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Abstract—Most of the edge detection methods available in literature are gradient based, which 

further apply thresholding, to find the final edge map in an image. In this paper, we propose a 

novel method that is based on fuzzy logic for edge detection in gray images without using the 

gradient and thresholding. Fuzzy logic is a mathematical logic that attempts to solve problems 

by assigning values to an imprecise spectrum of data in order to arrive at the most accurate 

conclusion possible. Here, the fuzzy logic is used to conclude whether a pixel is an edge pixel 

or not. The proposed technique begins by fuzzifying the gray values of a pixel into two fuzzy 

variables, namely the black and the white. Fuzzy rules are defined to find the edge pixels in the 

fuzzified image. The resultant edge map may contain some extraneous edges, which are 

further removed from the edge map by separately examining the intermediate intensity range 

pixels. Finally, the edge map is improved by finding some left out edge pixels by defining a new 

membership function for the pixels that have their entire 8-neighbourhood pixels classified as 

white. We have compared our proposed method with some of the existing standard edge 

detector operators that are available in the literature on image processing. The quantitative 

analysis of the proposed method is given in terms of entropy value.   
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1. INTRODUCTION 

Edge detection plays a vital role in many of the applications of image processing such as pat-

tern recognition and image segmentation. Edges correspond to sharp variations of image intensi-

ty and convey vital information in an image. Edges are formed from pixels with derivative values 

that exceed a pre-set threshold [1]. Edge detection not only extracts the edges of the interested 

objects from an image, but it also forms the basis for image fusion, shape extraction, image 

matching, image tracking, etc. 

Normally, the edge detection methods use the gradient of images and arithmetic operators. 

The most popular edge detection methods, such as Sobel, Prewitt, Roberts, [1] etc. detect edges 

using a first-order derivative of intensity since they consider edges to be a set of pixels where 

there is an abrupt change in the intensity of the gray level. However, the Canny edge detector [2] 

searches for the partial maximum value of the image gradient. The gradient is counted by the 

derivative of the Gauss filter. The Canny operator uses two thresholds to detect strong edges and 

weak edges, respectively. These edge detection methods do not consider the neighborhood of 

the pixel, while in our proposed method the neighborhood plays an important role in edge de-
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tection. These classical operators [1-2] work well in circumstances where the area of the image 

that is being studied is of a high contrast. These edge detection techniques have fixed results or 

some parameters like a threshold for finding good results. On the other hand, fuzzy logic em-

ploys simple if-then rules, which do not require any thresholding or complex gradient based 

calculations. Thus, an edge detection method that is based on fuzzy logic is being proposed in 

this paper. 

The theory of fuzzy sets was first introduced by Zadeh [3], and has been successfully applied 

to many image processing and pattern recognition problems.   

Many edge detection techniques that are based on fuzzy sets and rules have been proposed. 

For instance, Pal et al.[4] proposed a fuzzy edge detection method for X-ray images. Zhang et 
al.[5] proposed a fuzzy edge detection method, which overcame the drawbacks of the Pal et al. 
[5] method, by using a new enhancement operator that was based on the Guassian function. Law 

et al. [6]used fuzzy reasoning for edge detection. This included three stages: filtering, detection, 

and tracing. Alshennawy et al. [7] proposed a fuzzy inference system for finding the edge maps 

of simple binary images without using the complex derivatives and thresholding, but the method 

only works well for simple black and white images and not for complex images. Begol et al. [8] 

improved this drawback by considering each pixel to be a fuzzy input and by examining fuzzy 

rules in its vicinity, the edge pixel is specified more clearly as compared to Alshennawy et al. [7]. 

Kiranpreet Kaur et al. [9] proposed a similar fuzzy logic based image edge detection algorithm 

that had a 2×2 window instead of the 3×3 window used in Alshennawy et al. [7]. The drawback 

of this method is the need to process the output again for better results.  

