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Abstract 

Image segmentation targets to divide an image into numerous 

disjoint regions with all the regions related to a visual, 

meaningful object. Image segmentation has been extensively 

employed in medical applications, machine vision, and video 

compression. Prevailing image segmentation techniques are 

dependent on fuzzy theory, edge-detection, partial differential 

equations, Artificial Neural Networks (ANN), region-

detection, and thresholds. When many of these techniques 

obtain rational segmentations, they are slow and hence 

computationally inflexible for big images. Hence, this paper 

intends to solve the problem in segmenting the images 

accurately by using traditional active contour models which 

can be solved by a novel active contour model based on 

modified symmetric cross entropy. The process is further 

followed by a graph cut technique and an optimization 

technique termed as Fuzzy Entropy Maximization (FEM)  is 

applied that brings out the enhanced low intensity and high-

intensity images. The extensive experiments are performed on 

a large number of  images and the results demonstrate that, 

compared with the existing models, the proposed Active 

contour Graph cut Fuzzy Entropy-based Segmentation 

(AGFES) could be able to segment the images more accurately 

and rapidly, which have the clear advantages in both 

segmentation performance and segmentation efficiency and it 

is easier to implement when compared to conventional 

methods. 

Keywords: Image segmentation; Active contour; Graph cut 

technique;  Fuzzy Entropy Maximization; Low intensity and 

High intensity, Performance Measures 

 

INTRODUCTION  

Image segmentation [8] has various applications that range 

from remote sensing and vision-guided autonomous robotics 

to medical imaging, which remains as one of the greatest 

obstruction to the improvement of computer vision [5]. 

Extracting an object in composite surroundings is of great 

realistic significance in computer visualization. For extracting 

things from  images is furthermore challenging. Colour images 

hold a large amount of information when compared to gray 

ones, and such information can be utilized to improve the 

image analysis procedure and develop segmentation outcomes. 

Hence,  images segmentation was investigated for decades and 

currently received a great concentration for particular effects 

in television, film, photography, publication and various 

desktop applications [6]. The assignment of image 

segmentation has to turn out to be more and more significant, 

owing to a rapid expanding application field, e.g. ,theme 

design [15], image understanding [14], object recognition [13], 

medical image processing [17], fingerprint identification [16], 

etc. Researchers have implemented numerous kinds of 

segmentation techniques, like random sampling methods [20] 

[21], variation techniques [18] [19] and graph-cut methods 

[22] [9], etc. [7] 

 It is, therefore, becoming necessary to build up a effective and 

fast algorithm for significant image segmentation applications 

[26]. The vital purpose of segmentation is to separate an image 

into areas with homogeneous characteristics (e.g., color, 

intensity, spatial statistics, etc.) that are hence more important 

and easier to examine. Among the conventional segmentation 

techniques, region-based techniques that utilize image region 

information are frequently adopted to segment images into 

various textured regions [5]. Synthetic aperture radar (SAR) is 

a dynamic imaging process with microwave that can be 

functioned day and night in every weather conditions. It has 

been extensively employed in numerous realistic applications, 

like traffic, environment, military applications, civil 

applications and homeland security. The principle of SAR 

image segmentation is to partition the image into regions of 

various features devoid of intersection that involves labeling 
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of all pixels in the image. The segmentation is fundamental 

and significant for the interpretation and understanding of 

SAR images [2].  

In the range of precision agriculture, color segmentation 

techniques are utilized for extracting more information as 

probable from the images. Therefore a novel technique, 

establishing a mean-shift process into the color segmentation 

algorithm enhancing the segmentation rate of the images is 

established. Color segmentation and binarization are done, for 

acquiring the plant diseases by adopting the Fisher criterion 

[3]. Pre-processing techniques to enhance or highlight texture 

can develop image segmentation [24] outcomes, but most of 

them are modeled only for improving the visual texture 

appearance. In several previous researches, textures were 

improved by eliminating noise with spatial filters, e.g., 

wavelet thresholding methods or the non-local means filter, 

e.g., BayesShrink [23], SUREShrink [10], VISUShrink [25]. 

Further many current techniques improved textures directly by 

highlighting the high-frequency image contents, for e.g. 

maintaining strong discontinuities at edges with filters 

dependent on partial differential equations (PDEs) [12], un-

sharp masking (UM) [11], e.g. coherence enhancing 

anisotropic transforming or diffusing the anisotropic diffusion 

to produce proper discontinuities as the boundary lies among 

two flow-like structures, for e.g. shock filter [4]. 

The paper contributes AGFES technique for accomplishing the 

image segmentation. Initially, image segmentation process that 

involves active contour mechanism for segmenting the image 

using mask is analyzed. Further, the original image is 

subjected to graph cut technique for partitioning and are 

compared with the active contour images. Moreover, an 

optimization technique termed as FEM is applied that bring 

out the low and high-intensity image segments. Further, the 

proposed AGFES-based image segmentation is compared over 

several traditional methods like  Graph cut segmentation 

method (GS), Simple Linear Iterative Clustering (SLIC) + 

Graph cut segmentation method (SLGS), Fuzzy entropy 

maximization based segmentation (FES) and Graph cut using 

Fuzzy entropy maximization based segmentation (GFES). The 

performance comparison is done by analysing several 

measures such as accuracy, sensitivity, specificity, precision, 

False Positive Rate (FPR), False Negative Rate (FNR), 

Negative Predictive Value (NPV), False Discovery Rate 

(FDR), F1-score and Matthews Correlation Coefficient (MCC) 

in order to certify the enactment of developed method. The 

paper is organized as follows. Section II depicts the related 

works and reviews done under this topic. Section III describes 

the proposed image segmentation framework and section IV 

explains the stages of image segmentation. Section V 

discusses the results, and section VI concludes the paper. 

