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Abstract 

          Brain tumor region segmentation in Magnetic resonance imaging (MRI) is a 

significant technique for early tumor finding and radiotherapy arranging. Although 

numerous MRI brain tumor segmentation methods have been proposed, enhanced tumor 

segmentation methods are still challenging because brain tumor MRI shows complex 

qualities in texture and intensity pattern. GSO (Glowworm swarm optimization) based 

weight Optimized Artificial Neural Network (ANN) with modified Active Contour for   

Brain Tumor segmentation (GSO-ANN-ACS) is proposed in this paper to effectively 

segment MRI. This framework uses the K-means clustering algorithm, GSO based weight 

Optimized Artificial Neural Network and active contour, to segment the tumor region of 

the MRI images. To improve the segmentation performance, the energy of the active 

contour is estimated by using the local statistical estimation method. For the 

performance analysis the test image is compared with reference images of the subject for 

each class. For analyzing the algorithm performance, we have used a number of images 

with different classes. In this work, GSO based weight Optimized Artificial Neural 

Network (ANN) with Modified Active Contour for Brain Tumor Segmentation is 

performed. The analysis results show that the proposed technique attains an accuracy of 

0.979 average for various images from standard database. 
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1. Introduction 
The segmentation of brain MRI can give information about normal and abnormal 

condition of brain tumor by further analyzing region by medical experts.MRI of human 

brain contain complex structures, it is exceptionally hard to section the parts precisely. 

This is vital to the affected and unaffected patients to get clear decision about the 

segmented region of the MRI [1]. Due to lack of radiologists, practically it is very 

difficult to analyze a huge volume of MRI information. It makes analyzing, effort 

intensive and most expensive. This issue leads to an automated framework for 

investigating and characterizing MRI data. In managing human life, the outcomes must 

be exceptionally exact and precise. A powerful structure for segmentation of medical 

images could aid better tumor identification [2]. This enhance the effectiveness of 

recognition and in general, the framework will entirely decline the time and cost to 

distinguish tumors. The main objective of image segmentation is to change the 
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appearance of the image into a suitable form for analysis. It is mainly used to find some 

objects from images or to find the boundaries. Practically image segmentation is widely 

used in several applications such as video surveillance, Traffic control system, face 

recognition, and biomedical imaging analysis. To detect the tumor in MRI, segmentation 

and classification are generally used. 

Clinical diagnosis of neuron-degenerative and psychiatric disorders requires 

treatment evaluation and surgical planning. Several techniques are widely used to 

segment MRI brain images. They can be divided into four groups.  

Region-based segmentation 

Region-based segmentation [3] additionally called as Contour based segmentation, 

since it includes the choice of starting seed centers. It accepts that different objects are 

isolated by other sorts of perceptual limits. In this, pixels are included in the area-based 

neighborhood highlights. 

 

Threshold-based segmentation 

Threshold-based segmentation [16] is the simplest segmentation technique here 

each pixel is replaced with a black pixel, if the intensity I (i,j) is less than the fixed 

constant (Threshold value) and the pixel is replaced with white pixel if the intensity 

greater than the constant I(i,j). In automated segmentation algorithms, the threshold 

value is selected based on the following methods. They are histogram based, clustering 

based, entropy based, object attributes based, and spatial methods. It can also be applied 

to color pictures, here the threshold value is applied to each RGB components of the 

picture, then the components are combined using AND operation.  Threshold-based 

segmentation is very effective when the picture is taken in good illumination condition. 

Pixel-based segmentation 

In pixel-based segmentation [17] the pixels are grouped together based on their 

homogenous region corresponding to an object. In model-based segmentation, grouping 

is done based on the shape of an object, therefore, information about the probabilistic 

shape and its variation can be obtained. Segmentation quality can be enhanced by 

utilizing active shape and active appearance. Contour-based segmentation [18] is also 

called as boundary following, contour model is mostly used to extract the boundaries of 

an object in a digital image. Contour is the boundary of an object in digital image [19] 

and it must be a closed curve. Contour tracing is one of the preprocessing techniques 

used to extract the shape of an object. Contour-based segmentation is more effective 

because contour pixels are generally a small subset of the total number of pixels 

representing a pattern. Additionally, it can find imaginary contours in the image by 

ignoring missing boundary information. Therefore, it requires less computation time, 

when the feature extraction algorithm is applied on the contour instead of the whole 

image. Contour-based segmentation is one of the most efficient preprocessing algorithms 

[20] in pattern recognition. 

