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Abstract: A brain tumor is one of the main reasons for death among other kinds of cancer because the brain 
is a very sensitive, complex, and central portion of the body. Proper and timely diagnosis can prolong the 
life of a person to some extent. Consequently, in this paper, we have proposed a brain tumor classification 
scheme on the basis of combining wavelet texture features and deep neural networks (DNNs). Normally, the 
system comprises four modules: (i) feature extraction, (ii) feature selection, (iii) tumor classification, and (iv) 
segmentation. Primarily, we eliminate the noise from the image. Then, the feature matrix is produced by com-
bining wavelet texture features [gray-level co-occurrence matrix (GLCM) + wavelet GLCM]. Following that, we 
select the relevant features with the help of the oppositional flower pollination algorithm (OFPA) because a 
high number of features are major obstacles for classification. Then, we categorize the brain image based 
on the selected features using the DNN. After the classification procedure, the projected scheme extracts the 
tumor region from the tumor images with the help of the possibilistic fuzzy c-means clustering (PFCM) algo-
rithm. The experimentation results show that the proposed system attains the better result associated with 
the available methods.

Keywords: Brain tumor, wavelet texture feature, deep neural network, gray-level co-occurrence matrix, oppo-
sitional flower pollination algorithm, possibilistic fuzzy c-means clustering.

1   Introduction
Magnetic resonance imaging (MRI) brain tumor image classification is a hard undertaking because of the 
variance and difficulty of tumors. A brain tumor is an intracranial solid neoplasm or abnormal growth of cells 
within the brain or the central spinal canal. A brain tumor is among one the most common and deadly dis-
eases in the world. Recognition of the brain tumor in its early stage is the key to its cure. There are numerous 
dissimilar kinds of brain tumors that make their recognition very complex [4]. Therefore, the classification 
of brain tumors is very significant in order to categorize the kind of brain tumor experienced by the patient. 
A good classification procedure leads to the right decision and offers good and appropriate treatment [24].
Generally, early stage brain tumor analyses mostly include computed tomography (CT) scans, a nerve test, 
biopsy, etc., [7]. Currently, with the rapid growth of the artificial intelligence (AI), progress in biomedicine, 
computer-aided diagnosis and MRl scans have gained more attention [22]. Brain cancer is instigated by a 
malignant brain tumor. Not all brain tumors are malignant (cancerous). Some kinds of brain tumors are 
benign (non-cancerous). Brain cancer is also known as glioma and meningioma. Brain cancer is one among 
the leading causes of death from cancer. There are two chief kinds of brain cancer, the primary brain tumor 
and the secondary brain tumor [23].
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Feature extraction and selection are significant stages in breast cancer detection and classification. An 
optimum feature set should have operative and discriminating features, though the dismissal of feature pace 
is mostly decreased to evade the “curse of dimensionality” issue [22]. Feature selection approaches frequently 
are implemented to explore the effect of irrelevant features on the function of classifier schemes [1, 25, 27]. 
In these stages, an optimal subset of features that are necessary and adequate for solving an issue is desig-
nated. Feature selection progresses the accuracy of algorithms by decreasing the dimensionality and elimi-
nating the inappropriate features [15, 10]. Furthermore, feature extraction of the image is a significant step 
in tumor classification. There are numerous kinds of feature extraction from digital mammograms including 
position feature, shape feature, and texture feature, etc. Numerous methods have been industrialized for 
feature extraction from the tumor image. After feature extraction, the feature selection procedure is more 
significant. Feature selection (also known as subset selection) is a procedure frequently utilized in machine 
learning, where a subset of the features accessible from the information is designated for the application of a 
learning algorithm. Feature selection algorithms may be separated into filters [8], wrappers [3], and embed-
ded methods [6]. The filter technique assesses the quality of the selected features, self-sufficiently from the 
classification algorithm, though wrapper approaches necessitate implementation of a classifier to assess this 
quality. Embedded approaches perform feature selection throughout the learning of optimal parameters.

