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Abstract

Nowadays, automatic tumor detection from brain images is extremely significant for many diagnostic as well as therapeutic
purposes, due to the unpredictable shape and appearance of tumors. In medical image analysis, the automatic segmentation of
tumors from brain using magnetic resonance imaging (MRI) data is the most critical issue. Existing research has some limitations,
such as high processing time and lower accuracy, because of the time required for the training process. In this research, a new
automatic segmentation process is introduced using machine learning and a swarm intelligence scheme. Here, a fuzzy logic with
spiking neuron model (FL-SNM) is proposed for segmenting the brain tumor region in MR images. Initially, input images are
preprocessed to remove Gaussian and Poisson noise using a modified Kuan filter (MKF). In the MKF, the optimal selection of the
minimum MSE of image pixels is achieved using a random search algorithm (RSA), which improves the peak signal-to-noise
ratio (PSNR). Then, the image is smoothed using an anisotropic diffusion filter (ADF) to reduce the over-filtering problem.
Afterwards, to extract statistical texture features, Fisher’s linear-discriminant analysis (FLDA) is used. Finally, extracted features
are transferred to the FL-SNM process and this scheme effectively segments the tumor region. In FL-SNM, the consequent
parameters such as weight and bias play an important role in segmenting the region. Therefore, optimizing the weight parameter
values using a chicken behavior-based swarm intelligence (CSI) algorithm, is proposed. The proposed (FL-SNM) scheme
attained better performance in terms of high accuracy (94.87%), sensitivity (92.07%), specificity (99.34%), precision rate
(89.36%), recall rate (88.39%), F-measure (95.06%), G-mean (95.63%), and DSC rate (91.2%), compared to existing
convolutional neural networks (CNNs) and hierarchical self-organizing maps (HSOMs).

Keywords Kuan filter - Diffusion filter - Linear process - Optimization - Discriminant analysis - Fuzzy logic - Spiking neuron
model - Swarm intelligence

Introduction

In India, every year, over 40—50,000 persons are diagnosed
with brain tumor; among these 20% are children who are
suffering from medulloblastoma, which is a malignant pediat-
ric brain tumor which spreads via the cerebro spinal fluid
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(CSF) to various locations besides the surface of the brain
and spinal cord (http://timesofindia.indiatimes.com/life-style/
health-fitness/health-news/Over-2500-Indian-kids-suffer-
from-brain-tumour-every-xyear/articleshow/52714386.cms).

Nowadays, diagnosing brain tumor is a challenging task
due to the risk of complications in surgery. Segmenting the
tumor area is possible for those diagnosed [1]. In recent years,
the manual segmentation of the tumor region by a radiation
oncologist has led to more time-consuming procedures, diffi-
culties in segmenting the tumor region and mistreatment by
experts, resulting in complications. The major complexities in
segmentation are noise, bias field (smoothly varying intensi-
ties inside tissues) and the partial volume effect.

In manual segmentation, tumors can vary considerably
in size, shape, position, and properties. In addition, the
tumor has intensities that coincide with those of normal
brain tissue. Frequently, the tumor deforms nearby healthy
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tissues if it expands, thus resulting in an abnormal size
and shape.

To overcome these limitations, an automatic tumor seg-
mentation method is developed for efficient tumor segmenta-
tion. The primary intention of this work is to develop an effi-
cient automatic technique for image processing in a tumor
segmentation system for brain MR images, with high accura-
cy [2]. It easily segments the tumor masses with high preci-
sion, robust diagnosis system and to attain better tumor detec-
tion efficiency.

In this research, MRI scanning images are used for tumor
segmentation because this does not involve X-ray radiation
and offers efficient detection. MRI is an extremely accurate
method of disease detection and provides sufficient
information to confirm a patient’s diagnosis. It is a non-
invasive and painless procedure. A method which uses mag-
netic signal to create images “slices” of the human body.

The automatic segmentation is achieved via three stages:
preprocessing, feature extraction and segmentation [3].
Initially, the input image is preprocessed to reduce unwanted
noise and to improve the PSNR for image quality and seg-
mentation accuracy.

The preprocessed image is forwarded to the feature extrac-
tion system, to identify relevant features, such as shape, tex-
ture, and color, which contain more information used for seg-
mentation. The extracted features are segmented by a neural
network algorithm, to classify the tumor and non-tumor re-
gions. A basic view of a brain tumor MR image is shown in
Fig. 1.

Algorithms in image segmentation are performed on image
intensity values based on two properties [4]. The first property
I
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Fig. 1 Brain tumor MRI
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is discontinuity, for partitioning the processed image based on
intensity changes such as edges and corners. The second prop-
erty is based on partitioning an image into regions that are
similar to groups of predefined criteria. The existing methods
are performed on various segmentation processes, but they
have some limitations [5-7].