 

 

 

 

LITERATURE SURVEY 

Related works 

In 2017 Yiping Duan et al. [2] presented a paper dependent on 

Markov Random Field (MRF) and convolution-wavelet neural 

networks (CWNN). In this way, a wavelet inhibited pooling 

layer was modeled to substitute the existing pooling in CNN. 

The novel architecture can restrain the noise and was enhanced 

at maintaining the configuration of the learned characteristics 

that are essential to the segmentation tasks. CWNN creates the 

segmentation by scanning the map by patch-by-patch manner. 

The segmentation outcome of CWNN was utilized with two 

labeling (i.e., an MRF approach and a super pixel approach) to 

create the last segmentation map. 

M. Guijarro et al.  [3] in 2015 proposed a novel dependent on 

segmentation scheme for agricultural images for effective 

differentiation among green parts and soil, together with crop 

plants and weeds, dependent on discrete wavelets transform. 

Vegetation manifestation has been usually employed for 

greenness image segmentation, however, development was 

still probable. In agricultural images crops, plants and weeds 

exhibit high spatial variability with random and irregular 

distributions. Textures descriptors have the capability to detain 

this information that was suitably united with vegetation 

indices to develop the greenness segmentation outcomes. 

Jianning Chi et al.  [4] in 2017 presented a novel technique for 

outperforming Texture Characteristic Morphological 

Component Analysis (TC-MCA) namely, employing 

dictionaries depending on dual-tree complex wavelet 

transform (DTCWT) for decomposing the image into several 

components demonstrating dissimilar visual features of 

texture, and directing the dual-tree complex wavelet 

coefficients of the texture components to improve every own 

property of the texture component and manufacturing a 

texture-difference-improved image by reuniting the improved 

components. Experiments reveal that this technique creates 

improved textural difference development effects and develop 

texture-based segmentation better than the compared methods. 

Siu Kai Choy et al. [5] introduced a novel fuzzy model-

dependent unsupervised learning method in 2017 with 

boundary correction for image segmentation. In addition, a 

fuzzy Generalized Gaussian Density (GGD) segmentation 

design and the GGD-based agglomerative fuzzy algorithm for 

grouping image pixels were implemented. The qualities of this 

method were that it was not responsive to primary factors and 

that the number of groups can be evaluated through the 

validation method. To reduce the targeted function of the 

design, a dissimilarity determination dependent on the 

Kullback-Leibler divergence of the GGDs was adopted that 

measures the inconsistency among GGDs in the space of 

generalized probability distributions. Experimental outcomes 

demonstrate that the implemented method has a promising 

computation when compared with conventional approaches. 
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A.Ahmadvand et al. [6] in 2017 has dealt with an interactive 

natural color images segmentation method. This technique 

obtains the characteristic of images by means of the nonlinear 

compact structure tensor (NCST), and subsequently, it utilizes 

Grab-Cut technique to acquire the segmentation. This process 

not only recognizes the non-parametric fusion of  information 

and texture information but further develops the effectiveness 

of the computation. Then, the enhanced Grab-Cut algorithm 

was employed to estimate the foreground target segmentation 

so as to compute the efficiency and simplicity. After carrying 

out a massive amount of researches on synthetic natural 

images and texture images, the results revealed that this 

technique had improved accurate segmentation effect. 

Yafeng Li et al. [7] in 2016 introduced an improved 

mechanism dependent on image segmentation process that 

unites feature extraction and image segmentation into a 

combined design. The implemented design comprises of two 

parts, namely, multi-scale decomposition part and the 

segmentation part. In the design, the segmentation part was 

based on the intensities of the image in the regions of interest 

whereas the part of multi-scale decomposition was based on 

the different scale features. The multi-scale decomposition 

assists the development of segmentation as the region of 

interest can be identified from a suitable scale easily. The total 

variation projection regularization (TVPR) was employed to 

maintain the geometric form of the segmented regions. Based 

on the geometric importance of TVPR parameters, a selection 

method for adaptive TVPR parameters was implemented. 

Numerical models on real and synthetic images were provided 

to exhibit the efficiency of the proposed technique. 

Bacterial foraging-based edge detection (BFED) technique 

was recommended by Yongsheng Pan et al.  [8] in 2017 for 

segmentation of cell images. The rise of intensities as the 

nutrient attention and propel bacteria to forage beside nutrient-

rich locations that imitate the characteristics of Escherichia 

coli were designed. The nature-inspired evolutionary 

technique can recognize the required edges and plot them as 

the bacteria tracks. The outcomes specify that the BFED 

algorithm recognizes the boundaries more efficiently and 

offers much better accurate cell image segmentation.  

The technique implemented by Weiwei Wang et al. [9] in 

2017 can be considered as a scheme that interpolates LSR and 

SSC adaptively based on the correlation between the samples 

of data. It has the capability for selecting subspaces intended 

for uncorrelated data in addition to grouping capability for 

highly correlated data. The outcomes of experiments based on 

image segmentation demonstrated that the implemented 

algorithm was more enhanced than the-state-of-art techniques. 

In 2014, M. Jogendra kumar et al. [1] has introduced various 

image segmentation methods such as edge based 

segmentation, thresholding, Neutral Network and region based 

segmentation and determined the threshold value for it. They 

have mentioned that the mage segmentation indicates the 

separation of an image into diverse regions that are similar or 

homogenous and inhomogeneous in some features like colour, 

texture or intensity. 

