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ABSTRACT 

Edge detection from images is one of the most important concerns in digital image 

and video processing.  An edge is a set of connected pixels that lie on the boundary 

between two regions. The extraction of features such as edges and curves from an image is 

useful for many purposes. Features, such as edges and curves are useful in i) texture 

analysis ii) 3-D surface restructuring iii) segmentation iv) image matching etc. Edges are 

important features in an image since they represent significant local intensity changes. 

They provide important clues to separate regions within an object or to identify changes in 

illumination. Most image enhancement applications use edge detection as a preprocessing 

stage for feature extraction. The real problem is how to enhance noisy images and 

simultaneously extract the edges. 

The classification of edge detectors discussed in this paper is based on the 

behavioral study of these edges with respect to the Robert operator, Sobel operator, 

Prewitt operator, Laplacian operator and Canny operator. 
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INTRODUCTION 

 

The edge of the image is one of the most fundamental and important features in the 

images, it is showed that the mutation of local scope gray-scale, which refers to set of 

those pixels that have step changes in the around of the gray pixels[1]. Edge as primary 

extraction target and the diving line of the background can significantly reduce the 

information to deal, but retain the shape information of the objects in image. 

Edge detection is one of the fundamental steps in image processing, image analysis, image 

pattern recognition, and computer vision techniques. During recent years, however, 

substantial (and successful) research has also been made on computer vision methods that 

do not explicitly rely on edge detection as a pre-processing step. 

The purpose of detecting sharp changes in image brightness is to capture important events 

and changes in properties of the world. It can be shown that under rather general 

assumptions for an image formation model, discontinuities in image brightness are likely 

to correspond to [2][3]: 

 discontinuities in depth, 

 discontinuities in surface orientation, 

 changes in material properties and 

 variations in scene illumination. 

In the ideal case, the result of applying an edge detector to an image may lead to a set of 

connected curves that indicate the boundaries of objects, the boundaries of surface 

markings as well as curves that correspond to discontinuities in surface orientation. Thus, 

applying an edge detection algorithm to an image may significantly reduce the amount of 
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data to be processed and may therefore filter out information that may be regarded as less 

relevant, while preserving the important structural properties of an image. If the edge 

detection step is successful, the subsequent task of interpreting the information contents in 

the original image may therefore be substantially simplified. However, it is not always 

possible to obtain such ideal edges from real life images of moderate complexity. 

Edges extracted from non-trivial images are often hampered byfragmentation, meaning 

that the edge curves are not connected, missing edge segments as well as false edges not 

corresponding to interesting phenomena in the image – thus complicating the subsequent 

task of interpreting the image data [4]. 

Since different edge detectors work better under different conditions, it would be ideal to 

have an algorithm that makes use of multiple edge detectors, applying each one when the 

scene conditions are most ideal for its method of detection. In order to create this system, 

you must first know which edge detectors perform better under which conditions. That is 

the goal of our project. We tested four edge detectors that use different methods for 

detecting edges and compared their results under a variety of situations to determine which 

detector was preferable under different sets of conditions. This data could then be used to 

create a multi-edge-detector system, which analyzes the scene and runs the edge detector 

best suited for the current set of data. For one of the edge detectors we considered two 

different ways of implementation, one using intensity only and the other using color 

information.  

We also considered one additional edge detector which takes a different philosophy to 

edge detection. Rather than trying to find the ideal edge detector to apply to traditional 

photographs, it would be more efficient to merely change the method of photography to 

one which is more conducive to edge detection. It makes use of a camera that takes 

multiple images in rapid succession under different lighting conditions. Since the 

hardware for this sort of edge detection is different than that used with the other edge 

detectors, it would not be included in the multiple edge detector system but can be 

considered as a viable alternative to this. 

The classification of edge detectors discussed in this paper is based on the behavioral 

study of these edges with respect to the Robert operator, Sobel operator, Prewitt operator, 

Laplacian operator and Canny operator. 

 

ROBERT OPERATOR 

 

The Roberts operator performs a simple, quick to compute, 2-D spatial gradient 

measurement on an image. It thus highlights regions of high spatial frequency which often 

correspond to edges. In its most common usage, the input to the operator is a grayscale 

image, as is the output. Pixel values at each point in the output represent the estimated 

absolute magnitude of the spatial gradient of the input image at that point. 

