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INTRODUCTION

One of the most common and deadly diseases that affects people is brain tumours. The PBDS is a system that can detect
the presence of brain tumors. It is capable of making the right diagnosis and treatment decisions [1]. The PBDS utilizes
MRI, which is an advanced imaging technique that's used to examine the brain. Compared to other methods, such as X-
Ray and CT-Scan, MRI produces clear images of brain tissues. Its properties make it an ideal tool for diagnosing brain
disorders. Unfortunately, it can be very time consuming and challenging to analyze the vast amount of brain images that
are generated by MRI. With the help of an automated system, it can now perform the procedure in a more accurate and
faster manner [2-3].

Despite the numerous algorithms that have been proposed for the PBDS, it is still in its early stages due to the complexity
of the process of feature extraction and the classification of images. This paper aims to improve the PBDS' accuracy.
Section 2 also covers the latest developments in the field of brain image classification. Section 3 presents the
methodology for developing the proposed model for the PBDS system. Section 4 explores the experimental evaluation of
the suggested framework with varying parameters. The Section 5 wraps up the work on the research.

1. Related Work

In the past few years, [4] various researchers have proposed methods for the classification of brain images. One of these
is the use of a 2D-DWT sub-band approximation for extraction of features. The authors [5] used the DAUB-4 filters for
their decomposition algorithm. The two classifiers, which achieved a 98% accuracy, are the SVM and the self-
organization mappings. The authors [6] of this study proposed a better DWT for the extraction of features from brain
MRI images. They used the feed forward and k-nearest neighbor approach to differentiate normal and abnormal images.
Their algorithm's accuracy was almost 97% and 98%, respectively. The authors [7] of this study used a hybrid approach
to extract features from brain images. They used various image classifiers, such as the feed forward ANN [7], adaptive
chaotic PSO [8], kernel SVM [9-10], and KSVM+PSO [11], for their classification. They also developed a Ripplet
transformation that can extract different features from MRI images. The LS-SVM and PCA techniques [12] were utilized
for the reduction of the feature and for identifying the non-diseased and diseased brains in MRI scans. The proposed
method exhibited high classification accuracy when applied to large sets of data. The proposed method [13] utilized the
DAUB-4 wavelet's entropy and the PNN algorithm for processing brain images. The researchers noted that their
algorithm'’s success rate was higher than that of other algorithms [46-50].
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MATERIAL AND METHODS:

Nomenclature

Symbol Explanation
K NxN MR images
FM Feature Matrix
M Number of Features
wac() Wavelet approximation coefficients
Em Empty matrix
E, Empty vector
I Magnetic Resonance Image
o,P Empty vectors
PPCA() Probabilistic principle component analysis function
n Normalized FM
1! Mean
S Standard deviation
p Reduced FM
Sw Singular Scalar Matrix

1.1 Wiener Filter
The wiener filter is used for preprocessing the MR images. This method is used to decrease the signal noise by

replacing the impulse filter [14].The inverse filtering is to recover the image when it is blurred due to the low pass filter.
But, the additive noise effects the inverse filtering. Wiener Filtering is one of the approaches which provide trade-off
between the noise smoothing and inverse filtering that provides the noise smoothing and inverts the image blurring.
Wiener Filtering uses the stochastic framework for applying the linear approximation to the original Brain MR image.
Eqg. 1 shows the Wiener filtering method in preprocessing stage at Fourier domain.

S, (f,, f B™(f,, f
WF(fl, f2 ): ( 1 2) ( 1 2)2 __________ )
S, (fy, £+ B(f,, £,)[° S,

Where B(f,f,) represents the blurring filter,S,(f,,f,) represents the original Brain MR image power spectrum,

Sn(f1,fo)represents the adaptive noise.