Review 

The review with features and challenges of diverse 

conventional segmentation methods are shown in Table 1. The 

method CWNN exhibits certain unique properties where shift 

invariance, good directional selectivity, and perfect 

reconstruction are possible. Limited redundancy and efficient 

N-order computation are also possible here. There are certain 

limitations too. The characteristics of SAR image are not 

considered, and other neural applications are not taken into 

account in this paper [2]. Wavelet fusion based strategy 

includes the advantage of improving the segmentation of 

images, and it allows working in various resolution levels. But 

there is a lack of real situations that are encountered in the 

field. It does not offer the chances for changes in the field for 

representing certain situations that may occur in the future 

crops [3]. Wavelet-based TCA (WT-TC-MCA) that results in 

higher precision for different values of recall thus improving 

texture-based image segmentation. But the method is mostly 

dependent on texture characteristics and is complex due to the 

employment of several strategies [4]. Fuzzy GGD based 

algorithm enhances the grouping of image pixels based on 

Gaussian density. The merits of this algorithm are not 

sensitive to initial parameters, but small object segmentation 

or detection is risky to adopt in block-based reactive elements. 

Frequency or spatial properties are not incorporated in this 

strategy, which is said to be a challenge in this paper [5]. 

Grab-cut algorithm which minimizes or reduces the time for 

iteration gives more accurate effects of segmented elements. 

The challenge in this paper is that there is no any supervision 

of the algorithm and the implemented strategy is still an 

interactive one [6]. The technique TVPR which possesses the 

ability to deal with intensity inhomogeneities is also utilized to 

preserve geometric shapes of the segmented regions. The 

limitation is that it is complex due to two terms adopted in the 

TV-L1 model and there are no explanations about the texture 

component description and bias correction of magnetic 

resonance images [7]. The Gauss-Newton adaptation strategy 

which is much suited for parallel processing can also generate 

one-pixel width, un-fragmented and well-localized edges. 

Boundary smoothness and cell shape constraints are not 

explained in this presentation for more accuracy [8]. 

Correlation adaptive weighted regression (CAWR) mechanism 

involves the grouping capability for highly correlated data and 

subspace selection ability for uncorrelated data, but it is 

somewhat complex due to the adoption of SSC and LSR [9]. 
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Table 1: Review of the state-of-arts methods 

Author [citation] Adopted  methodology Features Challenges 

Yiping Duan et al. [2] CWNN  Shift invariance 

 Good directional selectivity 

 Perfect reconstruction 
 Limited redundancy 

 Efficient N-order computation  

 Lack of consideration about the 

characteristics  

M. Guijarro et al.  [3] Wavelet fusion-based 

strategy 

 Improved image segmentation accuracy 

 Capable to work under different resolution 
levels. 

 Lack of consideration of real scenarios  

Jianning Chi et al. [4] WT-TC-MCA  Higher precision for most values of recall. 

  Improved   texture-based image 

segmentation 

 Highly dependent on texture characteristics 

 Complex due to several strategies. 

Siu Kai Choy et al. [5] Fuzzy GGD. 
 

  Insensitive to initial parameters 

 Enhancement in grouping image pixels.  

  

 Small object detection/segmentation is 
crucial. 

 Spatial/frequency features are not 

incorporated. 

A.Ahmadvand et al. [6] Grab-Cut algorithm 
 

 

 Iteration time is reduced.  
 More accurate segmentation effect. 

 No supervision of algorithm. 
  Interactive  algorithm 

Yafeng Li et al. [7] TVPR 

 
 

 Deal with intensity inhomogeneties. 

 Preserves geometric shapes of the 
segmented regions. 

 

 Highly complex due to two terms in the 

TV-L1model. 
 No explanation of texture component 

description and bias correction of MRI. 

Yongsheng Pan et al. [8] Gauss–Newton adaptation 

strategy 

 Suited for parallel processing. 

 Un-fragmented and well-localized edges 

 Boundary smoothness is not incorporated 

 No consideration for cell shapes  

Weiwei Wang et al.  [9] CAWR  Grouping capability for highly correlated 
data. 

 Subspace selection ability for uncorrelated 

data 

 Complex due to SSC and LSR. 
 Low contrast 

 

 

PROPOSED IMAGE SEGMENTATION FRAMEWORK 

The entire architecture of the proposed image segmentation 

method is given in Fig. 1. Initially, an image  yxI , is 

subjected to active contour mechanism, where a mask is 

applied to segment the required image. By means of the mask, 

the required or necessary region can be segmented separately 

which is denoted by  yxA , . Then the original image  yxI , is 

subjected to graph cut technique, which involves partitioning 

of the image into two segments. Here, the image  yxI , is split 

into two halves. Thus the two obtained partitions are 

represented as  yxB ,  and  yxC , . The two partitions are then 

compared with active contour image  yxA , , and intersected 

regions of the two images are noted that are indicated by 

 yxD ,  and  yxE , . Moreover, an optimization using Fuzzy 

entropy maximization technique is applied by which both the 

images  yxD ,  and  yxE ,  are split into low-intensity images 

 yxD ,1 and  yxE ,1  and high-intensity images  yxD ,2 and 

 yxE ,2  respectively.  Here, the entropy information is 

maximized by Non-Linear Programming [36]. From the low 

density and high-density images, the optimal segmented 

output is taken after comparison. 

The pseudo code of the proposed segmentation process is 

shown in algorithm 1.  

