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Edge Detection
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Convert a 2D image into a set of points where image intensitychanges rapidly.
Topics:
1. What is an Edge?
2. Edge Detection Using Gradients.
3. Edge Detection Using Laplacian.
4. Canny Edge Detector.



What is an Edge?
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Rapid change in image intensity within small region

The Real Photograph The Sketch by an Artist

Edges convey vitalvisual information



Causes of Edges
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e.g.: Two surfaces made of thesame material, having differentsurface orientations where theymeet, they will likely receivedifferent amounts of light fromthe light sources in the scene,and hence will have differentbrightness value

Edges created by Surfacenormal discontinuity



Causes of Edges
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Edges created by depthdiscontinuity
e.g.: If one object is located infront of another, there will likelybe a sudden change in intensityalong the boundary between thetwo objects



Causes of Edges
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Edges created by surfacecolor discontinuity
e.g.: Happens when a singlesurface changes reflectanceproperties, like texture ormaterial.



Causes of Edges
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Edges created byillumination discontinuity

e.g.: The wall casts a sharpshadow on the background,resulting in a significantdifference in the amount of lightfalling within and outside theshadow



Types of edges
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Real Edges
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Problems: Noisy Images and Discrete Images



Edge Detector
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Edge Detection Using Gradients
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1D Edge Detection
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Edge is a rapid change in image intensity in a small region.



1D Edge Detection
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Edge is a rapid change in image intensity in a small region.

Basic Calculus: Derivative of a continuous function represents theamount of change in the function.



Edge Detection Using 1𝑠𝑡 Derivative
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The derivative is positivebecause we have a risingedge

The derivative is negativebecause we have a fallingedge



Edge Detection Using 1𝑠𝑡 Derivative
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Provides Both Location and Strength of an Edge

The peak of an edgereveals the maxima
The magnitude of the peaksreveals the strength of the edge



2D Edge Detection
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Basic Calculus: Partial Derivatives of a 2D continuous functionrepresents the amount of change along each dimension.



Gradient ( ∇ )
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Gradient ( ∇ ) as Edge Detector
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Note: I represents the image intensity function



Discrete Gradient ( ∇ ) Operator
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The pixel intensity at position (i,j)



Discrete Gradient ( ∇ ) Operator
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Finite difference approximations:

The pixel intensity at position (i,j)



Discrete Gradient ( ∇ ) Operator
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Finite difference approximations:

Can be implemented as Convolution!



Discrete Gradient ( ∇ ) Operator
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Finite difference approximations:
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Comparing Gradient ( ∇ ) Operators
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• Good Localization• Noise Sensitive• Poor Detection
• Poor Localization• Less Noise Sensitive• Good Detection



Gradient ( ∇ ) Using Sobel Filter
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The Lena Image



Gradient ( ∇ ) Using Sobel Filter
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Image (𝐼)
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The Lena Image How to declare that a pixelis an edge ?



Edge Thresholding
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Sobel Edge Detector
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Edge Detection Using Laplacian
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Edge Detection Using 1𝑠𝑡 Derivative
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What is the derivative of the derivative ?



Edge Detection Using 2𝑛𝑑 Derivative
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When the derivative is increasingit’s derivative will be increasing too

When the derivative is decreasingit’s decreasing will be increasing too



Laplacian ( ∇2 ) as Edge Detector
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Discrete Laplacian ( 𝛻2 ) Operator
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Discrete Laplacian ( 𝛻2 ) Operator
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Discrete Laplacian ( 𝛻2 ) Operator
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Laplacian Edge Detector
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• Since the output contains negative values, a level of 128 isused as zero — pixels below 128 are negative, above 128are positive
• At an edge, the Laplacian crosses from positive to negative(or vice versa) — this is called a zero-crossing

• At a zero-crossing, the pixel value is exactly 128,surrounded by large positive and negative values
• These zero-crossings are detected to produce the finalbinary edge map



Effects of Noise
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Where is the edge??



Solution: Gaussian Smooth First
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Derivative of Gaussian 𝛻 𝜂𝜎
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Derivative of Laplacian 𝛻2 𝜂𝜎
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Gradient vs. Laplacian
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Gradient vs. Laplacian
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An operator that has the best of both?



Canny Edge Detector
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Canny Edge Detector
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Canny Edge Detector
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Canny Edge Detector
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Canny Edge Detector
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Canny Edge Detector Results: Lena
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Canny Edge Detector Results: Cells
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Canny Edge Detector Results: Mont Cervin
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Edge Illusions: Hering Illusion
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Ewald Hering, 1861



Edge Illusions: Hering Illusion

Ilias TOUGUI 51
Ewald Hering, 1861



Edge Illusions: Café Wall Illusion
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Gregory and Heard, 1979



Edge Illusions: Café Wall Illusion
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Gregory and Heard, 1979



Edge Illusions: The Kanizsa Triangle
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Kanizsa, 1955



Edge Illusions: The Kanizsa Triangle
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Kanizsa, 1955



Edge Illusions vs Edge Detectors

Ilias TOUGUI 56

Illusion What Fools Human Vision What Edge Detectors Do
Hering Acute angle expansion distortsstraight lines Correctly detect straight lines(gradient-based)
Café Wall Context-dependent borderlocking warps gray lines Detect gray lines as perfectlyhorizontal
Kanizsa Triangle Top-down completion createsedges from nothing Detect no edge— no gradientto compute


