
Digital Image Processing: Bernd Girod, © 2013 Stanford University  -- Keypoint Detection 16 

What patterns can be localized most accurately? 
 Local displacement sensitivity (assuming continuous f(x,y)) 

 
 

 Linear approximation for small 
 
 
 
 
 
 

 
 

 Iso-sensitivity curves are ellipses 
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 fx(x,y) – horizontal image gradient 
 fy(x,y) – vertical image gradient 
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Harris detector 
 Based on eigenvalues λ1, λ2 of  “structure matrix” 

(aka ”normal matrix” aka “second-moment matrix”) 
 
 
 
 
 
                  fx[x,y] – horizontal image gradient 

             fy[x,y] – vertical image gradient 
 
 
 
 

       
 

 
 

λ1 

“Corner” 
λ1 and λ2 are large 

“Edge”  
λ1 >> λ2 

“Edge”  
λ2 >> λ1 

“Flat” 
region 

λ2 
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Harris cornerness 
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http://blackhole2.stanford.edu/ee368/spring_2013/Chapter_7/Examples/chap7_Harris_Cornerness_Contours/
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Input images 

http://blackhole2.stanford.edu/ee368/spring_2013/Chapter_7/Examples/chap7_Harris_Keypoint_Detector/
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Harris cornerness 

http://blackhole2.stanford.edu/ee368/spring_2013/Chapter_7/Examples/chap7_Harris_Keypoint_Detector/
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Thresholded cornerness 

http://blackhole2.stanford.edu/ee368/spring_2013/Chapter_7/Examples/chap7_Harris_Keypoint_Detector/
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Local maxima of cornerness 

http://blackhole2.stanford.edu/ee368/spring_2013/Chapter_7/Examples/chap7_Harris_Keypoint_Detector/
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Superimposed Harris keypoints 

500 strongest 
keypoints 

http://blackhole2.stanford.edu/ee368/spring_2013/Chapter_7/Examples/chap7_Harris_Keypoint_Detector/
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Robustness of Harris detector 

 Invariant to brightness offset: f [x,y]  f [x,y] + c 
 

 Invariant to shift and rotation 
 

 Not invariant to scaling 
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