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ABSTRACT
Edge detection is performed to identify the edges contained in images for use in applications such as human
action recognition, etc. Gradient based edge detectors such as Sobel, Canny, Roberts and Prewitt detectors are
commonly used, while the soft computing based edge detection techniques are gaining popularity recently. This
paper presents a rough sets based edge detector. The proposed edge detector first computes the roughness value
of each pixel and then compares it with a threshold value to identify it as an edge pixel or not. Three standard
images (cameraman, peppers and walk-cycle) have been used to verify its performance. Output images from the
proposed, Canny, Sobel, Roberts and Prewitt, Fuzzy and the ANFIS edge detectors were compared in terms of
visual appearance, performance ratio, Entropy and Structural Similarity Index. The proposed edge detector has
been found to yield better results for all the standard images considered, based on the stated measures.
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I.

Introduction

A set of curved line segments of digital images, having oriented localized changes in pixel intensities
are called the edges. Edge detection is the process of extracting edges from digital images. It has
applications in image segmentation, image reconstruction, machine vision, human action recognition,
etc. [1]. Several edge detectors are found in literature and in practical use.
The edge detector classifies an edge to be true or false by comparing a simple measure (e.g. gradient)
of a pixel with certain threshold. It may be possible that some true edges being recognized incorrectly
as false edges and vice versa. Canny [2] used edge continuity as a norm for classifying the edges to
avoid using simple measures that usually lead to false classifications. He and Yung [3] proposed Edge
Likelihood Index (ELI) as a composite measure to improve the performance of Canny detector. The
ELI uses the curvature along with the gradient and length or continuity to distinguish the true and
false edges using an empirical threshold. Zhang et al. [4] proposed an improved Sobel detector and an
automatic thresholding algorithm based on this detector and the genetic algorithm (GA). Zhang and
Zhao [5] solved the positioning problems of Sobel detector by using a high-pass Butterworth filter.
Deng et al. [6] proposed an improved algorithm that handles the anti-noise ability and edge continuity
problems of Sobel detector. They further proposed a fusion approach using this improved algorithm,
wavelet transform, and Canny and Prewitt detectors keeping their respective advantages to get a near
ideal edge detection. More information on traditional edge detectors can be found in [7-9].
Edge detectors generally use a single resolution, which may lead to unsatisfactory results as the edges
of an image usually occur at multiple resolutions and represent transitions of multiple gradient levels.
Siddique and Barner [10] proposed a multi-resolution, multi-rate wavelet decomposition based edge
detection method to address this issue. Chen and Acton [11] proposed a multi-resolution edge detector
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based on morphological pyramid (MP) structure, created by successive morphological filtering and
sub-sampling of the original image. The boundaries detected at coarse scale representations of MP are
used to identify the discontinuities at higher resolutions. Niya and Aghagolzadeh [12] proposed a
wavelet decomposition based edge detector. This detector classifies the image pixels as candidate
edge points by double thresholding using extended Otsu's thresholding method, followed by applying
a directional wavelet-based edge detector to classify candidate edge points as edge or non-edge points.
Heric and Zazula [13] proposed an adaptive version of the directional wavelet-based edge detector.
Deng and Iyengar [14] proposed a probabilistic relaxation labelling scheme, consisting of a nonlinear
update function derived from Markov random field theory and Bayes formula and a dictionary
construction method. In another attempt, Uemura et al. [15] proposed a boundary code based method,
defined using edge formation of pixels derived from the homogeneity of 4 neighbourhoods (right, up,
left and down) by an interest pixel.
Soft computing tools such as Fuzzy Logic, Artificial Neural Network (ANN), Ant Colony Algorithm,
etc. have gained popularity among the researchers. The fuzzy logic appears to have contributed a large
number of edge detection algorithms among them. Cheung and Chan [16] proposed the fuzzy onemean derivative filter (FOM-DF), obtained by modifying the fuzzy one-mean (FOM) algorithm, as
one of the earliest works using fuzzy logic. The output of FOM-DFs is a convex combination of input
samples. This prevents the occurrence of overflow and ensures the robustness of edge detection in
noisy images containing a mixture of white Gaussian noise and outliers. A fuzzy Sobel method based
on Sugeno-type fuzzy reasoning strategy [17], modified fuzzy Sobel detector [18], fuzzy reasoning
based edge detector for noisy images [19], multiple thresholding based on fuzzy 3-partition approach
[20], competitive fuzzy edge detector [21], heuristic edge detector using fuzzy rule-based classifier
[22], pixel’s gradient and standard deviation values based fuzzy edge detector [23], improved fuzzy
edge detectors [24-25], etc. are some of the other detectors based on fuzzy logic. The ANN based
detectors [26-27], combined ANN and fuzzy logic based edge detection and enhancement [28-30], an
adaptive neuro-fuzzy inference system (ANFIS) based edge detector [31] and ant colony algorithms
based approach [32] have also been reported. For more information on the soft computing techniques
based edge detectors, the interested reader is directed elsewhere [33-34].
The foregoing discussions reveal the nature of ongoing research on edge detectors and enhancements
applied to them through different approaches wherein the soft computing tools are found to play a
major role. Detection of false edges as true edges and vice versa is still a prevalent problem, while
thresholding poses another important problem. A rough sets based edge detector is proposed in this
paper with the presumption that it may yield better results than the fuzzy sets as rough sets express
imprecision by a boundary region calculated using upper and lower approximation of the sets rather
than partial membership functions used in fuzzy sets. The performance of proposed edge detector is
compared with existing edge detectors, viz. Roberts, Prewitt, Sobel, Fuzzy and ANFIS edge detectors,
in terms of visual appearance and other performance metrics using standard images.
Rest of the paper is organized as follows. Section 2 describes about various existing edge detectors,
while Section 3 briefs about the concepts of rough sets and describes about the proposed rough sets
based edge detector. The quantitative measures used for performance evaluation of edge detectors are
discussed in Section 4. The results obtained based on standard images using the proposed and existing
edge detectors are presented and discussed in Section 5. Finally, Section 6 presents the conclusion and
future scope.

