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Priznak

* Bohaty obsah (zmena jasu, variacia farieb) v ramci
lokalneho okna

* vhodne zvolena signatura - pre porovnanie s inymi
priznakmi

*\/vhranena pozicia v ramci obrazka

* Invariantneé voci natocCeniu a skalovaniu
* Nesenzitivne voCi zmene osvetlenia



1D Blob and 2nd Derivative of Gaussian
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1D Blob and 2nd Derivative of Gaussian
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Characteristic Scale and Blob Size
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Characteristic Scale: The ¢ at which g-normalized
2nd derivative attains its extreme value.
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2D Blob Detector

Normalized Laplacian of Gaussian (NLoG) is used as
the 2D equivalent for Blob Detection.

Laplacian Gaussian LoG NLoG
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Location of Blobs given by Local Extrema after applying
Normalized Laplacian of Gaussian at many scales.

23



Blob Detection using Local Extrema
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Blob Detection using Local Extrema
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Fast NLoG Approximation: DoG

Difference of Gaussian (DoG) = (ny, —n,) = (s — 1)o?V?n,
l_'_.l
NLoG

DoG = (s — 1) NLoG




SIFT Scale Invariance
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Computing the Principal Orientation

Use the histogram of gradient directions

Image gradient directions
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prominent gradient direction
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SIFT Descriptor

Normalized Histogram: Invariant to Rotation, Scale, Brightness 45
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Hierarchical K-Means Improved FV
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feature extraction encoding

SIFT feature :
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