The selection [33] of an appropriate scheme for segmenting
a specific image is difficult. In the image processing and com-
puter vision fields, it remains a challenging problem [9]. In
this paper, the proposed scheme focuses on efficient prepro-
cessing and feature extraction. A fuzzy logic with spiking
neuron model (FL-SNM) is proposed for efficient brain tumor
segmentation in MR images [10]. Preprocessing occurs
through a modified Kuan filter, to reduce Gaussian and
Poisson noise, and edges are preserved by employing an an-
isotropic diffusion filter. The preprocessed image is then ex-
tracted using FLDA to obtain the relevant features. The ex-
tracted image is forwarded to FL-SNM as an input, to segment
the tumor and non-tumor regions, and FL-SNM is optimized
with a CSI algorithm to improve the segmentation accuracy.

Related work

Many researchers have studied brain tumor segmentation by
implementing various methods, but these methods still, face
certain limitations. In this section, existing techniques [34]
and limitations are surveyed. Hiralal and Menon [11] made a
general survey of various segmentation schemes in MRI brain
pictures. Si et al. [12] suggested an entropy maximization
(EM) - based segmentation approach using a grammatical
swarm algorithm for lesion detection in brain MR images.
Elsayad [13] proposed back-propagation (BP) and learning
vector quantization (LVQ) neural networks to segment the
brain MR images into different objects. The BP algorithm
was used to train the MRI algorithm. Similarly, the LVQ neu-
ral network is also used to classify the different objects in MR
images.

Dahshan et al. [14] proposed a hybrid PCA-FFNN-based
machine learning [15] technique where principal component
analysis (PCA) was used, which decreased the wavelet fea-
tures. A feed-forward multilayer neural network (FFNN) has
been used for automatic detection of brain tumors. Ortiz et al.
[16] proposed a self-organizing map (SOM) with a genetic
algorithm (GA), two unsupervised neural schemes for brain
MR image segmentation. Initially, the histogram scheme was
used to segment the whole volume via SOM [35]. Then, GA
was used to extract the features. Finally, the segmented re-
gions were classified using SOM with the entropy gradient
clustering method [8].

Dong et al. [17] proposed a new classification scheme for
back-propagation neural networks (BPNNs) in MRI for
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classifying normal or abnormal tumors. Initially, discrete
wavelet transform (DWT) - based features are extracted and
then some particular features are selected using PCA. Finally,
the BPNN is trained using the scaled conjugate gradient
(SCG) method, to categorize the MR images.

Liu et al. [18] proposed a self-organizing active con-
tour (SOAC) model. For single-mode MR images, the
segmentation task cannot be successfully achieved.
Sharma and Mukharjee proposed [19] an artificial neural
network fuzzy inference system, with important features
selected using a genetic algorithm (GA). After that, fuzzy
rules and membership functions are defined based on
these, and features are obtained for segmenting brain tu-
mors from MR images.

Logeswari and Karnan [20] proposed hierarchical self-
organizing map (HSOM) - based brain MRI segmentation.
Results showed better performance, but the method has
difficulty in mapping. Pereira et al. [21] suggested a
convolutional neural network (CNN)-based segmentation
scheme for efficient MRI brain tumor segmentation.
Simulation results illustrated the achievement of high per-
formance, with a Dice similarity coefficient measurement
of 0.78. However, this scheme takes a long time to train
the data and needs large training data sets, so the compu-
tational cost is high. Havaei et al. [22] proposed a deep
neural networks (DNNs)-based segmentation scheme for
MRI. This method shows better performance with respect
to accuracy and speed but also has computational
complexity.

From the literature survey, it is evident that, tumor diagno-
sis is very difficult, sensitive task. Very little attention was
paid to reduce the high mortality rate of brain tumor. Real time
diagnosis of tumor using more reliable algorithms has been
the major focus in the latest developments for the detection of
brain tumor in MRI has to be improved. Nevertheless, the
accuracy and processing time are considered to be major lim-
itations. To solve the above problems, the proposed system
focuses on fuzzy logic with SNM. In this automatic segmen-
tation process, FL-SNM has been used for improving efficien-
cy and simplicity.

Proposed methodology

In recent years the high mortality rate from brain tumors has
greatly increased the significance of brain tumor detection. In
this paper, the major focus is on real-time diagnosis of tumors
using reliable algorithms for detection of a brain tumor with
MRI. In this section, the proposed FL-SNM-based brain tu-
mor segmentation is presented. Automatic image processing
techniques are implemented for effective detection of tumor

Input image
v

Preprocessing using MKF and

image smoothing using ADF

MR image database

v

Feature extraction
using FLDA

Brain tumour segmentation by
FL- SNM
To optimize weight
parameter using the CSI

algorithm

Brain tumour
segmented image

Fig. 2 Overall architecture of proposed FL-SNM scheme

segmentation. The process for the proposed scheme is de-
scribed in the following subsections. The proposed system
flow is presented in Fig. 2.