II.

Existing Edge Detectors

2.1. Gradient-based Edge Detectors
For a two-variable image intensity function f(x, y), the gradient at each pixel of the image is a 2D
vector. Its gradient, given by Eq. (1), points to the direction of largest possible intensity change and its
magnitude, given by Eq. (2), is the rate of change along that direction [1].
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The Sobel, Canny, Roberts and Prewitt edge detectors [3, 34] that fall under this category have been
implemented for comparison purposes. Their convolution kernels are shown in Figure 1.
-1 0 +1
-2 0 +2
-1 0 +1
Gx

+1 +2 +1
0 0 0
-1 -2 -1
Gy

(a) Sobel kernel

2 4 5 4 2
1 4 9 12 9 4
----- 5 12 15 12 5
115 4 9 12 9 4
2 4 5 4 2
(b) Gaussian filter used
in Canny detector

+1 0
0 -1
Gx

0 +1
-1 0
Gy

-1 0 +1
-1 0 +1
-1 0 +1
Gx

(c) Roberts
kernel

+1 +1 +1
0 0 0
-1 -1 -1
Gy

(d) Prewitt kernel

Figure 1. Convolution Kernels

2.2. Soft Computing-based Edge Detectors
Two soft computing techniques based edge detectors, viz. Fuzzy and ANFIS detectors, have also been
implemented. The following sub-sections briefly describe about these edge detectors.
2.2.1. Fuzzy Edge Detector
Fuzzy edge detector first transforms the input image data from grey level plane to membership plane.
The present implementation takes its input from a 22 window as shown in Figure 2. The membership
values are then modified using a fuzzy rule-base containing 16 rules that have been designed to mark
a pixel as Black, White or Edge [23-25]. Defuzzification is carried out finally to transform the data
back to grey level plane to detect edges.

P1 P2
P3 P4

(a) Mapping of input image using 22 window

(b) FIS with 4 inputs and one output

Figure 2. Fuzzy inference system for fuzzy edge detection

2.2.2. Adaptive Neuro-Fuzzy Inference System (ANFIS) Edge Detector
The ANFIS edge detector uses a combination of fuzzy logic and artificial neural network (ANN). The
fuzzy logic element grasps the learning capabilities of the ANN element to enhance the performance
using a priori knowledge. The ANFIS constructs a Sugeno-type FIS based on the given input-output
dataset. The membership function parameters are adjusted using a backpropagation and least square
method based hybrid algorithm [26, 31]. The ANN used in this implementation (Figure 3(a)) has an
input layer with 4 neurons, an output layer with 1 neuron and a hidden layer with 12 neurons. The
training dataset is formed such that the pixel values of four inputs (22 window) are arranged in first
four columns and the output is arranged in the last column (Figure 3(b)). The training is done with
datasets containing all edge patterns and some non-edge patterns. The constant value at the output
neuron is used by ANFIS to classify a pixel as an edge (1) or non-edge (0) pixel.
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(a) ANN structure
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(b) Sample training dataset

Figure 3. The ANN model and the sample training set used with ANFIS detector

III.