Classification is the procedure of allocation of items into groups rendering to type. Image classification 
necessitates different features of the image to categorize them into dissimilar groups. Classification is a pre-
requisite for sorting the brain MR images into normal and tumorous images. Consequently, feature extraction 
and feature selection from the image is a very significant mission. Different classification approaches from 
the statistical and machine learning arena have been implemented in cancer classification. Classification is 
an elementary mission in data analysis and pattern recognition that necessitates the construction of a clas-
sifier. Numerous machine learning methods have been implemented to categorize the tumor, including the 
Fisher linear discriminate investigation [9], k-nearest neighbor [18] decision tree, multilayer perceptron [16], 
and support vector machine [14]. After this classification, segmentation is achieved on the malignant images 
for tumor region extraction. Dissimilar researchers have progressed brain tumor image segmentation algo-
rithms such as the watershed transform [11], fuzzy partition entropy of 2D histogram [26], fuzzy entropy, and 
morphology [13], etc. Extraction of the brain tumor region necessitates the segmentation of brain MR images 
into two sections. One segment comprises the normal brain cells, and the second segment comprises the 
tumorous brain cells. Correct segmentation of MR images is very significant as, most of the time, MR images 
are not very contrasting; thus, these segments can look very similar.

The main objective of this paper is tumor classification and segmentation using combining wavelet 
texture features and a deep neural network (DNN). The proposed work mainly consists of four stages such 
as (i) feature extraction, (ii) feature selection, (iii) tumor image classification, and (iv) segmentation. Firstly, 
we extract the wavelet texture features from noise-free images. Then, we select the useful features using the 
oppositional flower pollination algorithm (OFPA). After that, the selected features are given to the input of 
the DNN for classifying the tumor images. Then, the tumor images are given to the segmentation stage for 
segmenting a part of the tumor using possibilistic fuzzy c-means clustering (PFCM). The basic organization 
of the paper is as follows: Section 2 presents the review of related works, and the proposed heart disease 
prediction is explained in Section 3. The results are explained and discussed in Section 4. The conclusion is 
presented in Section 5.

2   Related Works
In the literature survey, numerous approaches have been anticipated for brain tumor classification in image 
processing. Among the most recently published works are as follows: Li et al. [19] have illuminated brain tumor 
segmentation from multimodal magnetic resonance images through sparse representation. They express the 
tumor segmentation issue as a multi-classification mission by labeling each voxel as the maximum posterior 
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probability. They assess the maximum a posteriori (MAP) probability by introducing the sparse representa-
tion into a likelihood probability and a Markov random field (MRF) into the prior probability. In view of the 
MAP as an NP-hard problem, they adapt the maximum posterior probability assessment into a minimum 
energy optimization issue and employ graph cuts to detect the result of the MAP assessment.

Furthermore, Huang et al. [12] have elucidated the brain tumor segmentation based on local independent 
projection-based classification. This technique treats tumor segmentation as a classification issue. Moreover, 
the local independent projection-based classification (LIPC) method was utilized to categorize each voxel 
into dissimilar classes. A new classification outline was consequent by familiarizing the local independent 
projection into the classical classification model. The locality was significant in the scheming of local inde-
pendent projections for LIPC. The locality was also measured indecisively, as to whether local anchor insert-
ing was more appropriate in resolving linear projection weights associated with other coding approaches. 
Besides, LIPC reflects the data distribution of dissimilar classes by learning a softmax regression model that 
further refined the classification performance.

Likewise, Mahapatra [21] scrutinized uniting multiple expert annotations with the help of semi-super-
vised learning and graph cuts for medical image separation; the self-consistency (SC) score quantifies anno-
tator performance on the basis of the consistency of their comments in the name of low-level image features. 
The missing annotations were prophesied with the help of SSL methods that deliberate global features and 
local image consistency. The self-consistency score also aids as the penalty cost in a second order MRF cost 
function that was optimized with the help of graph cuts to attain the final consensus label. Graph cut optimi-
zation provides a worldwide maximum and was non-iterative, thus speeding up the procedure.

Furthermore, Liu et  al. [20] have elucidated a new level set model with automated initialization and 
controlling parameters for medical image division and a shift clustering technique on the basis of global 
image data to guide the evolution of the level set. By simple threshold processing, the solutions of mean shift 
clustering can automatically and speedily produce an initial contour of level set evolution. Second, numer-
ous novel functions to assess the controlling parameters of the level set evolution on the basis of the cluster-
ing results and image characteristics were devised. Third, the reaction-diffusion technique was accepted to 
supersede the distance regularization term of the RSF-level set model that can progress the accuracy and 
speed of  segmentation efficiently with less manual intervention.

