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ABSTRACT

Medical imaging achieves enormous claims on automated, reliable, and efficient diagnosis in all
medical-related issues. During the present pandemic situation of covid-19, enormous numbers of
people are affected by lung diseases. Lung infections are evolved as different types of diseases. It
is a problematic task for a clinical physician to segment, detect, and extract infected areas of the
lung due to covid-19 and classify the type of infection and its stage from X-ray images. During the
present pandemic situation of covid-19, enormous peoples are affected with lungs diseases. Lung
infections are evolved as different types of diseases. It is a tough and multifarious the medical
practitioner to segment, detect, and extract infected areas of lung due to covid-19 and classify the
type of infection and its stage from X-ray images. The size, shape, and position of infection differ
from dissimilar patient’s lung. Several efforts have been proposed for image detection and
classification in the literature by considering machine learning and deep learning models.
Motivated by the advancement of machine learning for classification of lung diseases, we are
proposing a novel segmentation technique and a classifier for detection and classification of lung
diseases.

This research suggests a HOG (Histogram oriented Graph) feature based hybrid modified SCA
(Sine Cosine Algorithm)-Extreme Learning Machine model to classify different infected and non-
infected lung diseases related to COVID-19. An image enhancement technique also suggested by
utilizing Modified Sine Cosine (MSCA) optimization to increase the quality of images. Further, a
new Fast and robust Fuzzy Local Information C Means (FRFLICM) segmentation technique for
detection of lung infection from X-ray images that can inform radiologist and doctors about the
details of lung infection due to covid-19. The lungs chest X-ray images are collected from different
hospitals of Ethiopia and Kaggel website. The quality measures SSIM and PSNR are considered
for image segmentation and achieved 0.9878 and 35.26 and segmentation accuracy as 98.93%.
The performance measure for classification are considered as sensitivity, specificity, classification
accuracy and achieved as 98.78%, 99.23%, 99.24% and computational time and archives as
24.1128 seconds The performance comparison the results from the support vector machine and
conventional ELM machine learning model with the suggested SCA-ELM models are presented to

validate the uniqueness of the research.

Keywords: Histogram oriented Graph, Sine Cosine Algorithm, Fast and robust Fuzzy Local
Information C Means, support vector machine, Extreme Learning Machine.
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CHAPTER-1

INTRODUCTION

1.1. Background of the study

The lungs are affected by COVID-19 viruses flooding our airways with debris and fluids. The
human lungs are sensitive body organ which is affected by COVID-19 quickly. In covid attacks
the epithelial cells lining (American Lung Association, 2021). Early detection and diagnosis are a
critical factor to control the COVID-19 spreading before seriously affecting lung. The patients
affected by lungs disease are taken to hospitals and the process of X-Ray has been adopted to lungs
to identify related virus, but it is difficult for the doctors to get information from the images of
lungs. Nowadays, artificial intelligence playing a vital role in detecting diseases efficiently and
effectively. The common features sharp costophrenic angles, and demarcated hemi diaphragms,
sharp borders of heart are the components of Chest X-ray of normal patients (Lu S., et al., 2018).
The medical imaging gains its importance to segment and classify the diseases from the images

through different segmentation and classification techniques.

The classification of diseased and non-diseased category from chest x-ray images is also important
for medical practitioners and radiologists. Efficient CovidNet proposed (Pedro S., et al.”, 2020)
along with a voting-based approach and a cross-dataset analysis with accuracy of 87.6%. A deep
learning-based approach (Athanasios et al. 2020) has been proposed for the boundaries detection
in images where COVID symptoms manifestation becomes apparent. An automatic detection
system of COVID-19 (Xiang et al., 2020) by utilizing GoogLeNet-COD.

A convolutional neural network containing seven layer was proposed in (Yu-Dong et al., 2018) to
have data augmentation and stochastic pooling methods. The size of the dataset, which would
significantly affect the performance of networks, is still quite limited. In (Shui-Hua et al., 2020)
lung diseases classification pipeline based on transfer and InceptionV3 deep model classifier is
presented. Deep neural network (DNN) method (Shayan et al., 2020) proposed based on the
fractal feature of input images achieves an accuracy of 93.2% and sensitivity 96.1%) a seven-
layer standard convolutional neural (Yu-Dong et al., 2018), ResNet (Uboho et al., 2020) performed
the experiments of training, an improved convolutional neural network (ICNN,)[15] etc for

classification from chest x-ray images. Computer vision-based diagnosis with BBO algorithm

1



(Shui-Hua et al., 2020) and get a better global optimal solution. Further to reduce noise from the
images, the image enhancement technique is also proposed by utilizing the SCA algorithm.

(Seyedali M. et al., 2016) proposed SCA algorithm, for search proxies in the SCA algorithm.

Normal patient’s Chest X-ray clearly shows sharp costophrenic angles, and demarcated
hemidiaphragms with sharp borders (Salehi S. et al, 2020). Fig. 1.1 shows the general chest region
of humans from normal chest X-ray images.

Lungs Aortic Knob
R Hilum Pulmonary Artery
: L. Hilum
R. Atrlum
L. Atrium

R. Vena Cava

Cardiophrenic Angle L. Vena Cava

R. Diaphragm L. Diaphragm

Costophrenic Angle
Fig. 1.1 X-ray of normal anatomy (Athanasios et al. 2020)

'} : l Pleural Effusion
Hazy Lung Fields ‘
\ ‘ Blunt Costophrenic
\

Bhunt Costophrenic
angle

F
Angle ;
B
-

Fig. 1.2 Some symptoms of Covid-19 in PA chest X-ray (Athanasios et al. 2020)

The recent mentioned research works were not applied for lungs diseases related to covid, hence,
motivated by this, a novel fast and robust FLICM (Fuzzy Local Information C-Means algorithm)
segmentation technique and a HOG (Histogram of Oriented Gradients) feature based modified
SCA-ELM model are proposed classification. Further to reduce noise from the images, the image
enhancement technique is also proposed by utilizing the modified SCA algorithm.



1.2. Statement of the Problem

The diagnosis of COVID-19 at early stage is vital for lung disease treatment and becomes complex
and arduous task. Suspected patients with respiratory problem or pneumonia are taken care by the
hospital under consideration of emergency diagnostic measures with laboratory facilities for
detecting the virus. The different tests such as blood gas analysis tests, blood count (CBC), and
pleural effusion, samples are collected from the patients in the lab, which proceeds up valuable
time. On the other side, the non-laboratory tests are the computer related techniques to detect the
lungs affected regions by utilizing digital chest radiography (or X-ray) or CT scan. The X-Ray
images are the good input for the purpose of classification and detection of virus tissues. At the
same time we need to have automated detection system, for which we proposed a novel
segmentation and classification techniques to solve the diagnosis issues.

1.3. Objective

1.3.1. General objective

The objective of the research work is to detect lung diseases related to covid-19 from x-ray images
using proposed FRFLICM ( Fast and Robust Fuzzy Local Information C-Means algorithm )
segmentation method and classification through HOG (Histogram Oriented Graph) feature based
SCA-ELM model.

1.3.2. Specific objective

= Enhancing image using Modified Sine Cosine Algorithm (MSCA) technique for
preprocessing phase.

=  Applying a FRFLICM (Fast and Robust Fuzzy Local Information C-Means algorithm)
segmentation to remove noise and detect lung diseases from X-ray Images.