Proposed Rough Sets based Edge Detector

Rough sets provide an approximation to the crisp sets [40]. Rough sets can lead to useful forms of
granular computing for the analysis and processing of inaccurate, incomplete or uncertain information
in images. Rough sets have found applications in image processing, such as medical image processing
[37, 44-47], segmentation of images [41], measurement of ambiguity in images [42-43], etc. A brief
description of the proposed rough sets based edge detection algorithm follows.
Let a universe U be consisting of pixels of an image that may be partitioned into granules based on
their properties. The granules can be used to approximate the object regions in an image using rough
sets. The degree of granulation (Ω) plays a vital role in ascertaining the roughness attributes of an
attribute. This value is obtained by dividing the whole set of pixels into White (W t) and Black (Bt)
granules based on a threshold t (Eq. (3)).
Wt  Pi | Pi U , Pi  t; Bt  {Pi | Pi U , Pi  t}
(3)
Next, the lower and upper approximation of each granule are determined. The lower approximations
of the white set (Wt) and black set (Bt) are given by:
(4)
Wt  Pi | Pi U , [ Pi ]  Wt ; Bt  {Pi | Pi U , [ Pi ]  Bt }
Similarly, the upper approximations are expressed as:

Wt  Pi | Pi U , [ Pi ] Wt  ; Bt  {Pi | Pi U , [ Pi ]  Bt  }

(5)

Therefore, an image can be represented as a rough set comprising the upper and lower approximation
sets and the roughness of white and black granules may be computed using Eq. (6) [35, 37]:

RWt  1 

| W t | | Wt |  | W t |
| B | | Bt |  | Bt |

; RBt  1  t 
|W t |
| Wt |
| Bt |
| Bt |

(6)
where, the values in | | represents the cardinality of the set. Next the boundary values are calculated
using Eq. (7).

BN (Wt )  W t  W t ; BN ( Bt )  B t  B t

(7)

As stated before, a set is said to be rough only if it has a non-empty boundary. Pixels in the boundary
region are classified as edge or non-edge pixels, depending on their roughness by comparison with a
threshold value. The proposed edge detector is described as follows.
Algorithm 1 Proposed rough sets based edge detection algorithm
Input Given Image
Output Edge Detected Image
Steps
1. Normalize the input image, i.e. the image to a scale of [0, 1].
2. Choose a threshold value t
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3.
4.
5.
6.
7.

IV.

Form two granules based on t using Eq. (3)
Find the lower and upper approximations using Eq. (4) and Eq. (5)
Calculate the roughness measure using Eq. (6)
Calculate the boundary values using Eq. (7)
If the roughness value of pixels in the boundary region is more than threshold, then mark the
pixels as edges

Metrics for Performance Evaluation of Edge Detectors

The performance of edge detectors can be expressed using qualitative or quantitative measures. In this
paper, visual quality of output the images is used as a qualitative measure and performance ratio (PR),
entropy (H) and structure similarity index (SSIM) are used as quantitative measures. The quantitative
measures are briefly described below.

4.1. Performance Ratio (PR)
The performance ratio (PR) can be calculated using Eq. (8). True edges are the edge pixels identified
as edges, false edges are non-edge pixels identified as edges and non-edge pixels are wrongly detected
edge pixels. A higher PR value means better quality of detected edges. The output of Canny detector
is taken as ground truth [36] for calculating the performance ratio.

