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Abstract 

Image segmentation plays an important role in image analysis and computer vision system. Among all segmentation techniques, 
the automatic thresholding methods are widely used because of their advantages of simple implement and time saving. An 
automatic parameter selection for fuzzy entropic optimal threshold to enhance the stumpy foreground objects in the images based 
on a fuzziness measure is presented in this paper. This work is improvement of an existing method. Using fuzzy logic, the 
problems involved in finding the minimum of a criterion function are avoided. Similarity between gray levels is the key to find 
optimal threshold to initialize the regions of gray levels which are located at the boundaries of the ROI and after that by using an 
index of fuzziness a similarity process is started to find the thresholding point. First, the automatic fuzzy parameters for optimal 
threshold are selected. Second, the ROI is used instead of the whole image, so any irregularity outside the ROI will have no 
influence on estimating the threshold. Third, it provides a mechanism to handle cost differences of different types of 
classification error in response to practical requirements. Fourth, is by appropriately specifying the lower a upper bounds of the 
background proportion within the constrained gray level range. The proposed method yields substantially more robust and more 
reliable segmentation. 

 

Index Terms─ ROI, fuzzy measure, fuzzy-entropy and constrained range. 

 

 

1. Introduction 
 

Image segmentation is one of the basic techniques of image processing and computer vision. It is a key step 
for image analysis, comprehension and description. Among all the segmentation techniques, thresholding 
segmentation method is the most popular algorithm and is widely used in the image segmentation field. The basic 
idea of automatic thresholding is to automatically select an optimal or several optimal gray-level threshold values 
for separating objects of interest in an image from the background based on their gray-level distribution. Threshold 
is one of the oldest, simplest and most popular techniques used in image processing for generating random variables 
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for image segmentation and classification. A simple method for automatic threshold is to detect the valley of the 
gray level histogram [1, 2].More often; the threshold is determined by optimizing some criteria from the histogram 
.One criterion are to minimize the error between the segmented and the observed images. This error can be 
characterized in different ways, hence resulting in different Thresholding methods. The Otsu Thresholding method 
[7] makes use of the Euclidean distance. Employee the cross entropy in [3] .The minimum error Thresholding 
method [8,9] minimize the Baye’s error they are also efforts to assess the error using the index of fuzziness [8]. 
Unified formulation of the Otsu method has been derived in [4], the cross entropy method [5].Another popular 
criterion is the maximum entropy principal, which was first applied in [6] to threshold selection. After that, it has 
been improved in many ways. Constrained the solution by maximizing the region homogeneity and the object 
boundary are in [8]. The optimum threshold by jointly maximizing the class uncertainty and the region homogeneity 
is derived [10]. Fuzzy rules to derive the fuzzy –entropy Thresholding methods applied in [11]. The spatial 
information of the image data is useful for object interaction and it has been utilized to guide the threshold selection. 
The spatial information in the co-occurrence matrix encoded is in [12]. Other popular measures to characterize the 
spatial information include homogeneity, gradient and mean valve. 
 
 To handle multimode distributed noise and small objects by trying to find the gray level distribution of the 
background as well as the object proposed in [13]. As pointed out in [14], no procedure can effectively separate the 
object from the background without some prior knowledge of their relationship and properties. A natural way to 
incorporate knowledge is through supervision which is more general than training. 
 
 
2. Two -level threshold method 

 
 This method addresses  the problem of  two–level Thresholding which can be observed  as a mapping from  
features to class labs Without losing    information ,  we  consider image  f(x)  having L gray levels  r0<.r1<……<rL—

1,  where f (x)is the gray level at the position  x. Let  the class  labels  be denoted as  CoCb,  which  represents  the 
classes of  object  and back ground, respectively .this is assumed that any object has higher intensity values than 
background, based on this the Thresholding   operation is defined as follows 
 
                                   IF (Ф(x)> θ) 

                                     Cx= CO 

                                  Else 

                                     Cx= Cb 

 where Cx  is the label  at position xθ is  the threshold , and θ(x) is  the decision  function  In this  
method , we  aim to develop a simple yet robust  Thresholding  method  and the  decision is purely based  on the 
intensity  information that is , θ (x) = f( x) .Then, intensity level ri Thus , we arrive at  the simplified  Thresholding  
operation. 
 
                                        If (ri> θ) 

Cri = Co 

Else 

Cri= Cb 

To assess the performance of a Thresholding method, we can identify two types of errors. The   Type1 is 
the false negative (FN) E1, which classifies the object element of class Cb. Type2 is the false positive (FP) error E2, 
which labels the back ground element as class Co. Let Po, Pb, be the prior probability density be ρ(s \ Ck),kЄ{b,O}  
and   k  be the decision  region element which belongs to class Ck. Then type1 error can be expressed as    

 
               Є1 = Po ∫ P(s\co) ds 

   Similarly, Type2 error is  

              Є2   = Pb ∫ P(s\cb) ds 
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An ideal threshold would minimize both types of classification errors the minimum error threshold minimizes the 
Bayes   error (Є 1 + Є 2).  In real  applications, the costs of the  two classification  error are often  different .For 
example to apply a Thresholding  method to separating texture image from  background, the FN error is  usually not 
easy to be detected and  corrected  by subsequent  processes, and always stands to result in  negative bias upon 
image  data volume  measurement . On the other hand, the impact of the FP error on image data volume 
measurement could be decreased by subsequent   processes if this error is in a reasonable range. Therefore, here a 
more reasonable new threshold is derived. That is either to minimize Є2 with constraint on   Є1 

 
                       θN-P =minθ {Є2\C1 =ά} 

Where ά is the tolerable upper bound of E1, or to minimize E1 with constraint on E2, depending on which cost 
of classification error is higher. Finally, the threshold is determined by minimizing the classification error within the 
frequency range of background. 
 

