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ABSTRACT 
This paper proposed an edge detection using Skewed and 

Elongated Basis functions (SEBF). In an image, edges present 

at any directions and any scale. Common edge detection 

algorithms are single scale, and limited in directions. The 

proposed method efficiently removes these difficulties by 

using SEBF that are having multiscale and non separable 

properties. The two dimensional non separable properties of 

SEBF provide multiple directions, whereas the multiscale to 

explore the hidden edge information at various scales. The 

SEBF are derived from anisotropic directionlets are applied 

for edge detection to effectively preserving edges in all 

orientations and scales. This paper uses Figure of Merit (F), 

accuracy, sensitivity, specificity characteristics to analyze the 

performances. The experimental results showed that the 

proposed algorithms provide improvement in all performance 

measure. 
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1. INTRODUCTION 
Edge detection plays an important role in computer vision and 

image analysis. Edges are the abrupt change points in an 

image that are basic features and change points give the 

locations of the image contour [1]. The edge representation of 

an image reduces the amount of data to be processed, and it 

retains important information about the shapes of objects in 

the scene. This description of an image is easy to integrate 

into a large number of recognition algorithms [2]. Many 

classical edge detectors have developed over time. Sobel, 

Prewitt, Canny are the common classical edge detection 

operators [3]. They are based on the principle of matching 

local image segments with specific edge patterns. The edge 

detection is realized by the convolution with a set of 

directional derivative masks. They are all defined on a 3 by 3-

pattern grid, so they are efficient and easy to apply. Sobel, 

Prewitt used as local gradient operators to detect the edges 

having certain orientations and performed poorly when the 

edges were blurred and noisy. In certain situations where the 

edges are highly directional, some edge detector works well 

because, their patterns fit the edges better way and they are 

not suitable for complex (natural) images. 

The one-dimensional (1-D) wavelet transform (WT) has 

become very successful in the last decade because it provides 

a good multiresolution representation of 1-D piecewise 

smooth signals [4], [5]. The application of wavelets to image 

processing requires the design of two dimensional (2-D) 

wavelet bases. The most common approach is to construct 

such bases using 2-D separable filter-banks, which consist of 

the direct product of two independent 1-D filter-banks in 

horizontal and vertical directions. Filtering with high-pass 

filters with enough vanishing moments along these two 

directions leads to a sparse representation of smooth signals. 

This method is conceptually simple and has very low 

complexity while all the 1-D wavelet theory carries over. 

Despite their success, the standard separable 2-D WT fails to 

provide a sparse representation in the presence of 1-D 

discontinuities, like edges or contours. These discontinuities, 

being highly anisotropic objects present in images, are 

characterized by a geometrical coherence that is not properly 

captured by the standard isotropic WT.   

The anisotropic basis functions can ―match‖ anisotropic 

objects Fig.1 (b). However, ensuring an efficient matching 

between anisotropic basis functions and objects in images is a 

nontrivial task. Anisotropic basis functions have already been 

considered and exploited by adaptive e.g. bandelets [6],[7] or 

non-adaptive e.g. edgelets, wedgelets, curvelets, contourlets, 

etc. [8]–[16]. These methods build dictionaries of anisotropic 

basis functions that provide a sparse representation of edges in 

images.  

 

 

Figure.1. Two types of basis functions representing simple 

image discontinuity along a smooth curve. (a) Isotropic (b) 

anisotropic. 

 

Natural edges are not simply stacks of 1-D and they are 

typically located along smooth curves. Thus, natural images 

contain intrinsic geometrical structures that are key features in 

visual information. Because of a separable extension from 1-

D bases, wavelets in two-dimensional (2-D) are good at 

isolating the discontinuities at edge points, but will not 

capture smoothness along the contours. In addition, separable 

wavelets can capture only limited directional information. 

Some notable approaches use non-separable 2-D filter-banks 

and sub sampling (e.g., quincunx) [17]–[20], but these 

methods are computationally complex and the design of the 

associated 2-D filter-banks is often challenging. The 

advantage with multiscale approach is its inherent 

implementation, with variable size derivative operators at 

various scales, to tradeoff between detection and localization 

of local singularities. The indirect inter-dependence of 

wavelet coefficients at different scales opens the possibility to 

explore the hidden association of edge information at various 

scales (levels) [21]-[24]. In this paper, non-separable and its 

scaled basis, are applied to provide directional specific 
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information along with scale information by allowing 

directionality with anisotropy and detect the edges in an 

image. 

2. SKEWED AND ELONGATED BASIS 

FUNCTIONS FROM DIRECTIONLETS 

AND EDGE DETECTION 
The standard WT produces isotropic basis functions, which 

fail to provide a sparse representation of edges and contours. 

However, directionlets retains the 1-D filtering and sub-

sampling operations and can provide anisotropy. 

 The Basic Properties of Directionlets:  

 Critical sampling 

 Simple filter design and Low computational 

complexity  

 Provide anisotropy and multi-directionality 

 Basis functions are elongated and oriented in 

different directions. 