= Classify covid-19 related and other lung diseases though HOG feature and proposed sine
cosine algorithm based extreme learning machine model.

= Investigating the application of the SCA optimization of weights of ELM model in

classifying the useful information from lung x-ray image.



1.4. Significance of the Study

The growing incidences of lung diseases obstruct patients from receiving the authentic
accommodation. In this regard, automating lung diseases detection could distribute many potential
welfares. In a screening setting, it sanctions the inspection of a sizably voluminous number of
images in less time than present observer determined methods which are subjective. It can
additionally be a consequential diagnostic avail and can truncate the workload of trained graders,
thereby truncating costs inside clinics.so that this study provides avail to radiologist, practitioner

and surgeons in diagnoses of disease in very short time and with the high precision.

1.5. Scope and Limitations of the Study

The methodology has been developed for detection and relegation of lung diseases cognate to
cov-19 will be tested X-ray images acquired from research image databases and some low-
resolution images snapped from publications were withal considered (to test the robustness at low
resolution and contrast). The genuine clinical validation of the work is withal beyond the scope of
the current study and algorithm will not be implemented clinically which limits the testing step
only to the images from the database and the snapped images. Additionally, the methodology
developed will be implemented entirely on only a MATLAB platform.

1.6. Contribution of the Research Work
The research work emphases on three contributions based on image enhancement, image

segmentation and classification. The contributions are summarized as follows:

e In the first aspect, we are proposing an image enhancement technique by modifying the
parameters of the Sine Cosine Algorithm. The parameters such as position and velocity
equations in the SCA algorithm has been modified to have better visualization and
enhanced resolution of the images for this research purpose.

e In second aspect, an improvement to the fuzzy factor of FLICM based segmentation has
been prepared to enhance the disease detection capability. Further, the improvement of
fuzzy factor enhances noise reduction capability during segmentation. The mathematical
analysis for the new FRFLICM segmentation has been derived to enhance the segmentation

accuracy.



In the third aspect, the modified sine cosine algorithm is proposed to update the weights of
the ELM (Extreme Learning Model) model to enhance the classification performance of
the classifier modified SCA-ELM classifier.

1.7. Thesis Organization

The thesis outline presented as follows:

Chapter-1 presents the review of mathematical analysis of FCM based segmentation algorithms,
and classification models utilised for Lungs images related to COVID-109.

Chapter-2 presents literature assessment on image segmentation and classification followed by
objective of study and thesis organization.

Chapter-3 presents the methodology of research which contains the research flow
implementation, proposed modified SCA optimization algorithm for image enhancement,
FRFLICM image segmentation and modified SCA-ELM deep learning model for the
classification

Chapter -4 presents the results of image enhancement fitness, image segmentation, HOG feature
descriptor and classification results comparison with the proposed modified SCA-ELM algorithm.
Also presents the results discussion of the image enhancement, image segmentation and
classification.

Chapter-5 presents thesis conclusion, future scope followed by reference.



CHAPTER-2

LITERATURE REVIEW
2.1 Related Works

As machine learning and deep learning are efficaciously applied in many fields, it has newly
entered also the domain of health sectors. Recently, several researchers have studied different lung
diseases and covid-19 identification and classification based on deep learning and machine
learning approaches. The classifier extreme learning machine (Harmon et al., 2020) institutes a
recent, modern method for image processing and data analysis, with promising results and large
potential. The classifiers recycled to train the features are also not much operative. So, in this
research brings in a new method of detecting and classifying the lung diseases by HOG Histogram
of Oriented Gradients feature based modified SCA-ELM model. The study contracts with the
extraction of features from the segmented area to detect and classify covid-19 and other lung
diseases of medical lung X-ray images for a huge database. My result prompts end that with this

proposed strategy it makes clinical specialists simple to take a choice in regard to analysis.

The FCM (Fuzzy C Means) (Ding Y et al., 2016) based segmentation techniques were failed to
improve the noise reduction capability. To improve the noise reduction capability the FCM
segmentations are improved with fuzzy factor with replacement of adjustable parameter o from
the EnFCM (Ahmed M.N et al., 2020) segmentation. The fuzzy local information c-means
clustering algorithm (FLICM) (Krinidis et al., 2010), segmentation replaced the adjustable
parameter o by a new fuzzy factor in the objective function preserve the detailed image and
improves the noise reduction capability. The FLICM segmentation improves the segmentation
capability, but fails to remove Gaussian noise beyond 30%. The adaptive FCM algorithm based
on noise detection (NDFCM) (Chen S. et al., 2004), by considering the local variance to enhance
the noise reduction capability. The recent mention research works were not proposed any fast and
robust segmentation technique for chest x-ray lungs images for improvement of noise reduction,
so motivated by this, a novel fast and robust FLICM (Fuzzy Local Information C-Means

algorithm) segmentation technique is proposed for image segmentation.

Further, extreme learning machine establishes a new, contemporary technique for image

processing and data analysis. As machine learning and deep learning has been successfully applied
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in various domains, it has recently entered also the domain of health sectors. A computer vision-
based diagnosis method based on WRE and SBBO is implemented (Shui-Hua W. et al., 2020) for
detection. The technique comprises of three parts: WRE as feature extractor, FNN as classifier,
and 3SBBO algorithm as optimizer. The disadvantages of this proposed smart COVID-19
diagnosis system are two-folds: Firstly, the wavelet Renyi entropy was extracted, Secondly, BBO
was improved to speed up the convergence speed of BBO algorithm and get a better global optimal
solution. U-Net structure (Athanasios et al., 2021) presented for segmenting COVID-19 infectious
regions. The U-Net structure, re-configure the network parameters for detecting and segmenting
infectious COVID-19 regions.

Recently, several researchers have studied different lung diseases and covid -19 identification and
classification based on deep learning and machine learning approaches. The classifiers used to
train the features are also not much effective. So, in this research brings in a new method of
detecting and classifying the lung diseases by HOG feature based modified SCA ~ELM model.
The study agreements with the removal of features from the segmented area to detect and classify

covid-19 and other lung diseases of medical lung X-ray images for a huge database.

2.2 Review of FCM Based Segmentation Technique

2.2.1 Fuzzy C Means Algorithms
Let X = {xq, x5, x3....... xy} are the data inputs. “FCM” (Ding Y. et al., 2016) is a method of

clustering having objective function as

Jm = =1 Dz wik e — vill® 2.1)

Where m = 2, fuzziness coefficient, x, is the i, of n-dimensional measured data, v; is centre of

C
the cluster. The parameter ‘m’ is the fuzziness of partition andZuik =1.
i=1

By using Lagrange method, we have
2
& x vl
u, = -
S

Zﬁﬂ“?]bxi
Vi = ————rr (2.2)
l ZIIX:1“?I§



The performance of FCM is not acceptable in noise reduction capability.