Figure 1: Overall architecture of the proposed AGFES-based 

image segmentation 
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Algorithm 1: Proposed image segmentation model 

Step 1 Input: Input image  yxI ,  

Step 2 Output: Segmented image 

Step 3 Apply active contour model and attain the 

segmented output  yxA ,  

Step 4 Apply graphcut mode and obtain  yxB ,  

and  yxC ,  

Step 5 Compare  yxA , and  yxB ,  and take the mutual 

information as  yxD ,  

Step 6 Compare  yxA , and  yxC ,  and take the mutual 

information as  yxE ,  

Step 7 Apply FEM to  yxD , and split it into low density 

and high density images,  yxD ,1 and  yxD ,2  

Step 8 Apply FEM to  yxE , and split it into low density 

and high density images,  yxE ,1 and  yxE ,2  

Step 9 Select the segmented output from four 

images  yxD ,1 ,  yxD ,2 ,  yxE ,1  and  yxE ,2  

 

STAGES OF IMAGE SEGMENTATION 

Active contour model 

An active contour [28] is an energy reducing spline that 

identifies particular characteristics within an image. It is a 

flexible surface or curve that can be dynamically suited to 

necessary objects or edges in the image. It comprises of a 

group of control points linked by straight lines. The active 

contour is referred by the amount of sequence and control 

points of one another. Setting the active contours to shapes in 

images is an interactive procedure. The user should 

recommend a primary contour that is somewhat close to the 

proposed shape. The contour will subsequently get attracted to 

the image features extracted by energy that is available 

internally by generating an attractor image. 

It further involves two types of deformable designs, namely, 

parametric and geometric models. The parametric models 

comprise surfaces and curves explicitly in parametric form.  It 

involves the formulation for reducing the energy, where the 

entire energy reduction occurs when external and internal 

energies are similar. Further dynamic force is formulated 

which facilitates the employment of general external forces.  

Geometric deformable models are dependent on the level set 

technique and the theory of curve evolution. It further leads to 

the independent evolution from parametric form. The surfaces 

or curves produced depend on the multidimensional functions 

level sets. By adopting this technique, the topological 

variations can be controlled easily.  

Active contour can be represented as given in Eq. (1), where 

 Sx and  Sy are yx, coordinates of the contour and 

normalized index of points of control is denoted by S . 

      SySxSV


,             (1) 

The energy function that defines active contours is comprised 

of two mechanisms, the external energy, and the internal 

energy. Internal forces create the curve compact and restrain 

its deflections that are acuminous. External forces move 

towards the curve through the borders of the object. 

The internal energy of a bending energy and an elastic energy 

can be represented as given in Eq. (2), where  is an 

adjustable constant, which denotes continuity, whereas,   is 

an adjustable constant, which represents curving of contours. 

   
2

2

22

int dS
VdS

dS
dVSeee bendelastic           (2) 

The bending energies and elastic energies are addressed as 

given in Eq. (3) and Eq. (4) respectively. 

       dSSVSVSVe
S

bend
2

11 


          (3) 

     dSSVSVe
S

elastic
2

1


               (4) 

The minimized energy function can be represented as given in 

Eq. (5), where internal energy of the curve is indicated by inte , 

the picture’s energy is denoted by imagee  and the externals 

present externally are referred by cone .  

            dSSVeSVeSVedSSVee conimagesnakesnake 

int

1

0

1

0

    (5) 

Thus the active contour image is obtained which is represented 

by  yxA , . 

 

Graphcut model 

Graph cuts [29] can be applied to solve a large diversity of 

low-level computer vision issues powerfully like, image 

segmentation, the stereo correspondence problem, image 

smoothing and many other computer vision crises, which can 

be computed regarding the energy minimization. Numerous 

energy minimization issues can be solved by finding a solution 

to the maximum flow crises in a graph. Although several 

computer vision techniques include cutting a graph, the term 

"graph cuts" is adopted particularly to such models that deploy 

a max-flow/min-cut optimization. 

Image segmentation can be considered as pixel labeling crises. 

The object’s label ( s -node) is adjusted to 1 whereas, the 

background ( t -node) is adjusted to 0 and this procedure can 

be attained by reducing the energy-function by means of 

minimum graph cut. For making the reasonable segmentation, 

the cut must occur at the border between background and the 

object. Most probably, at the object border, the energy or cut 

should be reduced. Let  pllllL ....,, 321  where p  denotes the 

number of the pixels in the image and  1,0il . 
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Therefore, the set L  is separated into 2 parts, and the pixel 

labeled with 1 refers to object whereas the other pixels are 

grouped into background. The energy function can be reduced 

by the min-cut in the ts  graph as given in Eq. (6), where, 

 Lr  is called regional parameter that includes the regional 

details into the segmentation and  Lb is said to be the 

boundary term that integrates the constraint of boundary into 

segmentation and the comparative significance feature among 

boundary and regional term is given by . When   is 

adjusted to 0, it represents that the regional information is 

disregarded and only the boundary information is considered. 

     LbLrLG      (6) 

The energy function in the regional parameter is denoted in 

Eq. (7), where,  pp lr is the penalty for allocating the label pl  

to pixel p . The weight of  pp lr can be achieved by 

distinguishing the of pixel intensity, p  with the provided 

histogram or intensity model of the background and object. 

   p
Pp

p lrLr 


     (7) 

The weight of the t -links are described as given in Eq. (8) 

   ''Prln1 objectIr pp     (8) 

   ''Prln0 backgroundIr pp     (9) 

From Eq. (8) and (9), it can be noticed that when 

 ''Pr backgroundI p  is smaller than  ''Pr objectI p ,  0pr  will 

be larger than  1pr . This represents that when the pixel is 

more probable to be the object, the grouping of penalty for that 

pixel into object must be lesser that can minimize the energy 

in Eq. (6). Therefore, when the entire pixels have been 

partitioned accurately into two subsets, the regional parameter 

would be reduced. In Eq. (6),  Lb is the border term that is 

referred as given in Eq. (10), where qp,  are neighboring 

pixels and  qp ll , is denoted as shown in Eq. (11). 

