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CS534: Introduction to Computer Vision 
Local Image Features 

Ahmed Elgammal 
Dept. of Computer Science 

Rutgers University 

Outlines 

  Descriptors for local features and image patches 
  Histogram of Gradient Orientations 
  Detecting corners in images.  
  LoG interest point detectors 
  SIFT Features 

  Source: Ch 5, Forsyth and Ponce “Computer 
Vision, a modern approach” – 2nd ed 
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Gradient-based edge detection (recall): 
  Compute image derivatives (with smoothing) by 

convolution 

  Compute edge strength - gradient magnitude 

  Compute edge orientation - gradient direction 

Edge Maps Depend on Shading 

  If the image is brighter (resp. darker) 
  because the camera gain is higher (resp. lower) 
  because there is more (resp. less) light 
  because the pixel values got multiplied by a constant 

  Then the gradient magnitude is bigger (resp. smaller) 
  So scaling image brightness changes the edge map 

  because some magnitudes will go above (resp. below) the 
test threshold 

  Edge maps differ for brighter/darker copies of a 
picture  
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Orientations 

  Gradient magnitude is affected by illumination 
changes, but gradient direction isn’t 

Building Orientation Representations 
  We would like to represent a pattern in an image patch 

  to detect things in images 
  to match points in one image to corresponding points in another 

image 
  Necessary properties 

  we have to know which patch to describe 
  think of this as knowing the center and size of an image window 

  Desirable features 
  representation doesn’t change much if the center is slightly wrong 
  representation doesn’t change much if the size is slightly wrong 
  representation is distinctive 
  representation doesn’t change much if the patch gets brighter/

darker 
  large gradients are more important than small gradients 
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Corners and Interest Points 

  We are looking for image locations that can be 
accurately localized 

  An interest point is a point which has a well-defined 
position and can be robustly detected 

  Aperture problem 
  Critical to many problems: 

  Tracking 
  Image registration 
  Mosaicing and stitching 
  Object Recognition  
  … 

  Corners are features that can be accurately 
localized 

  What is a corner: 
  Intersection of two edges 

  Edge detectors often fail at corners  
  A corner is characterized by: 

  Large gradient 
  two dominant and different edge directions in a local 

neighborhood of the corner 
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  Characterizing gradient in an image window: local 
structure matrix – also called structure tensor 

Representing Windows 

  The eigenvalues of H 
captures the local structure 

  Types 
  constant 

  small eigenvalues 
  Edge  

  one medium, one small 
  Flow 

  one large, one small 
  corner 

  two large eigenvalues 
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Plotting : (x,y)T H-1 (x,y)=ε 
3x3 windows 

5x5 windows 
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Harris Corners 

  Corner response function: find local maxima of 

             k: steering parameter <1 

We need to find a local maxima 
(non maxima suppression) 
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The detector is affected by contrast 
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  From corners to neighborhoods 
  We need to estimate the scale of the neighborhood 

around the corner and it’s orientation 
  Scale? Scale should get larger proportionally when 

the image is larger…  



Rutgers CS534 

11 

Estimating scale 

  Assume we have detected a corner  
  How big is the neighborhood? 
  Use Laplacian of Gaussian filter 

  Kernel looks like fuzzy dark blob on pale light foreground  
  Scale (sigma) of Gaussian gives size of dark, light blob 

  Strategy 
  Apply Laplacian of Gaussian at different scales at corner 

  response is a function of scale 
  Choose the scale that gives the largest response 

  the scale at which the neighborhood looks “most like” a fuzzy 
blob 

Estimating scale 

  Laplacian of a function 

  Gaussian 
  So Laplacian of Gaussian 

  Convolve with image 

 0   0   -1   0   0 
 0  -1   -2  -1   0 
-1  -2  16  -2  -1 
 0  -1   -2  -1   0 
 0   0   -1   0   0 
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Extremal scale 

Estimating orientation of neighborhood 

  We need to achieve rotation-invariant descriptor of 
image patches 

  A natural reference orientation is the most common 
orientation of the patch 

  Within neighborhood, estimate image orientations 
  Form a histogram of orientations 

  Weighting by distance to center, or unweighted 

  Choose the orientation with the maximum count 
  if there are two or more 

  make copies of the neighborhood 
  each has one of the peak count orientations 
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Finding image neighborhoods (Without 
Corner detection) 
  Fuzzy blob strategy 

  Find locations and scales where  
  image looks more like fuzzy blobs than their immediate 

neighbors 
  in location 
  in scale 

  Then estimate orientation 
  Find local maxima of  

  as a function of location and scale 
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  Corners vs LoG for interest points: 
  Corner detectors respond to corner structure 
  LoG looks for circular blobs at a particular scale 
  Corner detector estimate the center very accurately, but 

the scale estimate is poor 
  Corners are most useful for matching with no large 

scale change 
  LoG is less accurate in estimating the center, but the 

scale estimate is better  

Histograms of Oriented Gradients 

  Necessary properties 
  we have to know which patch to describe 
  think of this as knowing the center and size of an image window 

  Desirable features 
  representation doesn’t change much if the center is slightly wrong 
  representation doesn’t change much if the size is slightly wrong 
  representation is distinctive 
  representation doesn’t change much if the patch gets brighter/darker 
  large gradients are more important than small gradients 

For the moment, 
assume window 
is known 

Use histograms Break window 
into boxes,  
describe each 
separately Use orientations 

Weight orientation histogram entries 



Rutgers CS534 

16 

Histograms of Oriented Gradients 

  Strategy: 
  break patch up into blocks 
  construct histogram representing gradient orientations 

in that block 
  which won’t change much if the patch moves slightly 
  entries weighted by magnitude 

  Variants 
  histogram of angles 
  histogram of gradient vectors, length normalized by 

block averages 

Describing Neighborhoods 

SIFT features 
  SIFT=Scale Invariant Feature Transform 
  Very strong record of effectiveness in matching 

applications 
  Local histogram of gradient 

  use orientations to suppress intensity change effects 
  use histograms so neighborhood need not be exactly localized 
  weight large gradients higher than small gradients 

  Weighting processes are different 
  SIFT features behave very well using nearest 

neighbors matching 
  i.e. the nearest neighbor to a query patch is usually a matching 

patch 
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HOG features 

HOG - Crucial Points 

  Gradient orientations are not affected by 
intensity 

  Orientations with larger magnitude are more 
important 

  Describe an image window of known location, 
size 
  Histograms reduce the effect of poor estimate of 

location, size 
  Break window into subwindows 

  for each, compute an orientation histogram, weighting 
orientations by magnitude 

  Numerous variants available 