2.2.2 FCM_S: FuzzyClustering with Spatial Constraints and its Variants
(Ahmed et al. 2002) modified the quality FCM, in that the neighbourhood effect so as to regularize
and the FCM_S is defined by modifying objective function as

o= i v+ zzu.k 3, -v (2.3)

i=l k=1 i=1 k=1  reN,

Where Nr is its “cardinality”, x, constitute the neighbour of x, and N, stands for the place of
neighbours declining into a “window” around and ) u; =1. There are two necessary conditions
i=1

for J,, is expressed as

(RS

Uik _ rENk - (2.4)
c m-1
Z{Xk vl 4 2wl }
i=1 R reN,
N
ZU{E[xk Zx }
_a A= (2.5)

N
(1+a)Zu{{<‘
P

The second word Zxr/NR in the numerator of (2.5) shows neighbour common gray value

reNy

approximately. In order to decrease the computational complexity, (Chen and Zhang et al., 2004)

cut down the region of “FCM_S” and the low-composite objective function written as follows:

W=D Supl -l a3 D > - (2.6)

i=1 keN i=1 k=1 keNy

Where x, is a means of neighbouring pixels deceitful within a window around x, .Further u, and

v; can also in FCM _S be extracting, as:



1
[l ) ™
1

Uik = (2.7)
bl +afi ) ™
i-1

- kZ::ui”Q (xk +az) 28)

N
(1+ a)z UM
k=1

2.2.3 FCM Based on Kernel-Induced Distance (KFCM)
If x =[xy, x,]Tand @(x) = [xf,\/fxlxz,xg]r, where x; is the i component of u. Then the

distinctive radial basis function (RBF) and polynomial kernel is given by:

—(y4 EPT-AY .

o2

The dimension of vector x is given by d, a> 0; 1< b < 2. and (X, X) =1" for all X. With the above
alignment, the kernelized description of FCM [26] algorithm with the mapping @ is given by:

Jm = Eizs Zi=1 uig |9(X) — @ (V)2 (2.10)
Now through the kernel substitution, we have

[IeARIAI RENCICARI AN CICARIIA)
= O(X) P (Xy) — (V)T O(Xy) — P(X) PV) + (V)T P(V)
= KXy, X, )K(V;, Vi) — 2K (X, V;) (2.11)
Specifically, if the kernel function K(u,y) is in use as the RBF (Radial Basis Function),

Furthermore, for the purpose of convenience of handling, consideringa =2and b =1 in (2.9)
for Gaussian RBF (GRBF) kernel, then, (2.10) can be rewritten as:

=2 z z ult (1 - KX, V) (2.12)

i=1k=1

Additionally, when the parameter o in (2.9) is positive constant, the FCM and its robust version

like the L,, norm-based clustering algorithms as from (2.9) we have,



d
KGy) ~ 1= [ 12 = %19/ (02)]

Thus, ]T(?l = (2/0%) X4 leé’:ﬂ‘?}% (Z?:l |xkj — vij |%)®
Obviously, if a =p and b = (1/p), J> reduces the objective function based on the L,

standard.

By an optimization technique for /s to be at local minimum can be written as

1

_K(Xw ) D

S5 (1=K (Xp X)) D

v, = Ti=1 Wik X Vi) X
' L1 WK XiVi)

(2.14)

2.2.4 KFCM_S: FCM with Spatial Constraints Based on Kernel-Induced Distance

The new objective function during the newly-convince distance measure substitution

c N

JS® = Z u (1 - K(X,, V) + N%zc: i ul? Z (1= KX, V) (2.15)

i=1 k=1 i=1 k=1 TEN

An iterative algorithm of (2.13) with respect to u;;, and v; can also be derived as mentioned in
(2.14).

((1 — K(Xy, Vi)) + NiZTENk(l - K(X,, Vi))m)_(m——l)
i = : : (2.16)

§=1((1 — K (X4, Vj)) + N%Zrezvk(l - KX, V;)))™) m-D

a
k=1 Wi (KX, V) X)) + N_RZrENk K (X, V)X,)

v, = a (2.17)
k=1 Wi (KX, V) + N_RZrENk K(X.,V;)
k=1 Uix (K(Xi., Vi) + Nizrezvk K (X, V)X

v; = X (2.18)

a
k=1 Uik (K(Xi, V;) + N—Rzrewk K(Xy,V:)

10



Similarly, a kernelized modification to (2.19) is

]SO = ZC: i ult (1- KX, V) + ai i ult (1- KX, V) (2.19)

i=1 k=1 i=1 k=1
The objective function in (2.19) is minimized as:

(1 - KXy, V) + a(1 — KXk, Vi)))_ﬁ

Uik = : (2.20)
j°=1((1 - K(Xk,v,-)) + a(1 - K(Xg, V) ™D
v, = n_ult (KX, V). Xp) + aK. (Xg, V) Xx) 21

nei Ul (KX, Vi) + aK. (Xk, Vi)

2.2.5 Enhanced Fuzzy C Means Algorithm
The EnFCM algorithm achieved by adding up image &in FCM_S (Chen and Zhan, 2004) as:

1
Sk =7 (xk + NiRZjeNk xj) (2.22)
Where &, indicate the “gray value” of the k™" pixel of the picture &, x; represents the adjacent of
xand the fast segmentation process is achieved with the objective function as:

Js = zc: zq: youg (€ — v)? (2.23)

i=11=1

Where v; represents the example of the i cluster, y, is the amount of the pixels carry the gray

value equal to I, where 1=1, g. obviously, we have

q
z v =N (2.24)
i=1

And below the constraint so as to ),;_, u; = 1 for any [, minimize J,, correspondingly J to be

at its limited extreme as follows

2

y = — 8L vi)_mz (2.25)

SE (& —v) T

11



X yulE
= Zi=a VIRLSL 2.26
v T, v} ( )
EnFCM depends on the culled “window” size, the factor a and the “filtering” system. The value
of a has to be culled astronomically immense enough so that it can truncate noise and, culled

minuscule enough so that segmented image does not misplace its sharpness.

2.3 Review on Machine Learning Classification Method

2.3.1 Radial Basis Function Neural Network

The RBFNN (Sun Y.F et al., 2005, Kumar P. et al., 2015) is a three layered feed-forward neural
network which uses Gaussian functions, and improves stopping criterion, learning rate, number of
epochs than the ANN..

The radial basis function architecture is given in Fig. 2.1.

LMS Based Learning

Input layer Hidden layer Output layer

Fig. 2.1 LMS Based RBFN architecture

In this model, the activation function of the N™ hidden neuron is defined by a Gaussian Kernel

as

—||xi—cj||2>
Zy(x) = e< on (2.27)

12



The output at the output layer is given by
(—II(xN—Cm)IIZ)

2002

(2.28)

The error is calculated by subtracting the actual output from the desired output vector:

e =dn—Yn (2.29)
For n=1,2,3,................. M
The Widrow Hoff’s Least Mean Square algorithm:
Win (@ + 1) = Wi (0) + 1(P)Xeneiem (2.30)
fork=1,2,3,....K,n=1,2,3,... m=1,2,3,...M

The mean square error is given by
1 N
MSE(e) =+ ) (dn = )’ (231)
n=1

Where “d” is the desired vector.

2.4 Support Vector Machine

The development of SVM made for the solution to an ANN (Mohd et al., 2011), (Rezaei et al.,
2017), (Sonu et al., 2015) is universal and unique.

For binary classification in the diagram shows in Fig.2.2

wx+w, =0

> /\ Optimal hyper
SVs plane

Fig .2.2 Two class problem with hyperplane analysis
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The hyper planes HO, H1 and H2 achieve zero empirical risk, we have to maximize the margin
which is same as minimizing the distance between the hyperplane and HO generalizes optimally.

Thus by considering a decision function of the form

f(x) =sgn(w.x + wy) (2.32)
If w.x + wy = +ve f(x)=+1

And w.x +w, - —ve f(x)=-1 (2.33)
Considering two points (x;, x,) on the decision boundary B1 and B2, we can write
w(x, —x,) = 2.