1.2 Feature Extraction
The Discrete wavelet transform (DWT) is the efficient approach used by the wavelet transform (WT). The WT uses
the dyadic scales as well as positions [15]. The basic of DWT is described as follows: Consider that x(t) be the square

integral function. W(t) is the real valued wavelet related to the x(t) given as
T 1 (t-p
W (o, )= [ x(t —=dt 2
,(@B) _[O()—w@(aj @

Where W,,(0,B) represents the wavelet transform, o and B represents the dilation factorandtranslation parameter. Eq.
3 shows the discrete variation of Eq. 2 which can be obtained by restraining o and p to a discrete lattice (0=2! and p=2/k).
— * ]
a;, (N)=> x(nNG;(n-2"k)
DWT; ., = "
f(n) x T — @)
d; (n) = x(MH;(n-2'k)
n

Wherethea; «(n) denotes approximation coefficients and d;y(n) represents the detailed components. G(n) denotes the
low pass filter andH(n) denotes the high pass filter respectively. The wavelet scale factors is represented with j and
wavelet translation factors is represented with k. Fig. 3 shows the representation of the 2D-DWT where it is applied in
each dimension to the image. Here, a sample pathological brain image is taken and applied the three level decomposition

of WT.
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Figure 2: Signal Progression Analysis [15]
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Figure 3: Three-Level 2D-DWT Decomposition on Pathological Brain Image [15]

Figure 3 shows the four sub bands of the image such as LL1, LH1, HL1 and HH1 at level 1. The sub band LL1(a))
is again decomposed by using 2D-DWT and can be considered for approximating the components. The LH1(d; M, HL1 (
d;")and HH1( d; % sub bands are considered for detailed component analysis in horizontal direction, vertical direction and
dlagonal dlrectlon There are different types of wavelet transforms gain popularity in the wavelet analysis. Haar Wavelet
is one among them which is used regularly in different applications [16]. Haar Wavelet shows good performance in noise
conditions and also it is having orthogonal as well as symmetric in nature. The Haar wavelet extract the basic
components present in the image with high performance. In the proposed work, the approximation coefficients are
computed in the level-3 Haar wavelet decomposition image and those are used as the image feature vectors. Algorithm 1
shows the feature extraction procedure for brain MR images.

Algorithm 1: Feature Extraction for Brian MR images
Input: K

Output: FM [L, M], M, wac( ), Ew, Ev, |

Begin

Set i=1, M->N/8xN/8
InitializeEy[1:N/8,1:N/8],Ey[1,1:M]
ForjinltoKdo
Em[1:N/8,1:N/8]->wac(l;)
While i<=M do
For ain 1 to (N/8) do
For Bin 1 to (N/8) do
Ev[1,1:M]->Ep [0,B]
i++
10. End for
11. End for
12.  End While
13. Obtain FM which contain all vectors Ey,

©CoNoRA~WDNE
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14. End for
End

1.3 Feature Normalization and Reduction

It is observed that the features computed from the Algorithm 1 has high dimensionality and also requires huge space
and computation power. Therefore, there is a requirement of feature reduction techniques to reduce the dimensionality
and extract the candidate features. Probabilistic principle component analysis (PPCA) [17] is one of the important
approach which reduces the high dimension features in to low dimension features by connecting them to u which is a P-
dimensional observation vector and vwhich is a k-dimensional unobserved vector that is performing normalization with
zero mean and unit variance. Algorithm 2 shows the normalization with PPCA.

Algorithm 2: Feature Normalization and Reduction

Input: FM [L, M], M, O[1, 1:M], P[1, 1:M], PPCA()
Output: n [1: L, 1: M], n(), S(), p[1: L, 1 : R]
Begin
Initialize n, O, P
O[1, 1:M]->u(FM)
P[1, 1:M]->S(FM)
foriinltomdo
n[l1:L, 1: M]-> (FM[1: L, i]- O[1, i[)/P[1, i]
End for
Select R
Initialize p[1: L, 1:R]
p[1: L, 1:R]->PPCA(n, R)
0. Retrieve p