 
 

 qp
Nqp

qp llbLb ,.
,

, 


     (10) 

 











qp

qp
qp llif

llif
ll

0

1
,    (11) 

For the regional constriction, it can be interpreted as allocating 

labels, qp ll , to pixels that are placed closer. When the 

neighboring pixels have the similar labels, the penalty is 0, i.e., 

the regional term will be able to add only the penalty at the 

border that is segmented. For the parameter,  qpb ,  , it is 

considered as a nonincreasing function of qp ll  which is 

given by Eq. (12), where   can be observed as camera noise. 

When the two neighboring pixel’s intensity is almost same, 

there will be a very high penalty or else; it will be low. 
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In Boykov and Jolly’s technique, the weight of the ts  graph 

is represented as shown in Eq. (13), which can also be 

explained as that, in the ts  graph, when the pixel intensity is 

considered to be the object, the weight between this pixel and 

s -node will be greater than that between t -node and pixel 

which defines that the cut is most probably occurred at the 

edge with smaller weight. 
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 (13) 

Thus the resulting partitioned images from graph cut technique 

are indicated as  yxB ,  and  yxC , . 

 

Mutual segmentation using Graph cut plus Active contour  

After partitioning the image,  yxI ,  by using Graph cut 

technique, the outcome of Graph cut image,  yxB ,  

and  yxC ,  is compared with the active contour image  yxA , . 

The mutual information of images,  yxB ,  and  yxA ,  are 

taken, which is indicated by  yxD , . Similarly, mutual 

information of  yxC ,  and  yxA ,  are noted and is 

represented as  yxE , .  

 
Grouping low and high-intensity pixels 
The images  yxD ,  and  yxE ,  are further partitioned into 

low and high-intensity images using FEM method. As the 

objective is to divide pixels into two fuzzy sets, only the W -

function and Z -function are needed as the membership 

functions to construct Fuzzy 2- partition entropy [26] [30]. 

The fuzzy 2-partition entropy is described as given in Eq. (14).  

   bbdd FFFFH loglog            (14) 

As the probability of the bright set bE can be considered 

as db FF 1 , the fuzzy entropy can be modified as given in 

Eq. (15) and also the value of dF can be rewritten as given in 

Eq. (16), where wvu ,, are the parameters describing the shape 

of the W  membership functions that satisfy the 

constraint 2550  wvu . The value of H  in Eq. (15) 

represents both 1H and 2H , where 1H   yxDH , and 

2H   yxEH , . 

     dddd FFFFH  1log1log                 (15) 
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To carry out the exhaustive exploration, the fuzzy entropy H  

values under all suitable wvu ,, settings are calculated by 

means of pre-stored iterative values of dF . The optimal set of 

factors that maximize H is chosen. Thus the images 

 yxD , and  yxE ,  are split into low-intensity images 

 yxD ,1 and  yxE ,1  and high-intensity images of 

 yxD ,2 and  yxE ,2  respectively. 

 

EXPERIMENTAL SET-UP 

The proposed AGFES-based image segmentation model was 

implemented in MATLAB using Weizmann database is used 

which is downloaded from http://www.wisdom.weizmann.ac 

.il/~vision/Seg_Evaluation_DB/ with seven sets of images. 

That data set includes animals, birds, nature, objects, 

transportation, and tree. In each set, a particular number of 

images were available, i.e., for animals, 12 images were 

considered, for birds, 15 images were considered, for objects, 

26 images were considered, for transportation, 9 images were 

considered, for tree, 10 images were considered. The 

implemented method is compared with GS [29], SLGS [30], 

FES [31] and GFES [32] by analyzing the performance 

measures [33][34][35] like accuracy, sensitivity, specificity, 

precision, FPR, FNR, NPV, FDR, F1-score, and MCC are 

analyzed. The results of simulation show the enhanced 

performance of the implemented AGFES method.  Fig 2 gives 

the sample images for each dataset and its corresponding 

segmentation outputs.  

 

Animal 

      

Bird 

      

Building 

      

Nature 

      

Object 

      

Transportation 

      

Tree 

      
Methods (a) (b) (c) (d) (e) (f) 

 

Figure 2: Sample images for each dataset and its corresponding segmented output for different methods like  

(a) Original image, (b) GS (c)SLGS (d) FES (e) GFES (f)AGFES 

http://www.wisdom.weizmann.ac.il/~vision/Seg_Evaluation_DB/
http://www.wisdom.weizmann.ac.il/~vision/Seg_Evaluation_DB/
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RESULTS AND DISCUSSIONS 

Performance analysis 

The performance analysis of the proposed AGFES-based 

segmentation over the conventional methods for test case 1 is 

given by Table II. From Table II, for test case 1, the 

implemented method in terms of accuracy is 33.9% better than 

GS, 42.5% better than SLGS, 30.8% better than FES and 

19.7% better than GFES techniques. Similarly, the 

implemented method regarding sensitivity is 41.2% superior to 

GS, 1.48% superior to SLGS, 60.6% superior to FES and 7.8% 

superior to GFES techniques. On considering specificity, the 

proposed method is 47.5% better than GS, 50.7% better than 

SLGS, 49.6% better than FES and 25.6% better than GFES 

techniques. Moreover, the proposed AGFES method in terms 

of precision is 57.6% superior to GS, 67.5% superior to SLGS, 

53.8% superior to FES and 48.8% superior to GFES 

techniques. On considering F-score, the proposed method is 

23.5% better than GS, 42.8% better than SLGS, 31.9% better 

than FES and 22.6% better than GFES techniques. 