PR 

True Edges
False Edges  Non  edge Pixels

100

(8)

4.2. Entropy (H)
Shannon introduced the concept of entropy in quantifying the information content and is viewed in a
similar manner in the context of images [43]. The Shannon’s entropy in evaluating the information
content of an image is:
G

H   d (i) ln 2 {d (i)}

(9)

i 1

where, G is the number of grey levels of the image’s histogram ranging between 0 and 255 and d(i) is
the normalized frequency of occurrence of each grey level. For example, a simple binary image of
two equally distributed grey levels of 0 and 255 will have an entropy (H) of 1 bit/pixel as computed
using Eq. (9). This implies an information content of 1 bit in each pixel of this image. For the images
with unequal grey level frequencies, entropy would also change. If an image has a higher entropy, it
holds more number of bits/pixel and there is more chance for that extra information to be noise [44].

4.3. Structural Similarity Index (SSIM)
Structural similarity index (SSIM) exploits the spatial inter-dependency of pixels in order to quantify
the visual quality between original and noise-removed images. Eq. (10) and Eq. (11) can be used to
compute the SSIM value, which lies in the range [-1, 1]. Two images will have their SSIM indices to
be 1 when they are identical [48].

SSIM  [l ( x, y)]  [c( x, y)]  [s( x, y)]
l ( x, y) 

2 x  y  C1

 x2   y2  C1

; c( x, y) 

2 x y  C2

 x2   y2  C2

(10)

; s( x, y) 

 xy  C3
 x y  C3

(11)

where, l(x, y) is the luminance comparison c(x, y) is the contrast comparison and s(x, y) is the
structure comparison. The terms μx and μy denote the mean of an image at x and y, σx and σy denote
the standard deviation at x and y (Eq. (12)) and σxy denotes the correlation (Eq. (13)). C1, C2 and C3
are small positive constants, which combat the stability issues when the sum of squares of μx and μy or
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that of σx and σy becomes close to zero (Eq. (14)). The coefficients α, β and γ in Eq. (11) are positive
exponents that adjusts the components contribution to the overall SSIM. All their values have been
taken as 1.

x 

1 N
1 N
1 N
1 N
2
x
;


y
;


(
x


)
;


( yi   y )2
 i y N


i
x
i
x
y
N i 1
N

1
N

1
i 1
i 1
i 1

(12)

 xy 

1 N
 ( xi  x )( yi   y )
N  1 i 1

(13)

C1  ( K1L)2 ; C2  ( K2 L)2 ; C3  C2 / 2

(14)

where, K1 and K2 are small constants less than 1 and L is the dynamic range of pixel values. The
values of K1 and K2 and L have been arbitrarily taken as 0.01, 0.03 and 255 respectively. The output
of Canny detector is taken as ground truth [36] for calculating the SSIM values.

V.

Results and Discussion

The existing (Canny, Sobel, Prewitt, Roberts, Fuzzy and ANFIS) and the proposed edge detectors
have been implemented using MATLAB. The comparison between existing and proposed detectors
are made in terms of visual appearance, performance ratio (PR), entropy (H) and structural similarity
index (SSIM) using different standard images. The Cameraman, Peppers and Walk-cycle images are
used in this paper. Figure 4 shows the edges detected by different edge detectors using these standard
images. Edges detected from cameraman image (Figure 4(A)) using the Canny detector reveals more
information in terms of number edges, but there are many false edges too. The proposed rough sets
edge detector appears to be equally informative, but at the same time detects fewer false edges than
Canny detector. Similar results are observed with peppers (Figure 4(B)) and walk-cycle (Figure 4(C))
images. The other detectors detect either too few or too many edges. Some amount of distortions or
blurs are observed with all detectors perhaps due to input image quality.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(A) The Cameraman image

(a)

(b)

(c)

63

(d)

International Journal of Engineering Sciences & Emerging Technologies, Mar. 2018.
ISSN: 22316604
Volume 10, Issue 3, pp: 58-68 ©IJESET

(e)
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(B) The Peppers image
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(b)

(c)

(d)

(e)

(g)
(f)
(C) The Walk-cycle image

(h)

Figure 4. Comparison of the existing and proposed edge detectors (a) Original image; (b) Canny; (c)
Sobel; (d) Roberts; (e) Prewitt; (f) Fuzzy; (g) ANFIS; (h) Proposed
Considering the potential use of walk-cycle images in human action recognition, further analysis has
been carried out by varying the thresholds (Figure 5). The Canny detector and proposed detector are
the only detectors that respond to all thresholds used. The Sobel, Roberts and Prewitt detectors did not
find any edges beyond a threshold of 0.2. Even Canny detector fails to capture internal edges beyond
the threshold of 0.2 while the proposed detector captures some of them resulting in more details.
Threshold
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No
edges
detected

