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Filter selectivity 
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Frequency-selective filters 

? 

? 
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One might thing of a bandpass filter in frequency 
like this… 

times 

Would mean convolving with a huge mask: 

4 



Property of Penn Engineering, Kostas Daniilidis 

 

Frequency selectivity inversely proportional to 
spatial support (and hence location selectivity) 

The uncertainty principle of signal processing 
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Best ǁaǇ to alleǀiate uŶcertaiŶtǇ priŶciple…. 

Replace the rectangle with a Gaussian!! 
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How to make a bandpass out of a smoother 
(lowpass) ?  

How to make a bandpass 
out of a smoothing filter 
(lowpass) ?  
 
By creating two copies! 
 
How? 
 
Modulating with a cosine! 
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Modulation with a cosine means 
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Modulated Gaussian 
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What happened with the phase? 

=? 
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We need a phase-independent result! 

Quadrature: complex filter with Re^2+Im^2=1  
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The Gabor Function 
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Frequency selectivity 

Gabor 
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2D Gabor Function:  
selectivity in frequency and orientation 
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Rotated 2D Gabor Filter 
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Video 4.2 
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Scale selectivity 
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Build a system that detects edges and 
features independent from scale (size) 

Let us look at aŶ ͞uŶcoŶǀeŶtioŶal edge͟:  
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Build a system that detects edges and 
features independent from scale (size) 
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Response is maximum when 
filter scale σ matches 
incoming scale (ωο).   
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WhiĐh size of ͞edge 
teŵplate͟ ŵatĐhes the 
original edge? 

Look at edge detection as template matching 

22 



Property of Penn Engineering, Kostas Daniilidis 

 

Edge detection output for different σ’s: 

As σ increases the peaks at the 
edges weaken!! 
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Why we need a scale normalization of the filter! 

Assume a scaled version of the original signal 
(twice as wide for s=2), 
then calculate the convolution with 
Gaussian: 

Scaling by s and convolving with scaled Gaussian is the 
same as applying a Gaussian and then scaling by s!!! 
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But this is not true for the 
1st derivative! 
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No matter what the 
scale of the feature, 
edge detector (1st 
Gaussian derivative) 
response should be 
the same when the 
filter matches the 
feature scale. 
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Can we find (select) the intrinsic image scale? 

Yes, by taking the maximum over scale! 
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Video 4.3 
Kostas Daniilidis 
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Scale Invariant Feature Transform (SIFT) 
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Can we find (select) the intrinsic image scale? 

Yes, by taking the maximum over scale! 
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Scale selection and invariance 
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The notion of scale space 
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How is scale space built? 

* = 

means convolution * 

2D Gaussian 
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The same scale but subsampled  

We subsampled it every time that the sigma of the Gaussian was doubled! 
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Now look at the same pixel across scale 
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Scale selection 

• The maximum across scale is the intrinsic scale of 

the image structure 

• if the smoothed value is scale normalized. 

• It turns out that only the derivatives of the Gaussian 

responses can be normalized. 
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We choose the 2nd derivative (trace of Hessian) ,  

called Laplacian of Gaussian (LoG) 

Which has the nice property that it can be 

approximated as the difference of two Gaussians 

and can detect blob like features! 
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Normalization of the 2nd Gaussian Derivative 
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Slide from S. Lazebnik 
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Difference of Gaussians (DoG) 
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Laplacian Scale Space 
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We convolve DoG across space at different scales 
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We convolve DoG across space at different scales 

and detect maximum 
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So, where is a SIFT keypoint? 

• Definition of a keypoint: Maximum in the 3x3x3 

(x,y,σ) region of the point. 
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Vedaldi’s vlfeat 
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Selected σ is visualized with a circle 

Denoting the support region of the feature 
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Detector is rotation invariant 

Because Laplacian is isotropic and a 

maximum in (x,y,σ) is invariant to rotations. 48 
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Descriptor invariance 

• Since the intrinsic scale is detected (circle 
size) all circles will be normalized to a 16x16 
region.  
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The descriptor should be also rotation invariant 

• 1st Step: Find dominant orientation for the patch 
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The descriptor should be rotation invariant 

• 1st Step: Find dominant orientation for the patch 

 

• 2nd Step: Rotate patch to point along x-axis 
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• Compute Image Gradients 

 

 

 

To extract a feature descriptor from a cell 
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• Compute Image Gradients 

 

• Accumulate gradients along cells 

 

To extract a feature descriptor from a cell 
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• Compute Image Gradients 