Another excellent work proposed by Liang et al. [10] defines a competitive fuzzy edge detector 

by using fuzzification for classification and then competitive rules are applied to find the edges. 

This method gives significant results but requires users to set the edge sensitivity level.  

There are other edge detection methods that use a hybrid of fuzzy technique with other tech-

niques like neural networks, arithmetic operators, etc. For instance, Wang et al. [11] proposed an 

edge detection method, which is a hybrid of fuzzy technique and neural networks. This gives 

better results than using individual methods. Another Fuzzy edge detection method that was 

proposed bySinaie et al. [12] is a hybrid edge detection method that is based on fuzzy sets and 

cellular learning automata (CLA). It uses fuzzy sets to find edges and CLA to enhance the edges, 

and hence, is a bit time-consuming. Tizhoosh, H.R. [13] proposed fast fuzzy edge detectors 

based on heuristic membership functions, simple fuzzy rules, and complement are simple to 

implement and are fast to compute. These methods give rough edge maps, which are useful in 

some cases where results are urgently required. 

There are some other methods that also use a combination of fuzzy rules and evolutionary 

techniques. For instance, C.Naga Raju et al. [14] proposed a fuzzy logic based ant colony system 

that is used for image classification and analysis. It requires extensive computation and does not 

produce good results for images that contain small and overlapped objects. Khalid et al.[15] 

combine the fuzzy heuristic edge detection technique with the particle swarm optimization algo-

rithm. Another excellent approach for edge detection that uses a combination of the bacterial 

foraging algorithm (BFA) and the probabilistic derivative technique, which is derived from the 

ant colony system, is presented by O.P. Verma et al. [16]. 

In this paper, we modified Alshennawy et al. [7] to get better results for simple, as well as for 

the complex, gray scale images. In Alshennawy et al. [7], there is a fuzzy technique for edge 

detection, which only works well for simple black and white images and gives poor results for 
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complex images. Here, we used the previously defined rules along with newly defined fuzzy 

rules and modified the membership function. When applied to simple and complex images, this 

gives improved results, as compared to the Alshennawy et al. [7] method. The two extra rules are 

also defined to encounter the noise problem.  

Our proposed edge detection method uses the defined fuzzy rules to find the candidate edge 

pixels, by applying the rules to each pixel along with its 8-neighbourhood. Before applying the 

rules, each pixel is categorized into a “white” and “black” pixel using the triangular membership 

function.  

This paper is organized as follows: Section 2 explains our proposed edge detection method. 

Section 3 describes the algorithm and pseudo-code for the proposed method. Section 4 com-

pares the results of the proposed method with the sobel operator and the method proposed in 

[7] for some standard images. The conclusions are presented in Section 5. 

 

 

2. THE PROPOSED FUZZY EDGE DETECTION METHOD 

There are a lot of ways to detect edges using fuzzy image processing. But the simplest way is 

to fuzzify the image. This involves finding the membership value of each pixel for a particular set 

and then applying the defined rules to the fuzzified image to find the edge map. 

 

2.1 Fuzzification 

If the information in a database is inexact, incomplete, or not entirely certain, then the system-

atic use of fuzzy logic becomes practically indispensable. In many image processing applications, 

the image information that is to be processed, is uncertain and imprecise. In the proposed ap-

proach, the question of whether a pixel is darker or brighter comes under the realm of fuzzifica-

tion. The darker pixels are placed in the black class, whereas, the brighter ones are put in the 

white class. In order to fuzzify the image, the membership of each pixel is found by using the 

triangular membership function shown in Fig. 1. The membership function of an element de-

fines the degree to which that element belongs to the fuzzy set. The value of the membership 

function always lies between [0…1].  

The image pixels are fuzzified into two sets, viz. the black and the white, by using the Triangu-

lar membership function. 

Membership for the black fuzzy set is defined as: 

 

0 0

( ) 255
0 255

255

black

x

x x
x

 
 

   
  

 

                     (1) 

 

Here, x is the intensity of a pixel. 