Rather than the active contour model on the basis of local and global intensity data for medical image 
segmentation, the energy term comprises a global energy term to describe the fitting of the global Gaussian 
distribution rendering to the intensities inside and outside the evolving curve, and also, a local energy term 
to illustrate the fitting of the local Gaussian distribution on the basis of the local intensity data were delib-
erated by Zhou et al. [28]. In the resulting contour evolution that diminishes the related energy, the global 
energy term quickens the evolution of the evolving curve far away from the objects, though the local energy 
term guides the evolving curve near the objects to stop on the boundaries. Additionally, a weighting func-
tion within the local energy term and the worldwide energy term was projected with the help of the local 
and global variance data that permits the model to permit the weights adaptively in segmenting images with 
intensity inhomogeneity. All-encompassing experiments on both synthetic and real medical images were 
delivered to assess the technique and display important enhancements on both efficacy and accuracy, as 
related to the popular approaches.

Besides, Blaiotta et al. [5] have defined the variation implication for medical image segmentation, VB 
gives an outline for generalizing the existing segmentation algorithms that depend on an expectation–max-
imization formulation, though increasing their robustness and computational stability. Also, how optimal 
model complexity can be automatically logged in a variation setting, in contrast to the ML frameworks that 
were basically prone to overfitting, was also displayed. Last, they established how appropriate intensity 
priors that were utilized in combination with the accessible algorithm were learned from large imaging data 
sets by adopting an empirical Bayes method.

Ali et al. [2] elucidated brain tumor extraction with the help of clustering and morphological operation 
methods. The MRIs, T2-weighted modality, were pre-processed by the bilateral filter to diminish the noise and 
maintain the edges among the dissimilar tissues. Four dissimilar methods with morphological operations 
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were implemented to extract the tumor region. These were the gray-level stretching and Sobel edge detection, 
k-means clustering technique on the basis of location and intensity, fuzzy C-means clustering, and an adap-
tive k-means clustering method and fuzzy C-means method. The arena of the extracted tumor regions was 
designed. The work displayed that the four applied methods successfully detected and extracted the brain 
tumor, and thereby, aided the doctors in recognizing the tumor’s size and region.

3   Proposed Methodology
The basic idea of our research is to classify and segment the MRI brain tumor images using multiple stages. 
In order to detect whether the brain is normal or if there are tumors, a feature extraction technique together 
with feature selection, classification, and segmentation approaches are presented. The overall proposed 
framework is illustrated in Figure 1. Basically, MR images are given to the system for diagnosis purposes. 
Initially, these images are processed for noise removal. After the elimination of noise, texture features are 
extracted from these images with the help of wavelet texture features [combining gray-level co-occurrence 
matrix (GLCM)+wavelet GLCM]. Then, most relevant features are selected based on the OFPA algorithm. 
These selected features are given to the DNN classifier. Finally, the classified tumor images are given to the 
PFCM, which is a segment of the tumors in the image. The step-by-step process of the proposed brain tumor 
detection system is explained in the following section.

3.1   Noise Removal

The noise removal of a MR image is a significant process of MRI tumor detection and segmentation. Consider 
the gray-scale input image Iin, which has a few of the noises like Gaussian noises, etc. The noise image cer-
tainly disturbs the output. So noise removal is a necessary part. By removing the noise from the image, there 

Figure 1: Overall Diagram of the Proposed MRI Brain Tumor Detection System.
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is better accuracy for the classification stage. In this work, in the noise-removal stage, we utilized the Gauss-
ian filter, which is used to remove the noise from image Iin. Finally, we obtain the noise-free image I, which is 
used for further processing.

3.2   Feature Extraction

After the noise removal, the image is given to the feature-extraction stage. Feature extraction is an important 
stage for medical image classification. The beneficial features of the images are extracted from the image 
for classification purposes. To extract a good feature from the images is a challenging task. There are many 
feature-extraction techniques that are available. In this work, we extract GLCM and wavelet-based GLCM 
features from the images.

3.2.1   Feature Extraction Based on the Gray-Level Co-occurrence Matrix (GLCM)

The GLCM is utilized to extract the texture in an image by doing the transition of gray level within two pixels. 
The GLCM provides a joint distribution of gray-level pairs of neighboring pixels within an image. The co-
occurrence matrix of the MR image is utilized to detect the tumor image. For the computation of GLCM, first 
a spatial relationship is recognized within two pixels; one is the reference pixel, and the other is a neighbor 
pixel. At this time, we compute the 22 features associated with GLCM. This process forms the GLCM contain-
ing a different combination of pixel gray values in an image. Let p(x, y) be the element of GLCM of a given 
image I of size m × n containing the number of gray levels GL ranging from 0 to GL − 1. Table 1 shows the GLCM 
feature used in the proposed brain tumor detection system.