Learning Based Segmentation 

 Machine learning also can be used to perform segmentation in MR Images. 

Artificial Neural Network [21] is a collection of connected nodes called artificial neurons 

which model the neurons in the biological brain. The neural network learns to perform a 

specific task. An artificial neuron is able to receive an input process and transfer the data 

to another neuron. Normally, supervised training is used to perform the segmentation of 
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brain MRI images. During training, both normal and abnormal regions feature and 

corresponding labels are used to train the system. Once trained, directly images can be 

applied to the neural network for the classification. 

In this work, Glowworm swarm optimization based weight optimized ANN with 

modified Active Contour Segmentation (GSO-ANN-ACS) is proposed to effectively 

segment MRI. Artificial Neural Network is used to create the initial mask for input MRI 

image. The energy of the active contour is estimated by using the local statistical 

estimation method.  

     The sensitivity to noise, intensity non-uniformity (INU) artifact, local minima, and 

dependency on initial group centroid are the most widely recognized issues confronted 

when applying fuzzy clustering to segment MRI images. Kernel based fuzzy entropy 

clustering with local spatial information and bias correction (KFECSB) and an enhanced 

Particle Swarm Optimization (PSO) were used to solve the above issues. 

 In Bounding box and Image-specific Fine-tuning-based Segmentation system, 

CNN [5] takes the substance of a bounding box of one occurrence as info and gives a 

double segmentation for that case. This is based on the way that CNN's are planned and 

prepared to take in some normal features, for example, contrast, saliency, and hyper-

intensity across different objects sums up to hidden objects.  

 Brain tumor segmentation using CNN in MRI Images [6] utilizes bias field 

bending to change the images. This makes the force of similar tissues to shift over the 

image. The N4ITK technique is utilized to revise the power variety of tissues, to make 

the complexity and force go more comparative crosswise over patients and acquisitions, 

at that point the force standardization strategy is connected to each arrangement. 

Segmentation was generated by the CNN that is smaller than a predefined edge. 

 Programmed division of MR brain images with a convolution neural network 

technique [7] is used to segment MRI images into the number of tissue classes. To 

guarantee that the technique gets precise segmentation points of interest and also spatial 

consistency, the network uses multiple window sizes and different convolution portions 

sizes to get multi-scale information about each voxel. This system is not subject to 

specific features but it learns to recognize the information that is essential for the 

classification based on training data.  

 Brain tumor from the MRI images can be accurately segmented by using textural 

features and kernel sparse coding. Initially the MRI image will undergo preprocessing 

stage to reduce noise, enhance contrast and correct the intensity non-uniformity.  To 

remove the first and second order eigenvectors which from unique MRIs which is a 

patch of 3 × 3 around the voxel, sparse coding is performed. To convey the non-straight 

highlights to develop two versatile lexicons for sound and pathological tissues separately 

the kernel dictionary learning is utilized. To code the voxels a kernel clustering 

calculation based on dictionary learning is produced. Objective pixels are ordered 

through direct separation technique. Finally, to enhance the segmentation quality the 

flood-fill task is utilized. 

 Potential Field Segmentation (PFS) calculation for MRI segmentation [8] was 

realized with group approaches that consolidate the results made by PFS. Different 

techniques are utilized to achieve a fused segmentation. Similarity biased potential field 

clustering calculation is used for the PFS technique. The intensity of a pixel in a MRI as 

a "mass" makes a potential field.  

 Random forests and active contour model for the automated segmentation [9], 

segment the tissue voxel characterization and tissue boundary using contour 

advancement. Specifically, it is actualized with the contribution of multimodal 

volumetric MRI informational collections. 
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 The fundamental of MAS [10] is to record and intertwine label information from 

multiple typical brain chart books to another brain image for segmentation. However, the 

majority of them are created for typical brain images, and tumor brain images, as a rule, 

represent a remarkable test for them.  

 The LIPC (local independent projection-based classification) [11] strategy 

comprises four noteworthy advances, preprocessing, feature extraction, tumor 

segmentation utilizing the LIPC technique, and post-handling. In LIPC, main 

classification issue is tumor segmentation. Here each voxel into various classes are 

grouped by using local independent projection-based classification (LIPC). In addition, 

LIPC considers the information dissemination of various classes by taking in a SoftMax 

regression model, which can additionally enhance classification execution. 

The above-mentioned existing methods have some disadvantages they are listed below 

The drawbacks of existing methods are consolidated below. 

 Bounding boxes in test images are provided by the user. So user 

interactions are necessary.   