So the margin will be given by the projection of the vector (x; — x,) onto the normal vector to

the hyperplane.
For the two classes of patterns, support planes, are given by,
[EST e TRl
wll ol = Tl (2.34)

Where ||lw|| denotes the Euclidean norm of the weighting vector w
2
llwll

Margin = (2.35)

2

Maximizing IIWIIis same as minimizing ||w||, so Maximizing the margin is thus equivalent to

minimizing the function @ (w) = %(w .w), subject to constraint y;[w.x; + wy] = 1.
.1 2 1
min {E lw]l= = W W} (2.36)
w.r.tyi(w.x; +wy) —1>0

By introducing Lagrangian multipliers(aq, ag,........... ay) = 0, the equation (2.36) can be
converted to the Lagrangian primal objective function

L(w,wy,a) = %(WT-W) - ZIiV=1 a; [yi(w.x; + wy) — 1] (2.37)
Where L(w, w,, @)is the Lagrangian function.

The minimum with respect to w and w,, of the Lagrangian, L(w,w,, @), is given by,

aL
m =0=> Z?Izl a;y; = 0 (238)
and 2—:} =0=>w=YN avx; (2.39)
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The data points x; for which a; > 0 are those points that are lie on the margins as well as inside
the margin is called support vectors. From the solution given in equation (2.39), most of the «; are
zero.

Support vectors are the patterns which is most informative for the classification task. At the end
of the training period, such a pattern will be one of the support vectors.

Solution for w can be written in a quadratic equation

W(a) = {Z?’ﬂ a; — %Zliv=1 TV aa Yin<xi'xj)} (2.40)
Subjectto YN . a;y; =0 where a; is the hyper parameter or Lagrangian multiplier.
For non-separable data, we have

X;* Xj = ¢(xi).q5(xj) (2.41)
The kernel function is given by

®(x;). @(x;) > K(x;, %)) (2.42)
Therefore the RBF kernel is given by

—||xi—xj||2/
K(x,x)=e 202 (2.43)

The point of estimates of the weights W = {wj}j,vzoneeded by SVM, such that the linear

combination of the base functions @ = {K (x;, x,)}

i,j=

) fits the training targets closely. At the same

time, it reduces the complexity of computation by forcing the majority of the weights to zero.

The SVM predictions is given by

Yi(t,w) = foom(x,w) = Ti wi K(x, x;) + wy (2.44)
y(x,w) = d(x)w (2.45)
Andw = [wg, wy, ws,...... wy]"

Where K(x,x;) is a RBF kernel function and @ is an augmented kernel matrix and is given by
K(x1,x1) K(x1,x3) - K(xq,xy)

b = K(xz,%1)  K(x2,x2) - K(x1,%1)

K(xy,x1) K(xn,x1) - K(xy, xy)

For pattern classification problem, SVM we have to maximize

N N N
1
W(a) = Z a; — Ez Z a;y;a; y]-K(xi, xj) (2.46)

i=1 i=1 j=1
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Subject to YN, a;y; = 0 where a;, a; are the hyper parametersand i = 1,2,.......... N
The decision function is given by

f(x) = sgn(Tiy aiyi K (x;, %) + wo) (2.47)
Recently, several researchers have studied different lung diseases and covid -19 identification and
classification based on deep learning and machine learning approaches. The classifiers used to
train the features are also not much effective. So, in this research brings in a new method of
detecting and classifying the lung diseases by HOG feature based SCA —ELM model. The study
contracts with the withdrawal of features from the segmented area to detect and classify covid-19
and other lung diseases of medical lung X-ray images for a large database. The result prompts end
that with this proposed strategy it makes clinical specialists simple to take a choice in regard to

analysis.

2.5 Lungs image affected by Covid-19

The case studies of the COVID-19, we have identified the properties of the COVID-19 virus,
associated disease symptoms taken from various sources, to classify the COVID-19 diseases for
images. The COVID-19 dataset collected from Kaggle website. We emphasized the statistical
significance of these measures for the purpose of detection and classification of COVID-19”
diseases also. The Fig. 10 shows the chest X-Ray images from public hospitals of “S&o Paulo —
Brazil” from March 15 to April 15, 2020

Fig.2.4 Pneumonia COVID-19 chest images of four cases (Patients)
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Fig.2.6 SARIS Images of chest and lungs
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CHAPTER-3
METHODOLOGY

3.1 Research flow diagram

The research work followed the steps as: (i) The Lungs images collected and enhanced by
modified SCA technique and segmented by the novel FRFLICM algorithm, Further (ii) the
segmented images undergone HOG feature extraction (iii) In the third stage, the extracted features
are fed as input to the proposed MSCA weight optimized ELM model for the classification of the
Lungs diseases. (iv) In the fourth stage, the classification results comparison of the models are

presented.

Lungs Image (Data)

v

Proposed MSCA Image
Enhancement

v
Proposed FRFLICM

Image Segmentation

v
HOG Feature Extraction

l Proptsed l

SVM MSCA based ELM
ELM Model

i —

Classification of Diseases /‘* Pneumonia (Diseased Lungs)

l \ Normal-Non Diseased Lungs

comparison of Models

Fig. 3.1 Research flow diagram

18



3.2 Implementation
The research flow diagram indicates the step by step accomplishment of the research work. Further
the block diagram shows the flow of algorithm application for detection and classification of lung

disease related to Covid-19.

MSCA Image
enhancement

Fig. 3.2 Block Diagram Representation
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3.3 Histogram of Oriented Gradients (HOG): Feature Extraction

The HOG descriptor is a geometric and photometric with Gradients (x and y directions) which are
useful features that can signify complex shapes, such as edges and corners. The direction of the

gradient represents the change of pixel intensity in an image. For an image f (x, y), the gradient of
the image can be represented as:

of
g 0x
Vf = l xl = |of (3.1)
9y ==
dy
Here, g—i is the derivative of the image with respect to x and Z—i is the derivative of the image with

respect to y. Then we can derive as:

)= ZL=fl+ 1) - fx-1) (32)

=L =fo+D-fOr-1) (33)

9= @ +(5) (3:4)

0 =tan?! (5—’“) (3.5)

H&=|Hp=Jm?+hf+hf+hf+_+m2 (3.6)
7
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Fig. 3.3 HOG feature calculation

20



Fig. 3.4 Input image and its calculated histogram of oriented gradients

3.4 The Sine Cosine Algorithm (SCA)

Image enhancement is an important task before segmentation process. The contrast image enhancement has
been utilized for brain tumors, and image enhancement by utilizing PSO and APSO algorithm proposed by
swagat behera (swagat behera et al., 2015). But PSO (Particle Swarm Optimization), yet not applied for the
for Lungs images previously. The Modified SCA algorithm is the novel image enhancement technique
proposed in this research. The improvement in the learning parameters in SCA leads to a new velocity
equation and “position equation”. The mathematical analysis has been presented for the SCA to improve
the performance of the optimization.

The sine cosine algorithm (SCA) (Seyedali M , 2016), (Ahmed et al., 2016) is a existed stochastic
optimization algorithm which is based on the following update function for any search agent Xi:

According to sine cosine algorithm the position equation is updated as

xXntl = {
l
Where a;,a,, as, azare the random variables and a; is given by

o =a(1-2) (3.8)

Where n is the current iteration, K is the maximum number of iterations.

