0.296297 0.030443 0.00538 0.304412 0.168764
SOSV-M  166.4711 166.4711 0.915562 4.602481 2.213404 47.48655 542.0102 152.1298
IDM-M 0.245202 0.245202 0.575575 0.368139 0.45291 0.544522 0.093442 0.167312
SuMAv-M 0.245202 0.245202 0.575575 0.368139 0.45291 0.544522 0.093442 0.167312
SumVar-N 462.2235 462.2235 505.193 500.3619 501.8685 501.6861 419.5165 461.9878
SumEnt-iv 417.3141 417.3141 1.964333 12.00545 4.520679 94.82579 1423.643 355.2211
Ent-M 3.456525 3.456525 1.634692 2.46369 2.051551 2.060543 4.396663 3.777804
DiffVar-M 5.107133 5.107133 2.3906 3.756382 3.222868 2.964117 6.378691 5.835452
DiffEnt-M 157.5115 157.5115 0.710884 2.077774 1.816601 81.4133 317.5088 144.0011
InfMCorrl 2.869405 2.869405 1.141229 1.669313 1.556763 1.746158 3.633969 3.178595
InfMCorr2 -0.22757 -0.22757 -0.09821 -0.15208 -0.08084 -0.15816 -0.29417 -0.20822
ClusterShi  0.8504 0.8504 0.465366 0.669314 0.480343 0.6305 0.942082 0.856534
ClusterPrc -16305.4 -16305.4 -1.69282 6.052793 -7.54544 -3200.59 23132.94 -13560.5
DiagonalN 1081065 1081065 14.96904 275.3506 65.64534 131177.4 3865082 991463.2
SumCorre -10178.2 -10178.2 -3022203 -478805 -1186896 -100585 -2264.99 -13753.2
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4.4 Reaults of Classification

In proposed work, support linear vector machine has been used for the classification of
cancerous and non cancerous lung images. Total 170 samples out of which 70 are abnormal
lung images and 100 are normal lung images. First fusion technique is applied using wavelet
theory, then images are segmented and cropped manually. After segmenting the samples,
features are calculated. Then the features are divided into training data and testing data. After
classification, confusion matrix is generated. In classification of CT scan when 50 normal and
50 abnormal images are taken, 45 normal images are predicted correctly and remaining 5
images are not predicted correctly and classified as abnormal [51]. Accuracy, ser&itivity

specificity of CT classification are shown in equation (3.1), (3.2), (3.3) respectivély [35

50+45
Accuracy = 1;3 X 100=95% (3.1)
o 50
Sensitivity =—— X 100 = 100% (3.2)
50+0
e 45
Specificity =2515 X 100 =90% (3.3)

Table 3.14 Confusion matrix of classification of CT imad&g [

Predicted class

Abnormal Normal
Actual Abnormal 50 0
class Normal 5 45

The confusion matrix has been obtained from the classification results of PET/CT images is
shown in table 3.14.
In classification, there are total 170 number of images of lung, out of which 100 are normal

lung images and 70 are abnormal lung images.
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Table 3.15 Confusion matrix of classification of PET/CT images

Predicted class

Abnormal Normal
Actual Abnormal 100 0
class Normal 3 67
100+67
Accuracy oo X 100 =98.2% (3.4)
o 100
Sensitivity = X 100 = 100% (3.5)
100+0
e . 67
Specificity =—— X 100 = 95.7% (3.6)
67+3

The sensitivity, accuracy, and specificity of fused PET/CT is increased as shown in equations
(3.2), (3.2), (3.3), (3.4), (3.5), (3.6).

4.5 Discussion

The classification of normal PET/CT and abnormal PET/CT has been done using GLCM
features calculated of images. The accuracy of CT images was 95% which means that out of
100 CT images, 5 images were detected wrong [51]. The accuracy of PET/CT conwes out
be 98.2%, that means out of 100 images, 98 images are predicted accurately and only 2
images are predicted wrong. Thus these results show that after fusing PET and CT images, it
is comparatively easier to diagnose any cancer or lesion or abnormality. As the equipments of
PET/CT are costly to install, this approach can help to diagnose cancer or abnormality with

low price.
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CHAPTERS

CONCLUSION & FUTURE SCOPE

5.1 Conclusion

Fusion of CT scan and PET scan of lung images and classification pf PET/CT images have
been done in this dissertation. Fusion has been done by wavelet transform (using haar as a
mother wavelet) and PET/CT images have been obtained which have higher sensitivity &
specificity. This technique of fusion is cheaper than the machine fusion and also it is easy to
use as compared to machines. As the installation of PET/CT scanner is costly, it is not
possible to afford it for every hospital. This technique gives fusion of images without any
hardware. The database of 170 images has been obtained from PGIMER, Chandigarh, out of
which, 70 images are cancerous and 100 images are non cancerous. ROlshave been
segmented from both cancerous and non cancerous images. Further, features have been
calculated for both cancerous and non cancerous PET/CT images by GLCM technique.
PET/CT images have been classified using support vector machine. The results of
classification shows that the accuracy of PET/CT is greater than the accuracy of CT images.
The accuracy comes out to be 98.2% whereas the accuracy of CT images was 95%. This

shows that PET/CT images are better to analyze for the detection of lung cancer.
5.2 Future Scope

No study is complete in itself, there is always scope for improvement. In this study, wavelet

transform has its own short comings described below :-

> It has a shift sensitivityAs the input-signal shifts, it generate unpredictable changes

in DWT coefficients.

» It has poor directional selectivity. As DWT coefficients reveal only three spatial

orientations.

» There is a lack of orientation selectivity i.e salient features of the image are not

captured more accurately.

» ltis a simple pixel fusion which neglects correlation between pixels.
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