RBoo~NooO~wNE

End

From algorithm 1, it is observed that a normalized FM of size LxMis obtained after applying the PPCA and
reduced FM of size LxR is obtained. The size of the reduced FM is less than the normalized FM. The PPCA removes the
class labels for the data and the data will be in the unsupervised mode. To overcome this, Linear Discriminant Analysis
(LDA) is introduced. LDA is a supervised approach which distinguishes the classes which is far from the similarities in
the data. Conventional LDA is not suitable for thesmall sample dataset problems and high dimensional features.In this
scenarios, LDA forms only singular scalar matrix (Sy) [18]. To overcome this issue, PPCA+LDA is used in the proposed
model, where P dimensional data is reduced using the PPCA and K dimensional data is reduced using LDA [19].

1.4 Classification using the FNN and MPSOACO
The combination of feed forward neural network (FNN) and Modified Particle Swarm Optimization with Ant Colony
Optimization is used to improve the accuracy, stability and minimizing the overcome fitting issues in the classification of
brain MR images.

1.4.1  Feed Forward Neural Network (FNN)
FNN is the well-known pattern recognition classifier and widely used by many researchers from past decade. The
training data set is given as input to the FNN and it performs the batch mode training [20]. The configuration of network
is given as HipxHyxHy,, here , the two layer neural network with input layer Hj,, Hidden layer Hy, and output layer Hqp
identifying that the brain is normal or pathological.

Consider that o, and ; is the weighted matrix between the H;, and Hy, respectively. Then the following steps are used to
update the weighted values to train the data set [21].
Stepl: The Hyoutputs are estimated using the Eq. 4

Hip

A =Tyl o j)e | where j=12.,H, @
i=1

Here c; represents the i" input value in the network, A, represents the hidden layer output, fyrepresentstheHy,
activation function and the sigmoid function is shown in Eq. 5.

1
f.(C)=—"— 5
i (C) I on(0) (5)
Step 2: The H,, outputs are estimated using the Eq. 5
Hhi
B, = foo| 2, (i, K)A | where k=12...,.H (6)
i=1
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Where f,, denotes the H,, activation function and the values to the weights are assigned randomly.
Step 3: The MSE is used to expressed the error based on the difference between the target value and output value [22-
24].
Hop

El = MSE Z(Bk _Tk Where |:1’2"'HS __________ (7)

k=1

Where T, denotes the authentic variables k™ value which is available with the user. Hg denotes the number of

samples.

Step 4: The fitness function for the Hy samples are given as
HS

Fl@=2E e ®)
i=1

Where o denotes the vectors of (1, ®,).
1.4.2  Modified Particle Swarm Optimization (MPSO)
The PSO is the one of the efficient optimization algorithms introduced by [25-26]. The PSO mechanism is used
for searching process through the group of particle which will be updated iterative procedure. To find the optimal
solution, every particle moved in the direction local best (Pyest) OF global best (grest)in the group[24].

Poest (i, V) =argmin[ f (P, (k)i e{L,2,..., T }
T e © G ()= argmin [ (R ()]

i=l,...Tp,k=l...v

Where, Tprepresents the total particles present in the swarm, v denotes the current iteration value, idenote the index of
the particle, f represents the function and P denotes the particle position. Eq. 11 is used to update the position P and
velocity V of the particles.

Vi(v+1) =V(V) + a1 (R (1,V) = P (V) + 8,1, (Gpes V) =P (V)  —oeme (11)
PV+)=RW)+Vi(v+) e (12)

Where a; and a, are the accelerated coefficients, r; and r, is the random variables which is lies in between 0 and 1.
In [27], the authors proposed modified PSO (MPSO) by adding theinertia o in to the Eq. 11
Vilv+D) =o*V (V) + a0 (Rey (1,V) = B (V) + 3,1 (Qpest (V) — R (V) e (13)
Where inertia @ represents the weight factor which balances the local search and global search.
1.4.3  Ant Colony Optimization mechanism (ACO)
ACO algorithm was proposed in [27] has been proven effective in solving many optimization issues [28-30]. In the
ACO algorithm, ants simultaneously search paths to the food. The ants choose the paths based on the pheromone left by

the ants in the different paths. The probability of selecting the path is depended on the quantity of the pheromone
collected in the particular path. Eq. 14 shows the probability computation for selecting the path.