X'+ oy X sin(ay) X |azp9?est — XP*|, ay < 0.5

3.7
X'+ ay X cos(ay) X |azp9?est — XP|,ay = 0.5 3.7)

The X[ signifies the “current position” and X]**! signifies the “new position”. At this point|. |
signifies the complete significance. The factor a, resolves the subsequently position areas of
explore and discovers to investigate the gap to a superior amount. The factora, signifies the

direction of movement of on the way to or away from x; (n) .The parameter a5 controls the present
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movement, throughout each iteration a,,a,, a5 are simplified and the parameter a, uniformly
switches among the sine and cosine functions.
The &1 is the next position in the search, «, determines direction of movement, ;3 controls the current

movement, and «; is given by

n
o) = a(l— Ej

Where the current iteration is given by n, maximum numbers of iterations are denoted by K and
a is a constant.
Fig. 3.5 shows that how the proposed equations define a space between two solutions in the search

space.

N -

Fig: 3.5 Effects of Sine and Cosine with range in [-2, 2] on the next position

\

—— A ——

D\

Next position region
when a; > 1

3.4.1 MSCA Optimization

For speedy convergence of the parameter « is adapted as

1

11 = sigmoid(ay) (3.9)
And the resultant position equation is specified with modification factora, , is obtained as
e+l — {XZ} + aqq X sin(ay) X lazy — X{*|,a4 < 0.5 (3.10)
Y Xi; + agq X cos(ay) X |azy" — Xi'|,as =2 0.5

Considering the image pixels movement according to position and velocity, the SCA algorithm is
implemented as follows. The v, and X, are considered as velocity and position of the pixels in an image.
According to the PSO [39] algorithm the velocity update equation is given by
best best
V,(n+1) = x*v,(n)+ ,Blrl(pi X, (n))+ ,Bzrz(pg =X, (n)) (3.11)
And the position update equation is given by
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x.(n+1)=x(n)+v,(n+1) (3.12)

Where K is “inertia coefficient”.

According to APSO [39], the velocity vector is presented to avoid mathematical complexity

v,(n+1)=v,(n)+a e, Jrﬂ[gbESt )] (3.13)
Where e, is drawn from N(0,1).

In order to increase the convergence even further, we can also write the update of the location in a single

step

x(t+1)= 0~ (t)+ o™ +ae, (3.14)
Now the position equation of SCA is updated with PSO as follows

(P2 =, (n))+ A1, (P2 —x,(n))
n(pe=t = x (n)+ A1, (p= —x,(n))  (3.15)

XM= X" +a, xsin(a, ><‘cz3 gbest _

n+1 ghest
XM =X +a, xcos(a ‘a?,p

V n+1 X n+l +V n
Where «a the learning parameter and the value is taken between [0.5, 1].
With the equations (3.13), (3.14), and (3.15) the PSO, APSO and modified SCA techniques are
utilized for image enhancement and the corresponding results for fitness and entropy are presented
in the section 4.

Table 3.1 Pseudo code: MSCA Algorithm implementation for Image enhancement

Pseudo code: SCA Algorithm implementation for Image enhancement

1. Initializing random position and velocity vectors.

2. Initialize the SCA parameters oy, a,, a3, a,

3.Evaluate the evaluate fitness based on  Xjj

4.%optimization loop

5.for i=1:k

6. forj=1:N

7. update(eqn(below) for sin)
v(n+)=vn)+ae, +Alg"™ -x(n)]

X(t+1)=(- A (t)+ A" +ae,

8. update SCA parameter to obtain fitness
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9. update the modified position and velocity equation
XM= X"+ oy ><sin(o;2)><‘oz3 9=t — X+ Air, (p" = x, (n))+ B,r, (p= = x,(n))

+ A (P =% (n)+ 8,1, (p —x,(n))

Xin+1 _ Xin +0[1XCOS(0!2)X‘0!3pgbeSt— Xin

Vin+l — Xin+1 +Vin
11. end for the loop j

12. end for the loop i

15.Stopping criteria: getting fitness as optimal solution

3.5 Fuzzy Local Information C-Means

(Cai et al., 2007) proposed the fast generalized FCM algorithm (FGFCM), but fails to improve the
capability of noise reduction. However, EnNFCM (Mishra S. et al., 2019) as well as FGFCM (Mishra

S. etal., 2019), share a common crucial parametera.

(Krinidis and Chatzi, 2010) proposed FLICM (Fuzzy Local Information C-Means), to improve the

the noise reduction capability.

According to the FLICM (Krinidis and Chatzi, 2010), the fuzzy factor is given by:

1 m 2
G = ) (1 = )™l = v
KEN,

dor + 1

v+k

By using the definition of G,,,, the objective function of the fuzzy ¢ means algorithm with local

information is given by

Js = 2h=12f=1 Ukpllxy — vicll® + 2321 Xfmq Grw (3.16)
Where the fuzzy factor is given by
1
Gy = LkeNy 7 (1 = wie )™ {2ty = v ||? (3.17)
vek Uk

The fuzzy factorGy,,, improves noise reduction improves. The “fuzzy partition matrix” is given
by
1
Uy = T (318)

2 m-1
2c__1<||xv—vk||2+Gkv>
R B
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And

_ Z’;l’:l um,xv (319)

v, =
k Zg:l Uky

Further the approaches described in the algorithms have generated effective clustering results for

images, but contains some disadvantages:

3.5.1 Fast and Robust Fuzzy Local Information C Means (FRFLICM) Algorithm
To overcome the above mentioned disadvantages the fuzzy factor in objective function is modified

to have some special characteristics:

Let the N sample data given by X = {x, x5, x5....... xy}. Fuzzy C Means [25] algorithm the cost

function minimized as:

N Cc

] = z Z ul (3.20)

k=1 i=1
Where v; is the center of cluster (Ahmed et al, 2002) considered a parameter « and the objective

function is given by

c N
a
Jm = Zzu?]:”xk —vll? TN
R

i=1k=1 i=1k

ut Yl = vl (3.21)

c N
=1 TENg

Where a controls the neighbors term. (Chen and Zhang, 2004) proposed a variant by taking mean

to reduce the complexity, and the objective function is given by

Cc Cc N
In= Y0 e =l 4@ ) > wl > F - vl (3.22)

i=1 kENy i=1 k=1 KEN}
Where X is a mean L.Szilagyi et al. [35] proposed enhanced fuzzy ¢ means EnFCM algorithm

where image & the original image and represented by

1

S = = (x5 Zjewe %)) (3.23)

Where q represents the number of gray level and less than N, the gray value of k*pixel of image

€ is given by &, x;is neighbors of x;, Now the new objective function is given by

Js = 2L Zi=a viuin g — viell® (3.24)
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Where u;; represents the “fuzzy membership of gray” value |.

The FLICM (Krinidis et al., 2010) fuzzy factor is given by

1
Gy = Xken, 77 (1 = )™ [l — vil|? (3.25)
vek UK

To increase the noise reduction competence the fuzzy factor is modified, and the new cost function

is given by
N ¢ N ¢ L
Js = Z Z Viuipllé — viell* + Z z 1/ exp( z T T 1 (1 —wep)™x, — vell?)  (3.26)
=1 k=1 v=1k=1 keN, vk
v*k

With the new objective function, the segmentation accuracy has been improved and presented in
the result section.