 The patch feature may be insufficient to discriminate the brain tumor 

segmentation task because of the complex characteristics of brain MRI 

images.  

 The tuning of fewer parameters is required to achieve highest 

segmentation accuracy. 

The major contributions of this paper are described below. 

 The k-means clustering algorithm group the image into the background 

and the brain region, this reduce the unwanted feature extraction 

problem.  

 The GSO algorithm optimizes the weight (W) of the ANN, by optimizing 

the weight of the ANN, Root-Mean-Square Error (RMSE) of the system 

is reduced.  

 The contour-based segmentation uses the initial contour generated by the 

ANN by using this we can avoid the user interactions and also, we can 

improve the accuracy of the system. For further enhancement, the energy 

of the active contour is estimated by using the local statistical estimation 

method. 

 

 

2. Materials and methods  
Segmentation performance can be determined on the basis of how effectively the 

algorithm detected the tumor portion with respect to the expert marked region such as 

ground truth images. In this work, the initial contour obtained by GSO optimized ANN is 

given to modified active contour to accurately segment brain tumor. The performance of 

proposed system is improved due to accurately centered initial mask. The energy of 

active contour is estimated by local statistical estimation, which enhances the accuracy. 

Each sub block used in the block diagram is described as follows. 

3.1 Block diagram 
 The first step in the proposed methodology is to collect all MRI images and its 

corresponding mask for training purpose. Fig. 1. demonstrates the block diagram of  
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Figure 1. Block diagram of GSO-ANN-ACS 

 

GSO-ANN-ACS algorithm. This MRI image database have normal and abnormal 

(with tumor) images. After collecting all MRI and corresponding mask images, 

preprocessing steps to improve the quality of the MRI. Contract enhancement is applied 

to each MRI before going to feature extraction to get better performance. This 

preprocessing  step enhance fine details of MRI images. Further, Region of Interest 

(ROI) of MRI image is obtained from the vertical and horizontal histogram. Following 

that, corresponding individual sections are obtained based on the intensity. To assess 

how close two classes are to each other, K-Means algorithm utilizes number of groups to 

be divided and separation metrics. Tumor cells in MRI images have similar gray levels 

and local texture patterns. By using this characteristic, tumor region can be easily 

distinguished. Normally, the tumor region has high intensity region which is normally 

present in the last cluster of the k-means segmentation output. After extracting final 

cluster, gray level co-occurrence of the image is estimated for further feature extraction 

process. 

 

For extracting feature, the whole image is split into n x n patches to get better local 

information. A measurable strategy for inspecting surface that considers the spatial 

relationship of pixels is the gray-level co-occurrence matrix (GLCM), otherwise called 

the gray-level spatial reliance matrix is utilized for feature extraction of tumor cells from 

MRI images. The GLCM capacities portray the texture of an image by computing how 

frequently matches of pixels with particular qualities and in a predetermined spatial 

relationship happen in an image, making a GLCM, and after that separating factual 

measures from this matrix. GLCM gives a few parameters, for example, contrast, 

correlation, homogeneity, the vitality of each block. After calculating the GLCM of each 

block, the feature vector is formed with GLCM features, mean, variance and 

corresponding pixels. This feature vector and center pixels of the block of corresponding 

mask image is set as input and target of the classification neural network respectively. 

For training, feature vector and corresponding target pixels of all MRI and correspond 
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mask image is given as the input. In training process, the GSO algorithm generate a 

weight(W) to optimize the performance of the ANN by optimizing the weight the RMSE 

of ANN is reduced. Finally, we created a trained neural network which outputs the 

detected tumor region. pixels from the mask image is also cropped to match the position 

of tumor region.  

After training next step is testing with a trained Neural network. All preprocessing 

step and Region of Interest is applied to the testing image. Its output is the detected 

tumor mask. After finding this mask we find the shape of the tumor by using active 

contour method. In active contour to find the energy of the image a weight is multiplied 

by the active contour in this method the weight is generated by normalizing the mean of 

the 3x3 patches from the input images. Finally, we get the detected tumor region in the 

MRI image and the parameters are calculated, to analyze the performance of the 

proposed system and compared with other states of art. 

 

3.2 Pre-processing 

 Preprocessing is important step because the input image should be in standard 

format for processing and also it improves the nature of an image before handling into an 

application. An efficient denoising and an improved enhancement technique is required 

to protect the edges and contour information of medical images.  