Aij

K
Zlij

j

Where y; represents the pheromone intensity of the i"ant in the j" path way. K is used to identify wether the j" path

need to be selected or not. Tj; is the probability of selecting the i"ant based on the jth path intensity. The fitness function

for the feature subset generated at the time of ant reaches food is evaluated using the Eq. 15.

AC
fit=——
1+n 15)
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Where AC denotes the feature subset accuracy, n denotes the number of ants in the
feature subset, A denotes the

weight factor. After finishing one cycle, the pheromone values of all paths are updated. Eq. 16 shows the pheromone
update mechanism.

Zit+)=Q-p)y; () + Ayyy e (16)

WhereAy;; is the incremental value of the pheromone update and p denotes the expiration of pheromone update trail.

Ayjj is further explained as follows.

A fit>, PatheS
s T — 17
i 0, otherwise 4

In Eq. 17, S denotes the set of paths and b denotes the control parameter used for regulating the pheromone quantity.
Ground Truth

MR images Feature Feature Normalization and Reduction Classification
Preprocessing Extraction
Weiner Filter 2D-DWT PPCA+LDA Reduced Feature Set | || Feed Forward Neural
Network
: Modified PSO with L Optimized
odifie wi . ptimize:
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Coefficients ACO(MPSOACO) weljhts
Y Evaluation
- {Weiner Filte} { 2D-DWT } ———-» -- D[Reduced Feature Set} -—» Trained FNN 0”522"1%
N4
Query MR Y
images —— Offline model
******** »  Online model
Normal Pathological

Figure 4: Block
diagram of the proposed PBD system

1.4.4  Propose method
The proposed method is composed of four modules: Preprocessing, feature extraction, feature normalization and
reduction, and classification. Figure 4 shows the flow chart of the proposed PBD model. The preprocessing is done by
using the weiner filter, the feature extraction is carried out using the 2D-DWT, Feature normalization and reduction is
processed by PPCA and LDA and the classification is performed using the FNN and MPSOACO. Algorithm 3 shows the
detailed analysis of the proposed pathological brain detection system.

Algorithm 3: Proposed PBD model

Input: N-> Number of Brain MR images,
Output: Classified images (Normal or pathological)
Begin
Offline learning:
1. foriinltoNdo
2. Apply wiener filter for all the images to improve the contrast
3. Apply three level 2D-DWT and create a set of feature vectors with dimension P
4. end for
5. forjin1ltoNdo

6. Execute PPCA and LDA transmission for obtaining wavelet coefficients

7. end for
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......

8. perform the cross validation on the generated data set and generate the training data, validation data and testing
data

9. Train the FNN algorithm using the MPSOACO algorithm andselect the optimal weights at input layer and
hidden layer.

10.

Calculate the output layer weights using the optimal weights at input layer and hidden layer.

11. Measure the performance of the classifier based on the testing data set.

Online learning:

User submit the query image to the system

Apply wiener filter for the image to perform preprocessing

Apply three level 2D-DWT and create a set of feature vectors with dimension P

Obtain reduced feature set by multiplying the wavelet coefficient with feature vector coefficients.

Input the reduced feature set to the FNN classifier which is trained by MPSOACO and find the image is
normal or pathological

arwbdE

End

2. Experimental analysis

The proposed model simulated using the MATLAB 9.5 R2018b in a PC having the configuration of 3.7 GHz, 12 GB
RAM with windows 10 operating system. The performance evaluation of the proposed model is compared with the other
existing systems.