3.6 Extreme Learning Machine (ELM)
3.6.1 Motivation
The motivations is as follows
1. ELM is a feed forward network
2. ELM requires less number of neurons
3. ELM has higher classification capability
Extreme learning machine used to reduces the memory and computational time of classification
(Deepa et al.,2013).
The ELM output with L hidden neurons is represented by

y= ) Blu(wii )
k=0

where h(w; x) = [1, hy (Wy; X),....... , hy (wy; x)]is the hidden layer, input x = [x;..... xy]and B
is the weight vector of all hidden neurons to an output neuron to be logically analyzed. h;(-)

which is the activation function of hidden layer.
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3CA Bazed Learning

Input laver Hidden layer Output laver
Fig: 3.6 SCA Based ELM architecture

3.6.2 ELM Model with MSCA optimization

This research proposes a modified SCA for ELM (Soria-Olivas et al., 2011), (Tipping et al., 2001),
(Vong et al., 2013) weight optimization (called MSCA-ELM) that optimizes the output weights of
ELM classifier, support vector machine (SVM) (Soria-Olivas et al., 2011), (Tipping et al., 2001),
is considered for comparison with the proposed MSCA-ELM model.

The ELM model output is given by

L
y = z Bichi (Wi; x) (3.27)
k=0
where h(w; x) = [1, h;(Wy; X),....... , hy (wy; x)] is the hidden matrix and input x = [x;..... Xyl

and B is the weight vector. Equation (3.38) can be written as
HB =y (3.28)
Where H isthe N x (L + 1) hidden layer feature-mapping matrix, whose elements are as follows:

1 hy(wi;xy) -+ hpy(wy;xg)
H=1|: : : : (3.29)
1 hy(wgxy) - hp(wy;xy)

And
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(—||(XN—Ui)||2)
hL(WN; xN) = [Wlxl + WiX1eeononnt WNxN]. e 200°

Where o2 is the controlling parameter and ||x; — ¢;| is the “Euclidean distance”..
The i row of H is the hidden layer’s output vector for an instance x. Equation (3.29) is a linear
system, which is solved by

f=H'd, H'=HTH)HT (3.30)

Where HT is the Moore—Penrose generalized inverse of matrix H

MSCA Based Leaming

Input laver Hidden layer Output laver

Fig.3.7 MSCA Based ELM model

dy B
And d = d2 B = :ﬁl
dn :811
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3.6.3 Proposed learning algorithm steps:
The Algorithm has a training set X = {(x;, d;)|x; € R",t; ER™,i=1,....... N} activation
function h(x), 1: input weight w; ,i = 1,..., N.,2: calculation of H.3: The output calculation of
weight g is given by

B =H'd
Where d = [dy,...... ,dy]T

Table 3.2 Pseudo Code: MSCA weight optimization of Extreme Learning Machine

PSEUDO CODE:
1. Initializing particles (ELM weights) with random position and velocity vectors.

2.Initialize the SCA position parameters a,,a,, a;

%Starting of the loop
Initialize the weights W of the ELM to zero
Evaluate the objective function in the next phase to evaluate fitness at first step

4.%Program loop
for i=1:n

e Xii + ayq X sin(ay) X |azy" — Xi'|,ay < 0.5
U TXE + aqq X cos(ap) X |azy! — X[, ay 2 0.5

Update X7:** for best fit
%Update the weights by using the equation

For j=1:n

L1 )
H EJF'HH dj

J 1 -1
[/1+H.H'Tj HTd,

end for the loop j
end for the loop i

4. Continue till converges, else go to step 4, and repeat until convergence is satisfied.
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3.7 Dataset Description

The real time data has been collected from Adama hospital and Kaggle Dataset to reach the
specific objectives. The data contains real time lung diseases occurrence from the X-ray image.. A
total of 500 images consisting of different lungs disease x-ray images are collected. The images
are under gone image enhancement and segmentation and features are extracted. There are six
features are extracted from the images , so a total of 500x6=3000 features are collected and the
features are treated as dataset for the research. Out of 3000 data, 70% of the data are utilized for
training and 30% of the data are utilized for testing and validation. Some of the images of the

diffent lungs disease are presented in Fig.3.8 to Fig. 3.10.

-~y

Fig.3.10 Lungs image affeected by Bacrriol Pneumonia
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CHAPTER-4
SIMULATION RESULTS AND DISCUSSION

This thesis work has been carried out using MATLAB 2021a simulation sofware package. The
simulation results are based on the previous chapters mathematical concept and compared the
image enhancement using MSCA algorithm with the existing SCA & PSO algorithm. In addition
to enhancement, the lung diseased region oreintations of the different loacations are identified
using HoG feature extractor. The enhanced images are segmented by using the proposed FRLICM
and compared with the existing model FLICM and FGFCM segmentation techniques. Finally, the
performance computional time is calculated for SVM, ELM, SCA-ELM and MSCA-ELM.

4.1 Image Enhancement Results

Image enhancement is the process of adjusting images to make more suitable for display or further
analysis. In this section, the lower fitness value means better enhanced image. In fig. 4.1 to 4.11,
the X axis of the graphes represents number of iteration and Y axis dtermines the fitness value of
normal lung, pneumonia, tuberclosis and covid affected lungs using PSO, SCA and MSCA. In the
graphes, the proposed MSCA was shown with lime color line and PSO & SCA were shown with

blue & red color lines respeectively.
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Fig.4.1 Normal Lungs image enhancement fitness Value by using PSO, SCA and MSCA
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In fig. 4.1 shows the normal lungs image enhancement and it is observed that the fitness value is
nearly 0.483 in the case of proposed MSCA optimization technique, which is less than in
comparision to the PSO (0.507) and SCA (0.513) optimization technique. This indicate that the

MSCA has bettter clarity of image enhacement than PSO & SCA in the case normal lung image.
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Fig.4.2 Lungs pneumonia image enhancement fitness Value by using PSO,SCA and MSCA

In fig. 4.2 shows the pneumonia lungs image enhancement and it is observed that the fitness value
is nearly 0.4335 in the case of proposed MSCA optimization technique, which is less than in
comparision to the PSO (0.4353) and SCA (0.4340) optimization technique around the 15th
iteration. This indicate that the MSCA has bettter clarity of image enhacement than PSO & SCA

in the case pneumonia lungs image also.
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Fig.4.3 Lungs affected image enhancement fitness Value by using PSO,SCA and MSCA

In fig. 4.3 shows the affected lungs image enhancement and it is observed that the fitness value is
nearly 0.49693 in the case of proposed MSCA optimization technique, which is less than in
comparision to the PSO and SCA models have the same fitness value 0.49706 starting from the
4th iteration. This indicate that the MSCA has bettter clarity of image enhacement than PSO &

SCA in the case affected lungs image.
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Fig.4.4 Lungs opacity image-1 enhancement fitness Value by using PSO,SCA and MSCA
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Fig.4.5 Lungs opacity image-2 enhancement fitness Value by using PSO,SCA and MSCA



In fig. 4.4 & 4.5 shows the lung opacity image-1 & image-2 enhancement and it is observed that
the fitness value are nearly 0.075 & 0.4662 in the case of proposed MSCA optimization technique
repectively, which is very less than in comparision to the PSO is 0.235 & 0.471 and SCA models
has the fitness value 0.235 & 0.468 starting from the 8th iteration for image land 17th iteration
for image-2. From both graphes, we learn that the MSCA has more bettter clarity of image

enhacement than PSO & SCA in the case lungs opacity image.
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Fig.4.6 Lungs tuberclosis image-3 enhancement fitness Value by using PSO,SCA and MSCA

In this fig. 4.6 shows the tuberclosis lungs image enhancement and it is observed that the fitness
value is nearly 0.314 in the case of proposed MSCA optimization technique, which is more than
PSO and less than SCA model havng the fitness values 0.310 & 0.316 starting from the 14th
iteration. This indicate that the MSCA has bettter clarity of image enhacement than SCA but less

enhacement than PSO in the case tuberclosis lungs image.
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Fig.4.7 Lungs covid infected image enhancement fitness Value by using PSO,SCA and MSCA
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Fig.4.8 Lungs covid affected coloured image enhancement fitness Value by using PSO,SCA and
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In figure 4.7 & 4.8 shown lung covid affected for grayscale & coloured image enhacement and the
grayscale image fitness value is nearly 0.535 in proposed MSCA optimazation which is less than
the fitness values of SCA & PSO models 0.5352 & 0.5353 repectively. For coloured image, the
fitness value is constant for all iteration nealy 0.3965 of the proposed MSCA model but PSO &
SCA have a fitness value 0.403 & 0.406 respectively. In both image the MSCA has better
enhancement than PSO & SCA model.