System overview

The existing HSOM leads to inaccuracy in training the
data because of the network sizes. It uses different layers
to train the data and inappropriate methods of choosing
the learning parameters for each layer. CNN gives better
results, but it fails to give high accuracy due to the net-
work’s weights at different scales, and it is quite slow in
training the data. In addition, there may be overfitting
issues, depending upon the given input data. For this rea-
son, the segmentation results will be inaccurate. To over-
come this, the automated FL-SNM is developed for effi-
cient segmentation.

Figure 2 shows the overall architecture of the proposed FL-
SNM-based brain tumor segmentation method. The MRI data
set was collected from the publicly available website http:/
www.medinfo.cs.ucy.ac.cy/index.php/downloads/datasets.
The input data sets contain noise and unwanted data which are
subjected to image processing techniques such as
preprocessing, feature extraction and segmentation, for
improving image contrast and visual quality.

Initially, the input images are preprocessed using MKF,
where the minimum MSE of image pixels is selected by
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RSA, to improve the PSNR of the image and reduce the
MSE. Then, ADF is used, to reduce salt-and-pepper noise
to improve the image quality. Subsequently, the required
features are extracted using FLDA to reduce the process-
ing time. Afterwards, extracted features are segmented
through FL-SNM by training and testing the images, and
the parameters are optimized using a CSI algorithm to
enhance the segmentation accuracy.

Preprocessing

Initially, the input image is collected and then resized.
Preprocessing is mainly employed to improve the image qual-
ity and to reduce noise. Generally, brain images remain clear-
er, than other medical images, with minimum noise and high
quality. The modified Kuan filter is implemented for reducing
noise and improving quality.

A Kuan filter is selected due to its high accuracy and the
fact that it does not make an approximation to the noise var-
iance within the filter window. It simplifies the multiplicative
model of Gauss and Poisson into an additive linear form, but it
depends on the effective number of looks (ENL) from an
image to decide on a weighting function W. Therefore, the
MKEF uses RSA to optimize the weight value in the Kuan
filter.

Denoising step MRI images usually contain Gaussian and
Poisson noise. The modified Kuan filter is utilized to remove
noise without eliminating edges or features in the images.
However, the noise is transformed from multiplicative noise
into a dependent additive noise model. After that, the mini-
mum mean-square error (MSE) condition is applied for esti-
mating the original form of the image, which is given as
m=3,n=3 m=3n=3

P Cp;*Wij +Mij*(1-Wij) (1)
i= =

where (i, j) represents the image pixels and (m,n) represents
the rows and columns of the pixel data. Cp; ; is defined as the
center pixel in the filter window M; ;, which refers to the mean
value of intensity within the window and W; ; is a weighting
factor. Depending on the weight, noise reduction is performed
and optimized by a random search algorithm (RSA).

A general RSA is described by a sequence of iterates {W;},
k=0, 1, ..., k, which depends on the preceding pixel points
and the algorithmic parameter ©,comprising the mean vector
and the covariance matrix. The current iterates W, represent a
collection of points. In addition, the iterations are capitalized
to denote that they are random variables, reflecting the prob-
abilistic nature of the RSA. It depends on two basic processes:
creating candidate points and updating the procedure. The
pseudocode of the RSA is given below.

@ Springer

Algorithm: RSA for weight optimization

Initialize parameters such as dimension (dim),
population size (popsize), function target
(ftarget) and number of iterations (numlter)

for i=1:numlter

candidate=(rand/10);

[Wei ww]=weight(I,candidate,numlter);
// I-image

best=min(ww);

if best <= ftarget

break;

end
end
disp(best);
end
check the condition of iteration and
if satisfied then displayxcap=ybar+(cc*(yl-
ybar))/(cct+((ybar*2+cc)/ENL));
// ybar=rand, cc=mat, ENL=rand
display xcap
else
mat, (i.e., matrix)=N// N- number of pixels
xcap=ybar+(cc*(yl-
ybar))/(cct+((ybar*2+cc)/ENL))
/I ybar=mean(mean(mat)), ENL=(ybar/ystad)"2,
cc=((ENL*(ystad)"2)-(ybar)"2)/(ENL+1),
ystad=std2(mat)
display xcap
end

Anisotropic diffusion filter

Anisotropic diffusion filters (ADFs) are used [23] mainly
to smooth the image and remove noise from digital im-
ages without blurring edge. The existing diffusion filters
have certain limitations, such as the fact that relevant in-
formation may not be accurately characterized and the
over filtering issue may occur, during the diffusion pro-
cess, which is due to the loss of original information [24].
The ADF is used to retain the relevant information during
the filtering process.

It includes a selective diffusion mechanism by means of
probabilistic characterization of MR images. It processes the
regions during the diffusion via the reduction of presumably
appropriate information (regions and for diagnosis).