3.2.1Contrast enhancement 

Contrast enhancement [12] is a process of improving brightness and highlight the 

features of an image. It utilizes a little neighborhood of a pixel in an info image to get 

another brilliance esteem in the yield image. There by it alter the contrast level to 

improved one. 

3.2.2Region of Interest 

In MRI image, Region of interest extraction is important, since information about 

brain image is located almost in the center region. There is no need to process the entire 

image for further analysis.  A portion of an image which we want to process is called as 

Region of interest. ROIs of many shapes can be created by using the high-level ROI 

functions, such as draw circle or draw polygon.  

 
Figure 2. ROI extraction from MRI image 

 

Then ROI (Region of Interest) of MRI is obtained as show in Figure 2. To find 

the ROI horizontal and vertical histogram [22] of image is calculated. Horizontal and 

vertical count with a threshold is used to crop the image to obtain region of interest. Then 

crop the MRI image into corresponding Ix and Iy value obtained from horizontal and 

vertical histogram respectively.  
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3.3 K-Means clustering 

  K-Means clustering is a vector quantization algorithm [23]. It intends to segment 

n perceptions into k bunches in which every perception has a place with the group with 

the closest mean. Let us consider D1,D2, ….Dn be the dataset where each observation is a 

d-dimensional real vector k-means clustering aims to partition the n observations into a 

(≤ n) sets U = {U1, U2, …, Ua} so as to minimize the within-cluster sum of squares. It is 

shown in (4) 

 
(1) 

Where βb is the average of points in Ub. This is equal to reducing the pairwise squared 

deviations of points in the same cluster: 

 
(2) 

The equivalence can be deduced from identity 

 
    (3) 

Since the all-out change is steady, this is additionally proportionate to 

augmenting the entirety of squared deviations between focuses in various groups 

(between-bunch whole of squares, BCSS), which pursues effectively from the law of 

complete fluctuation. 

K - means algorithm comprises of two separate stages.n the main stage it figures 

the k centroid and in the second stage it takes each point to the bunch which has closest 

centroid from the individual data point. There are distinctive techniques to characterize 

the distance of the closest centroid and a standout amongst the most utilized strategies is 

Euclidean distance. When the gathering is done it recalculate the new centroid of each 

bunch and dependent on that centroid, another Euclidean distance is determined between 

each inside and every datum point and doles out the focuses in the group which have 

least Euclidean distance. The algorithm for k-means clustering is following as: 

By using K-means clustering algorithm, we get three clusters. From that we 

extract third cluster because this cluster contains more details about the tumor.  
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3.4 Feature Extraction: 

1. Initialize number of cluster k and center. 

2. For each pixel of an image, calculate the Euclidean distance i, between the center and 

each pixel of an image 

using the relation given below. 

                                                                                                                                            

                                        (4) 

4. After all pixels have been assigned, recalculate new position of the center using the 

relation given below 

     (5) 

5. Repeat the process until it satisfies the tolerance or error value. 

6. Reshape the cluster pixels into image. 

 

Feature extraction is a process of reducing amount of resources required from 

available resources to process a data. Analyzing large data requires more memory and 

large computation time and also it reduce the performance of the classifier algorithm. 

Feature extraction algorithms used to construct the variable combinations that requires to 

produce the desired accuracy. For our proposed method GLCM is used to find feature 

vector.  In addition to that variance and mean is also used. This feature is used to 

distinguish normal and abnormal brain tumors. 

3.4.1 GLCM 

 MRI image composed of several pixels and each pixel having their own intensity 

level. Gray Level Co-occurrence matrix is a technique of tabulating the pixels with 

different intensity level. It is the most classical second-order statistical method for 

texture analysis. Texture analysis differentiate the normal and abnormal brain tissues 

[13]. GLCM enhance the accuracy level by choosing effective quantitative level for early 

diagnosis. In the initial step, the primary request factual textural investigation features 

data of the MRI extricated and frequencies of dim dimension at an irregular picture 

positions were estimated without considering neighbor pixels. In the second step, the 

second-order textural analysis-features were extracted by considering neighbor pixels. 

The statistical features were extracted using GLCM, also known gray-level spatial 

dependence matrix (GLSDM). 

As it were, the (x, y)th section of the matrix gives the occasions the dim 

dimension 'y' pursues the dim dimension 'I' in a particular style. A GLCM is where the 

quantity of lines and sections is equivalent to the quantity of dark dimensions, d, in the 

picture. The matrix element d (a, b | δu, δv) is the relative frequency with which two 

pixels, separated by a pixel distance (δu, δv), occur within a given neighborhood, one 

with intensity x and the other with intensity y. Finally, we get gray level co -occurrence 

matrix denoted by d(a,b). The divide this image into nxn block and calculate feature of 

each block by following formula. Each block is denoted by h . 