After calculating µblack(x) and µwhite(x), the membership value of both the sets is compared and 

the pixel is assigned the fuzzy variable whose membership value is high. The example of the fuzzi-

fication step for a 3×3 window is shown in Fig 2. Fig. 2(a) represents the intensity values of the 

pixels in a 3×3 window. Fig. 2(b) represents the maximum of the µblack(x) and µwhite(x) where x 

represents the intensity value of that pixel and finally, Fig. 2(c) represents the fuzzy set whose  
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Fig. 1. Triangular membership function 

 

 
Fig. 2. Fuzzification step of the proposed edge detection method (a) The intensity value of pixels in an 

image (b) The final membership of each pixel =max(μblack,μwhite) (c) The final fuzzy variable 

assigned to each pixel. 

 

membership value is shown in Fig. 2(b). 

Membership for the white fuzzy set is defined as: 
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2.2 Fuzzy Rules 

Human beings make decisions based on rules. The decision and the means of choosing that 

decision are replaced by fuzzy sets and the rules are replaced by fuzzy rules. A fuzzy rule is de-

fined as a conditional statement in the form of: 

 

IF x is A 

THEN y is B 

 

Where x and y are linguistic variables, A and B are linguistic values that are determined by 

fuzzy sets on the universe of the discourse X and Y, respectively. The fuzzy rules used in the 

proposed edge detection approach take into account the linguistic values of the 8-neighborhood 

of the pixel that is under consideration. Here, the linguistic values can be white or black. 

The fuzzy rule is a control system that is used to infer decisions from a knowledge base. The 

knowledge base to infer the edge pixel in an image is the pixel with its 8-neighborhood. The 

decision whether each pixel is an edge pixel or not is made by using the fuzzy rules that are 

applied to the 8-neighborhood. The pixels in the 8-neighborhood of a pixel may be black or 

μblack 

 

μwhite 
black white 

 0 250 

Intensity 
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white Let I be the fuzzified image and I(i,j) represent the fuzzy value assigned to the pixel (i,j), 

where i & j represent the coordinates of the decision pixel. 

The coordinates of decision pixel’s 8-neighborhood are defined as show in Fig.3. 

 

 
Fig. 3. The 8-neighbourhood of pixel (i, j) 

 

On the basis of the number of white and black pixels in the neighborhood of decision pixel, a 

total of 30 rules are classified into 5 subclasses as follows:  

 

Class 1: Rules with 3 black & 5 white pixels in neighbourhood shown in figure 4(a) 

 

Rule 1: If I (i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j-1)  AND I(i,j+1) are white and  

I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 

Rule 2: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1) are black and I(i,j-1)  AND I(i,j+1)  AND I(i+1,j-

1)  AND I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

Rule 3: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1) are black and I(i,j-1)  AND I(i,j+1)  AND I(i+1,j-

1)  AND I(i+1,j)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 

Rule 4: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1) are black and  I(i-1,j)  AND I(i-1,j+1)  AND 

I(i,j+1)  AND I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

 

 
Fig. 4(a). Fuzzy Rules (Class 1 rules) 

 

Class 2: Rules with 4 black & 4 white pixels in the neighborhood shown in Figure 4(b) 

 

Rule 5: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i+1,j) are white and  I(i-1,j)  AND I(i-

1,j+1)  AND I(i,j+1)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 

Rule 6: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i-1,j) are white and   I(i-1,j+1)  AND 

I(i,j+1)  AND I(i+1,j)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 

Rule 7: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i-1,j) are black and   I(i-1,j+1)  AND 

I(i,j+1)  AND I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 
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Rule 8: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i+1,j) are black and  I(i-1,j)  AND I(i-

1,j+1)  AND I(i,j+1)  AND I(i+1,j+1) are white then (i,j) is edge pixel 

Rule 9: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j+1) are white and  I(i,j-1)  AND 