 

Mark edge points only; does not return edge orientation. The simplest operator and work 

best for binary images 

 

1) Square root of the sum of the differences of the diagonal neighbours squared: 

 

 

2) Sum of the magnitude of the differences of the diagonal neighbours: 
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The second one is used more frequently because less computation. 

 

SOBEL OPERATOR 

 

The Sobel operator is used inimage processing, particularly within edge detection 

algorithms. Technically, it is adiscrete differentiation operator, computing an 

approximation of the gradient of the image intensity function. At each point in the image, 

the result of the Sobel operator is either the corresponding gradient vector or the norm of 

this vector. The Sobel operator is based on convolving the image with a small, separable, 

and integer valued filter in horizontal and vertical direction and is therefore relatively 

inexpensive in terms of computations. On the other hand, the gradient approximation that 

it produces is relatively crude, in particular for high frequency variations in the image. 

In simple terms, the operator calculates the gradient of the image intensity at each point, 

giving the direction of the largest possible increase from light to dark and the rate of 

change in that direction. The result therefore shows how "abruptly" or "smoothly" the 

image changes at that point, and therefore how likely it is that that part of the image 

represents an edge, as well as how that edge is likely to be oriented. In practice, the 

magnitude (likelihood of an edge) calculation is more reliable and easier to interpret than 

the direction calculation. 

Mathematically, the gradient of a two-variable function (here the image intensity function) 

is at each image point, a 2D vector with the components given by the derivatives in the 

horizontal and vertical directions. At each image point, the gradient vector points in the 

direction of largest possible intensity increase, and the length of the gradient vector 

corresponds to the rate of change in that direction. This implies that the result of the Sobel 

operator at an image point which is in a region of constant image intensity is a zero vector 

and at a point on an edge is a vector which points across the edge, from darker to brighter 

values. 

In theory at least, the operator consists of a pair of 3×3 convolution kernels as shown in 

Fig. 1. One kernel is simply the other rotated by 90°. This is very similar to the Roberts 

Cross operator. 

 

 
 

Fig. 1: Sobel convolution kernels 

 

These kernels are designed to respond maximally to edges running vertically and 

horizontally relative to the pixel grid, one kernel for each of the two perpendicular 

orientations. The kernels can be applied separately to the input image, to produce separate 

measurements of the gradient component in each orientation (call these Gx and Gy). These 
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can then be combined together to find the absolute magnitude of the gradient at each point 

and the orientation of that gradient. The gradient magnitude is given by: 

 

 
 

Typically, an approximate magnitude is computed using: 

 

 
 

which is much faster to compute. 

The angle of orientation of the edge (relative to the pixel grid) giving rise to the spatial 

gradient is given by: 

 

 
 

In this case, orientation 0 is taken to mean that the direction of maximum contrast from 

black to white runs from left to right on the image, and other angles are measured anti-

clockwise from this. 

Often, this absolute magnitude is the only output the user sees --- the two components of 

the gradient are conveniently computed and added in a single pass over the input image 

using the pseudo-convolution operator shown in Fig. 2. 

 

 
 

Fig. 2: Pseudo-convolution kernels used to quickly compute approximate gradient 

magnitude 

 

Using this kernel the approximate magnitude is given by: 

 

 
Guidelines for Use 

The Sobel operator is slower to compute than the Roberts Cross operator, but its larger 

convolution kernel smooths the input image to a greater extent and so makes the operator 

less sensitive to noise. The operator also generally produces considerably higher output 

values for similar edges, compared with the Roberts Cross. 

As with the Roberts Cross operator, output values from the operator can easily overflow 

the maximum allowed pixel value for image types that only support smallish integer pixel 

values (e.g. 8-bit integer images). When this happens the standard practice is to simply set 
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overflowing output pixels to the maximum allowed value. The problem can be avoided by 

using an image type that supports pixel values with a larger range. 