No
edged
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No
edges
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Figure 5. Comparison of different edge detectors using different thresholds
Table 1 shows the comparison between the existing and proposed detectors in terms of performance
ratio (PR). While traditional detectors underperform in terms of lower PR values, the soft computing
based detectors (i.e. Fuzzy and ANFIS) and the proposed rough sets based detector yield higher PR
values consistently. The PR values of the proposed detector is the highest among all the detectors and
in all examples and hence superior. Table 2 shows the comparison of different edge detectors based
on entropy (H). Among the traditional edge detectors, Canny detector is considered better and it has a
lower entropy as compared to other traditional edge detectors for all images considered. The entropy
of Fuzzy detector is found to be slightly lower among the soft computing based detectors. Entropy of
the proposed edge detector is found to be much lower than that of the Canny detector for all images,
thereby proving its superior performance.
Table 1 Performance Ratio (PR) of different edge detectors
Image
Sobel Roberts Prewit
Fuzzy
ANFIS
Rough Sets
Cameraman 87.33
78.62
79.26
159.02
163.76
175.24
t
Peppers
99.21
98.49
98.32
99.981
102.35
111.21
Walk-cycle 78.09
76.74
77.05
80.54
81.67
94.52

Image
Cameraman
Peppers
Walk-cycle

Table 2 Entropy (H) of different edge detectors
Sobel Canny Roberts Prewit Fuzzy
ANFIS
0.3938 0.3732 0.3922 0.3951 0.3728 0.3843
t
0.4946 0.4505 0.4954 0.4945
0.4342 0.4512
0.3715 0.3542 0.3695 0.3718 0.3317 0.3914

Rough Sets
0.3249
0.3844
0.3013

Table 3 shows the Structural Similarity Index (SSIM) of different detectors, computed with Canny
detector as ground truth. The proposed detector yields higher values of SSIM for all input images and
hence superior to other edge detectors. Table 4 shows the computational time taken by different edge
detectors. It may be seen that the Fuzzy and ANFIS detectors take much longer times, which must be
due to the time needed for their training. Among the other detectors, Canny and proposed detectors
take slightly longer times but produce better results than other detectors.
Table 3 Structural Similarity Index (SSIM) of different edge detectors
Image
Sobel Robert Prewit Fuzzy
ANFIS
Rough Sets
Cameraman 0.8353 0.8314 0.8356 0.8021 0.8042
0.8362
s
t
Peppers
0.7518 0.7504 0.7514 0.7275 0.7234
0.7497
Walk-cycle 0.9347 0.9494 0.9437 0.9337 0.9213
0.9501
Table 4 Computational Times (in seconds) of different edge detectors
Image
Sobel
Canny
Roberts
Prewitt
Fuzzy
ANFIS
Rough Sets
Cameraman
1.05
1.31
1.09
1.05
12.71
21.23
1.21
Peppers
1.01
1.84
1.03
1.22
17.03
31.24
1.80
Walk-cycle
0.94
1.06
0.94
0.84
11.09
20.94
1.03
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VI.

Conclusions

A rough sets based edge detector has been proposed in this paper. It uses a normalized image to form
two types of granules, viz. White and Black, and calculates the roughness values based on lower and
upper approximations. The pixels in boundary region are then found by comparison with a threshold
to mark the distinct edges. Output images of the proposed detector are compared with that of Canny,
Sobel, Prewitt, Roberts, Fuzzy and ANFIS edge detectors based on the visual appearance and entropy.
It has been found that the proposed edge detector performs better than all these edge detectors based
on the above measures. The comparison based on structural similarity index and performance ratio,
computed with Canny edge detector as the ground truth, reveals that the proposed edge detector works
much better than Sobel, Prewitt, Roberts, Fuzzy and ANFIS edge detectors. In terms of computational
time required, it has been found that the proposed detector takes slightly longer than traditional edge
detectors, but much lower than soft computing based edge detectors.
As future scope, the proposed edge detector can be enhanced by the addition of adaptive thresholding.
It may also be possible to verify its performance based on certain additional measures. Further, its use
in applications such as human action recognition system can also be explored.