 

3. Fuzzy method 

 The method incorporates fuzzy concepts that are more able to deal with object edges ambiguity and avoids 
the problems involved in finding the minimum of a function. However, it has some limitations concerning the 
initialization of the seed subsets. To achieve an automatic process these limitations must be overcome. The purpose 
is to split the image into two crisp subsets by, object subset O and background subset B, using the measure of 
fuzziness previously defined. The gray levels in each of these initial intervals have the intuitive property of 
belonging with certainty to the final subsets object or background. These initial fuzzy subsets, W and B are modeled 
by the membership function, S. The parameters of the S function are variable to adjust it shape as a function of the 
set of elements. These subsets area seed for starting the similarity measure process to obtain the segmented version 
of the gray level image. After that we have to classify each gray level of the fuzzy region as being object or 
background. Since the method is based on measures of index of fuzziness, these measures need to be normalized by 
first computing the index of fuzziness of the seed subsets and calculating a normalization factor according to  

                    
                            R=W/B 
 
Where W, B are object and background subsets. This normalization operation ensures that both initial subsets 

have identical index of fuzziness at the beginning of the process. It is a necessary condition, since the method is 
based in the calculation of similarity between gray levels. 

3.1 Fuzzy set theory 

Fuzzy set theory assigns a membership degree to every element among the universe of finite and not empty 
discourse according to their potential to fit in some class. The membership degree can be expressed by a 
mathematical function µA(x) that assigns, to each element in the set, a membership degree between 0 and 1.Let be 
the universe of finite and not empty discourse and xi  an element of .A fuzzy set A in X is defined as  

                     

The S –function is used for modeling the membership degrees. This type of function is suitable to represent the 
set of bright pixels and is defined as   µAS(x) = S( x; a, b, c) 

 

Where b= (1/2)(a + c) 
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The S–function can be controlled through parameters a and c. Parameter b is called the cross over point 
where µAS(x)=0.5.The higher the gray level of a pixel (closer to white), the higher membership value and vice versa. 
The S-function is used to represent the dark pixels and is defined by an expression obtained from S-function as 
follows: 

 

                   

3.2 Measures of Fuzziness 

A reasonable approach to estimate the average ambiguity in fuzzy sets is measuring its fuzziness. The fuzziness of 
a crisp set should be zero, as there is no ambiguity regarding whether an element belongs to this or not. For all 
µAS(x) =0.5 the set is maximally ambiguous and its fuzziness should be maximum. Degrees of membership near 0 or 
1 indicate lower fuzziness, as the ambiguity decreases. A fuzzy set A* is called crispest of A if the following 
conditions are satisfied. 

 
 
This index is calculated by measuring the normalized distance between A and A* defined as 

              

Where n is the number of elements in A, kє1,∞]. If K=1 or 2, the index of fuzziness is called linear or quadratic 
such an index reflects the ambiguity in a set of elements. If a fuzzy set shows low index of fuzziness the there exists 
a low ambiguity among elements. 
 

4. Proposed system 

For the implementation of the fuzzy thresholding algorithm on the basis of the concept of similarity between gray 
levels, here some assumptions are made 

 
i) There exists a significant contrast between the objects and background; 
ii) The gray level is the universe of discourse, a one-dimensional set, denoted by X. 
The parameters of the fuzzy membership function are calculated with the following formulas: 
 

A=2*b-c 

Where b and c are 

b ��Xi
�

��	
Hi�F/M			 

                        c=b+max (abs (b-xmax), abs (b-xmin)) 

Where Xmax and Xmin are the maximum and minimum gray values of mask and Hi (F) is the frequency of 
occurrence of Xi. 
 
Let Ab/Ao be the fuzzy sets of fuzzy events, background/object, (which denotes a fuzzy partition of the set 
{ rlow,rhigh},) with the membership function µAb/µAo, respectively. Probability of fuzzy events are defined by  
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Where AiЄ {A b,Ao}, and the entropy with this fuzzy partition can be calculated as  
 

 

Let rlow<=a<c<=rhigh. The membership function can be defined as follows: 

 
 

The optimum parameters a andc are chosen to maximize the entropy S.   

 
5. Experimental results 

The performance of the approach has been tested images with severe intensity in homogeneity, noise and complexity 
and with low contrast. The two-level method produced good result and failed to keep all important features in the 
image and high sensitive to noise. The fuzzy method has been produced different out puts based on the parameter 
values. It is good for noise and low contrast images but selection of correct parameters is difficult. The proposed 
method has been produced better results for noise and low contrast images. The table of values and graph shows that 
proposed method has been given better results for different types of noise images. From g1 to g5 are Gaussian noise 
images with 5% t0 25%, st1 to st5 shows 5% to 25% of standard deviation noise images and spk1 to spk5 images show 
5% to 25% of speckle noise. All the resultant images are not shown in the paper but only table of values and graph has 
been shown. Compared with conventional thresholding methods, the proposed approach is substantially more robust 
and more reliable. This method is computationally efficient and it can be applied to ample class of computer vision 
problems, such as character recognition, fingerprint identification, and segmentation of sample variety of complex 
medical images.  

 
 

 

Fig1.Crow             Histogram               Two level 

 

a=20, c=90             a=25, c=170       a=125, c=140 
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a= 75,c=120          a=10 , c=220      Proposed 

 

Fig2.forestl            Histogram             Two level 

 

a=20,  c=90           a=25, c=170        a=125, c=140 

 

a= 75,c=120        a=10 , c=220            Proposed 

 

 

Fig3.cameraman     Histogram        Two level 

 

a=20,  c=90         a=25, c=170       a=125, c=190 
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a= 75,c=120         a=10 , c=220          Proposed 

 

 

Table 1 

 

 

Graph 1 
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