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Abstract—In the medical image processing field Brain tumor segmentation is aquintessential 
task. Thereby early diagnosis gives us a chance of increasing survival rate. It will be way much 
complex and time consuming when comes to processing large amount of MRI images manually, 
so for that we need an automatic way of brain tumor image segmentation process. This paper 
aims to gives a comparative study of brain tumor segmentation which are MRI-based.So recent 
methods of automatic segmentation along with advanced techniques gives us an improved result 
and can solve issue better than any other methods. Therefore, this paper brings comparative 
analysis of three models such as Deformable model of Fuzzy C-Mean clustering (DMFCM), 
Adaptive Cluster with Super Pixel Segmentation (ACSP) and Gray Wolf Optimization based 
ACSP (GWO_ACSP) and these are tested on CANCER IMAGE ACHRCHIEVEwhich is a 
preparation information base containing High Grade and Low-Grade astrocytoma tumors. 
Here boundaries including Accuracy, Dice coefficient, Jaccard score and MCC are assessed and 
along these lines produce the outcomes. From this examination the test consequences of Gray 
Wolf Optimization based ACSP (GWO_ACSP) gives better answer for mind tumor division 
issue.  
 
Index Terms— Brain Tumor Segmentation, Cancer Image Archive, DMFCM, GWO_ACSP, 
Image processing. 

I. INTRODUCTION 

Brain tumor refers to the unnatural growth of cell in brain tissue, while these are not that common but it is 
considered as one of lethal issues for cancer [1]. As per the origin it was considered as either primary or 
metastatic brain tumors.When comes to primary case, the origin is brain tissue cell while for metastatic, when 
one cell become cancerous and rest will get affected through spreading.Here this paper aims for a type of cancer 
called Astrocytoma where brain tumor segmentation comes into play [2]. It is a star-shaped cell structure that 
can be seen in glial cell in cerebrum area named astrocytes. One thing that needs to be relieved is that it won’t 
spread outside the brain to other organs [3]. Basically, clinical based segmentation are done manually which 
results  in  severe  drawbacks.  The trouble is when goes to the outcomes, working predisposition, seeing 2D cuts  
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independently and accordingly derive the shape and volume of 3D structures. Customary Segmentation utilizing 
low-level picture handling strategies like thresholding, area developing, edge recognition, and numerical 
morphology tasks, brings impressive measure of direction[4]. In general, there brings some sorts of limits in 
efficiency when comes to under constrained nature due to the local information [5]. By these techniques it 
additionally brings out commotion and different relics can cause mistaken locales or limit discontinuities. For 
researchers it’s been an overly discussed topic of interest and so far, they produced soft clustering and hard 
clustering algorithms produced [6,7]. In the case of hard pixel belong to only one class and for soft it belongs to 
more than one cluster. The better clustered output defines the similarity between high intra-class and low inter-
class.  
The rest of the paper is as per the following. Segment 2 gives review of Deformable model with Fuzzy C-Mean 
bunching (DMFCM), Adaptive Cluster with Super Pixel Segmentation (ACSP) and Gray Wolf Optimization 
based ACSP (GWO_ACSP) calculations with their numerical definition. In area 3 test results are talked about. 
Segment 4 presents end and future extension. 

II. ANALYSIS OF DIFFERENT TECHNIQUES 

A. Deformable model with Fuzzy C-Mean clustering (DMFCM) 
This algorithm brings out a segmentation scheme that can be paired with image processing in order to overcome 
limitation of manual slicing and other traditional methods. For segmentation problem the continuous and 
connected geometric model consider whole as object boundary and make use of that as prior knowledge to 
derive into object shape.In this way, model with progression and perfection may resolve to commotion, holes 
and different anomalies in object limits [8,9]. Furthermore, this model brings focus on to the compact and 
analytical object shape. Thereby there is a need of better, accurate technique to convert noisy image to complete 
and consistent model. 
The state of the shape subject to a picture I(x,y) is directed by the utilitarian 
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Equilibrium is gained by internally and externally i.e. , 	ݐ߲/ݒ߲ = 	2ݐ߲/ݒ2߲	 = 	0), which yields the equilibrium 
condition (4). 
So, basically this algorithm is applied for smooth region of simple images and the limitation is that segmentation 
of high corner shape is not possible for models with finite node density and their intrinsic smoothness constraint.  

B. Adaptive Cluster with Super Pixel Segmentation (ACSP) 
Here, this algorithm recites about a novel clustering-based super-pixel segmentation [12]. The fundamental 
legitimacy depends on effortlessness, adaptivity and high accuracy and are accomplished by 

(i) Determination of starting number of super-pixels adaptively.  
(ii) Identification and renaming of the disengaged pixels.  
(iii) Discovery and re-division of the under-division super-pixels. 

(i) Adaptive initial number of super-pixels 
Instating seed focuses consistently toward the starting gives number of pixels in every super-pixel given as n = 
N/K. Accordingly, the underlying number of super-pixels K is characterized 

	ܭ = 	ܰ/݊  (9) 
Where N = number of absolute pixels in the picture, n = number of pixels in each underlying super-pixel block. 
Hence, the quantity of pixels n in each underlying super-pixel block dependent on the L-part shading histogram 
top worth (hpv) comparing to the littlest striking district is planned 

݊	 = 	ℎݒ݌	(10) 
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where i refers to the Luminosity value of the LAB color space, f(i) refers to the number of pixels. Δ is the step 
and δ is the threshold. 

(ii)Recognition and recharacterization of isolated pixels 
Likewise, with the subsequent advance, in view of the LAB shading space separated pixels are renamed. Right 
off the bat class marks with neighborhood 8 of disconnected pixel are determined then shading separation D 
figuring of secluded pixel to centroid of each name lastly, the class name k with the littlest separation is 
characterized as the new name of the segregated pixel p.    

ᇱܦ = ට൫ܮ௣ − +௖(݆))ଶ൯ܮ ௣ܣ − ௖(݆))ଶܣ + ௣ܤ − ,௖(݆))ଶܤ ݆ = 1,2, … ,݊௣                 (12) 
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where ܮ௣  ௖(݆) areܤ ,(݆)௖ܣ ,(݆)௖ܮ .௣ are the LAB-segment esteems relating to the current segregated pixelܤ,௣ܣ,
the LAB-segment esteems comparing to the J-th neighborhood centroid. np alludes to the quantity of the class 
mark in the 8 neighborhood of the disconnected pixel k alludes to the class name comparing to the base 
separation. Label(p) is the new class mark relating to the disconnected pixel p. 

(iii)Detection and re-segmentation of the under-segmentation super-pixels 
In light of emphasis of grouping and handling of confined pixel, discovery and re-division is put sent [14]. It 
won't build the time unpredictability since it just has one emphasis measure. L-part standard deviation and mean 
worth is proposed for dealing with under-division of super-pixels. During period of identification, the standard 
deviation of the L-segment of every super-pixel block is determined and during the re-division stage, 
characterizing re-division as 2-arrangement issue for under-division pixel. Subsequently, utilizing the mean 
estimation of the L-segment the re-division of the under-division super-pixels is put sent. 

C. Gray Wolf Optimization based ACSP (GWO_ACSP) 
Approach of GWO-ACSP draws out the genuine and compelling answer for division however hard to be upset 
by commotion. Generally, it won't quantify separation between under-portioned pixel to new pixel centroid. 
Mirjalili et.al. 2014, put forwarded this swarm shrewd procedure that literally mimics the notable leadership of 
wolves as a group chasing.A Canidae family, that literally lives in a pack and these grey wolves are of 4 types 
such as alpha, beta, delta and omega. Basic step to catch prey as a group is that hunting, search for prey, 
surrounding the prey and assaulting are accomplished likewise when comes to this algorithm. 
In mathematical model the best fitness is denoted by ߜ݀݊ܽߚ,ߙthe remaining solutions as߱. The following are 
the equations of the mathematical model 

ሬሬ⃗ܦ = ห⃗ܥ .ܺ௣(ݐ)−  ห(ݐ)̇ܺ
ݐ)⃗ܺ + 1) = ܺ⃗௣(ݐ) − ሬሬ⃗ܦ.ܣ⃗  

Where, t indicates the current iteration,⃗ܥ⃗݀݊ܽܣ are coefficient vectors , ܺ⃗௣ in is the position vector of the prey, 
and ܺ⃗indicates the position vector of a grey wolf⃗ܥ⃗݀݊ܽܣ  are found by ⃗ܣ = 2ܽ⃗. ଵݎ⃗ − ܽ⃗, ܥ⃗ = ଶሬሬሬ⃗ݎ2  
The arbitrary vectors r_1 and r_2 permit wolves to arrive at any situation between the two specific focuses. So a 
dim wolf can refresh its situation inside the space around the prey in any arbitrary area. The chasing technique 
condition is given underneath: 

ఈሬሬሬሬሬ⃗ܦ = ห⃗ܥଵܺ⃗ఈ − ܺ⃗ห           (15) 
ఉሬሬሬሬ⃗ܦ = ห⃗ܥଶܺ⃗ఉ − ܺ⃗ห           (16) 
ఋሬሬሬሬ⃗ܦ = ห⃗ܥଷܺ⃗ఋ − ܺ⃗ห           (17) 

The new niche of the alpha, beta, delta is ܺ⃗ଵ, ܺ⃗ଶ,ܺ⃗ଷrespectively using underneath equation; 
ܺ⃗ଵ = ܺ⃗ఈ − ሬሬ⃗ܦଵ.൫ܣ⃗ ఈ൯           (18) 
ܺ⃗ଶ = ܺ⃗ఉ − .ଶܣ⃗ ൫ܦሬሬ⃗ఉ൯           (19) 
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The alpha, beta and delta are updated by a search agent and the final position is like a circle in random place. 
More definitely the position of the prey is estimated by alpha, beta and delta. The prey is surrounding the other 
wolves by estimating its position with their random position updates [15, 16].  