Table 1: Parameter setting for K-fold validation for datasets

Total Samples Training Testing Validation
Datasets
— = — = — = — =
E Z E Z g 3 s |2
3 2 3 2 3 2 3 |2
> ) ) ) )
D-255 35 220 21 132 7 44 7 44
D-160 20 140 12 84 4 28 4 28
D-66 18 48 12 32 3 8 3 8

2.1 Dataset and Cross validation

To measure the performance of the proposed model, three data sets such as D-66 [32], D-160 [33] and D-255 [34]
that are having the 66, 160 and 255 images which is of 256x256 in plane resolution [31]. Figure 5 shows the k-fold cross
validation of data sets. The pathological brain image data set contains the different type of diseases such as Cerebral
toxoplasmosis,Sarcoma, Herpes Encephalitis,Creutzfeldt-JakobGlioma, Meningioma,Huntington’s disease, Alzheimer’s
disease,Cerebracalcinosis, motor neuron and pick’s disease figure 6 shows the sample ground truth brain MR Images.
Table 1 shows the different phases of validation. For each disease, we randomly selected 20 images. Hence, there is one
usual brain and 7 unusual brains. In the dataset 66, 18 normal brains and 48 pathological brains are selected. In dataset

160, 20 normal brains and 140 pathological brains are selected and in dataset 255, 35 normal brains and 230 pathological
brains are selected.

Investigationl

Training
Investigation2

Validation
Investigation3

Testing

Investigation4

Investigation5

Figure 5: k-fold Cross Validation for Single Iteration
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Figure 6: Sample Ground Truth Brain MR Images

4.2 Feature Illustrationand Reduction results

First we performed, wiener filter to improve the contrast of the images. Then, we carried three level 2D-DWT method
(Algorithm 1) to divide the image in to 10 sub-bands as shown in figure 3. This produces 32x32=1024 feature
coefficients. The top left corner in the three level 2D-DWT image denotes the approximation coefficients. The size of
the images is taken as 256x256=65536 which is of larger size.

We applied PPCA+LDA on the D-66, D-160 and D-255. Each image in the datasets is rearranged with a row vector and
all the images are arranged in the form of two dimensional matrix. Algorithm 2 shows the normalization mechanism
using the PPCA+LDA. It reduces the features from 65536 to 1024 by considering the three level 2D-DWT
transformations. Figure 7 shows the cumulative variance based on the principle components (features).It is identified
that PCA requires 13 features whereas PCA+LDA and PPCA+LDA require only 3 features when the threshold is fixed as
0.95. Therefore, PPCA+LDA is selected as suitable mechanism for identifying the significant components.

4.3 Performance evaluation of FNN-MPSOACO

To classify the Brain MR images in to usual or unusual images, we developed the neural network mechanism called as
FNN-MPSOACO classifier. The performance of the proposed FNN-MPSOACO classifier is tested with different number
of features along with the accuracies of D-66, D-160 and D-255. Table 2 shows the classification accuracy of the
proposed method with existing KNN, BPNN, SVVM, ELM classifiers. It is observed that the proposed classifier achieved
100% in D-66, 100% in D-160 and 98.95% in D-255 and it is also observed in Figure 8.
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Figure 7: Cumulative Variance Vs number of features for three different datasets
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Table 2: Compa

8 9 10 11 12 13 14 15 16 17 18 19 20

Number of Features

rison of Classification Accuracy

Y Dataset-160

100

80

40

Accuracy(%)

20

Figure 8: Classification accuracy of KNN, BPNN, SVM, ELM and FNN-MPSOACO over three datasets

KNN BPNN

Classifiers Accuracy(%)
D-66 D-160 D-255
KNN 98.49 98.12 95.69
BPNN 100.00 98.75 95.29
SVM 100.00 100.00 98.82
ELM 100.00 99.94 99.18
FNN-MPSOACO 100.00 100.00 98.95
Il Dataset-66