3.2.2   Feature Extraction via Wavelet-Based GLCM

In this section, at first, we apply the wavelet transform to the original image I. Here, we obtain the four sub-
bands, which have low-frequency information and high-frequency information such as LL, LH, HL, and HH. 
Then, we calculate the GLCM feature for high-frequency subbands because the detail coefficients are avail-
able in the horizontal, vertical, and diagonal subbands. Then, the extracted 22 features are also extracted 
from these three bands. Finally, we obtain 88 features for one image: 66 wavelet GLCM features and 22 GLCM 
features.

3.3   Feature Selection Using OFPA

After calculating the features, we have to decrease the dimension of the feature vector because a high number 
of features are a great obstacle for classification. Consequently, a feature dimension-reduction technique is 
applied to reduce the features’ space without losing information. We decrease the number of features and 
take away the unrelated, redundant, or noisy information. In our work, we developed the OFPA algorithm 
for selecting the optimal features from the feature vector. The following steps are used to select the features.

Step 1: Solution Representation
To optimize the features, the OFPA algorithm initially creates an arbitrary population of the solution. Solution 
creation is an important step of the optimization algorithm that helps to identify the optimal solution quickly. 
Each image has the n number of features; among them, we select optimal features. The selected features are 
used for solution generation. Let us assume that there is M flower or solution in the entire population, and 
each flower contains N pollen. The whole flower population is represented as S = (F1, F2,…, FM), where Fm is 
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Table 1: GLCM Feature Used in the Proposed Brain Tumor Detection System.
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the mth flower, and m ∈[1, M] is the order number of the flower in the population. Each flower is represented 
as Fm = (P1, P2,…, PN), where, Pn is the nth pollen (feature) in the mth flower, and n ∈[1, N] is the pollen index. 
The initial solution representation is given in Table 2.

Step 2: Opposite Solution for FPA
Rendering to opposition-based learning (OBL) familiarized by Tizhoosh in 2005 [28], the current solution and 
its opposite solution are measured simultaneously to get a better approximation for the current solution. It is 
provided that an opposite pollen solution has a better chance to be closer to the worldwide optimal solution 
than random pollen solution. The opposite pollen positions (OSi) are entirely defined by constituents of Si.

 1 2[ ,..., ,..., ]i nOS OP OP OP=  (1)

where OPi = Li + Ui − Pi with OPi  ∈[Li, Ui] is the position of the ith opposite pollen OPi. Now, we obtain two sets 
of initial solutions. These solutions are given in the next steps.

Step 3: Fitness Calculation
After generating the solution, the fitness function is evaluated. The selection of the fitness is a crucial aspect 
in the OFPA algorithm. It is used to evaluate the aptitude (goodness) of candidate solutions. Here, classifica-
tion accuracy is the main criteria used to design a fitness function. The fitness computation is executed for 
each solution. For each iteration, the fitness is calculated using equation (2),

 

TN TPFitness
(TN TP FN FP)

+=
+ + +  

(2)

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

Step 4: Update Solution Based on FPA
After the fitness calculation, we update the solution on the basis of flower pollen algorithm (FPA). The main 
target of a flower is basically reproduction by pollination. Flower pollination frequently associates with the 
transfer of pollen that frequently related to pollinators, like birds. The global pollination can be characterized 
mathematically as equation (3).
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Table 1 (continued)

Table 2: Initial Solution Format of OFPA.

    F1  F2  F3  F4  …  F23  F24  F25  …  F70  F71  F72  …  F88

  P1   1  1  0  1  …  0  1  1  …  0  1  0  …  1
  P2   1  0  0  1  …  1  0  1  …  1  0  1  …  0

Si                               
  Pn   0  1  1  0  …  0  1  0  …  0  1  1  …  1
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where, t
iF  is the pollen i or solution vector Fi at iteration t, and G* is the current best solution found among 

all solutions at the current generation/iteration. The step size is controlled by a scaling agent γ. Here, L(λ) 
denotes the Levy flight-based step size that corresponds to the ability of pollination.
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Γ(λ) is the standard γ function, and this distribution is precise for considerable steps (g > 0). The local pollina-
tion and flower constancy can be represented as

 1 ( )t t t t
i i j kF F F Fε+ = + −  (5)

where, t
jF  and t

kF  are pollen from various flowers of the same plant species mimicking the flower fastness in 
a confined neighborhood. For a local random walk, t

jF  and t
kF  derive from the same species, then ∈ is drawn 

from a uniform distribution as [0, 1].