ADF can be defined as

ol

E:div[C(|VI|).VI],I(t:0) =1 (2)
where V is the gradient operator, div () is the divergence
operator, |. |is defined as the magnitude and I, represents
the initial image. The diffusion coefficient C is given by
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where Euler’s value e=2.71828 and, k represents the edge
magnitude parameter. The filtering scheme benefit is in
smoothing small discontinuities, which is initiated through
background noise using gradient information. In addition, it
can protect large intensity variations caused by edges.

Feature extraction using FLDA

Fisher’s LDA is used to extract the relevant features for seg-
mentation. Linear discriminant analysis (LDA) has limitations
for a singularity problem (it fails when all scattering matrices
are singular) and it only extracts features less than one number
of classes. It is solved by improving LDA to FLDA through a
linear mixture model [25] for attaining a high accuracy rate.

It aims to solve the illumination difficulty by maximizing
the ratio of between-class scatter to within-class scatter. It is
impossible to find an optimum method of projection with
simultaneous separation of multiple tumor classes. It can re-
move redundant information and retain useful data with min-
imum storage space and a fast computing speed.

Furthermore, it can reduce the distances between samples
in the same class (label), as well as increasing the distances
between different classes. It is mainly used to reduce the mis-
classification error rather than the distance between samples.
Consider D-dimensional samples x = {x1, , ...x,,} with a total
of ¢ classes. Their scatter matrix within the class can be de-
fined as shown in eq. (4).

1

1 C
S =y B ey ) ) @

1 . .
where m; = ), inj,N ; are data points for class i and the
xj€c; LV i

scatter matrix between classes is given as

(mi=p) (mi=p)" (5)

Sp= f:lﬁ

c N

2 Jk.
i=1 k=1

The total scatter matrix and the final function can be de-
fined as

where 1 = ﬁ
J

Sr = Sw+ Ss (6)
)
Sr = N _;':1221:,1 (x4'/'_ﬂ> (xij—/‘)T (7)

To minimize the misclassification error and maximize the
Raleigh quotient, the below equation is used. It is equivalent
to solving the following generalized eigenvalue problem.

VARYYA
J(Z) = m Over Z (8)
SBVi = /\iSWV,' (9)

where, J; is the observed variance when data are projected
on v; and v; is the corresponding eigen-vector for class i, de-
fined as eigen-vector or the i™ Fisher’s linear discriminant.
The rank of Sp will be the full rank. It has more features than
the number of classes [36] based on the technique and the
linear mixture problem can be resolved.

The gray-level co-occurrence matrix (GLCM) based on
statistical features [6] is extracted. In total, 24 features [26]
can be extracted, but only seven features are considered for
efficient classification. These are: homogeneity (H) measures
image homogeneity as it assumes larger values for smaller
gray tone differences in pair elements. It has maximum value
when all elements in the image are same; contrast (C) repre-
sents the difference between the highest and the lowest values
of a contiguous set of pixels, energy (E) which detects the
disorders in textures and reaches a maximum value equal to
one. Variance (V) is a measure of heterogeneity. It increases
when the gray level values differ from their mean. Correlation
(Co) is a measure of gray tone linear dependencies in the
image; entropy (En) measures the disorder or complexity of
an image; complex textures have strong entropy; and mean
(M). By, extracting these features only, processing time is
decreased.

Tumor segmentation using FL-SNM

SNM is utilized for detecting the tumor region from the MR
image. SNM is composed of fuzzy logic input values in order
to develop a user-friendly system. Generally, a Hebbian learn-
ing [27] process is carried out for the functions among the
spiking neurons. If two neurons on either side of a synapse
are activated simultaneously, then the strength of that synapse
is selectively increased [28]. The model input state (spikes)
and their membership function (Gaussian) are based on exter-
nal inputs, as shown in Figs. 3a and b [29].

The whole process of the proposed FL-SNM is shown in
Fig. 4. Here, the image pixels based on seven features are
considered as spiking inputs and their fuzzy rules are generat-
ed using the formula given below.

pa,, (%) = exp (— (x’;ia”)z>

(10)
i

(11)

where (1 is the membership function, x; is defined as the inter-
nal state variable, A; ; and v; ;represent the part of /™ input for
the estimation of the i image pixel feature state, a; ; is defined
as the middle value, b, ; represents the width of the

Yi= H’jnzl Vijj-Ha; ; (xj)

@ Springer
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membership function, y; denotes the product of fuzzy infer-
ence and can be considered as an input to the spiking neurons
and m denotes the total number of inputs.

A sample of fuzzy if-then rules framed for the MRI brain
tumor classification is given below.