REFERENCES
[1] Gonzalez, R.C. & R. E. Woods (2013) Digital Image Processing, 3/e, Pearson Education Inc.
[2] Canny, J. (1986) “A computational approach to edge detection”, IEEE Trans. on Pattern Analysis and
Machine Intelligence, Vol. 8, No. 6, pp. 679-698.
[3] He, X. & N. H. C. Yung (2005) “Performance improvement of edge detection based on edge likelihood
index”, Proc. of SPIE - The Int. Society for Optical Engineering., Vol. 5960, No. 3, pp. 1664-1673.
[4] Zhang, J. Y., Y. Chen & X. X. Huang (2009) “Edge detection of images based on improved Sobel operator
and Genetic Algorithms”, Proc. of the Int. Conf. on Image Analysis and Signal Processing, Taizhou, pp.
31-35.
[5] Zhang, Z. & G. Zhao (2011) “Butterworth filter and Sobel edge detection to image”, Proc. of the Int. Conf.
on Multimedia Technology, pp. 254-256.
[6] Deng, C. W. Ma & Y. Yin (2011) “An edge detection approach of image fusion based on improved Sobel
operator”, Proc. of the 4th Int. Congress on Image and Signal Processing, pp. 1189-1193.
[7] Lakshmi, S. & V. Sankaranarayanan (2010) “A study of edge detection techniques for segmentation
computing approaches”, IJCA Special Issue on Computer Aided Soft Computing Techniques for Imaging
and Biomedical Applications, pp. 35-41.
[8] Thakare, P. (2011) “A study of image segmentation and edge detection techniques”, Int. Journal of
Computer Science and Engineering, Vol. 3, No. 2, pp. 899-904.
[9] Acharya, P. P., R. Das & D. Ghoshal (2012) “A study on image edge detection using the gradients”, Int.
Journal of Scientific Research and Publications, Vol. 2, No. 12, pp. 1-5.
[10] Siddique, J. & K. Barner (1998) “Wavelet-based multiresolution edge detection utilizing grey level edge
maps”, Proc. of IEEE Int. Conf. on Image Processing (ICIP 98), Vol 2, pp. 550-554.
[11] Chen, W. & S. T. Acton (1998) “Morphological pyramids for multiscale edge detection”, Proc. of the
IEEE Southwest Symposium on Image Analysis and Interpretation, pp. 137-141.
[12] Niya, J. M. & A. Aghagolzadeh (2004) “Edge detection using directional wavelet transform”, Proc. of the
12th Int. Mediterranean Electrotechnical Conf. (MELECON 2004), pp. 281-284.
[13] Heric, D. & D. Zazula (2005) “Adaptive edge detection with directional wavelet transform”, Proc. of the
5th WSEAS Int. Conf. on Signal, Speech and Image Processing, Corfu, Greece, pp. 1-4.
[14] Deng, W. & S. S. Iyengar (1996) “A new probabilistic relaxation scheme and its application to edge
detection”, IEEE Trans. on Pattern Analysis and Machine Intelligence, Vol. 18, No. 4, pp. 432-437.
[15] Uemura, T. G. Koutaki & K. Uchimura (2011) “Image segmentation based on edge detection using
boundary code”, Int. Journal of Innovative Computing, Information and Control, Vol. 7, No. 10, pp. 60736083.
[16] Cheung, K. F. & W. K. Chan (1995) “Fuzzy one-mean algorithm for edge detection”, Proc. of the Int.
Joint Conf. of the 4th IEEE Int. Conf. on Fuzzy Systems and the 2 nd Int. Fuzzy Engg. Symposium, Vol. 4, pp.
2039-2044.
[17] Kuo, Y. K., C. S. Lee & C. C. Liu (1997) “A new fuzzy edge detection method for image enhancement”,
Proc. of IEEE 6th Int. Conf. on Fuzzy Systems, Vol. 2, pp. 1069-1074.
[18] El-Khamy, S. E., M. Lotfy & N. El-Yamany (2000) “A modified fuzzy Sobel edge detector”, Proc. of 17th
National Radio Science Conf. (NRSC 2000), Minufia, Egypt, pp. C32/1 - C32/9.

