
SIFT keypoint detection

D. Lowe, Distinctive image features from scale-invariant keypoints, 
IJCV 60 (2), pp. 91-110, 2004 

http://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf


Overview
• Multiscale blob detection: Key idea
• Laplacian of Gaussian filter
• Multiscale blob detection algorithm
• SIFT detector
• SIFT descriptors



Keypoint detection with scale selection
• We want to extract keypoints with characteristic scales that 

are equivariant (or covariant) w.r.t. to scaling of the image

K. Mikolajczyk and C. Schmid. Indexing based on scale invariant interest points. ICCV 2001
T. Lindeberg, Feature detection with automatic scale selection, IJCV 30(2), pp. 77-116, 1998
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https://hal.inria.fr/inria-00548276/file/mikolajcICCV2001.pdf
http://www.nada.kth.se/cvap/abstracts/cvap198.html


Keypoint detection with scale selection
• We want to extract keypoints with characteristic scales that 

are equivariant (or covariant) w.r.t. to scaling of the image
• Approach: compute a scale-invariant response function over 

neighborhoods centered at each location (𝑥, 𝑦) and a range 
of scales (𝜎), find scale-space locations (𝑥, 𝑦, 𝜎) where this 
function reaches a local maximum

“scale space”



Keypoint detection with scale selection
• We want to extract keypoints with characteristic scales that 

are equivariant (or covariant) w.r.t. to scaling of the image
• Approach: compute a scale-invariant response function over 

neighborhoods centered at each location (𝑥, 𝑦) and a range 
of scales (𝜎), find scale-space locations (𝑥, 𝑦, 𝜎) where this 
function reaches a local maximum

• A particularly convenient response function is given by the 
scale-normalized Laplacian of Gaussian (LoG) filter:
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Laplacian of Gaussian
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Source: J. Johnson and D. Fouhey
Is this filter separable?

https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_detectors.pptx


Scale-normalized Laplacian
• You need to multiply the LoG by 𝜎! to make responses 

comparable across scales 
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Edge detection with LoG

Edge

Edge = local maximum of derivative Edge = zero-crossing of Laplacian
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D. Marr and E. Hildreth. Theory of Edge Detection. Proc. of the Royal Society of London. Series B, Biological Sciences, 
207 (1167): 187–217, 1980

Derivative of Gaussian Laplacian of Gaussian

http://www.hms.harvard.edu/bss/neuro/bornlab/qmbc/beta/day4/marr-hildreth-edge-prsl1980.pdf
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Blob detection with LoG
• Let’s convolve a 1D “blob” with the Laplacian:

Source: J. Johnson and D. Fouhey

https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_detectors.pptx
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Blob detection with LoG
• Let’s convolve a 1D “blob” with the Laplacian:

Source: J. Johnson and D. Fouhey

https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_detectors.pptx
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Blob detection with LoG
• Let’s convolve a 1D “blob” with the Laplacian:

Source: J. Johnson and D. Fouhey

https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_detectors.pptx


Spatial selection
• The magnitude of the Laplacian response will achieve a 

maximum at the center of the blob, provided the scale of the 
Laplacian is “matched” to the scale of the blob

maximum



Scale selection
• We can find the characteristic scale of the blob by convolving 

it with scale-normalized Laplacians at several scales (𝜎) and 
looking for the maximum response

maximum



Overview
• Multiscale blob detection: Key idea
• Laplacian of Gaussian filter
• Multiscale blob detection algorithm



2D multiscale blob detection
1. Convolve image with scale-normalized Laplacian of 

Gaussian at several scales (values of 𝜎)
2. Find maxima of squared Laplacian response in space and 

across scales

𝜎 “Scale space”



2D multiscale blob detection: Example



2D multiscale blob detection: Example



2D multiscale blob detection: Example

After scale-space NMS 



Technical detail 1: Drawing circles
• At what scale does the Laplacian achieve a maximum response to a binary 

circle of radius 𝑟?
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Technical detail 1: Drawing circles
• At what scale does the Laplacian achieve a maximum response to a binary 

circle of radius 𝑟?
• To get maximum response, the zeros of the Laplacian have to be aligned with the circle
• Up to scale, the Laplacian is given by (𝑥! + 𝑦! − 2𝜎!)𝑒"($!%&!)/!)!, so the maximum 

response occurs at 𝜎 = 𝑟/ 2

• Therefore, for display purposes, you should multiply the characteristic scales 
of detected keypoints by 2
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Technical detail 2: Eliminating edge responses
• Laplacian has strong response along edges



Technical detail 2: Eliminating edge responses
• Laplacian has strong response along edges

• Solution: filter based on Harris response function over 
neighborhoods containing the “blobs”



Overview
• Multiscale blob detection: Key idea
• Laplacian of Gaussian filter
• Multiscale blob detection algorithm
• SIFT detector
• SIFT descriptors



SIFT: Scale-invariant feature transform

D. Lowe. Distinctive image features from scale-invariant keypoints. IJCV 60 (2), pp. 91-110, 2004 
D. Lowe. