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Abstract 

Brain abnormality is an aggressive disease in humans. Premature detection may 

diminish the harshness of disease and also reduce the death rate. In this paper, 

heuristic algorithm supported computerized practice is proposed to 

segment/evaluate the abnormal section of brain Magnetic Resonance Images 

(MRI). Integration of the Social-Group-Optimization (SGO) and Tsallis-Entropy 

is implemented to enhance the feature of tumor section and the Localized Active 

Contour (LAC) is used to extract the tumor. Experiments are executed with 

Matlab software and benchmark brain MRI called BRATS 2015 database is 

adopted. The superiority of proposed technique is confirmed against the ground 

truth images. The competence of implemented technique is established with 

picture likeliness values, such as Jaccard and Dice; also statistical trials, like 

precession, sensitivity, specificity and accuracy. The outcome of the LAC is also 

compared against segmentation schemes, like the Watershed (WS) and Level Set 

(LS) procedures. The results of SGO+LAC outperform SGO+WS and SGO+LS 

approaches. The results confirm that, SGO+LAC supports better tumor extraction 

from MRI images recorded with Flair modality.  

Keywords: Active contour, Brain tumor; MRI; Social group optimization 

algorithm. 
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1.  Introduction 

Computer assisted illness evaluation is generally considered in medicinal domain 

to determine illness with medical pictures. Therapeutic imaging actions will 

maintain the premature recognition with examination of a collection of infections 

and moreover helps to lessen the death rates. 

In literature, substantial measures are discussed and applied to mine important 

details in conventional and medicinal pictures [1-6].  

Heuristic approach aided picture processing is extensively considered in current 

days because of its effortlessness and lenience in execution [7, 8]. Tsallis-Entropy 

(TE) is one of the procedures, largely adopted by most of the researchers because 

of its dominance and elasticity [9, 10]. Previous works substantiate that, TE 

supported thresholding was mostly adopted by the researchers to extract important 

features from RGB/gray test pictures [5, 11-13]. 

Despotović et al. [14] recommends the segmentation challenges and the 

available procedures in the brain image processing approaches.  This work also 

notifies that, grouping of numerous procedures is necessary to attain improved 

result [9].  

In the literature, a number of automated and semi-automated approaches are 

existing to examine brain MRI recorded with a chosen modality. All the existing 

methods are modality specific approaches and the method works well with a chosen 

modality sometimes may fail to offer better outcome with other modalities. Moreover, 

the soft-computing assisted approaches will enhance the outcome of the disease 

examination procedure. Therefore, here a method using SGO aided thresholding is 

implemented to examine the brain MRI registered with the Flair modality. 

In this paper, tri-level thresholding using SGO+TE is implemented to improve 

cancerous division of brain image. TE was originally projected in 1988 [9]. 

Grouping of TE and heuristic schemes has been existing for image thresholding 

[15]. Later, the Localized Active Contour (LAC) [16] segmentation is implemented 

to extort suspicious/enhanced region of brain MRI. 

The capability of proposed segmentation task is then confirmed by means of a 

relative assessment between the segmented tumor area and expert’s Ground Truth 

(GT). The experimental results verify that, implemented technique is capable in 

attaining improved picture likeness index [17] and statistical trials [18]. 

The outcome of implemented method is also authenticated with the other 

segmentation approaches, such as WS and LS. This investigational work confirms 

that, the overall outcome of the proposed SGO+LAC is better compared with the 

SGO+WS and SGO+LS. 

2.  Methodology 

This division explains various stages involved in soft-computing assisted disease 

examination tool proposed in this work. 

2.1.  Pre-processing 

Initially, a pre-processing technique is executed by combining of the Social Group 

Optimization (SGO) and the TE value. Usually, entropy is linked with the 
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estimation of confusion inside an image. Shannon’s theory guaranteed that, when 

a bodily structure is separated as two statistically open sub-systems like ‘U’ and 

‘V’, then the entropy value will be [9, 10]: 
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TE provides optimal threshold for image.  

Let, image has L-gray values of range {0, 1, ..., L-1}, through likelihood 

allocation pi= p0,  p1, ..., pL-1. 

TE is expressed as: 
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In this practice, optimal threshold value T is obtained by maximizing f(T). 

Implemented effort finds the arbitrary values of the T based on the heuristic search 

by the SGO algorithm. The threshold level is assigned as T =3 [19-22], with 

probabilities PA, PB, and PC. The heuristic search continuously explores the gray level 

thresholds of the chosen MRI threshold and computes the value of f(T). This process 

continues until the search converges with a maximized value of the f(T) or until the 

maximum iteration value is reached. At the end of the search, the SGO obtains the 

required value of the thresholds and the maximized entropy function f(T). 

SGO is developed by Satapathy and Naik [23] in 2016. SGO has two-phases: 

i. Recovering period 

Let X is the group of members, like i = 1, 2,…, N and  D = search dimension 

with j = 1, 2, …, D. 