66

International Journal of Engineering Sciences & Emerging Technologies, Mar. 2018.
ISSN: 22316604
Volume 10, Issue 3, pp: 58-68 ©IJESET
[19] Russo, F. (1998) “Edge detection in noisy images using fuzzy reasoning”, Proc. of IEEE Instrumentation
and Measurement Technology Conf., Vol. 1, pp. 369-372.
[20] Zhao, M., A. M. N. Fu & H. Yan (2001) “A technique of three-level thresholding based on probability
partition a fuzzy 3-partition”, IEEE Trans. on Fuzzy Systems, Vol. 9, No. 3, pp. 469-479.
[21] Liang, L. R. & C. G. Looney (2003) “Competitive fuzzy edge detection”, Applied Soft Computing, Vol. 3,
No. 2, pp. 123-137.
[22] Mansoori E. G. & H. J. Eghbali (2006) “Heuristic edge detection using fuzzy rule-based classifier”,
Journal of Intelligent and Fuzzy Systems, Vol. 17, No. 5, pp. 457-469.
[23] Barkhoda, W., F. A. Tab & O. K. Shahryari (2009) “Fuzzy edge detection based on pixel’s gradient and
standard deviation values”, Proc. of the Int. Multi-conf. on Computer Sc. and Information Tech., pp. 7-10.
[24] Kaur, K., V. Munteja and I. S. Gill (2010) “Fuzzy logic based image edge detection algorithm in
MATLAB”, Int. Journal of Computer Applications, Vol. 1, No. 22, pp. 55-58.
[25] Khan, A. U. R. & K. Thakur (2012) “An efficient fuzzy logic based edge detection algorithm for gray scale
image”, Int. Journal of Emerging Technology and Advanced Engineering, Vol. 2, No. 8, pp. 245-250.
[26] Abid, S., F. Fnaiech & E. B. Braiek (2013) “A novel neural network approach for image edge detection”,
Proc. of the Int. Conf. on Electrical Engineering and Software Applications (ICEESA), pp. 1-6.
[27] Singh, H., G. Kaur and N. Gupta (2014) “A novel neural network based edge detector for non-synthetic
and medical images”, Int. Journal of Advanced Research in Electrical, Electronics and Instrumentation
Engineering, Vol. 3, No. 10, pp. 12379-12385.
[28] Wong, H. & L. Guan (2001) “A neural learning approach for adaptive image restoration using a fuzzy
model-based network architecture”, IEEE Trans. on Neural Networks, Vol. 12, No. 3, pp. 516-531.
[29] Wang, R., L. Gao, S. Yang & Y. Liu (2005) “An edge detection method by combining fuzzy logic and
neural networks”, Proc. of IEEE Int. Conf. on Machine Learning and Cybernetics, Guangzhou, Vol. 7, pp.
4539-4543.
[30] Lu, S., Z. Wang & J. Shen (2003) “Neuro-fuzzy synergism to the intelligent system for edge detection and
enhancement”, Pattern Recognition, Vol. 36, No. 10, pp. 2395-2409.
[31] Bhardwaj, K. & P. S. Mann (2013) “Adaptive neuro-fuzzy inference system (ANFIS) based edge detection
technique”, Int. Journal for Science & Emerging Technologies with Latest Trends, Vol. 8, No. 1, pp. 7-13.
[32] Nezamabadi-pour, H., S. Saryazdi & E. Rashedi (2006) “Edge detection using ant algorithms”, Soft
Computing, Vol. 10, No. 7, pp. 623-628.
[33] Senthilkumaran, N. & R. Rajesh (2009) “Edge detection method for image segmentation - A survey of soft
computing approaches”, Int. Journal of Recent Trends in Engineering, Vol. 2, No. 2, pp. 250-254.
[34] Khare, A., M. Saxena & S. Tiwari (2011) “Edge detection method for image segmentation - A survey of
soft computing approaches”, Int. Journal of Soft Computing and Engineering, Vol. 1, No. 4, pp. 174-178.
[35] Bhattacharya, S. & U. Maulik (2013) Soft Computing for Image and Multimedia Data Processing,
Springer-Verlag Berlin Heidelberg.
[36] Garca, N. L. F., A. C, Poyato, R. M. Carnicer & F. J. M. Cuevas (2008) “Automatic generation of
consensus ground truth for the comparison of edge detection techniques”, Image and Vision Computing,
Vol. 26, No. 4, pp. 496-511.
[37] Hassanien, A. E., A. Abraham, J. F. Peters, G. Schaefer & C. Henry (2009) “Rough sets and near sets in
medical imaging: A review”, IEEE Trans. on Information Tech. in Biomedicine, Vol. 13, No. 6, pp. 955968.
[38] Pal, S. K. (2012) “Granular mining and rough-fuzzy pattern recognition: A way to natural computation”,
IEEE Intelligent Informatics Bulletin, Vol. 13, No. 1, pp. 3-13.
[39] Peters, J. F., C. Henry & S. Ramanna (2005) “Rough ethograms: Study of intelligent system behavior”,
New Trends in Intelligent Information Processing and Web Mining, Springer Berlin Heidelberg, pp. 117126.
[40] Peters, J. F., A. Skowron, P. Synak & S. Ramanna (2003) “Rough sets and information granulation”, Fuzzy
Sets and Systems (IFSA), Springer Berlin Heidelberg, pp. 370-377.
[41] Roselin, R. & K. Thangavel (2012) “Mammogram image segmentation using granular computing based on
rough entropy”, Proc. of the Int. Conf. on Pattern Recognition, Informatics and Medical Engineering
(PRIME), pp. 318-323.
[42] Sen, D. & S. K. Pal (2008) “Measuring ambiguities in images using rough and fuzzy set theory”, Proc. of
the Int. Conference on Signal Processing, Communications and Networking, pp. 333-338.
[43] Sen, D. & S. K. Pal (2009) “Generalized rough sets, entropy and image ambiguity measures”, IEEE Trans.
on Systems, Man and Cybernetics, Part B: Cybernetics, Vol. 39, No. 1, pp. 117-128.
[44] Senthilkumaran, N. & R. Rajesh (2009) “A study on rough set theory for medical image segmentation”,
Int. Journal of Recent Trends in Engineering, Vol 2, No. 2, pp. 236- 238.
[45] Bose, R. S. C., K. Thangavel & D. A. P. Daniel (2013) “Mammogram image segmentation using rough
clustering”, Int. Journal of Research in Engineering and Technology, Vol. 2, No. 10, pp. 66-77.