I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 

Rule 10: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j-1) are white and  I(i,j+1)  AND 

I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 

Rule 11: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j+1) are black and  I(i,j-1)  AND 

I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

Rule 12: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j-1) are black and  I(i,j+1)  AND 

I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

 

 
Fig. 4(b). Fuzzy Rules (Class 2 rules) 

 

Class 3: Rules with 5 black & 3 white pixels in the neighborhood shown in Figure 4(c) 

 

Rule 13: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i-1,j)  AND I(i+1,j) are black and  I(i-

1,j+1)  AND I(i,j+1)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

Rule 14: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1) are white and  I(i,j-1)  AND I(i+1,j-1)  AND 

I(i+1,j)  AND I(i+1,j+1)  AND I(i,j+1)  are black then (i,j) is the edge pixel 

Rule 15: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1) are white and  I(i-1,j)  AND I(i-1,j+1)  AND 

I(i,j+1)  AND I(i+1,j+1)  AND I( i+1,j) are black then (i,j) is the edge pixel 

Rule 16: If I(i,j-1)  AND I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j+1) are black and  

I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

Rule 17: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j-1)  AND I(i+1,j-1) are black and  

I(i,j+1)  AND I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

Rule 18: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1) are black and  

I(i-1,j)  AND I(i-1,j+1)  AND I(i,j+1) are white then (i,j) is the edge pixel 
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Rule 19: If I(i-1,j-1)  AND I(i-1,j)  AND I(i,j-1) are white and  I(i,j+1)  AND I(i+1,j-1)  AND 

I(i+1,j)  AND I(i+1,j+1)  AND I(i-1,j+1)  are black then (i,j) is the edge pixel 

Rule 20: If I(i,j-1)  AND I(i+1,j-1)  AND I(i+1,j) are white and  I(i-1,j-1)  AND I(i-1,j)  AND I(i-

1,j+1)  AND I(i,j+1)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 
 

 
Fig. 4(c). Fuzzy Rule (Class 3 rules) 

 

Class 4: Rules with 6 black & 2 white pixels in the neighborhood shown in Figure 4(d) 

 

Rule 21: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1)  AND I(i,j+1)  

are black and  I(i-1,j)  AND I(i-1,j+1) are white then (i,j) is the edge pixel 

Rule 22: If I(i-1,j-1)  AND I(i,j-1) are white and  I(i-1,j)  AND I(i,j+1)  AND I(i+1,j-1)  AND 

I(i+1,j)  AND I(i+1,j+1)  AND I(i-1,j+1)  are black then (i,j) is the edge pixel 

Rule 23: If I(i,j-1)  AND I(i+1,j-1) are white and  I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND 

I(i,j+1)  AND I(i+1,j+1)  AND I( i+1,j) are black then (i,j) is the edge pixel 

Rule 24: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j-1)  AND I(i+1,j)   AND I(i+1,j-1) 

are black and  I(i,j+1)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 

Rule 25: If I(i-1,j-1)  AND I(i,j-1)  AND I(i+1,j-1)  AND I(i+1,j)  AND I(i+1,j+1)  AND I(i,j+1) 

are black and  I(i-1,j)  AND I(i-1,j+1) are white then (i,j) is the edge pixel 

Rule 26: If I(i-1,j-1)  AND I(i-1,j) are white and  I(i,j+1)  AND I(i,j-1)  AND I(i+1,j-1)  AND 

I(i+1,j)  AND I(i+1,j+1)  AND I(i-1,j+1)  are black then (i,j) is the edge pixel 

Rule 27: If I(i+1,j-1)  AND I(i+1,j) are white and  I(i-1,j-1)  AND I(i-1,j)  AND I(i,j-1)  AND I(i-

1,j+1)  AND I(i,j+1)  AND I(i+1,j+1) are black then (i,j) is the edge pixel 

Rule 28: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j-1)  AND I(i+1,j-1) are black and  