III. EXPERIMENTAL RESULTS 

This investigation gives a completely computerized CAD framework to recognize preliminary tumors of 
cerebrum disease by utilizing MRI pictures. Predominantly for each cut, the division technique created to decide 
the district of interest (ROI) of tumors locale. Pictures are gathered from CANCER IMAGE ACHRCHIEVE 
information base which contains 400 pictures (4 sorts of evaluations) and each evaluation contains 100 pictures. 
The informational collection goes from second rate astrocytoma like Pilocytic Diffuse and anaplastic to the high 
evaluation (grade IV) glioblastoma, which is the most forceful and basic essential harmful cerebrum tumor. The 
reproductions are finished utilizing MATLAB 2018 programming. 

 Figure 1. segmented result of Grade 1 tumor  

 Figure 2. segmented result of Grade 2 tumor  

 Figure 3. segmented result of Grade 3 tumor  
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Figure 4. Segmented result of Grade 4 tumor 

The above figure1-4 shows the segmented result of work proposed and each figure implies grades (1-4). Grade1 
indicates original image collected from the online and it is stripped and the 3 algorithms (DFCM, ACSP and 
GWO-ACSP) are applied for brain tumor segmentation. DFCMACSP andGWO-ACSPare more vulnerable to 
nearby optima and anomalies. GWO-ACSP performs better for convex shapes than DFCM and ACSP. By this 
GWO-ACSP the tumor has been defined very clear.The proposed method provides a high diagnostic accuracy 
and to increase medical interpretive-treatment efficiency for radiologists 
Evaluation metrics: Various performance matrix like Dice Coefficient, Jaccard Coefficient, accuracy and MCC 
(Matthews’s correlation coefficient) are evaluated (22-25). 

Jaccard Index     =    ܣ)ܬ, (ܤ = 	 ௌ(஺∩஻)
ௌ(஺∪஻)

																																									(22) 

Dice Overlap Index (DOI) = (ܤ,ܣ)ܦ = 2ܺ ஺∩஻
஺ା஻

																								(23) 

Accuracy = ୘୔ା୘୒
୘୔ା୊୔ା୊୒ା୘୒

×100%                                               (24) 

MCC= ୘୔×୘୒ି୊୔×୊୒
ඥ(୘୔ା୊୔)(୊୒ା୘୒)(୘୒ା୊୔)(୘୒ା୊୒)

																																										(25) 

TABLE I: PERFORMANCE EVALUATION 

 
 
Grade 1 

METRICS   DFCM ACSP GWO-ACSP 
Dice Coefficient 0.7964 0.8714 0.9326 

Jaccard Coefficient 0.6617 0.7721 0.8737 

MCC 0.8117 0.8775 0.9340 

Accuracy(%) 0.9957 0.9972 0.9975 

 
 
Grade 2 

Dice Coefficient 0.9088 0.9616 0.9884 

Jaccard Coefficient 0.8328 0.9260 0.9770 

MCC 0.9114 0.9617 0.9882 

Accuracy 0.9974 0.9986 0.9988 

 
 
Grade 3 

Dice Coefficient 0.9818 0.9863 0.9868 

Jaccard Coefficient 0.9642 0.9729 0.9740 

MCC 0.9814 0.9859 0.9864 

Accuracy 0.9991 0.9992 0.9993 

 
 
Grade 4 

Dice Coefficient 0.7846 0.9133 0.9442 

Jaccard Coefficient 0.6456 0.8405 0.8943 

MCC 0.7647 0.9163 0.9443 

Accuracy 0.9989 0.9991 0.9996 

From the Table1, it is clear that the TP values of images will be higher and for FN will be low. The experimental 
result proves that by using the optimized technique, the overall accuracy is high related to other clustering 
model. From our experiments on different images, it is observed that the proposed method works well on both 
the cases when the objects in the image were indistinct and distinct from the background.  
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Each grade MCC is high for GWO-ACSP model. Normally the MCC has arange of -1 to 1 where -1 indicates a 
incorrect classification and 1 indicates the correct classification. The aim of the current paper is to build an 
effective automated segmentation method for brain tumors. The proposed idea overcome the issues of the other 
methods. With the impact of strength on these images decreased, accuracy gets much improved and thereby 
giving less computation complexity. 

IV. CONCLUSION 

Diagnosing early brain tumor cases was the main focus of this paper using the proposed method. Among the 
available methods the DFCM, ACSP and GWO-ACSP algorithms are used for segmentation. The challenging 
task was that with the traditional methods that is been useful these days and from that with the help of prior 
knowledge for mapping in order to bring a new method. Be that as it may, the improved bunching procedures 
have the benefit of consequently portioning the tumor tissues legitimately from the multi-modular MRI pictures. 
Evaluation parameters such as Accuracy, Dice coefficient, Jaccard score and MCC are calculated for all the 
algorithms and GWO-ACSP obtain high metrics value compared to other techniques. Finally, Gray Wolf 
Optimization based ACSP (GWO_ACSP) outperforms the brain tumor segmentation problem. These techniques 
can further be used for segmentation and classification of other abnormalities of brain or different anatomical 
structures. 
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