Step 5: Termination Criteria
The algorithm discontinues its execution only if a maximum number of iterations is achieved, and the solu-
tion that is holding the best fitness value is selected. Once the best fitness is attained by means of the FPA 
algorithm, the selected feature is given to the classification stage.

3.4   Classification Stage

The selected features are given to the classification stage. In this classification, we used the DNN. An artificial 
neural network model with the multiple layers of the hidden units and outputs is termed DNNs. Moreover, 
it consists of both pre-training (using generative deep belief network or DBN) and fine-tuning stages in its 
parameter learning. The main aim of this paper is to train the features of images in the particular data set, i.e. 
to find the right weight that can be used to correctly classify the input features.

(i) Pre-training Stage Using a Deep Belief Network (DBN)
In the training stage, we use a DBN that is a deep architecture and a feed forward neural network, i.e. with 
numerous hidden layers. The instance of the DBN network is shown in Figure 2. At this time, the abridged 
features are provided to the input of the DBN. At this time, we implement the learned weights as the initial 
weights of the DBN; this weight is engaged for generatively pre-training a DNN. The DBN model permits the 
network to produce visible activations on the basis of its hidden units’ states, which characterizes the network 
belief. This layer comprises an input layer that encircles the input units (called visible unit v), L number of 
hidden layers, and at last, an output layer that has one unit for each class is measured. The parameters of a 
DBN are the weights Wi among the units of layers i − 1 and i, the biases B(i) of layer i (note that there are no 
biases in the input layer). To prepare the parameters is one among the chief difficulties for training DNN. Cur-
rently, the random initialization results in an optimization algorithm to determine the poor local minima of 
the fault function resulting in low generalization. We implemented the restricted Boltzmann machine (RBM) 
to work out the above issue. A DBN can be investigated as a composition of simple learning modules by stack-
ing them. This uncomplicated learning module is known as the RBMs.

Restricted Boltzmann Machine: An RBM is an exclusive type of Markov random field that has one layer 
of (typically Bernoulli) stochastic hidden units and one layer of (typically Bernoulli or Gaussian) stochastic 
visible or observable units. RBMs can be indicated as bipartite graphs, in which all visible units are con-
nected to all hidden units, and there are no visible–visible or hidden–hidden connections. The important 
structure of RBM is quantified in Figure 3.
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In the training phase, primarily we analyze the energy performance of the visible layer v and the hidden 
layer h. A joint configuration (v, h) of the visible (Bernoulli) and hidden (Bernoulli) units of an RBM has an 
energy provided by:

 = = = =

= − − −∑∑ ∑ ∑
1 1 1 1

( , )
I J I J

ij i j i i j j
i j i j

E v h w v h a v b h 
 

(6)

where:
wij→ is the symmetric interaction term between the visible unit vi and the hidden unit hj,
ai, bj→ is the bias term,
I, J→ is the number of visible and hidden units.
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Figure 2: Proposed DBN with Three Hidden Layers.
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Figure 3: RBM Architecture.
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By modifying the weights and biases to lower the energy of that information and to raise the energy of 
other information, the possibility that the network assigns to a training information can be raised principally 
for those that have low energies and, hence, make a big contribution to the partition function. The derivative 
of the log probability of a training vector concerning a weight is erratically easy. Between hidden units in an 
RBM, there are no direct influences; it is enormously easy to get an impartial sample of .i j datav h〈 〉  Known as 
an arbitrarily chosen training data v, the binary state hj, of each hidden unit j, is set to 1 with probability:

 1
( 1 | )

I

j ij i j
i

p h v w v aσ
=

 
= = +  ∑

 
(7)

where:
σ(x) → is the logistic sigmoid function 1 ,

(1 exp( ))x+
vihj → is the unbiased sample.
In addition, there are no direct connections among the visible units in an RBM. It is, furthermore, 

extremely uncomplicated to get an unbiased sample of the state of a visible unit, specified in a hidden vector

 1
( 1 | )