   More efficient in edge representation 

In addition, the following properties of directionlets are very 

useful for the edge detection. 1) Multiresolution: The 

representation should allow images to be successively 

approximated, from coarse to fine resolutions.  

2) Localization: The basis elements in the representation 

should be localized in both the spatial and the frequency 

domains. 

3) Directionality: The representation should contain basis 

elements oriented at a variety of directions, much more than 

the few directions that are offered by separable wavelets.  

4) Anisotropy: To capture smooth contours in images, the 

representation should contain basis elements using a variety of 

elongated shapes with different aspect ratios.  

In the anisotropic wavelet transform, the number of 

transforms applied along the horizontal and vertical directions 

is unequal, that is, there are n1 horizontal, and n2 vertical 

transforms at a scale, where n1 is not necessarily equal to n2. 

Then, the iteration is continued in the low-pass branch, like in 

the standard wavelet. The anisotropy ratio ρ = (n1 / n2) 

determines elongation of the anisotropic basis functions. This 

can be easily implemented by taking inner product between 

the image data and 

a set of basis functions that are essentially skewed and 

elongated. For example a set of simple basis functions are 

shown in Fig. 2.  

The first level (first scale) basis functions are 

applied on the image. The basis functions (Fig.2 (a)-(g)) are 

convolved with an image to get seven sub bands. By 

combining the all sub bands the edge information in all 

directions are obtained.  

Similarly, the second level basis functions of directionlets 

provide the seven different sub band images in second scale. 

The two scale edge information are combined by point by 

point multiplication commonly known as scale multiplication. 

The purpose of combining two scales is to suppress noisy 

components and to enhance the edge information. The 

combined sub band provides the gradients in the form of edge 

information that can be used to determine final edge map. In 

image processing, an edge is often interpreted as one class of 

singularities characterized easily as discontinuities where the 

gradient approaches infinity. 

 

   

(a) (b) (c) 

   

(d) (e) (f) 

 
(g) 

Figure.2 Seven basis functions for First level Directionlet Transform 

However, image data is discrete, edges in an image often are 

defined as the local maxima of the gradient. In the ideal case, 

the result of applying an edge labeling algorithm to an image 

may lead to a set of connected curves that indicate the 

boundaries of objects, the boundaries of surface markings as 

well curves that correspond to discontinuities in surface 

orientation. There are many methods for image edge labeling 

from its gradients. This paper applied non-maximal 

suppression (NMS) followed by hysteresis threshold (HT) 

steps to determine the final edge map. The complete proposed 

edge detection steps are shown in Fig. 4. 
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(a) (b) (c ) (d) 

    

(e) (f) (g) (h) 
 

Figure.3 First level-Seven sub bands of Lena Image (a) Original (b)-(h) Seven sub bands 

 

2.1 Edge detection algorithm 
To the decomposed image any one of the following edge 

detection techniques are used to obtain the edge detected 

result. Edge detection techniques used are as follows. 

 

2.1.1 Gray thresholding 
The gray threshoding is the simplest and most widely used 

thresholding method. It computes a global threshold that can 

be used to convert an intensity image to a binary image. This 

technique uses Otsu's method, which chooses the threshold to 

minimize the intra class variance of the black and white pixels 

 

2.1.2 Adaptive thresholding 
Due to uneven illumination and other factors, the background 

gray level and contrast between the objects and background 

often vary within the image. In such cases, global threshold is 

unlikely to produce satisfactory results, since a threshold that 

works well in one area of the image might be poor in other 

areas. To cope up this variation, adaptive or variable 

thresholding is used. 

 

Implementing adaptive threshold is by two pass operation. 

Before the first pass, a threshold is computed based on the 

histogram of each block by choosing. In the first pass the 

object boundaries are defined using a gray level threshold that 

is constant within each block but differs for various blocks. 

On the second pass, each object is given its own threshold that 

lies midway between its interior gray level and background. 

2.1.3 Non maximal suppression 
Non-maximum suppression is often used along with edge 

detection algorithms. The image is scanned along the image 

gradient direction, and if pixels are not part of the local 

maxima they are set to zero. This has the effect of suppressing 

all image information that is not part of local maxima. Given 

estimates of the image gradients, a search is then carried out 

to determine if the gradient magnitude assumes a local 

maximum in the gradient direction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure.4 Block diagram of the proposed method 

 

3. RESULTS AND DISCUSSIONS 
The proposed method has been tested on the ‗Lena‘ image of 

size 512 x 512 Fig.5 (a), ‗Building‘ image of size 463 x 651 

Fig.6 (a) and ‗Series‘ image of size 540 x 569 Fig.7 (a). 

Fig.5(c)-(f) shows the edge labeled of scale multiplied image 

Fig.5 (b), using NMS followed by HT and is compared with 

classical Canny, Sobel and Prewitt and shown in Fig 5(d)-(f) 

respectively. NMS is often used along with edge detection 

algorithms.