)( ,,, jijjiji XoldgbestrCXoldXnew 
                            

(5) 
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ii. Gaining period
 

)Xgbest(*r)XX(*rXoldXnew j,ij2j,rj,i1j,ij,i 
             (6) 
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             (7) 

where i = 1 to N; j = 1 to D, r = r1=r2= random number ~ U (0,1) 

In this paper, the initial algorithm parameters are assigned based on the paper 

[23]. Other parameters are assigned as follows; the group size=thirty, the D=three, 

the number of run is fixed as 1000 and terminating criterion=f(T). 

2.2.  Post-processing 

This phase is responsible to extort tumor region from thresholded brain picture. To 

enhance segmentation accuracy, post-processing stage consist two sub-operations 

like the morphology based enhancement and segmentation. 

2.2.1. Morphology 

Picture level morphology is usually approved to enhance the exterior of illustration. 

The essential morphological functions, such as stroke organizational constituent 

(strel) and image fill (imfill) are used to enhance edges and illustration of multi-

thresholded pictures.  

2.2.2. Active contour segmentation 

This section highlights LAC discussed in [16] to extort tumour.  

The energy function of the snake is: 

  ds C(s))Ig((C)E 
C

min L(C)

0 0GAC                  (8) 

where ds=Euclidean component of length and L(C)=length of arc C which satisfies


L(C)

0
ds  L(C) . The parameter g=edge pointer.   

This procedure is mathematically represented as: 

 ),kg(C gt                                 (9) 

where tCCt  =deformation in the snake model, t=iteration time, and k, N are 

curvature and normal for the snake ‘C’. Other details are exists in [20-22].  

2.2.3. Related segmentation approaches 

Along with the active contour segmentation, the well-known approaches, such as 

the Watershed (WS) and Level Set (LS) methods are also considered in this paper 

to segment the tumor region. The WS is a commonly considered in image mining 

approaches due to its simplicity and superiority [24].  The WA consists: (i) Sobel 

border recognition, (ii) Marker inhibited morphological operation, and (iii) 

Segmentation. Detail of WA is in [25]. The main benefit of LS contrast to other 

approach is, it creates shapes of combined topology to hold tearing and joining 

action during the picture outline examination. The LS proposed by Li et al. [26] is 

employed to extract the tumor by using a single well approach.  The LS is a semi-

automated technique and requires a bounding box initialization with respect to the 

width and height of the stroke section [27, 28] 
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2.2.4. Investigation 

Competence implemented system is confirmed in the pre-processing phase and 

segmentation phase. During first phase, well-known image quality measures are 

computed to find the performance of SGO + Tsallis [7, 8].  After the segmentation, 

a relative investigation between segmented tumor and GT is achieved and statistical 

picture trials are calculated to examine the dominance of the implemented scheme 

[17]. Maximized standards of these constraints are usually believed to validate the 

importance of the proposed scheme [29, 30]. 

The mathematical expressions for the image similarity and statistical measures 

are presented below. During this examination, similarity constraints, like Jaccard, 

Dice, FPR, and FNR as well as the statistical constraints, as  Sensitivity, Specificity, 

Accuracy and Precision are computed [19-22].   

These events can be indicated as follows: 

PPGSEG IIIII J                              (10) 

  PPGPPG IIIIDC 2
              (11) 

Sensitivity = )( NPP FTT                (12) 

Specificity = )( PNN FTT                (13) 

Accuracy = )/()( NPNPNP FFTTTT              (14) 

Precision = )( PPP FTT                (15) 

where IG is ground truth image, IPP is  post-processed image [19-22]. 

 

3.  Realization 

Primarily, SGO values are fixed as follows; group size=30, D=3 and total 

iteration=1000. In experimental investigation, each MRI slice is separately 

examined with the implemented method.  

Figure 1 depicts pictorial representation of MRI assessment job.  Initially, the 

skull stripped brain MRI picture is pre-processed by multi-thresholding. 

Afterwards, the image morphological operation is considered to group the similar 

image pixels in order to get a smooth image. Post-processed picture is processed 

with ACS. Finally, analysed and result is validated. 

 

Fig. 1. Diagram of the proposed computerised tool. 
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4.  Results and Discussions 

Proposed procedure is tested using MICCAI BRAIN Tumor Segmentation 

(BRATS) challenge database [31]. It supports modalities, such as T2, T1 and T1c. 

This dataset also provides GT images for each slice. Initially, brain MRI recorded 

with Flair modality is considered and 2D slices with numbers 95,105,115 and 125 

are extracted from the 3D dataset. Initially, SGO+TE multi-thresholding is 

executed on chosen slices. After the thresholding, image morphology is applied to 

group the similar pixels values to obtain an even image. The ACS process is then 

used to mine tumor part from the post-processed picture. Finally, the extracted 

tumor core is verified with GT using a relative study.   