* Rulel:IfxisCl andyis Hl and zis E1 and u is M1 and
w is Enl and a is Col and b is V1, then output =1

* Rule2: Ifxis C2 and y is H2 and z is E2and u is M2 and w
is En2 and a is Co2 and b is V2, then output=2

* Rule3: Ifxis C3 and y is H3 and z isE3and u is M3 and w
is En3 and a is Co3 and b is V3, then output =3 (where,
the variables represents homogeneity (H), contrast (C),
energy (E), mean (M), variance (V), correlation (Co) and
entropy (En))

The above rules form the input for the FL-SNM architec-
ture to identify the region affected by a tumor. In the affected
region, the region space is segmented; otherwise, it will show
that it is not affected by any tumor. Based on the fuzzy rules,
the following predictions can be made.

The initial state 4n,(7) of the i™ spiking neuron (pixel value)
is defined as a membrane potential at the discrete time #:

hni(1) = tankn (hnf.y"(t) + (1) + hn;ef(t)) (12)

(1) represents the external environment input influ-
ences on the i™ neuron, Ar®"(f) represents the incorporation

of'the pulses, (i.e., pixel features) from the other fully connect-

wherehn

ed neuron (pixel) outputs and hn;ef(t) defines the refractori-
ness of the neuron. The tan function is used to avoid bursts of
neuronal firings.

2
h (1) = T viexp (— (b—)) (13)
ij
" (€)= YA (1) + Y (1) (14)
J=L

where y¥" represents a temporal discount rate and PSP
represents a post-synaptic potential, adopted by the synaptic
weight w; ; to obtain the effectual PSP. When the internal state

Hidden laver-

Output layer-

Wy

Maximum
output datal

v

Fig. 4 General structure of FL- F - ver.
SNM for brain tumor _m-' InPllt 13, er
segmentation Jogic and
rules
Input
feature
vectors

Wy )

Vg

Wij,i

-

A
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of the i™ neuron reaches a predefined threshold level 6 =
4.9664, this threshold is cached from the CSI, and the pulse
output is defined as

Oi(f) = { Lif hni(t)=0 (15)

0 otherwise

where 6 is defined as the threshold for firing. When the neuron

is fired, the total firing rate (R) is subtracted from the hn;ef (1)
value of neuron i, defined as follows:

h? (1) = {Vrgn'h";d(t_l)_R v o) =1 (16)
' v hnl? (1-1) otherwise

where ¢ is defined as a discount rate of hn/¥ and R > 0. The
pre-synaptic spike output is transmitted to the connected neu-
ron by the weight connection.

The PSP is calculated as
Lif O:(t) =1
PSP/, _ i
= (1) = {’yPSP.hnfSP(t—l) otherwise (17)

where WP SP is defined as the discount rate of hnﬁ:D SP. Generally,

weights between neurons are modified by Hebbian learning.
However, this is only applied when the following condition is
satisfied:

if 0< nP(=1) < nPP (1) (18)

When this condition is satisfied, the weight parameter w; ;
is trained based on the Hebbian learning rule [6] defined as

wit §Wt,/llf)SP>(l‘_1 )

Wit (’7 wji + W) (19)
where 7" is defined as the discount rate of the learning rate
€. This dynamically updates the weight values. For accurate
weight value prediction, an optimization [30] algorithm such
as chicken behavior-based swarm intelligence (CSI) is used to
improve the segmentation accuracy.

This has a high convergence rate and gives better weight
values, improving the segmentation accuracy. The general
structure of FL-SNM for brain tumor segmentation is shown

in Fig. 4.

Chicken behavior-based swarm intelligence (CSI)
for weight optimization

The swarm intelligence system is an artificial intelligence al-
gorithm based on the natural behavior of swarms or agents. It
is robust due to the simple design and is also flexible with high
a processing speed.

Basic working principle for CSI

The algorithm was developed by Meng et al. [31], based on
the natural behavior of chickens. Here, for roosters (Ry), hens
(Hy), chicks (Cy) and mother hens (My)), basic food search
behavior has been considered to search for the optimal result.
N-is the total number of chickens.

 Step 1: The initial position of all chickens is x; ()i e[l,
. N],je[1, -, D]),where D is the dimensionality of the
search space at time t for each chicken. Roosters can be
considered as best fits because they can easily detect their
food, whereas the hens and chicks search for their food.

Therefore, the rooster’s Ry position update is defined as

xl(ffl) = x;,;(¢) (1 + randn (0, 02)), (20)
1afisz,ke[laN]’k¢i
ot = S/ .
exp e , otherwise

where randn(0, %) represents a Gaussian distribution with
standard deviation o and mean 0, ¢ is defined as a small con-
stant to avoid the zero-division-error, k represents the rooster’s
index and is randomly chosen from the rooster group (k #i)
and f; represents the fitness rate of particle 7.

» Step 2: following the roosters, the hens search for their
food and the hens’ Hy position update equations can be
defined as

ij ij
Cr =exp((fi=/)/(Ifil + ) (22)
Cy = exp(f,,=f}) (23)

The chicks search for their food based on the hens’ food
search and the chicks’ position update equations can be de-

fined as egs. (22) and (23). Finally, the one with best fitness is
updated:

xt+l = x;] —+ Clrand (Xf,l‘j_.x;j) + Czrand(‘xf’z,j_xt ) (21)

W — xij + F (xin_’j—xt. ) (24)

ij ij

where x!, ; is the hen or mother hen positionand F' € [0, 2] is
defined as the coefficient. Based on the above fitness evalua-

tion, the optimal weight is predicted and is used in the effec-
tive training and testing for tumor segmentation.

CSI for optimal weight selection

+ Step 1: an initial generation of chickens (features) is
formed randomly with a limited search space. Each

@ Springer



25 Page 8 of 14

J Med Syst (2019) 43: 25

chicken swarm is a defined as a weight vector (W) of all
control variables.

»  Step 2: the best values of all chicken solutions are calcu-
lated by running the feature vectors.

The control variable values are taken for various roosters
and incorporated in the system feature vector and the weight is
run.

Then, the total weight of each chicken is calculated.

» Step 3: the best hen’s food search is determined, which is
denoted as the global best-fitness value.

Based on the food search mechanism, the search results for
the rooster, hen and chicks are arranged in ascending order,
based on their sound echoes.

The first hen will be the candidate with the best food
searching, (i.e., best weight value) giving the best global index
value.

» Step 4: a new rooster is generated around the global best
swarm by adding or subtracting a normal random number.
It should be ensured that the control variables are within
their limits.

» Step 5: rooster, hen, and chicks are compared to find the
one with the best global fitness value. This process takes
place over a number of iterations.

Steps 2—4 are replicated until the stopping criterion has
been achieved.

Measuring segmentation

The performance metrics for FL-SNM, based on the brain
tumor segmentation method, are estimated. Measures such
as sensitivity (Se), specificity (Sp), accuracy (Ac), precision
(Pr), recall (Re), F-measure, geometrical mean (G-mean), and
Dice similarity coefficient (DSC) are used.

Let TP be the true positive rate of images, FP the false
positive rate of images, TN the true negative rate of images
and FN the false negative rate of images.

The positive predictive value (PPV) is the probability that
the disease is present when the test is positive.

The negative predictive value (NPV) is the probability that
the disease is not present when the test is negative.

Se = TP/(TP + FN) (25)
Sp = TN/(TN + FP) (26)
Ac = (TP + TN)/(TP 4 FN + TN + FP) (27)
Pr = TP/(TP + FP) (28)
Re = TP/ (TP + FN) (29)
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PrR
F=2 1 (30)
Pr+ Re

Positive Predictive Value (PPV) = TP/(TP + FP) (31)

Negative Predictive Value (NPV) = TN /(TN + FN) (32)

False Positive Rate (FPR) = 1-Sp (33)

False Negative Rate (FNR) = 1-Se (34)

Dice Similarity Coefficient (DSC) = 217 (35)
ice Similarity Coefficien = PP T 2IP T EN

G-mean=+/TP _rate*TN _rate (36)

Results and discussion

In this section, the FL-SNM scheme is evaluated and ana-
lyzed, together with the existing CNN and HSOM methods.
Initially, the MRI database images are trained and tested. In
the training process, 10 normal and 10 segmented images are
used for the proposed FL-SNM model. The images are select-
ed randomly. Processing time varies from system to system,
depending on the processing speed of the processor. The sim-
ulation results are estimated using MATLAB R2017a running
in Windows 10. Kuan filter, MKF and ADF results are shown
in Table 1. This table shows that MKF attained better results
than KF, due to the efficient optimization of MKF. In addition,
ADF gives better MSE and PSNR results than KF and MKF,
due to the efficient image smoothing.

In Table 1, the performances of the presented filtering
schemes have been measured in terms of MSE, PSNR and
weight values for input image 1.

From the observations, MKF attained good PSNR, MSE
and weight values compared to KF, with a good optimized
result. Therefore, it reduces noise at the rate of 0.0705% com-
pared with KF. After obtaining the preprocessed outcome
from MKF, the ADF is used for effective smoothing, which
reduces the noise at the rate of 19.339% compared with MKF,
as shown in Table 1. Based on the performance measures, the
preprocessing results for two images are shown in Fig. 5.

Table 1 Performance measures for preprocessing

Performance Measures KF Proposed MKF ADF
MSE 31.198 31.176 25.147
PSNR 33.223 33.227 34.16
Weight value 0.0812 0.0747 0.1429
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Input Image-1

Preprocessed Image

Preprocessed Image

Fig. 5 Preprocessing results for input images

The feature extractions for the two images using FLDA are
predicted in Fig. 6.

The feature extraction results are obtained as numerical
values. Therefore, the simulation results of feature extraction
are same as for the preprocessing image.

Preprocessed Image Feature Extracted Image

Preprocessed Image Feature Extracted Image

Fig. 6 Feature Extraction results for input images

Table2  Optimized Weight Values of Proposed Scheme
Number of Iterations Optimized
Weight Values

1 0.9960
2 0.9854
3 0.9748
4 0.9643
5 0.9537
6 0.9431
7 0.9325
8 0.9220
9 09114
10 0.9008
11 0.8902
12 0.8797
13 0.8691
14 0.8585
15 0.8479
16 0.8374
17 0.8268
18 0.8162
19 0.8056
20 0.7950

The gray-level co-occurrence matrix (GLCM) based on
statistical features, is extracted. The extracted feature values
of input image 1 were predicted as: contrast: 1.3787e-04, cor-
relation: 0, energy: 1.0000, homogeneity: 1.0000, mean:
68.7232, variance: 3.0146e+03 and entropy: 2.6615¢-04.
The optimized weight value of input image 1 has been pre-
dicted from CSI and is shown in Table 2. This shows sample
numbers of iterations and their corresponding weight values.
The condition gets satisfied and the final optimized value of
this Scheme 0.2768 is obtained.

Finally, the tumor region is predicted in this layer.
Based on these values, the input image is tested and the
final segmented results are displayed. For example, the
two input images have been tested and their segmented
results are shown in Fig. 7. This figure illustrates the
tumor segmented region in an efficient manner for the
proposed FL-SNM scheme.

The proposed FL-SNM scheme evaluates the eight vol-
ume metric results for brain MR images and their numer-
ically evaluated values are predicted as shown in Table 3.
This shows the performance variations in FL-SNM when
the number of input images is increased from two to ten.
Here, ten images are considered for the testing process.
The overall average values of all performance measures
are predicted in this table. The average performance value
of FL-SNM is: accuracy 94.87%, sensitivity 92.07%,
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Feature Extracted Image

Tumor Segmented Image

Feature Extracted Image Tumor Segmented Image

Fig. 7 Tumor segmentation results for input images

specificity 99.34%, precision 89.36%, recall rate 88.39%,
F-measure 95.06%, G-mean 95.63% and DSC rate
91.20%. These performance results are compared with
existing schemes and their numerical results are shown
in Table 3.

The proposed FL-SNM brain tumor segmentation
attained high accuracy due to efficient optimization with
an effective feature extraction process. Figures §, 9 and 10
show the overall performance comparison for the proposed
FL-SNM and the existing CNN and HSOM brain tumor
segmentation schemes. They demonstrate that the accuracy
value is high in the proposed FL-SNM scheme, owing to
optimal weight prediction with efficient feature extraction,
which reduces the processing time and also improves the

FL-SNM

CNN HSOM
Fig. 8 Accuracy and sensitivity performance comparison for tumor
segmentation schemes

quality of the image. For the above reasons, the results of
the FL-SNM scheme are improved.

Figure 8 shows that the accuracy of FL-SNM is 3.37%
and 14.77% higher than CNN and HSOM. The sensitivity
of FL-SNM is 1.27% higher than CNN and 13.87% higher
than the HSOM scheme. Due to the effective noise reduc-
tion and the retrieval of useful information [32] using fil-
tering techniques, the FL-SNM scheme attained improved
results.

Figure 9 shows that the specificity of FL-SNM is 1.62%
and 13.94% higher than CNN and HSOM. The precision of
FL-SNM is 2.95% and 18.22% higher than the CNN and
HSOM schemes. Due to high TP and TN results, the specific-
ity and precision of FL-SNM is increased.

Figure 10 shows that the F-measure of FL-SNM is
7.52% and 16.81% higher than CNN and HSOM. The
G-mean of FL-SNM is 8.18% and 17.16% higher than
the CNN and HSOM schemes. The recall value is in-
creased by 2.92% and 16.05% compared with CNN and
HSOM respectively. Due to the high precision and recall

Table 3 Performance evaluation

value for proposed FL-SNM Input Accuracy-  Sensitivity-  Specificity =~ Precision ~ Recall-  F- G- DSC

Images  Ac (%) Se (%) - Sp (%) - Pr (%) Re (%) measure  mean (%)
(%) (%)

2 95.45 92.8 929 88.13 88.40 94.30 94.65 90.68
4 95.1 92.1 100 89.1 87.90 95.30 95.65 90.97
6 95.13 929 100 92.12 88.21 96.47 96.74 91.26
8 94.45 912 98.9 88.34 88.87 95.05 95.98 91.42
10 94.23 91.34 98.8 89.13 88.56 94.16 95.12 91.67
AVG 94.87 92.07 99.34 89.36 88.39 95.06 95.63 91.20
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values in %

ALSNM ONN HSOM
Fig. 9 Specificity and precision performance comparison for tumor
segmentation schemes

value, the F-measure and G-mean of FL-SNM are in-
creased. In addition, it shows the Dice similarity coefficient
(DSC) performance results for all algorithms. It shows il-
lustrates that the proposed FL-SNM has attained a higher
DSC value by 2.42% and 7.57% compared to the existing
CNN and HSOM, due to high TP and low FP.