J

i ij j i
j

p v h w h bσ
=

 
= = +  

∑
 

(8)

Then, the binary states of the hidden units are all computed in parallel using equation (7). Once the 
binary states have been chosen for the hidden units, a “reconstruction” is produced by setting each vi to 
1  with a probability given by equation (8). Finally, the states of the hidden units are updated again. The 
change in a weight is then given by

 

∂ = −
∂

log ( )
i j i jdata model

ij

p v v h v h
w

 
(9)

where, under the distribution specified, the angle brackets are employed to indicate the expectations by the 
subscript that follows. For executing the stochastic steepest ascent in the log probability of the training data, 
this shows the way to a very uncomplicated learning rule

 ( )∆ η= −ij i j i jdata model
w v h v h

 
(10)

where:
η → is the learning rate.
Procedure for training the DNN:

 – Primarily we initialize the visible units v to the training vector.
 – After that, we update the hidden units in parallel in the provided visible units using equation (7).
 – In a similar manner, we update the visible units in parallel given the hidden units with the help of equa-

tion (8).
 – Then, we re-update the hidden units in parallel given the reconstructed visible unit with the help of the 

same equation utilized in step (9).
 – We accomplish the weight updates ij i j i jdata reconstruction

w v h v h∆ α − .

When the RBM is trained, a dissimilar RBM can be “stacked” on top of it to form a multilayer model. Each time 
a dissimilar RBM is stacked, the input visible layer is a primed vector, and values for the units in the already-
trained RBM layers are apportioned by means of the current weights and biases. The concluding layer of the 
already-trained layers is engaged as input to the novel RBM. The new RBM is then trained with the method 
above, and then, this complete procedure can be simulated until some needed stopping standard is met. We 
change the weight in each RBM for the purpose of declining the multi-objective function. The accomplished 
deep network weights are engaged in priming a fine-tuning phase.
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(ii) Fine-Tuning Stage
After the network is pre-trained as the RBM–stack model, the weights are further attuned using back propa-
gation for the purpose of upsurging the accuracy of the scheme. The fine-tuning phase is simply the ordinary 
back propagation algorithm. To categorize the tumor image, an output layer is intended (tumor or not) in the 
top of the DNN. Also, there are N number of input neurons (depending upon the features), and three hidden 
layers are utilized in our DNN. The optimized weight is intended through the training stage with the help 
of the training data set DT, where back propagation starts the weights attained in the pre-training phase. 
Primarily, the reduced features are provided to the DNN, though the weight is arbitrarily adjusted. The chief 
contribution of our DNN is to detect the minimum error function with the help of equation (6). Also, the train-
ing dataset is skilled until the optimized weight is grasped, or maximum accuracy is attained with the help 
of equation (6). Finally, on the basis of the optimal weight (w), the images are categorized in the testing stage 
by testing the data set DT.

3.5   Segmentation Stage

After the image classification stage, the tumor images are selected, and the selected images are given to the 
segmentation stage. In this work, for the segmentation stage, we utilize the PFCM. The application of the 
PFCM methods will improve the clustering process and the accuracy of the segmentation. The vital motive of 
the PFCM module is devoted to the segmentation of a specified set of data into clusters. The PFCM constitutes 
a data clustering technique, where each data point is a part of the cluster to a level indicated by the mem-
bership grade. In the clustering module, it is dependent on the reduction of the objective function, which is 
illustrated in the following equation (11):

 

2

1 1 1 1
( , , ; ) ( ) (1 )

n n c n
m

PFCM ik ik k i i ikA
k i i k

J U T C X aU bT x c Tη ηγ
= = = =

= + × − + −∑∑ ∑ ∑
 

(11)

where,
U → is the membership matrix,
T → is the possibilistic matrix,
C → is the resultant cluster center,
X → is the set of all data points.
The constants a and b represent the comparative significance of the fuzzy membership and typicality 

values in the objective function. The gradual procedure of the PFCM is effectively elucidated below.

Step 1: Calculation of Distance Matrix
At first, the number of clusters (C) is furnished by the user, which is identical with respect to every segment. 
When the number of clusters is determined, the evaluation of the distance between the centroids and data 
point for each segment is carried out. In this work, the Euclidian distance function is used for distance calcu-
lation. Further, the distance matrix is determined with respect to each and every cluster:
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where ci is the centroid, and xk is the data point. Here, the distance function is effectively utilized to estimate 
the distance between every data point xk with every centroid vi value.