 

PREWITT OPERATOR 

 

The Prewitt operator is used in image processing, particularly within edge 

detection algorithms. Technically, it is a discrete differentiation operator, computing an 

approximation of the gradient of the image intensity function. At each point in the image, 

the result of the Prewitt operator is either the corresponding gradient vector or the norm of 

this vector. The Prewitt operator is based on convolving the image with a small, separable, 

and integer valued filter in horizontal and vertical direction and is therefore relatively 

inexpensive in terms of computations. On the other hand, the gradient approximation 

which it produces is relatively crude, in particular for high frequency variations in the 

image. 

In simple terms, the operator calculates the gradient of the image intensity at each point, 

giving the direction of the largest possible increase from light to dark and the rate of 

change in that direction. The result therefore shows how "abruptly" or "smoothly" the 

image changes at that point, and therefore how likely it is that that part of the image 

represents an edge, as well as how that edge is likely to be oriented. In practice, the 

magnitude (likelihood of an edge) calculation is more reliable and easier to interpret than 

the direction calculation. 

Mathematically, the gradient of a two-variable function (here the image intensity function) 

is at each image point a 2D vector with the components given by the derivatives in the 

horizontal and vertical directions. At each image point, the gradient vector points in the 

direction of largest possible intensity increase, and the length of the gradient vector 

corresponds to the rate of change in that direction. This implies that the result of the 

Prewitt operator at an image point which is in a region of constant image intensity is a zero 

vector and at a point on an edge is a vector which points across the edge, from darker to 

brighter values. 

Mathematically, the operator uses two 3×3 kernels which are convolved with the original 

image to calculate approximations of the derivatives - one for horizontal changes, and one 

for vertical. If we define  as the source image, and  and  are two images which 

at each point contain the horizontal and vertical derivative approximations, the latter are 

computed as: 

 

 
 

Fig. 3: Pseudo-convolution kernels used to quickly compute approximate gradient 

magnitude 

 

where  here denotes the 2-dimensional convolution operation. 

The x-coordinate is here defined as increasing in the "right"-direction, and they-coordinate 

is defined as increasing in the "down"-direction. At each point in the image, the resulting 

gradient approximations can be combined to give the gradient magnitude, using: 
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Using this information, we can also calculate the gradient's direction: 

 
where, for example, Θ is 0 for a vertical edge which is darker on the right side. 

 

LAPLACIAN OPERATOR 

 

Laplacian operator is a second derivative operator often used in edge detection. Compared 

with the first derivative-based edge detectors such as Sobel operator, the Laplacian 

operator may yield better results in edge localization. Unfortunately, the Laplacian 

operator is very sensitive to noise. In this paper, based on the Laplacian operator, a model 

is introduced for making some edge detectors. Also, the optimal threshold is introduced 

for obtaining a Maximum a Posteriori (MAP) estimate of edges [5]. 

In mathematics, the discrete Laplace operator is an analog of the continuous Laplace 

operator, defined so that it has meaning on a graph or adiscrete grid. For the case of a 

finite-dimensional graph (having a finite number of edges and vertices), the discrete 

Laplace operator is more commonly called the Laplacian matrix. 

The discrete Laplace operator occurs in physics problems such as the Ising model and loop 

quantum gravity, as well as in the study of discretedynamical systems. It is also used 

in numerical analysis as a stand-in for the continuous Laplace operator. Common 

applications include image processing, where it is known as the Laplace filter, and in 

machine learning for clustering and semi-supervised learning on neighborhood graphs [6]. 

 

Graph Laplacians 

There are various definitions of the discrete Laplacian for graphs, differing by sign and 

scale factor (sometimes one averages over the neighboring vertices, other times one just 

sums; this makes no difference for a regular graph). The traditional definition of the graph 

Laplacian, given below, corresponds to thenegative continuous Laplacian on a domain 

with a free boundary [7]. 

 

Let  be a graph with vertices  and edges . Let  be a ring-

valued function of the vertices. Then, the discrete Laplacian  acting on  is defined by 

 

 
 

where  is the graph distance between vertices w and v. Thus, this sum is over the 

nearest neighbors of the vertex v. For a graph with a finite number of edges and vertices, 

this definition is identical to that of theLaplacian matrix. That is,  can be written as a 

column vector; and so is the product of the column vector and the Laplacian matrix, 

while  is just the v'th entry of the product vector. 

