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• First step toward 3-D reconstruction: Find correspondences 
between feature points in two images of a scene
• Object recognition: Find correspondences between feature 
points in “training” and “test” image
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• Intuitively, junctions of contours.
• Generally more stable features over changes of viewpoint
• Intuitively, large variations in the neighborhood of the point in 
all directions
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The distribution of the x and y
derivatives is very different for
all three types of patches



4

How to evaluate “interestness”?
• The distribution of gradients in a 

neighborhood W is represented by the 
inertia (shape, Harris) matrix:

• Elongations of the distribution = 
Eigenvalues of H: l min, l max
– We want l min, l maxto be approx. equal
– We want l min, l maxto be large
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Harris detector and its variants
– We want l min, l maxto be approx. equal
– We want l min, l maxto be large

• (R= 1 if l min=l max but keep only the ones with 
large l max)
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Comp. efficient definition
• For any symmetric matrix H: 

– Det(H) = l minl max

– Trace(H) = l min+l max(The trace is the sum of the 
diagonal of H)
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Computation of H and gradients
• Ix means convolution with Gaussian of s
• H should computed with different weights �

Convolution with Gaussian
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Gaussian weights
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Interpretation

• Geometry:
– Interest point = places where the image 

surface has high curvature (sharp elliptic 
points).

• (Small) motion analysis:
– Interest point = If we move the image by a 

small amount dx dy, the image value changes 
a lot, no matter what direction (dx,dy) is used.
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Scale Selection

How to choose a neighborhood size? � Intuition

Best radius: Local extrema of function that 
measures amount of interesting stuff

Amount of interesting stuff

Radius
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s1 = 2 x s2 !!!X 2

• Why did we use the normalized Laplacian in the previous 
example?

• Justification (and basis for most scale selection 
operations in computer vision):

• Scale Selection Principle (T. Lindeberg):

What are normalized 
derivatives?
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The Laplacian of a Gaussian 
can be approximated by the 
difference of two Gaussian.

To compare the Laplacian at 
different scales we need to 
explain more carefully what 
the approximation is.

In practice: the scaled 
Laplacian can be computed 
by taking the difference 
between level in a Gaussian 
pyramid

(From Mikolajczyk
and Schmid’02)
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Laplacian
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State of the Art: Affine Invariance

Affine Invariance
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Application: Finding
Correspondences

Application: Finding
Correspondences
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