LoG vs. DoG

Laplacian of Gaussian Difference of Gaussians
t=02=1, k=1.1
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Digital Image Processing: Bernd Girod, © 2013 Stanford University -- Scale Space 8


http://blackhole2.stanford.edu/ee368/spring_2013/Chapter_8/Examples/chap8_LoG_versus_DoG/

LoG vs. DoG (cont.)

Laplacian of Gaussian Difference of Gaussians
t=02=1 t=02=1, k=11
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Scale space: Laplacian images

t=16
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Scale space: Binarized Laplacian images
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