The performance of the proposed FL-SNM and the
existing segmentation schemes CNN and HSOM, are eval-
uated in terms of PPV, FPR, NPV, and FNR, and their
numerical outcomes are evaluated. Table 4 shows that,

100 - - .
Emezsue [ Gocee I 2=Con I OSC
]

Values(%)

F - ’:‘\'-’ : ‘\.\

=HSOM

Fig. 10 F-measure, G-mean, Recall and DSC performance comparison
for tumor segmentation scheme

Table 4 Numerical results of other parameters for all segmentation
schemes

Segmentation Scheme PPV (%) NPV (%) FPR (%) FNR (%)
FL-SNM 0.924 0.814 0.2080 0.1970
CNN 0.8822 0.8939 0.1000 0.0800
HSOM 0.9221 09174 0.0600 0.0762

the proposed FL-SNM has achieved the best results com-
pared with existing CNN and HSOM schemes. Because
FL-SNM requires less training time, the speed of the pro-
cess is increased. The processing data set values have been
improved based on the fast process. Here, the true positive
and negative results are predicted correctly using SNM,
and it increases the accuracy of segmentation.

Table 5 shows that the CNN method has only attained
a sensitivity of 90.8%. However, it has a lower specificity
than the FL-SNM scheme, due to its high computational
complexity. The HSOM also achieved less accuracy than
the proposed FL-SNM scheme, due to its high computa-
tion time.

A graphical representation of all segmentation schemes
is shown in Fig. 11. This shows that the proposed FL-
SNM achieved good performance in terms of high accu-
racy (94.87%), sensitivity (92.07%), specificity (99.34%),
precision (89.36%), recall (88.39%), F-measure (95.06%),
G-mean (95.63%), and DSC (91.2%), compared with
existing CNN and HSOM schemes. Table 5 shows the
numerical evaluations for the overall performance matri-
ces. The proposed FL-SNM results are high compared
with the existing CNN and HSOM methods. When the
number of images increases, the numerical evaluation re-
sults of the proposed FL-SNM also increase, because FL-
SNM takes less processing time and has efficient feature
extraction.

Table 5
methods

Numerical values of overall performance for all segmentation

Performance Matrices Proposed FL-SNM (%) CNN (%) HSOM (%)

Accuracy-Ac 94.87 91.5 80.1
Sensitivity-Se 92.07 90.8 78.2
Specificity-Sp 99.34 97.72 85.4
Precision-Pr 89.36 86.41 71.14
Recall-Re 88.39 85.47 72.34
F-measure 95.06 87.54 78.25
G-mean 95.63 87.45 78.47
DSC 91.2 88.78 83.63
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Fig. 11 Performance metrics for brain tumor segmentation schemes

Figure 12 shows a graphical representation of the pro-
cessing time performance comparison for the proposed
FL-SNM and the existing CNN and HSOM segmentation
schemes. It illustrates that the proposed FL-SNM took less
processing time of (2.70 s) than CNN (3.17 s) and HSOM
(3.64 s), due to the efficient feature extraction and CSI
optimization.

-

s =

N ~SOM

Processing Time(Secs)
= » ~

-

08

Segmentation Metrics

Fig. 12 Processing time comparison for all brain tumor segmentation
schemes
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Conclusion

FL-SNM-based brain tumor segmentation has been proposed
in this work, with an optimization scheme for increasing seg-
mentation accuracy. The main purpose of this segmentation
scheme is to extract the brain tumor portion in an efficient
manner and to classify the tumor and non-tumor regions.
Initially, the input MR image undergoes preprocessing and
feature extraction to extract the relevant features of the tumor
region. The FL-SNM with CSI is applied for segmenting the
tumor region from the brain image for diagnosis.

The experimental results show the effectiveness of the pro-
posed FL-SNM scheme, which attained high performance in
terms of sensitivity, specificity, precision, F-measure, G-mean
and accuracy, compared with the existing CNN and HSOM
schemes. In addition, its robustness is high.

In the future, this study will be extended for various brain
tumor types and for larger data sets. The tumors are recog-
nized based on their shape, size, and changes of tumor growth
rate with the same patient. Certain features, such as border,
matrix, calcification and texture, will be considered for iden-
tifying the tumor types which are used for real-time applica-
tions. Optimization, meta-heuristic search algorithms and to
recognize more adaptive models with some other neural net-
work or other segmentation schemes will be used for efficient
segmentation. This method aids doctors in the early detection
of brain tumors, which may help to save lives.
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