If the graph has weighted edges, that is, a weighting function is given, then 

the definition can be generalized to 

 

 
 

where  is the weight value on the edge . 
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Closely related to the discrete Laplacian is the averaging operator: 

 

 
 

 

Mesh Laplacians 

In addition to considering the connectivity of nodes and edges in a graph, mesh laplace 

operators take into account the geometry of a surface (e.g. the angles at the nodes). For 

triangle meshes, for example, different discretizations exist, some of them are an extension 

of the graph operator, while other approaches are based on the finite element method (see 

below) and allow for higher order approximations. An overview on some mesh operators 

and a comparison is given in [8]. 

 

Finite Differences 

Approximations of the Laplacian, obtained by the finite difference method or by the finite 

element method can also be called Discrete Laplacians. For example, the Laplacian in two 

dimensions can be approximated using thefive-point stencil finite difference method, 

resulting in 

 

 
 

where the grid size is h in both dimensions, so that the five point stencil of a point (x, y) in 

the grid is 

 

 
 

If the grid size h=1, the result is the negative discrete Laplacian on the graph, which is 

the square lattice grid. There are no constraints here on the values of the function f(x,y) on 

the boundary of the lattice grid, thus this is the case of the homogeneous Neumann 

boundary condition, i.e., free boundary. Other types of boundary conditions, e.g., the 

homogeneousDirichlet boundary condition, where f(x,y)=0 on the boundary of the grid, 

are rarely used for graph Laplacians, but are common in other applications. 

Multidimensional discrete Laplacians on rectangular cuboid regular gridshave very special 

properties, e.g., they are Kronecker sums of one-dimensional discrete Laplacians, 

see Kronecker sum of discrete Laplacians, in which case all its eigenvalues 

and eigenvectors can be explicitly calculated. 

 

CANNY OPERATOR 

 

John Canny considered the mathematical problem of deriving an optimal smoothing filter 

given the criteria of detection, localization and minimizing multiple responses to a single 

edge [9]. He showed that the optimal filter given these assumptions is a sum of four 

exponential terms. He also showed that this filter can be well approximated by first-order 

derivatives of Gaussians. Canny also introduced the notion of non-maximum suppression, 

which means that given the presmoothing filters, edge points are defined as points where 

the gradient magnitude assumes a local maximum in the gradient direction. Looking for 
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the zero crossing of the 2nd derivative along the gradient direction was first proposed by 

Haralick [10]. It took less than two decades to find a modern geometric variational 

meaning for that operator that links it to the Marr–Hildreth (zero crossing of the 

Laplacian) edge detector. That observation was presented by Ron Kimmel and Alfred 

Bruckstein [11].  

Although his work was done in the early days of computer vision, the Canny edge 

detector (including its variations) is still a state-of-the-art edge detector [12]. Unless the 

preconditions are particularly suitable, it is hard to find an edge detector that performs 

significantly better than the Canny edge detector. 

The Canny-Deriche detector was derived from similar mathematical criteria as the Canny 

edge detector, although starting from a discrete viewpoint and then leading to a set of 

recursive filters for image smoothing instead of exponential filters or Gaussian filters [13].  

The differential edge detector  can be seen as a reformulation of Canny's method from the 

viewpoint of differential invariants computed from a scale-space representation leading to 

a number of advantages in terms of both theoretical analysis and sub-pixel 

implementation. 

 

The Canny Edge Detection Algorithm 

The algorithm runs in 5 separate steps: 

1. Smoothing: Blurring of the image to remove noise. 

2. Finding gradients: The edges should be marked where the gradients of the image has 

large magnitudes. 

3. Non-maximum suppression: Only local maxima should be marked as edges. 

4. Double thresholding: Potential edges are determined by thresholding. 

5. Edge tracking by hysteresis: Final edges are determined by suppressing all edges 

that are not connected to a very certain (strong) edge. 

 

CONCLUSION 

The classification of edge detectors discussed in this paper is based on the behavioral 

study of these edges with respect to the Robert operator, Sobel operator, Prewitt operator, 

Laplacian operator and Canny operator. Every edge detection operator having his own 

advantages at particular situation and also having some disadvantages for another type 

application. There for this is responsibility of user to select appropriate edge detector 

operators. 
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