67

International Journal of Engineering Sciences & Emerging Technologies, Mar. 2018.
ISSN: 22316604
Volume 10, Issue 3, pp: 58-68 ©IJESET
[46] Phophalia, A. & S. K. Mitra (2015) “Rough set based bilateral filter design for denoising brain MR
images”, Applied Soft Computing, Vol. 33, pp. 1-14.
[47] Senthilkumaran, N., R. Rajesh & C. Thilagavathy (2010) “Hybrid method for white matter separation in
brain images using granular rough sets and fuzzy thresholding”, Proc. of the IEEE Int. Conf. on Image
Processing, pp. 3037-3040.
[48] Wang, Z., A. C. Bovik, H. R. Sheikh & E. P. Simoncelli (2004) “Image quality assessment: from error
visibility to structural similarity”, IEEE Trans. on Image Processing, Vol. 13, No. 4, pp. 600-612.
Authors

Shamama Anwar received her M. Sc. (Information Tech.) and M. Tech. (Computer
Sc.) degrees from Birla Institute of Technology, Mesra, Ranchi, and Ph. D. (Engg.) from
Ranchi University, Ranchi. She joined the Birla Institute of Technology, Lalpur, Ranchi
in 2008, as Associate Lecturer in the Dept. of Computer Science and Engineering and
later became Assistant Professor in the Dept. of Computer Science and Engineering at
Birla Institute of Technology, Mesra, Ranchi in 2011. Her current research interests
include image processing, soft computing techniques and artificial intelligence.

G. Rajamohan received his B. E. (Mechanical Engg.) degree from College of
Engineering, Chennai, M. E. (Manufacturing Tech.) degree from Regional Engineering
College (now, National Institute of Technology), Tiruchirappalli and Ph. D. (Mechanical
Engg.) degree from Indian Institute of Technology Madras. He is with the National
Institute of Foundry & Forge Technology, Ranchi since 1998. His research interests
include metrology and computer aided inspection, machining, image processing and
applications of computers in design and manufacturing.

68