The original x-ray images shown in figure 4.9 to 4.14 both gray & coloured images were enhanced
using PSO, SCA and MSCA algorithm. The grayscale images are directly processed without

changing color to gray.

ORIGINAL IMAGE Enhanced Image-PSO Enhanced Image-SCA Enhanced Image-MSCA

! .
i

Fig.4.9 Lung opacity enhanced image by utilizing PSO, SCA and MSCA

ORIGINAL IMAGE Enhanced Image-PSO Enhanced Image-SCA Enhanced Image-MSCA

Fig.4.10 Bacrriol Pnemonia enhanced image by utilizing PSO, SCA and MSCA

ORIGINAL IMAGE Enhanced Image-PSO Enhanced Image-SCA Enhanced Image-MSCA

Fig.4.11 Pre-Pnemonia-1 enhanced image by utilizing PSO, SCA and MSCA
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ORIGINAL IMAGE

Enhanced Image-PSO Enhanced Image-SCA Enhanced Image-MSCA

Fig.4.12 Pre-Pnemonia-2 enhanced image by utilizing PSO, SCA and MSCA
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Fig.4.13 Lobar Pneumonia enhanced image by utilizing PSO, SCA and MSCA

ORIGINAL IMAGE

Enhanced Image-SCA Enhanced Image-MSCA

Fig.4.14 Lungs cancer enhanced image by utilizing PSO, SCA and MSCA
Figure 4.12 to 4.14 shows the original images are colured and converted all color to grayscale by
only enhancing the luminance information. When the enhanced images are visualized, the images
enhanced by MSCA are bettter clarity than the images enhanced by PSO& SCA models.

4.2 HOG Feature Descriptor results

Figure 4.15 to 4.19 shows the HOG feature of Covid affected-2, Lungs pre pnumonia, Lungs
opacity, Lungs tuberclosis, Lungs covid infected enhanced images where the orientations of the
different locations of the diseased region are clearly identified. Table 4.1 indicate the HOG feature

exraction has better value than the other normalization parameters.
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Fig.4.15 HOG feature of Bacrriol Pnemonia enhanced image.

Input Image HOG Feature Image and HOG Feature Togather
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Fig.4.16 HOG feature of Lung opacity -1 enhanced image
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Fig.4.17 HOG feature of Covid affected-1 enhanced image

Input Image HOG Feature Image and HOG Feature Togather
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Fig.4.18 HOG feature of Covid affected-2 enhanced image
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Fig.4.19 HOG feature of Pre-Pnemonia enhanced image

Table 4.1 Normalized feature extraction

Images Correlation DM  Coarseness Skewness HOG Energy

Img-1  0.1233 0.1593 0.1322 0.3448 0.9614 0.2677
Img-2 0.1211 0.1416 0.3418 0.4282 0.9641 0.1454
Img-3  0.1084 0.0701 0.2503 0.2826 0.9704 0.1611
Img-4  0.1061 0.0552 0.2602 0.3703 0.8127 0.1458
Img-5 0.1309 0.0106 0.1928 0.3882 0.8304 0.1066

4.3 Segmentation Results
Fig. 4.20 to 4.28 presets the segmented images by utilizing the FCM,FGFCM, FLICM,
FRFLICM segmentation techniques. It is found that the FRFLICM segmentation techniques

outperformed in detection of the diseased regions minutely prest in the lungs chest x-ray image.

Original Image Noisy Image FLICM Segmentation

Fig.4.20 Pnemonia Segmented image by utilizing FLICM technique
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Original Image Noisy Image

FRFLICM Segmented Image

Fig.4.21 Pnemonia Segmented image by utilizing FRFLICM technique

Original Image Noisy Image FLICM Segmented Image
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Fig.4.22 Pnemonia Segmented image by utilizing FLICM technique

Original Image Noisy Image FGFCM Segmented Image

Fig.4.23 Lung opacity Segmented image by utilizing FGFCM technique

Original Image Noisy Image FLICM Segmentation

Fig.4.24 Lung opacity Segmented image by utilizing FLICM technique
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Original Image Noisy Image FRFLICM Segmented Image

h

Fig.4.25 Lung opacity Segmented image by utilizing FRFLICM technique

Lungs affectedSegmented Image FGFCM

Lungs affected Segmented image FLICM

Fig.4.26 Pnemonia Segmented image by Fig.4.27 Pnemonia Segmented image by
utilizing FGFCM technique utilizing FLICM technique

Lungs affected segmented image FRFLICM

Fig.4.28 Pnemonia Segmented image by utilizing FRFLICM technique
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4.3.1 Plmage Segmentation Quality Measures
(1) Structured Similarity Index (SSIM) (Mishra et al., 2019) The Structural Similarity Index

(SSIM) signifies losses in images. It is defined as

w22 e | ore,

(2) Mean Square Error (MSE) (Mishra et al., 2019) The mean square error is defined for the

image as
1
MSE = ZZ( f(xy)- fR(x,y))2 (4.2)
PxQ
(3) Peak Signal-to-Noise Ratio (PSNR) in dB(Mishra et al., 2019): it is defined” as
PSNR= 201 (2 _1)db 43
=20log,,~———* :
910 MSE (4.3)

Lower value of MSE and higher value of PSNR indicate better signal-to-noise ratio.

Table 4.2 Quality measures for the Lungs image with rician noise

Rician Noise
o, =10 o, =20
Algorithm  SSIM PSNR(dB) | SSIM PSNR(dB)
FCM 0.7621 17.23 0.6912 15.35
FCM S1 0.7834 18.56 0.7146 16.88
FCM S2 0.7889 18.89 0.7621 17.12
En FCM 0.7982 23.02 0.7813 18.87
FGFCM 0.8349 27.78 0.8182 26.14
FLICM 0.8731 31.58 0.8248 29.41
FRFLICM  0.9878 35.26 0.9129 34.29

The proposed FRFLICM technique with rician noise model shows a better performance of noise

reduction. The comparison of the different algorithms and two quality indexes are Structural
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Similarity (SSIM) index and PSNR (Peak signal to noise ratio) (Mishra et al., 2019) are considered.

SSIM is more subtle to the noise in the images.