Step 2: Calculation of Typicality Matrix
After the estimation of the distance matrix, the typicality matrix is evaluated. The typicality matrix Tik is 
obtained from the possibilistic c-means (PCM) [20]. As illustrated in equation (13), the probability value of 
each data point in relation to every centroid is completed:
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Step 3: Calculation of Membership Matrix
The evaluation of the membership matrix Uik is performed by means of assessing the membership value of the 
data point, which is gathered from the fuzzy c-means (FCM) [21]. As illustrated with the help of the following 
equation (14), the membership value of each data point in relation to each centroid is completed.
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Step 4: Update of Centroid
After the generation of the clusters, the modernization of the centroids is performed in accordance with equa-
tion (15) shown below.
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Subsequent to the modernization of the centroids with respect to each and every cluster, the task of evaluat-
ing the distance with the lately modernized centroids is started and continued until the evaluation of the 
modernization of the centroids. The relative procedure is performed again and again until the efficient cen-
troids of each and every cluster become identical and similar in successive iterations.

Step 5: Stop the Whole Process
Using this PFCM, the input images are getting segmented. All the images are segmented, which means that 
we will stop the process.

4   Result and Discussion
In this section, we discuss the results obtained from the proposed brain tumor classification and segmen-
tation technique. In implementing the proposed technique, we used Mat lab version (7.12). This proposed 
technique was done using Windows with an Intel Core i5 processor with speed 1.6 GHz and 4 GB RAM. The 
proposed system has been tested on the data set available on the Web. We have utilized the size of the image 
“512  ×  512”, which is publicly available.

4.1   Evaluation Metrics

We need various assessment metric values to be calculated in order to analyze our proposed technique 
for the efficient MRI brain tumor classification. The metric values are found based on true positive (TP), 
true negative (TN), false positive (FP), and false negative (FN) with the option of segmentation and 
grading. The usefulness of our proposed work is analyzed by three metrics such as Accuracy, Sensitivity, 
and Specificity. The demonstration of these assessment metrics is specified in the equations that given 
below.
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Sensitivity: The sensitivity of brain tumor detection is determined by taking the ratio of a number of true 
positives to the sum of true positive and false negatives. This relation can be expressed as:

p
t

p n

T
S

T F
=

+

Specificity: The specificity of the brain tumor detection can be evaluated by taking the relation of a number 
of true negatives to the combined true negative and the false positive. The specificity can be expressed as:

n
p

n p

T
S

T F
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+

Accuracy: The accuracy of brain tumor detection can be calculated by taking the ratio of the true values 
present in the population. The accuracy can be described by the following equation:
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4.2   MRI Data Set Description

The MRI brain image data set is effectively employed in the innovative image segmentation and classification 
techniques, which are obtained from the publicly accessible sources. The corresponding image data set con-
tains 20 brain MRI images of which 15 brain images are with tumor and the remaining five brain images are 
without tumor. The brain image data set is subdivided into two distinct sets such as the training data set and 
the testing data set. The training data set is effectively utilized to segment the brain tumor images, and the 
testing data set is employed to evaluate the performance of the novel approach. Here, 10 images are elegantly 
employed for the training purpose, and the residual 10 images are effectively used for the testing purpose. 
Figure 4 illustrates certain sample MRI images with tumor and without tumor.

4.3   Experimental Results on Proposed Approach

The performance of the proposed brain tumor classification and segmentation is analyzed with the help of 
sensitivity, specificity, and accuracy, which are the most significant performance parameters. The effective-

Figure 4: Sample Experimental Used Images.
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ness of the proposed technique is demonstrated by performing a comparison between the matching results 
of the proposed method with other approaches. The result section is split into two phases, the classification 
phase and the segmentation phase. We first, verify the improvement of the classification phase. In the clas-
sification phase, we used the DNN classifier to recognize the tumor present in the image. In segmentation, 
we obtain the ROI and background region separately, and also, we measure the accuracy of the proposed 
approach with other segmentation approaches.

 – Performance of Classification Phase
The basic idea of our research is efficient MRI brain tumor detection and classification based on the 
combining wavelet texture feature and DNN. In the classification stage, at first, we extract the texture fea-
tures from the image using GLCM and wavelet GLCM. After that, we reduce the features based on OFPA. 
Then, the relevant features are given to the DNN classifier for classification. Our proposed classification 
approach is compared with other well-known classifiers such as NN, RNN, and KNN. The performance of 
the approach is shown in Figures 5–7.