A) Contrast (CONT): 

Differentiation is the distinction in luminance or shading that makes an item (or its 

portrayal in an image or show) recognizable. Differentiation can be essentially clarified 
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as the distinction among most extreme and least pixel force in a picture. This parameter 

gives most important features such as intensity about tumor cells.  is the gray 

level cooccurance matrix. 

 
(6)               

B) Energy (ENG): 

 Vitality is utilized to depict a measure of "information" while formulating an 

operation under a probability framework, for example, MAP (maximum a priori) 

estimation related to Markov Random Fields. Here and there the vitality can be a 

negative measure to be limited and now and again it is a positive measure to be expanded. 

 
(7) 

C) Correlation (COR): 

In this context, correlation is simply the measure of how closely related the pixels in 

the MRI image. We can easily identify the closely related tumor pixels. 

 
                                                                                                              (8) 

D) Homogeneity (HOM): 

The quality or condition of being of a comparable kind or of having a uniform 

structure or organization all through: the quality or condition of being homogeneous is 

given by homogeneity. It is given by 

 
(9) 

 

E) Entropy (ENT): 

In Image, Entropy is defined as corresponding states of intensity level which 

individual pixels can adapt. It is used in the quantitative analysis and evaluation image 

details; the entropy value is used as it provides better comparison of the image details. 

 
(10) 

3.4.2 Other features 

A) Mean 

    Mean is the average of all pixels of an image. The arithmetic mean filter, otherwise 

called averaging filter, works on a sliding 'm×n' window by ascertaining the normal of all 
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pixel esteems inside the window and supplanting the middle pixel esteem in the goal 

picture with the outcome. Its numerical definition is given as pursues as given by 

 
(11) 

 

B)  Variance 

         Variance is used to classify into different regions by calculating how each pixel 

varies from the neighboring pixel (or center pixel) and is used in classify into different 

regions. 

                     

                                                                                                 (12) 

Where  is the mean of the image block. 

 

 

 

3.5 Artificial Neural Network: 

 

 
Fig.3. ANN Training Phase 

In this paper Artificial neural network is used to find the tumor region in MRI 

images by comparing original images with masked image. Artificial Neural Network is 

similar to the biological neural network it has different elements they are operated in 

parallel. Each element in the network called as neurons. ANN will discharge energy to 

the next element only if the sum of multiplication of weights and inputs plus biasat the 

node is positive, otherwise it doesn’t discharge energy to the next elements. In ANN all 

the nodes are interconnected with the adjacent nodes. Input to a node is the weighted 

sum of the output of all the nodes in which it is connected. That is the output value is the 

non-linear function of the input valve. The multiplicative weighing factor between the 

input and output node (a, b respectively) is called the weight Fb. 

 ANN is a non-linear and the adoptive system that learns to perform functions 

from data. ANN is said to be adaptive because it can change its parameters when the 

parameters of the system changes in its training phase. After training the parameters of 

the network are fixed then this network is used to solve the problems. There are two 

modes of operation one is feed forward mode and another one is back propagation mode. 

In this paper the implemented ANN has one input and one output layer with one or two 
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hidden layers. In back propagation method every time the output is compared with the 

target and the error is computed. The weight of the ANN is adjusted to reduce the error 

every time the weight changes the neural model get closer to the targeted output. 

Excellent neural network training method used in proposed system is conjugate gradient 

back propagation algorithm. Scaled Conjugate gradient methods have been set up as 

phenomenal neural system preparing methods, because of the effortlessness of their 

cycle, numerical productivity and their low memory necessities. Here we used learning 

method as Scaled Conjugate gradient (SCG) [14]. SCG is a supervised learning 

algorithm for feed forward neural networks, and is a member of the class of conjugate 

gradient methods.SCG is highly-automated, includes no critical user-dependent 

parameter, and avoids a time-consuming line search, which CGL and BFGS use in each 

iteration in order to determine an appropriate step size. 

Let be a vector from the space   where S is the sum of 

the number of weights and of the number of biases of the network. Let D be the error 

function we want to minimize. 