 

• Accumulate gradients along cells 

 

• Form image descriptor 

To extract a feature descriptor from a cell 
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As a matter of fact it is  
a 4x4 grid of histograms at each keypoint 
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The descriptor is an 128x1 vector 
which together with σ,θ characterize 
the keypoint. 
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Example of SIFT detections and feature extraction 

Input Image Example Detections 
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Example of SIFT detections and feature extraction 

Input Image Example Detections 

Extracted Feature Descriptors 
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Using SIFT for image matching 

Original Image Pair 
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Using SIFT for image matching 

Original Image Pair 

Matched features 
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Create Image Mosaic 

1. Get an image pair 

2. Establish correspondences between matching features 
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Create Image Mosaic 

3. Keep only consistent matches (inliers) 

4. Compute homography and warp 2nd image 
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Create Image Mosaic 

5. Repeat to extend the mosaic 
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Find Location 

Query Image 

We want to find a match in a dataset of 

given images 
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Find Location 

Query Image 
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Find Location 

Query Image Good Matches 

Medium Matches Bad Matches 66 
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Find Location 

Good Match 

Medium Match 

Bad Match 67 
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SIFT Features 
• SIFT detector can automatically  

• Select scale 

• Compute dominant rotation 

• SIFT descriptor 

• Is a grid of histogram of gradient orientations 

• On a region normalized with respect to scale and rotation 

68 



Property of Penn Engineering, Kostas Daniilidis 

 

Video 4.4 
Kostas Daniilidis 
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Image features 
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Why do we want features? 

• As an image representation for 

• Matching two images 

• Image Statistics 

 

• For what purpose? 

• AR tracking 

• Mosaicking 

• 3D models 

• Visual odometry 

• Video tracking 
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What is a good feature? 
• A feature that enables matching when image undergoes 

• Geometric deformations 

• Photometric changes 

• Intra-class changes 

 

•but at the same time is distinctive 

• can be computed efficiently  requires low storage 

 

A set of features is an image representation! 
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Geometry: zoom and rotation 
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Photometry: Light and Color Changes 
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Photometry: Blurring 
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Intra-class changes 
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Detector and Descriptor 

• Output of a detector are  

• Location 

• And possibly scale, 
orientation, affine, and other 
geometrics parameters 
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Detector and Descriptor 

• Output of a descriptor is 

• A vector describing the 
neighborhood 

• For example a histogram! 
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Geometric deformations: equivariance 

•A feature has to be equivariant to deformations 
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Geometric deformations: invariance 

A feature is invariant to 
deformations if its 
descriptor remains the 
same detected . 

If the feature is equivariant, then invariance can 
be achieved with normalization. 
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Video 4.5 
Kostas Daniilidis 
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Harris Corners 
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Is the Harris ͞autocorrelatioŶ ŵatriǆ͟ aŶ equivariant feature? 

Rotation: If the image is rotated will the matrix rotate as well? 

Yes! And the eigendecomposition will yield rotation.  

Scaling: If the image is rotated will the matrix scale as well? 

Yes but the detection threshold will have to be adapted. 

Only the descriptor matrix is equivariant. 
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Video 4.6 
Kostas Daniilidis 
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MSER: Maximally Stable Extremal Regions, Matas et al. 2001 
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MSER: Maximally Stable Extremal Regions, Matas et al. 2001 

͞uŶiforŵ ďloďs͟ Regions unchanged over many thresholds 
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MSER Construction (1) 

intensity image                                        shown as a surface function 

Watershed segmentation algorithms come from the concept of filling  

a basin with water to different levels. 

100 



Property of Penn Engineering, Kostas Daniilidis 

 

MSER Construction (2) 
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MSER Computation (3) 
• For each threshold, compute the connected binary 

regions. 

 

• Compute a function, area A(i), at each threshold value 
i. 

 

• Analyze this function for each potential region to 
determine those that persist with similar function 
value over multiple thresholds. 
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A single threshold 
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Affine transformation from ellipses to circular regions plus 
intensity normalization 

104 



Property of Penn Engineering, Kostas Daniilidis 

 

Histogram of gradients (HOG) descriptor 
(Dalal and Triggs) 
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Histogram of gradients (HOG) descriptor 
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Image is split in overlapping blocks of cells 

• Each block is 16x16  

• 50% overlap  

• Each block has 2x2 cells  

• Each cell is 8x8 

107 



Property of Penn Engineering, Kostas Daniilidis 

 

Histogram quantization 
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