Figure 5 shows the performance of the accuracy plot based on the classification stage by varying 
hidden neuron sizes; as per the analysis, the accuracy gradually increases when compared to the other 
approaches. Here, in the classification stage, we used the DNN. In Figure 5, the hidden neuron size is 
20. We obtain the maximum accuracy of 92% for using the proposed DNN, 70% for using NN, 70% for 
using RNN, and 60% for using KNN. Moreover, NN and RNN are producing almost the same output value. 
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Moreover, Figure 6 shows the performance of the proposed approach based on sensitivity. Here, we also 
obtain the maximum accuracy compared to the other approaches. Similarly, Figure 7 shows the perfor-
mance of the proposed approach based on specificity. In analyzing Figure 7, we obtain the maximum 
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Table 3: Experimental Results of Segmentation Stage.
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Table 4: Comparative Analysis.

Methods   Accuracy (%)  Sensitivity (%)  Specificity (%)

Kumar and Vijayakumar [17].   88  84  90
Proposed   92  86  91

specificity of 100. From the three figures, we clearly understand that our proposed approach obtained 
better results compared to the existing approaches. Moreover, in this classification stage, we obtain the 
maximum accuracy because of the optimal feature selection using the OFPA methods. A large number of 
features are great obstacles for the classification stage. Here, oppositional based learning (OBL) is com-
bined with the FPA algorithm to improve the performance.

 – Performance of Segmentation Phase
Segmentation is an important stage for tumor detection system. After the classification stage, the tumor 
images are given to the PFCM for segmentation. The explanation of the PFCM algorithm is explained in 
Section 3.5. The experimental results are illustrated in Table 3.

In this proposed methodology, for segmentation, we used the PFCM algorithm. This algorithm is a com-
bination of the FCM and the PCM. Here, we compare our proposed PFCM algorithm with the FCM algorithm-
based segmentation. Figure 8 shows the performance of the segmentation stage. Here, our proposed PFCM 
algorithm obtains the maximum output of 99.3%, 96.1%, and 99.5% for accuracy, sensitivity, and specific-
ity, respectively. Moreover, the FCM-based segmentation approach achieves the output of 95.9%, 86%, and 
87.2% for accuracy, sensitivity, and specificity, respectively. From the results, we clearly understand that our 
proposed PFCM algorithm outperforms the FCM algorithm. Moreover, Figure 9 shows the performance of 
the accuracy plot by varying the cluster size. Here, we obtain the maximum accuracy of 99.6%.

 – Compared with Published Paper
In this paper, we compare our proposed work with already published papers. Here, our proposed work 
was compared with the work of Kumar and Vijayakumar [17]. In Ref. [17], the author explained a tumor 
image segmentation and classification using the principal component analysis (PCA) and RBF kernel-
based support vector machine. Here, the combined edge- and texture-based features are extricated using 
a histogram and the co-occurrence matrix, then, the PCA was depleted to demote the dimensionality of 
the feature space, which results in a more efficient and accurate classification. Finally, in the classifica-
tion stage, a kernel-based SVM classifier was utilized to classify the image.

Table 4 shows the comparative analysis of the proposed methodology. Here, our proposed approach 
achieves the maximum accuracy of 92%, sensitivity of 865, and specificity of 91%. Similarly, using the 
work of Kumar and Vijayakumar [17], we obtain the accuracy of 88%, the sensitivity of 84%, and the 
specificity of 90%. From the discussion, we clearly understand that our proposed approach is better than 
the existing results.

5   Conclusion
In this paper, an efficient MRI tumor classification and segmentation process based on multiple stages was 
done. Our system comprised the following significant stages: preprocessing, feature extraction, feature 
selection, classification, and segmentation. At first, the noise present in the images was removed. Then, the 
important features are extracted, and the optimal feature is selected using the OFPA. In the classification 
stage, the tumor images are classified using the DNN. After the classification, the segmentation is done. 
The experimental results are explained, and our approach achieves the maximum accuracy compared to the 
existing approaches. Furthermore, in the future, a hybrid technique will be developed for the classification of 
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the different types of tumors. Moreover, different data mining techniques can be used in training in order to 
improve the performance of the classifiers, and the data sets can also be increased.
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