I(i+1,j)  AND I(i+1,j+1) are white then (i,j) is the edge pixel 
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Fig. 4(d). Fuzzy Rule (Class 4 rules) 

 

Class 5: Rules with all of the black and all white pixels in the neighborhood (to remove noise) 

shown in Figure 4(e) 

 

Rule 29: If I(i,j-1)  AND I(i+1,j-1)  AND I(i-1,j-1)  AND I(i,j+1)  AND I(i-1,j)  AND I(i-1,j+1)  

AND I(i,j+1)  AND I(i+1,j+1)  AND I( i+1,j) are black then (i,j) is non edge pixel 

Rule 30: If I(i-1,j-1)  AND I(i-1,j)  AND I(i-1,j+1)  AND I(i,j-1)  AND I(i+1,j)   AND I(i+1,j-1)  

AND  I(i,j+1)  AND I(i+1,j+1) are white then (i,j) is the non edge pixel 

 

 
Fig. 4(e). Fuzzy Rule (Class 5 rules) 

 

2.3 False Edge Removal 

In our proposed method some false edges also emerge out along with the true edges. The rea-

son for these false edges is explained as follows: there may be a case where there are six or 

more than six pixels having an intermediate range of intensity values in the 8-neighborhood of a 

pixel. Although the difference in the intensity of these pixels is very low, these pixels are still 

classified as being black or white because of the definition of membership functions, which gives 

rise to the false edges according to the defined fuzzy rules. Hence, to remove these false edges, 

we simply consider the pixel as being a non-edge pixel if six or more than six pixels in its neigh-

borhood are in the intermediate intensity range. The chosen intermediate range is [117...137]. 

This range has been figured out via the conducting of experiments and is providing the best re-

sults.  
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2.4 Edge Improvement 

Our proposed method is still not able to detect some of the edge pixels, due to the reasons 

listed below. 

 

1) The pixels with intensity above 128 are classified as white pixels. The pixels with an intensi-

ty approaching 128 are also white and pixels approaching 255 are also white. For example, if the 

intensities of the 8-neighborhood pixels are 129, 137,131,205,128,211,230, and 245 where the 

intensity difference is very high still, they are all considered to be white pixels. 

2) The pixels with intensity below 128 are classified as black pixels. The pixels with an intensi-

ty approaching 128 are also black and pixels approaching 0 are also black. For example, if the 

intensities of the 8-neighborhood pixels are 127, 97, 101, 5, 1, 11, 120, and124 where the intensi-

ty difference is very high still, they are all considered to be black pixels. 

 

In this situation, the edge pixels remain undetected by the defined approach. When the 8-

neighborhood of a pixel is satisfying any of the above conditions, a new membership function is 

defined and applied to determine the black and white membership for the pixel. 

For the black set, the membership function is given as: 
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( ) 255
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black
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x x
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 
 
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 
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                    (3) 

 

For the white set, the membership function is given as: 

 

0 141

( ) 141
141 250
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white

x

x x
x
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                    (4) 

 

We once again locate the fuzzy set to which the pixel belongs according to the new member-

ship function. The previously defined fuzzy rules are applied to find whether the pixel is an edge 

pixel or not. The improved results are shown Figures 6-11(f). 
 

 
Fig. 5. The membership function for the intensity range [141…250] 

 

μblack 

 

μwhite 
black white 

141 250 

intensity 
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3. THE ALGORITHM AND PSEUDOCODE 

3.1 The Algorithm 

The algorithm is comprised of the following steps: 

 

Step 1: Input the gray scale image of size m x n. 

Step 2: Scan the image pixel by pixel considering its 8-neighborhood. 

Step 3: Count the number of the pixels in the 8-neighborhood of the scanned pixel in the 

range of 117-137, as denoted by Nint (the number of pixels in the intermediate range) and the 

number of the pixels in the 8-neighborhood of the scanned pixel in the range of 141-250, as 

denoted by Nwhite (the number of pixels in the white range). 