Similarly, from Table III, for test case 2, the implemented 

method in terms of accuracy is 33.7% better than GS, 42.8% 

better than SLGS, 48% better than FES and 29.8% better than 

GFES techniques. Similarly, the implemented method 

regarding sensitivity is 75.8% superior to GS, 0.6% superior to 

SLGS, 87% superior to FES and 20% superior to GFES 

techniques. On considering specificity, the proposed method is 

52.8% better than GS, 50.7% better than SLGS, 71.6% better 

than FES and 38.1% better than GFES techniques. Moreover, 

the proposed method in terms of precision is 56.1% superior to 

GS, 69% superior to SLGS, 62.5% superior to FES and 23.8% 

superior to GFES techniques Also the implemented method in 

terms of NPV is 52% superior to GS, 50.7% superior to SLGS, 

70.9% superior to FES and 38.1% superior to GFES 

techniques. 

Moreover, from Table IV, for test case 3, the proposed method 

on considering accuracy is 27.9% better than GS, 26.5% better 

than SLGS, 42.7% better than FES and 20.6% better than 

GFES techniques. Similarly, the implemented method in terms 

of sensitivity is 10.23% superior to GS, 44.3% superior to 

SLGS, 94.2% superior to FES and 21.2% superior to GFES 

techniques. On considering specificity, the proposed method is 

32.4% better than GS, 37.5% better than SLGS, 64.5% better 

than FES and 20.9% better than GFES techniques. Moreover, 

the proposed method regarding precision is 37.8% superior to 

GS, 27.3% superior to SLGS, 30.4% superior to FES and 

42.3% superior to GFES techniques. 

Also, from Table V, for test case 4, the proposed method 

regarding accuracy is 41.3% better than GS, 34.2% better than 

SLGS, 51.3% better than FES and 34.3% better than GFES 

techniques. Similarly, the implemented method in terms of 

sensitivity is 2.54% superior to GS, 26.9% superior to SLGS, 

87.9% superior to FES and 24.3% superior to GFES 

techniques. On considering specificity, the proposed method is 

48.7% better than GS, 43% better than SLGS, 72.6% better 

than FES and 35% better than GFES techniques. Moreover, 

the proposed method regarding precision is 62.1% superior to 

GS, 51.1% superior to SLGS, 52% superior to FES and 63.9% 

superior to GFES techniques. Similarly, the implemented 

method regarding FNR is 62% superior to FES technique, but 

the performance of GS, SLGS, and GFES are more when 

compared with the proposed technique. However, the accuracy 

is more in the proposed method than FNR, and hence the 

performance of FNR can be considered negligible. 

Moreover, from Table VI, for test case 5, the proposed method 

on considering accuracy is 36.7% better than GS, 37.9% better 

than SLGS, 50.6% better than FES and 30.3% better than 

GFES techniques. Similarly, the implemented method 

regarding sensitivity is 21.3% superior to GS, 15.1% superior 

to SLGS, 60.4% superior to FES and 1.27% superior to GFES 

techniques. On considering specificity, the proposed method is 

47.8% better than GS, 48.7% better than SLGS, 72.1% better 

than FES and 35.3% better than GFES techniques. Moreover, 

the proposed method regarding precision is 55% superior to 

GS, 58.3% superior to SLGS, 56.7% superior to FES and 55% 

superior to GFES techniques.  

Similarly, from Table VII, for test case 6, the proposed method 

on considering accuracy is 39.6% better than GS, 40.8% better 

than SLGS, 59.3% better than FES and 33.4% better than 

GFES techniques. Similarly, the implemented method 

regarding sensitivity is 10.8% superior to GS, 0.98% superior 

to SLGS, 54.4% superior to FES and 8.9% superior to GFES 

techniques. On considering specificity, the proposed method is 

47.5% better than GS, 47.4% better than SLGS, 79.1% better 

than FES and 37.4% better than GFES techniques. Moreover, 

the proposed method regarding precision is 60% superior to 

GS, 62.5% superior to SLGS, 63.3% superior to FES and 

60.8% superior to GFES techniques. 

Also, from Table VIII, for test case 7, the proposed method in 

terms of accuracy is 33.1% better than GS, 39.5% better than 

SLGS, 48.5% better than FES and 27.1% better than GFES 

techniques. Similarly, the implemented method in terms of 

sensitivity is 14.6% superior to GS, 1.62% superior to SLGS, 

68.7% superior to FES and 5.5% superior to GFES techniques. 

On considering specificity, the proposed method is 43.1% 

better than GS, 48.7% better than SLGS, 74% better than FES 

and 32% better than GFES techniques. Moreover, the 

proposed method regarding precision is 53.8% superior to GS, 

59.8% superior to SLGS, 56.6% superior to FES and 52.4% 

superior to GFES techniques. Similarly, the proposed method 

in terms of MCC is 87% better than GS, 90% better than 

SLGS and 95% better than FES and 88% better than GFES 

techniques. Moreover, the proposed method regarding FPR is 

81.8% superior to GS, 81.81% superior to SLGS, 88% 

superior to FES and 78% superior to GFES techniques. 