SCG differs from other CGMs in two points: 

 Each step of k a CGM computes , where  is a new conjugate direction, 

and     is the size of the step in this direction. Actually  is a 

function of , the Hessian lattice of the blunder work, in particular the network of 

the second subsidiaries. Rather than different CGMs which stay away from the 

intricate calculation of the Hessian and surmised with a time-consuming line search 

procedure, SCG makes the following simple approximation of the term , a key 

component of the computation of : 

                                                     

 as the Hessian is not always positive definite, which prevents the algorithm from 

achieving good performance, SCG uses a scalar  which is supposed to regulate the 

indefiniteness of the Hessian. This is a kind of Levenberg-Marquardt method 

                                                    (14) 

and adjusting  at each iteration. Scaled Conjugate gradient learning method with 

feature vector as input and center pixels of mask is set as target pixels. Fig.3. shows 

the training phase of the Artificial Neural Network. Here the ANN is trained with 26 

images that is called as the input the proposed ANN has 500 hidden layers. 

 

1.6 GSO Optimization Algorithm: 

In GSO, a swarm of glowworms are arbitrarily dispersed in the hunt space of 

object functions. The operators in the glowworm calculation convey a luminescence 

quality called luciferin alongside them. Every glowworm is pulled in by the more 

splendid shine of other neighboring glowworms. A glowworm distinguishes another 

glowworm as a neighbor, when it is situated inside its present neighborhood choice 

space. The glowworms' luciferin force is identified with the wellness of their current 

areas. The higher the force of luciferin, the better is the area of glowworm in the pursuit 
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space. In each cycle, every one of the glowworms positions will change, and afterward 

the luciferin esteem likewise pursues refreshes. Every emphasis comprises of a luciferin-

update stage pursued by a development stage based on a progress rule. 

Initially, all glowworms contain the same number of luciferin, . According to 

the similarity of luciferin value, each glowworm  will select a neighbor  with a 

probability and moves toward itsin decision range . While the 

position of glowworm is .Each iteration consists of a 

luciferin-update phase followed by a movement phase based on a transition rule. 

The luciferin update phase was influenced by the function value at the glowworm 

location. The value of the function will be altered due to the function value at the present 

position although the glowworm has the same value of luciferin at the beginning. 

Originally, the luciferin value was proportional to the calculated value at the sensed 

profile. At the same time, a fraction of the luciferin value is subtracted to simulate the 

decay in luciferin with time. The luciferin update rule is given by: 

 
                                                                                                                                            (15)                              
                                                                                                                                                

where represents the luciferin, level allied with glowworm at time is the 

luciferin decay constant , is the luciferin enhancement constant, and B(wa(c)) 

represents the value of objective function at agent a’s location at time c. According to the 

concept of GSO algorithm, each glowworm will be attracted to their neighbors that glow 

brighter. Consequently, during the movement phase, glowworm used probabilistic 

mechanism to move toward their neighbor that having a higher intensity of luciferin then 

theirs. For each glowworm a, the probability of movement towards a neighbor is given 

by, 

                                                      

                                                                                                   (16) 

where S   is the set of 

neighborhood of glowworm at time  represents the Euclidean distance 

between glowworm a and b at time represents the variable neighborhood range 

associated with glowworm a at time b. The variable bounded by a radial sensor range 

 Then, the discrete time model of the glowwormmovement can be stated 

as, 

                                                  

                                                                                         (17) 

where  represents the step size,  is the Euclidean norm operator. Then 

represent the location of glowworm a at time  in the l-dimensional real space 

. Neighborhood range update phase used as to detecting the multiple peaks in a 

multimodal function landscape. Next, let  be the initial neighborhood range value of 

each glowworm (that is , for all ). To adaptively update the decision domain 

range of each glowworm, the below rule is used: 

                       

                                                                                           (18) 

where  is a constant parameter and  represent a parameter being used to control the 

number of neighbors. 

3.7. Modified  Active Contour Model 

 An active contour model is used to trace the boundaries of tumor region from test 

MRI images with detected mask image from trained neural network. An active contour 
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model is also called as snakes. A snake is an energy minimizing, deformable spline 

affected by constraint and image forces that pull it towards object contours and internal 

forces that resist deformation. Snakes will solve the problem only if the approximate 

shape of the boundary is known [15]. Because of its deformable model it can adapt to 

difference and noise in stereo matching and motion tracking. Additionally, it can find 

Illusory contours in the image by ignoring missing boundary information. Energy 

function of a snake is defined as. 

 
(19) 

Where S(o) is the contour of the snake, Dint is the internal deformation energy that 

characterizes the contour as: 

 
                                                                                                           (20) 

Where  and  are weighting parameters, Sʹ(o) and Sʺ(o) are the first and second 

derivatives of the contour with respect to S(o). 