SVM ELM FNN-MPSOACO

Classifiers

The classification accuracy of the proposed method is compared with the existing methods DWT+SVM
[35],DWT+SOM [35],DWT+SVM+RBF [35], DWT + PCA + FNN + SCABC [37], DWT + PCA + FNN + ACPSO
[38],DWT + PCA + BPNN + SCG [39], DWT + PCA + KSVM [43], DWT + PCA + ADBRF [42], RT + PCA + LS-
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SVM [40], WT + PCA + ABC-SPSO-FNN [41], DWT+PCA+k-NN[36], WE + NBC [44] andDWT + SUR + ADBSVM
[45] based on the average of the 10 iterations results using the 5-fold cross validation.

To estimate the performance comparison, the size of the population in the algorithms is taken as 100, that consists of 50
particles and 50 ants, a; and a, values are taken as 2 and o is taken as 0.75. The maximum iterations are restricted to
1000. Table 3 shows the performance comparison in terms of classification accuracy of the proposed and existing
methods. It is observed that the proposed DWT+PPCA+LDA+FNN+MPSOACO achieved 100% in Dataset-66, 100% in

Dataset-160 and 99.72% in Dataset 255.

Table 3: Accuracy comparison of different methods

Accuracy (%)

Approaches Feature D-66 D-160 D-255

DWT+SVM [35] 4761 96.15 95.38 94.05

DWT+SOM[35] 4761 93.99 92.89 91.65

DWT+SVM+RBF [35] 4761 98.00 96.98 96.37

DWT + PCA + FNN + SCABC [37] 19 100.00 98.75 97.38

DWT + PCA + FNN + ACPSO [38] 19 100.00 97.54 96.79

DWT + PCA + BPNN + SCG [39] 19 100.00 98.93 97.81

DWT + PCA + KSVM [43] 19 100.00 98.29 97.14

DWT + PCA + ADBRF [42] 13 100.00 99.30 98.44

RT + PCA + LS-SVM [40] 9 100.00 99.38 98.82

WT + PCA + ABC-SPSO-FNN [41] 7 100.00 98.88 98.43

DWT+PCA+k-NN[36] 7 98.00 97.54 96.79

WE + NBC [44] 7 92.58 99.62 99.02

DWT + SUR + ADBSVM [45] 7 100.00 99.22 98.43

DWT+PPCA+LDA+FNN+MPSOACO 3 100.00 100.00 99.72
(Proposed)

4.4 Computing Time Analysis

Table 4 shows the analysis of the computing time for each step in the DWT+PPCA+LDA+FNN+MPSOACO
method. The five procedures such as Weiner filter costs 0.252 s, DWT costs 0.685s, PPCA costs 0.243s, LDA costs
0.312s and FNN-MPSOACO costs 202.745s.for online mechanism, Weiner Filter costs 0.002sec, DWT costs 0.003s, PC

costs 0.003 sec and prediction will be done in 0.001s.

Table 4: Computing time analysis of the DWT+PPCA+LDA+FNN+MPSOACO

for D-255

Offline Learning Time ()

Weiner Filter 0.252

DWT 0.685

PPCA 0.243

LDA 0.312

FNN-MPSOACO 202.745

Online Prediction Time ()

Weiner Filter 0.002

DWT 0.003

PC 0.003

Prediction 0.001
proposed method achieved highest accuracy with
CONCLUSION minimum number of features compared to other
This paper discussed the new model of existing methods. In future, the proposed method is
“DWT+PPCA+LDA+FNN-MPSOACO” for extended with other images like CT scan, PET and

identifying the pathological brains in MR images. The
proposed model achieved highest classification
accuracy of 99.72%. As an initial step, the proposed
method uses Weiner+DWT for extracting the features
from images. A PPCA+LDA have been used to perform
the normalization and feature reduction. The FNN-
MPSOACO algorithm has been used to classify the MR
images into normal and pathological brain. The

MRSI. The proposed method is evaluated over large

medical databases by wusing the deep learning
mechanism.
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