Further, the proposed method in terms of FDR is 57% better 
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than GS, 60% better than SLGS, 58% better than FES and 

56% better than GFES techniques. Thus the performance of 

the proposed AGFES based image segmentation system in 

terms of certain measures is verified. 

 

TABLE II.Evaluation of type I and type II measures on proposed and conventional image segmentation methods  for test case 1 

Measures  GS[28] SLGS[29] FES[30] GFES[31] AGFES 

Accuracy 0.548883 0.475375 0.566817 0.656817 0.817842 

Sensitivity 0.668415 0.48369 0.767186 0.517341 0.472994 

Specificity 0.501749 0.472096 0.487805 0.711816 0.953825 

Precision 0.345977 0.265409 0.371322 0.414481 0.801558 

FPR 0.498251 0.527904 0.512195 0.288184 0.046175 

FNR 0.331585 0.51631 0.232814 0.482659 0.527006 

NPV 0.501749 0.472096 0.487805 0.711816 0.953825 

FDR 0.654023 0.734591 0.628678 0.585519 0.198442 

F-score 0.455951 0.342747 0.500432 0.460234 0.594926 

MCC 0.153935 -0.03984 0.233015 0.215953 0.515523 

 

TABLE III. Evaluation of type I and type II measures on proposed and conventional image segmentation methods  for test case 2 

Measures  GS[28] SLGS[29] FES[30] GFES[31] AGFES 

Accuracy 0.51155 0.447083 0.400208 0.546667 0.769883 

Sensitivity 0.639907 0.384268 0.674968 0.439291 0.358229 

Specificity 0.454284 0.475108 0.277624 0.594572 0.953542 

Precision 0.343468 0.246206 0.294219 0.325879 0.774785 

FPR 0.545716 0.524892 0.722376 0.405428 0.046458 

FNR 0.360093 0.615732 0.325032 0.560709 0.641771 

NPV 0.454284 0.475108 0.277624 0.594572 0.953542 

FDR 0.656532 0.753794 0.705781 0.674121 0.225215 

F-score 0.447006 0.30012 0.409804 0.37418 0.489933 

MCC 0.087999 -0.12999 -0.04815 0.031734 0.411774 

 

TABLE IV. Evaluation of type I and type II measures on proposed and conventional image segmentation methods  for test case 3 

Measures  GS[28] SLGS[29] FES[30] GFES[31] AGFES 

Accuracy 0.498543 0.510138 0.399176 0.542867 0.6805 

Sensitivity 0.427038 0.556125 0.7466 0.304113 0.380988 

Specificity 0.523325 0.4942 0.278767 0.625613 0.784304 

Precision 0.236925 0.275918 0.264038 0.219678 0.379716 

FPR 0.476675 0.5058 0.721233 0.374387 0.215696 

FNR 0.572962 0.443875 0.2534 0.695887 0.619012 

NPV 0.523325 0.4942 0.278767 0.625613 0.784304 

FDR 0.763075 0.724082 0.735962 0.780322 0.620284 

F-score 0.304764 0.368839 0.390112 0.25509 0.380351 

MCC -0.04351 0.044034 0.024916 -0.06415 0.165111 
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TABLE V. Evaluation of type I and type II measures on proposed and conventional image segmentation methods  for test case 4 

Measures  GS[28] SLGS[29] FES[30] GFES[31] AGFES 

Accuracy 0.446886 0.50701 0.374348 0.508762 0.760776 

Sensitivity 0.428395 0.521735 0.772973 0.313872 0.409593 

Specificity 0.453049 0.502102 0.241486 0.573719 0.877825 

Precision 0.207012 0.258851 0.253538 0.197051 0.527721 

FPR 0.546951 0.497898 0.758514 0.426281 0.122175 

FNR 0.571605 0.478265 0.227027 0.686128 0.590407 

NPV 0.453049 0.502102 0.241486 0.573719 0.877825 

FDR 0.792988 0.741149 0.746462 0.802949 0.472279 

F-score 0.279138 0.346026 0.381833 0.242106 0.461213 

MCC -0.10273 0.020643 0.014704 -0.09943 0.314714 

 

TABLE VI. Evaluation of type I and type II measures on proposed and conventional image segmentation methods  for test case 5 

Measures  GS[28] SLGS[29] FES[30] GFES[31] AGFES 

Accuracy 0.506415 0.490488 0.39495 0.557842 0.789985 

Sensitivity 0.596347 0.560997 0.781393 0.480195 0.486185 

Specificity 0.474812 0.46571 0.259145 0.585129 0.896746 

Precision 0.285222 0.269533 0.27042 0.289144 0.623312 

FPR 0.525188 0.53429 0.740855 0.414871 0.103254 

FNR 0.403653 0.439003 0.218607 0.519805 0.513815 

NPV 0.474812 0.46571 0.259145 0.585129 0.896746 

FDR 0.714778 0.730467 0.72958 0.710856 0.376688 

F-score 0.385883 0.364122 0.40179 0.360948 0.546275 

MCC 0.062668 0.023511 0.041144 0.05785 0.417737 

 

TABLE VII. Evaluation of Type I And Type II Measures On Proposed And Conventional Image Segmentation Methods  For Test Case 6 