The external energy function Eext is derived from the image id defined as 

 
(21) 

Where Q denotes scalar potential function. With the calculus of variations, the contour 

S(O) which minimizes the energy D needs to satisfy the Euler-Lagrange equation as: 

 
(22) 

where  is the gradient operator, and sʹ (o) is a fourth derivatives of the contour 

function sʺ(o). 

Energy in the picture is some function of the features of the picture. This is one of 

the most common purposes of alteration in subsidiary techniques. Features in pictures 

and pictures themselves can be processed from numerous points of view. For I(x,y) lines, 

edges, and terminations present in the image, the general formulation of energy due to 

the image is 

 
                                                                                                                (23)                                              

where Wline, Wedge andWterm are weights of these salient features. In  this proposed 

method, the weight of the energy is calculated based on local pixel intensity variation. 

Weight modification include, process of generating the weights based on the local pixel 

energy. Initially the whole image is patched into nxn matrix, then mean of the matrix is 

calculated on normalized (0 to 1) pixel values. Finally, weight is multiplied with the 

salient features of image, to determine the boundary pixels for each patch. This dynamic 
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variation of weight value can detect the minute boundaries in a more efficient manner. 

This process is local statistical estimation. 

 

3. Results and Discussion 
In this section, we analyze the effect of key components and the performance of 

the proposed method. Brain tumor images are used from Fig 

share(https://figshare.com/articles/brain_tumor_dataset/1512427/5) brain tumor dataset. 

Database contains 3064 images with gray level images and corresponding mask images. 

Also, we compare our method with the state of the art, such as FCM, k-means, ANN for 

brain tumor segmentation on the same database. Further, it gives brief explanation about 

how our proposed method works. The proposed algorithm is simulated in the 

MATLAB2017a version in an I5 system with 4GB RAM. Real-time brain images used 

for the proposed algorithm to validate the performance. Some of the Brain MRI images 

which is used for the proposed method can be shown in figure 3. To avoid the 

computational complexity the images are down sampled by a factor of 2. The 

computation time of the algorithm is directly proportional to the resolution of the image. 

For sensitivity analysis of our algorithm, we have used mask images which are obtained 

from the database which is used for testing. First step is selecting training image dataset.  

In proposed work, preprocessing step such as contrast enhancement is applied to MRI 

dataset. Then ROI (Region of Interest) is obtained as shown in figure 2. To find the ROI, 

horizontal and vertical histogram of image is calculated. Then crop the MRI image into 

corresponding Ix and Iy value obtained from horizontal and vertical histogram 

respectively.  After that we find the ROI gray cooccurrence matrix for MRI. This gives 

the texture details of tumor cells. Following by, we split the gray cooccurrence matrix 

into 3x3 blocks. The GLCM features such as correlation, energy, homogeneity, contrast, 

mean, variance is calculated for each block. Then feature vector is formed with this 

parameter, and vector array of pixels.  After that for training with neural network, target 

is set mask image. The neural network is trained with feature vector and target pixels. 

Generally during the training ANN generates the weight that is multiplied with the given 

inputs. In this paper, we used GSO algorithm to optimize the weight which is generated 

by the ANN classifier, optimizing the weight reduces the RMSE and improve the system 

accuracy. After training, we want to evaluate the system with test MRI image. During 

testing phase also, some preprocessing step and feature extraction as in training process 

is applied. After feature extraction, this feature vector is given as input to the trained 

neural network. The performance of the segmentation is improved by enhancing the 

active contour model using statistical estimation method.  In MATLAB toolbox trainscg 

function can train any network as long as its weight, net input, and transfer functions 

have derivative functions. Back propagation is used to calculate derivatives of 

performance with respect to the weight and bias variables X. This results the detected 

mask region of tumor in the test MRI image. Then, we find active contour with test MRI 

image and detected mask. This gives accurate boundary of tumor cells in the MRI image. 

Finally, we identified the morphology of the detected tumor. Table 1 gives feature vector 

of 10 blocks in the MRI image. 