Input image 

Convolving Skewed and Elongated 

Basis functions 

Edge Map 

Combining responses 

 

 

 

Non maximal suppression with hysteresis 

threshold     (or) 

Adaptive threshold   (or) 

Gray threshold 
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The image is scanned along the image gradient direction, and 

if pixels are not part of the local maxima, they are set to zero. 

This has the effect of suppressing all image information that is 

not part of local maxima. Given estimates of the image 

gradients, a search is then carried out to determine if the 

gradient magnitude assumes a local maximum in the gradient 

direction. From the Fig. 5, it is observed that the proposed 

method detected more edge features than the conventional  

Canny, Sobel and Prewitt operator. The algorithms tested on 

various images are shown in Fig.6 and Fig.7.  

We compare the performances of the edge detection by our 

methodology using various parameters true positive (TP), 

false positive (FP), true negative (TN), false negative (FN) 

[26], [27] and Figure of Merit ‗F‘ [28] with that of the 

conventional edge detectors like Canny, Sobel, Prewitt. In our 

experiments, the canny edge detector uses two thresholds; 

lower threshold and upper threshold as 0.1 and 0.25 

respectively. The standard deviation is set to one. The optimal 

setting is made according to the canny method in [25] that is 

being used in our experiment. For every pixel in an image 

there are four possible edge detection results. The edge pixel 

is compared with the ground truth image to detemine the 

accuracy, sensitivity, and  selectivity. Fig 8(a), 8(b) and Fig 

8(c) shows the original, corresponding ground truth and 

proposed edeg detection output. The true positive rate (TPR) 

or sensitivity is given by TPR =  
TP

TP +FN
. False positive 

rate(FPR) is defined as FPR =  
FP

FP +TN
. True negative rate 

(TNR)  or Specificity is given   by TNR = 1 − FP. Accuracy 

in percentage is obtained by ACC =
TP +TN

TP +TN +FP +FN
× 100. 

Where TP-Edge pixel in an image is detected correctly as an 

edge  pixel, FP-Non edge pixel is detected wrongly as edge 

pixel, TN-Non edge pixel detected correctly as non edge 

pixel, and FN-Edge pixel detected wrongly as non edge pixel. 

The figure of merit is given by 

𝐹 =
1

 𝑚𝑎𝑥  𝑁𝑖 ,𝑁𝑎  
  

1

1+𝛼𝑑2(𝑘)
𝑁𝑑
𝑘=1  .The performances are 

evaluated using the above formulas and is tabulated in the 

Table 1. Figure of merit comparison is shown in the Table 2.  

It is observed that the accuracy, figure of merit of the 

proposed methodology is higher compared to the conventional 

edge detectors and also the sensitivity is low and the 

specificity is high compared to other classical edge detectors 

hence providing better performance in terms of accuracy 

 

   

(a) (b) (c ) 

   

(d)                                                                (e)                                                         (f) 

Figure 5. Edge Detection Comparison with conventional operator (a) Original (b) Scale multiplied (c) 

Proposed(NMS+HT) (d) Canny (e) Sobel (f) Prewitt 
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(a) (b) ( c ) 

   
(d) (e) (f) 

Figure.6. Edge Detection Comparison with conventional operator (a) Original ‘Building’ 

(b) Scale multiplied image (c) Proposed(Adaptive) (d) Canny (e) Sobel (f) Prewitt 

   
(a) (b) ( c ) 

   
(d) (e) (f) 

Figure.7. Edge Detection Comparison with conventional operator (a) Original ‘Serial’ image 

 (b) Scale multiplied image (c) Proposed(Gray) (d) Canny (e) Sobel (f) Prewitt 

  
(a) (b) 

Figure. 8. (a) original airplane image (b) ground truth 
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Table1. Comparison between proposed methodology and various edge detection algorithms 

 

 

Table 2.Figure of Merit ‘F’ comparison between proposed methodology and various algorithms 

Methods Figure of merit ‗F‘ 

SEBF+ NMS+HT  

(Proposed) 
0.7480 

SEBF+GT 0.6695 

SEBF+AT 0.6599 

Canny  0.6051 

Sobel operator 0.5794 

Prewitt operator 0.3602 

 

 

 

4. CONCLUSION 
In this paper, we have proposed the Skewed and Elongated 

Basis functions (SEBF) based edge detection which is useful 

to capturing and representing singularities in various 

orientations and scales. This approach helps in providing 

directional specific information along with scales hence 

collecting more information. This study compares the work 

with that of Sobel edge operator, Canny operator and Prewitt 

edge operator. In addition, our proposed methodology has 

provided better results in terms of accuracy, sensitivity, 

specificity, and figure of merit (F). From the qualitative and 

quantitative results it is observed that the proposed method for 

edge detection provides a better result and acts as the accurate 

method of extracting the information along the edges. 
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