Step 4: If Nint< 6, the scanned pixel is a non-edge and go to Step 2. 

Step 5: If Nwhite <8, find the membership of entire 8-neighboorhood pixel of the scanned 

pixel’s membership by steps (1) and (2) for the black and white fuzzy set. 

Step 6: Else, find the membership of the entire 8-neighboorhood pixel of the scanned pixel’s 

membership with Equation (3) and (4) for the black and white set. 

Step 7: Compare the black and white membership for each pixel and assign the fuzzy variable 

to the pixel whose membership is high. 

Step 8: Apply the fuzzy rules to find whether the pixel is an edge pixel or not. 

Step 9: If all of the pixels are not scanned, go to Step 2. 

Step 10: End.   

 

3.2 Pseudo-Code 

FuzzyEdge (Image Img) 
// m & n are dimensions of image Img 
For  i=1 to m; 
For  j=1 to  n; 
            For (x,y) in 8-Neighbourhood of  (x,y) 
                  If (Img(x,y) >= 117  AND Img(x,y) =< 137) 
 Nint = Nint + 1; 
        End 
Else If (Img(x,y) >= 140  AND Img(x,y) =<250) 

 Nwhite = Nwhite + 1; 
                  End 
            End for 
            If ( Nwhite == 8) 
                  For (x,y) in 8-neighbourhood of (i,j) 

Compute μblack(x,y) and μwhite(x,y) using Equation 1.3 and 1.4, respectively. 
  End for 
            Else 
                  For (x,y) in 8-neighbourhood of (i,j) 

Compute μblack(x,y) and μwhite(x,y) using Equation 1.1 and 1.2, re-
spectively. 

                  End for 
            End 
            If Nint >= 6, pixel is non-edge 
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                 Break; 
            Else 
                  Apply the fuzzy rules to find whether (i, j) is an edge pixel or not 
            End 
End for 
End for 

 
 

4. COMPARISON WITH OTHER TECHNIQUES 

We implemented our proposed method in MATLAB 9.7.0.471 and ran it on a Core 2 Duo, 2 

GHz processor with 1.96 GB RAM for detecting the edge map in gray scale images. No pre-

processing is required prior to the application of this algorithm.  

To demonstrate the efficiency of our proposed approach, we carried out computer experi-

ments on gray-level images. We selected a few standard images, which are “The Lena,” “Ba-

boon,” “Cameraman,” “Peppers,” and “PillSet.” The resolution of all the images was 8-bits per 

pixel. Along with the standard images, one of the simple test images used by A.Alshennawy[7] 

was also selected.We tested our proposed system with the above-mentioned images, and com-

pared its performance to that of the classical operators (Sobel, Canny) and our proposed method. 

The edge maps of the images using the Sobel operator and Canny operator were found using the 

image processing toolbox in Matlab. For the images in Figs. 6–11, the captions are as follows: (a) 

The original image, (b) The results of the Sobel Edge Detector, (c) The results of the Canny Edge 

Detector, (d) The results of the A.Alshennawy et al.[7] Edge Detector, (e) The results of the pro-

posed Edge Detector (f) The results with the modification mentioned in sections 2.3 and 2.4 in 

the proposed Edge Detector. 

 

   
                         (a)                        (b)                       (c) 

 

     
               (d)                         (e)                        (f) 

Fig. 6. (a) Lena image, the edge map of the Lena image by (b) the Sobel operator (c) the Canny operator 

(d) A Alshennawy et al.[7] the Edge Detector(e) Proposed approach (f) and the modification in the 

proposed approach 
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(a)                     (b)                    (c) 

 

   
(d)                     (e)             (f)  

Fig. 7. (a) The Peppers image, the edge map of the peppers image by (b) the Sobel operator (c) the 

Canny operator (d) A Alshennawy et al.[7] the Edge Detector(e) Proposed approach (f) and the 

modification in the proposed approach 

 

 