Table 1 presents the chosen image slices and its corresponding outcomes. The 

quality of the pre-processed image is verified using picture excellence measures 

active in the literature [29, 30, 32] and its values are tabulated in Table 2. From this 

table, the values of RMSE, PSNR, SSIM, NCC, AD, SC and NAE are noted. Details 

regarding the adopted image quality measures can be found in the literatures [7, 8]. 

Table 1. Image processing results for the chosen image dataset. 

 
Test 

image 

Pre-

processing 

Post-

processing 

Segmentati

on 

Slice95 

    

Slice105 

    

Slice115 

    

Slice125 

    

Table 2. Image quality measures between  

original and tri-level threshed image.  

Flair RMSE PSNR SSIM NCC AD SC NAE 

Slice95 30.76 18.36 0.71 0.65 17.08 1.90 0.42 

Slice105 43.99 15.26 0.68 0.73 22.79 1.56 0.36 

Slice115 44.56 15.15 0.70 0.71 21.88 1.59 0.38 

Slice125 43.10 15.44 0.72 0.69 19.54 1.62 0.41 

Mean 40.60 16.05 0.70 0.69 20.32 1.67 0.39 

Table 3 presents the extracted tumor section with LAC, WS and LS 

segmentation procedures. The comparison between the GT and extracted tumor 

results, such as picture resemblance measures and arithmetical measures are 
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presented in Tables 4 and 5 respectively for LAC alone and approximately similar 

results are obtained with the WS and the LS techniques. From Table 4, one can 

observe that, the Jaccard and Dice values are greater than 0.82 (i.e., 82%) and also 

a negligible values for the FPR and FNR. This confirms that, the extracted tumor 

structure is roughly related to GT picture. The pattern of the tumor and the ground 

truth are identical. From Table 5, it can be noted that, all the measures are greater 

that 0.95 (i.e., 95%), which authenticates the superiority of proposed method in 

processing the benchmark Flair modality based brain MRI dataset.  

Table 6 presents the average performance measures obtained with the considered 

segmentation procedures and the pictorial representation of this comparison is also 

presented in Fig. 2. This confirms that, results offered by the LAC segmentation are 

comparatively better than the WS and LS methods. To validate the superiority of 

implemented technique, other test images existing in the BRATS 2015 can also be 

considered for the examination. From this dataset, the flair and T2 modality pictures 

are considered and satisfactory results are obtained with the proposed SGO+LAC 

approach. From this, it is confirmed that, projected computerised apparatus works 

well for flair and T2 modalities. 

Table 3. Comparison of the ground truth and the extracted tumor. 

Test 

image 

Ground 

truth 

Tumor section 

LAC WS LS 

Slice95 

    

Slice105 

    

Slice115 

    

Slice125 

    

Table 4. Similarity measures between GT and segmented tumor (with LAC). 

Flair Jaccard Dice FPR FNR 

Slice95 0.8340 0.9095 0.1526 0.0387 

Slice105 0.8291 0.9066 0.1674 0.0321 

Slice115 0.8397 0.9129 0.1368 0.0454 

Slice125 0.8221 0.9024 0.1147 0.0836 

Mean 0.8311 0.9078 0.1429 0.0499 
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Table 5. Statistical measures between GT and segmented tumor (with LAC). 

Flair Precision Sensitivity Specificity Accuracy 

Slice95 0.9963 0.9857 0.9612 0.9734 

Slice105 0.9955 0.9768 0.9679 0.9723 

Slice115 0.9937 0.9812 0.9546 0.9678 

Slice125 0.9910 0.9877 0.9554 0.9514 

Mean 0.9941 0.9828 0.9598 0.9662 

 

 

Table 6. Mean values of performance  

measures attained with LAC, WS and LS. 

Approach Jaccard DIce Precision Sensitivity Specificity Accuracy 

LAC 0.8311 0.9078 0.9941 0.9828 0.9598 0.9662 

WS 0.8305 0.9032 0.9937 0.9815 0.9562 0.9659 

LS 0.8309 0.9051 0.9928 0.9822 0.9571 0.9660 

 

 
Fig. 2. Comparison of obtained picture likeliness values. 

5.  Conclusions 

This work proposes a processor assisted system to mine and examine abnormal 

region of the BRATS 2012 brain MRI dataset. The work implements the SGO and 

TE based procedure to enhance the tumor section and the Active Contour method 

to segment the tumor from the post-processed test image. To display the advantage 

of proposed tool, Flair modality 2D slices are considered. The investigational 

outcome reveals that, projected technique is very efficient in extracting the tumor 

of Flair MRI. This result also confirms that, SGO assisted method offers better 

image similarity and statistical values compared to the GT with better accuracy.  

Abbreviations 

FNR False negative rate 

FPR False positive rate 

LAC Localised active contour 

LS Level set segmentation 

MRI Magnetic resonance images 

SGO Social group optimization 

WS Watershed algorithm 
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