From Table II, It is shown that proposed method preciously segmented tumor 

region in MRI, when compared to other state of art method. By using modified active 

contour method, after all pre-processing K-means clustering, feature extraction, ANN 

training and GSO optimization, we get accurate segment region of tumor. To analyze the 
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performance of the proposed method, different state of art method is used. Different 

parameters which are used to analyze the performance is given below. We have used 

seven standard performance metrics. For the performance analysis, the test image is 

compared with reference images of the subject for each class. For analyzing the 

algorithm performance, we have used a number of images with different classes. For 

performance we have to catch out specificity analysis with respect to the ground truth 

image depending on True-positive (tp) pixels, True-negative pixels (tn), False-positive 

pixels (fp), and False-negative pixels (fn). True-positive pixels (tp) are correctly detected 

pixels by the algorithm of the moving object. By using sensitivity values, we can find out 

the following parameters. 

The relevant pixels of the detected object can be found out by using sensitivity. 

Irrelevant pixels can be determined by using precision, the formula for precision and 

sensitivity and other measures are given below. Figure.4.shows various performance 

metrics for single image. It shows that the proposed system is giving better performance 

when compared to the conventional segmentation algorithms. GSO-ANN-ACS giving 

97.9 % of accuracy is higher, when compared to the other segmentation algorithms. 

 

Accuracy: 

 

 
                                                                                                                                     (24) 

Sensitivity: 

 

 
                                                                                                                                    (25) 

 

Specificity: 

 
                                                                                                                                (26) 

 

Precision: 

 

                                                                                   

                                                                                              (27) 

 

F1 Score: 

 

 
                                                                                                         (28) 
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Figure 3. Some of the MRI images and corresponding masks used for 

training 

 
 

 

 

 

 

 

Figure.4. Various performance metrics for Image-I 
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Table I. Feature vector of 10 blocks in the MRI image 
 

Blo

ck 

no 

Cont

rast 

Ene

rgy 

Correl

ation 

Homo

geneit

y 

Mean 
Varia

nce 
Block vector (GLCM) 

Targ

et 

1 1.33 0.11 0 0.62 1 0 1 1 1 1 1 1 1 1 1 0 

2 1.33 0.11 0 0.62 1 0 1 1 1 1 1 1 1 1 1 0 

3 1.33 0.11 0 0.62 1 0 1 1 1 1 1 1 1 1 1 0 

4 1.33 0.11 0 0.62 1 0 1 1 1 1 1 1 1 1 1 0 

5 1.33 0.11 0 0.62 1 0 1 1 1 1 1 1 1 1 1 0 

6 0.63 0.22 0.62 0.77 3.33 12.25 8 8 1 1 1 1 1 1 8 1 

7 0.63 0.22 0.62 0.77 3.33 12.25 8 1 1 1 1 1 1 8 8 1 

8 2.04 0.25 -0.24 0.5 2.55 9.52 1 1 1 1 1 1 8 8 1 1 

9 2.5 0.28 -0.39 0.5 1.77 5.44 1 1 1 1 1 1 8 1 1 1 

10 1.56 0.22 
2.60E

-17 
0.61 3.33 12.25 1 1 8 1 1 8 1 1 8 1 
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4. Conclusion  
In this work, a novel brain tumor segmentation of MRI images was implemented 

and validated. In this method, K-means clustering followed by GLCM feature extraction 

is used. Texture features were extracted locally by dividing the images into small patches 

to improve the accuracy of segmentation. Further, Artificial neural network is trained 

with the feature and corresponding mask images. During training process, the GSO 

algorithm, generate the weight, to optimize the performance of the ANN. By optimizing 

the weight, the RMSE of the ANN is reduced. The ANN gives an initial mask as output, 

as the ANN gives the initial cluster to the active contour there is no need for user input. 

Then the active contour method is applied to the input MRI image and initial mask. In 

the active contour segmentation process the weight to find the energy of the image is 

generated by normalizing the mean of every patches of an image. Finally, the accurate 

segmented region of the brain tumor in MRI is obtained in binary mask format. By using 

optimized active contour method, accurately segmented the brain tumor region is 

obtained in MRI. By comparing with other methods accuracy of the proposed method is 

increased by 2%. 

 

Table II Performance measures for white matter with respect to Accuracy, Sensitivity, 

Specificity and precision and F1_score. 

Input image 
Method

s 
output 

Ground 

Truth 

accurac

y 

Sensitivi

ty 

Specificit

y 

Precisio

n 

F1_scor

e 

 

FCM 

  

0.958 0.9584 0.9345 0.999 0.9321 

K-

Means 

  

0.961 0.9612 0.9231 0.999 0.9521 

ANN 

  

0.920 0.9604 0.9421 0.973 0.9632 

GSO-

ANN-

ACS  

  

0.979 0.9746 0.9574 0.982 0.9787 
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