   
(a)                     (b)                    (c) 

 

   
(d)                       (e)             (f)  

Fig. 8. (a) Coins image, the edge map of the Coins image by (b) the Sobel operator (c) the Canny operator 

(d) A Alshennawy et al.[7] the Edge Detector(e) Proposed approach (f) and the modification in the 

proposed approach 
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(a)                    (b)                     (c) 

 

   
(d)                     (e)                      (f) 

Fig. 9. (a) Baboon image, the edge map of the Baboon image by(b) the Sobel operator (c) the Canny 

operator (d) A Alshennawy et al.[7] the Edge Detector(e) Proposed approach (f) and the 

modification in the proposed approach 

 

 

   
(a)                     (b)                     (c) 

 

   
(d)                     (e)                      (f) 

Fig. 10. (a) Cameraman image, the edge map of the Cameraman image by (b) the Sobel operator (c) the 

Canny operator (d) A Alshennawy et al.[7] the Edge Detector(e) Proposed approach (f) and the 

modification in the proposed approach 
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(a)                    (b)                      (c) 

  

 

   
(d)                     (e)                      (f) 

 

Fig. 11. (a) Test image, the edge map of the test image by (b) the Sobel operator (c) the Canny operator (d) 

A Alshennawy et al.[7] the Edge Detector(e) Proposed approach (f) and the modification in the 

proposed approach 

 

To evaluate the performance of the method, the Shannon entropy value was calculated for 

each of the images. Shannon’s entropy gives the indefiniteness in an image and is calculated as: 

 

 
 

Where I stands for an image whose entropy is to be measured, pi is the frequency of the occur-

rence pixel with intensity i, and L is the number of intensity levels in an image. 

Table 1 shows the entropy values for the various test images by applying several edge detec-

tors. The higher the value of the entropy, the higher the information content is. However, a very 

large entropy value reflects high noise content or double edges. The Canny edge detector pro-

duces double edges and therefore, the entropy values with this method are higher than those 

obtained with the proposed method for 3 out of 6 images. The higher entropy value with the 

proposed approach is due to the noise, but the proposed method gives significant results with-

out the use of derivatives and thresholding and is also computationally simple. However, the 

other edge detectors, namely Sobel and A.Alshennawy et al. [7] give very less edge information. 

Therefore, the entropy values that use these methods are less than those for our method. 
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Table 1. The entropy values of different edge detectors for multiple images 

Image Sobel Canny  A. Alshennawy et al.[7] Proposed 

Lena 0.6327 0.9730 0.3756 0.9629 

Peppers 0.4365 0.8596 0.1461 0.6506 

Coins 0.4821 0.9201 0.1239 0.7935 

Baboon 0.7866 1.4009 0.1434 1.5563 

Cameraman 0.4026 0.9245 0.5057 0.9551 

Test Image 0.3300 0.3258 0.3474 0.5278 

      

      

5. CONCLUSION 

This paper provides a new methodology to detect edges. It is quite simple as compared to 

other edge detection methodology that is available so far. With the addition of more rules, our 

proposed method has significantly improved edge detection, as compared to the technique pre-

sent in [7]. Our method not only detects edges in simple images but it also detects the edges in 

complex gray scale images. 

In order to obtain more edges, the modification that we have suggested is also helpful. The 

range of intensity that the membership is to be redefined to can be discovered via experimenta-

tion, so as to get the maximum edges. But while adding more edges, there are chances of end-

ing up with noise. Here, the intensity range [141…250] gives better results with more edges and 

lesser noise. This range has been discovered via the conducting of experiments. 

Our proposed method does not use any derivative or complex calculation and is robust in 

finding edges by the use of simple fuzzy rules. However, it did detect some false edges too. The 

designed fuzzy rules are an attractive solution for improving the quality of the edges, as much as 

possible. Clearly, our proposed method provides better edge detection results than the previous 

methods do for illustrated images in a relatively less amount of time. 
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