Measures  GS[28] SLGS[29] FES[30] GFES[31] AGFES 

Accuracy 0.499027 0.487738 0.334531 0.543365 0.811854 

Sensitivity 0.566468 0.516515 0.78154 0.462056 0.505042 

Specificity 0.477649 0.478617 0.192837 0.569139 0.909108 

Precision 0.255816 0.238978 0.234842 0.253694 0.637853 

FPR 0.522351 0.521383 0.807163 0.430861 0.090892 

FNR 0.433532 0.483485 0.21846 0.537944 0.494958 

NPV 0.477649 0.478617 0.192837 0.569139 0.909108 

FDR 0.744184 0.761022 0.765158 0.746306 0.362147 

F-score 0.352462 0.326769 0.361161 0.327547 0.563731 

MCC 0.037803 -0.00417 -0.02744 0.026877 0.450791 
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TABLE VIII. EVALUATION OF TYPE I AND TYPE II MEASURES ON PROPOSED AND CONVENTIONAL IMAGE SEGMENTATION METHODS  FOR TEST CASE 7 

Measures  GS[28] SLGS[29] FES[30] GFES[31] AGFES 

Accuracy 0.526612 0.473927 0.407542 0.566677 0.77735 

Sensitivity 0.534782 0.474949 0.786087 0.437532 0.462477 

Specificity 0.522963 0.47347 0.238518 0.624341 0.917944 

Precision 0.333582 0.287124 0.315508 0.342128 0.715633 

FPR 0.477037 0.52653 0.761482 0.375659 0.082056 

FNR 0.465218 0.525051 0.213913 0.562468 0.537523 

NPV 0.522963 0.47347 0.238518 0.624341 0.917944 

FDR 0.666418 0.712876 0.684492 0.657872 0.284367 

F-score 0.410873 0.35789 0.450287 0.383993 0.561855 

MCC 0.053354 -0.04767 0.026972 0.058475 0.439763 

 

 

STATISTICAL ANALYSIS 

The statistical analysis for the implemented AGFES-based 

image segmentation is given by Fig. 3. From Fig. 3(a), the 

accuracy of proposed AGFES method in terms of best 

performance is 32.9% better than GS, 39% better than SLGS, 

29.2% better than FES and 20.7% better than GFES 

techniques. Similarly, from Fig. 3(b), the sensitivity of the 

implemented method regarding best performance is 14.3% 

superior to GS, 11.4% superior to SLGS, 97.1% superior to 

FES and 14.2% superior to GFES techniques. On considering 

the mean in Fig. 3(c), the specificity of the proposed method is 

44.4% better than GS, 45.6% better than SLGS, 66.7% better 

than FES and 33.3% better than GFES techniques. Moreover, 

from Fig. 3(d), the precision of the proposed method regarding 

mean is 53.8% superior to GS, 56.9% superior to SLGS, 

55.3% superior to FES and 55.3% superior to GFES 

techniques. Similarly, from Fig. 3(e), the FPR of the 

implemented method in terms of median is 90% superior to 

GS, 90% superior to SLGS, 92.8% superior to FES and 70% 

superior to GFES techniques. On considering the performance 

of mean in Fig. 3(f), the FNR of proposed method is 18.1% 

better than GS, 10% better than SLGS, 54.5% better than FES 

and 10% better than GFES techniques. Moreover, from Fig. 3 

(g), NPV of the proposed method in terms of median is 55.5% 

superior to GS, 55.5% superior to SLGS, 66.6% superior to 

FES and 35.6% superior to GFES techniques. Also, from Fig. 

3(h), FDR of the proposed method in terms of standard 

deviation is 75% better than GS, 90% better than SLGS, 85% 

better than FES and 50% better than GFES techniques. 

Moreover, from Fig. 3 (i), F-score of the proposed method in 

terms of mean is 25% superior to GS, 50% superior to SLGS, 

16.6% superior to FES and 25% superior to GFES techniques. 

Also from Fig. 3(j), MCC of the proposed AGFES method in 

terms of best performance is 62% better than GS, 90% better 

than SLGS, 50% better than FES and 60% better than GFES 

techniques Thus the capability of the implemented AGFES for 

image segmentation is validated.  
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(i) (j) 

Figure 3: Statistical analysis of proposed and conventional image segmentation techniques (a) Accuracy (b) Sensitivity  

(c) Speificity (d) Precision (e) FPR (f) FNR (g) NPV (h) FDR (i) F1-Score (j) MCC 

 

CONCLUSION 

This paper has presented AGFES technique which has solved 

the problem in segmenting the images accurately by using 

traditional active contour models that are solved by a novel 

active contour model based on modified symmetric cross 

entropy. The process was further followed by a Graph cut 

technique and a Fuzzy entropy based optimization was applied 

that had brought out the enhanced low-intensity and high-

intensity images. Moreover, the extensive experiments were 

performed on a large number of images, and the results have 

demonstrated that the proposed method in terms of accuracy 

was 39.6% better than GS, 40.8% better than SLGS, 59.3% 

better than FES and 33.4% better than GFES techniques. 

Similarly, the implemented method in terms of sensitivity was 

10.8% superior to GS, 0.98% superior to SLGS, 54.4% 

superior to FES and 8.9% superior to GFES techniques. On 

considering specificity, the proposed method was 47.5% better 

than GS, 47.4% better than SLGS, 79.1% better than FES and 

37.4% better than GFES techniques. Moreover, the proposed 

method in terms of precision was 60% superior to GS, 62.5% 

superior to SLGS, 63.3% superior to FES and 60.8% superior 

to GFES techniques. Thus the capability of the implemented 

AGFES technique for segmenting the images was 

demonstrated successfully.  

This paper has achieved encouraging image segmentation 

result using FEM with Non-Linear Programming. In future, 

more advanced optimization algorithm can be used for 

maximizing the entropy in FEM technique to improve the 

segmentation accuracy. 
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