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Harris corner detector
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C.Harris, M.Stephens. “A Combined Corner and Edge Detector”. 1988
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Harris Detector: Basic Idea
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Harris Detector: fp>nnnn
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Harris Detector: np7'onnn
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Harris Detector: ap> nnnn
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Harris Detector: f2>hnnn
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E(U,V) = [U,V] M . A1, A, —eigenvalues of M

direction of the
fastest change

NO09'"7X E(u,v) = const

direction of the
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Harris Detector: 2ip>nnnn

NIMNN NITI W 210 2
7v D'MYYN 0'DIYN NITYVA
‘M




Harris Detector: ap> nnnn
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(k — empirical constant, kK = 0.04-0.06)



Harris Detector: ap> nnnn
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Harris Detector
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Harris Detector: 772y asw=n
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Harris Detector:




Harris Detector: Workflow
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Harris Detector: Workflow
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SIFT nav%»
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Figure 1: Difference of Gaussian pyramid generation

Difference of Gaussian ScaleSpace Pyramids *
for SIFT Feature Detection

Ballard Blair and Chris Murphy
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SIFT nav%»
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Scale-space extremas After low contrast After removal of edge
removal responses
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128 dimensional vector

16x16 window
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: Image transformation Match % | Ori %
A. Increase contrast by 1.2 89.0 86.6
B. Decrease intensity by 0.2 88.5 85.9
C. Rotate by 20 degrees 85.4 81.0
D. Scale by 0.7 85.1 80.3
E. Stretch by 1.2 83.5 76.1
F. Stretch by 1.5 77.7 65.0
G. Add 10% pixel noise 00.3 88.4
H. All of A,B,C,D.E.G. 78.6 71.8
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