Table 4.3 Segmentation Accuracy

Noise level
] Rician Noise ( Rician Noise
Algorithm
o, =10) (. =20)
FCM 92.38 89.19
FCM S1 97.53 90.14
FCM S2 98.91 94.62
En FCM 98.83 97.82
FGFCM 98.87 97.01
FLICM 98.92 98.61
FRFLICM 99.26 98.93

The segmentation accuracy in the proposed FRFLICM 1S 99.26% and 98.93 % when &, =10
and o, = 20. Even though the FLICM is showing better segmentation accuracy, but FRFLICM is

preferable for the chest images. The segmentation accuracy of different segmentation techniques

are presented in Table 4.2,

4.4 Classification Results

4.4.1 Performance Measure of classifiers

For our experiment, we have considered dataset having different types of lungs diseased images.
The performance measures are considered in this research as computational time, sensitivity,
specificity and accuracy. The total of 3000 data are considered for the classification task. Out of
which 80% of the data are considered for training and 20% of the data are considered for validation.
We have considered 5x5 cross validation procedure to evade over fitting problem. The

classification performance is presented in Table-4.4.

Sensitivity =TPR = _TP Specificity =TNR = _ TN Accuracy = TP+TN
TP+ FN TN + FP TP+TN+FP+FN
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Table-4.4 Performance Evaluation of Classifiers

Model No. of  Computational  Sensitivity in  Specificity in  Accuracy in
data Time in sec % % %
SVM 3000 08.4839 95.65 95.58 96.85
ELM 3000 65.3782 97.13 96.78 97.78
SCA-ELM 3000 34.2569 97.45 98.39 97.32
MSCA-ELM 3000 24.1128 08.78 99.23 99.24
Table 4.5 5x5-fold validation during each run
Foldl | Fold2 | Fold3 | Fold4 | Fold5 | Total | Accuracy (%o)
Run-1 100 98 100 100 100 498 99.6
Run-2 100 100 98 99 100 497 99.4
Run-3 98 100 98 100 99 494 98.8
Run-4 100 98 98 99 99 494 98.8
Run-5 100 100 100 98 100 498 99.6
Final result 99.24
Accuracy in percentage = [99.6+99.4+98.8+98.8+99.6]/5=99.24
1 UPDATED ERROR
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Fig.4.29 Mean square results obtained by SVM, ELM, SCA-ELM and MSCA-ELM
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The X axis of this graph representes the simulation number of iteration and the Y axis determines
the MSE in percentage. The proposed MSCA —ELM graph was the blue line steadly approaching
convergence at 380 iterations. Whereas the graphs were red, golden and pink lines, steadly
approaching convergence at 850, 510 and 450 iterations respectively.

4.5 Summary of Discussion

Fig. 4.1 to 4.8 shows the fitness values of the lungs image enhancement by using PSO,SCA and
MSCA for the Lungs pneumonia, Lungs affected cancer Lungs pre pnumonia, Lungs opacity,
Lungs tuberclosis, Lungs covid infected lungs related diseases. It is visualised from the fitness
values that the better clarity of enhancement images leads in the case of the proposed MSCA-
ELM model. Fig. 4.9 to 4.14 shows the enhanced image results of Lungs pneumonia, Lungs
affected cancer Lungs pre pneumonia, Lungs opacity, Lungs tuberclosis, Lungs covid infected
lungs related diseases by utilizing PSO, SCA and MSCA models. Fig. 4.15 to 4.19 shows the HOG
feature of Covid affected-2 , Lungs pre pnumonia, Lungs opacity, Lungs tuberclosis, Lungs covid
infected enhanced images where the orientations of the different locations of the diseased region
are identified. The segmentation accuracy is presented in the table 4.3. It is found that the
segmentation accuracy is 99.26 % in the case of FRFLICM in comparison to the other FLICM,
FGFCM etc., Techniques. Table 4.2 “shows the experimental results for two different values of
racian noise. It is also observed that when; the quality measure PSNR value is 35.26 dB and 34.29
dB in case of proposed FRFLICM and FLICM segmentation techniques respectively. The higher
value of PSNR in case of FRFLICM indicate better signal-to noise ratio in the extracted image.
Also the larger value of SSIM indicates the noise reduction in the extracted image which is
presented in Table 4.2”. Table 4.2 shows the Quality measures for the Lungs images with rician

noise of standard deviation of &, =10 and o, =20. The quality measure SSIM and PSNR shows

the noise reduction capability of the FRFLICM segmentation technique. Computational time plays
a significant role for evaluation of a classifier. At first, the computation time of each stage of the
proposed MSCA-ELM method is calculated, and finally the average value is calculated as 24.1128
sec lungs dataset. Further the computation time for SVM, ELM, SCA-ELM and MSCA-ELM for
each stage has been calculated and the average value is obtained as 98.4839 seconds,
65.3782seconds, 34.2569 seconds and 24.1128 seconds. It is observed that the proposed MSCA-

ELM method outperforms than the other mentioned algorithms. The mean squared error (MSE)
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value shown in Fig.4.29. It is found that the proposed MSCA- ELM is improved than other
classifiers in terms of sensitivity, specificity and accuracy. Table 4.4 shows the performance
measure of all classifiers. The 5x5-fold cross validation procedure have been employed for all the
algorithms using lungs x-ray chest dataset. The accuracy obtained with SVM, ELM, SCA-ELM
and MSCA-ELM are as 98.78%, 99.23%, and 99.24% respectively. The cross validation is
itemized in Table 4.5. The MSCA-ELM model is modest in structure and free from multifaceted
mathematical calculations in comparison to supplementary methods. Fig.4.29 shows the mean
square error comparison of all the mentioned classification models. It is also found that SVM,
ELM, and SCA ELM models took 850, 510 and 450 iterations respectively. But, the proposed
MSCA-ELM took 380 iterations to converge, which displays the toughness of the proposed model.
The classification accuracies are presented in the Table 4.4.
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CHAPTER-5
CONCLUSION AND RECOMMENDATION

5.1 Conclusion

The research work offered a novel image enhancement technique, segmentation technique and
Modified SCA-ELM classification model for lungs related diseases form the Chest X-Ray Images.
At the first instance the image enhancement technique has been proposed by utilizing the modified
SCA a meta-heuristic algorithm and the proposed image enhancement technique has been
compared with the conventional SCA and PSO optimization algorithm. The proposed modified
Image enhancement technique results are show the noise reduction capability to some extent and
smoothen the images. The enhanced images are under gone the segmentation to detect the lungs
diseased regions from the images. The FRFLICM segmentation technique has been proposed to
detect the diseased regions and the results are presented in the results section. Further the HOG
features are extracted from the images and to locate the diseased regions and the features are

utilized for classification and error calculation.

The proposed modified SCA -PSO algorithm has been utilized for weight optimization of ELM
model. The features are also fed to the proposed ELM, SVM, SCA-ELM classifier models to
validate the robustness of the classifier. The proposed comparison results with the proposed
Modified SCA-PSO based ELM models are presented. The performance measure sensitivity,
specificity and accuracy are presented in the results section as 98.78%, 99.23%, and 99.24%
respectively. Even though the computational time is approximate to the SCA-ELM model, but the
accuracy in terms of classification is better obtained by the proposed modified SCA-PSO based
ELM model. The proposed modified SCA-PSO based ELM model has shown decent potentiality

of classifying the lungs disease in comparison to the conventional models.

5.2 Future work and recommendation
The proposed MSCA image enhancement, FRFLICM segmentation and modified SCA-ELM

classifier models can be applied for breast cancer, liver tumor, Brain tumor etc., for further study
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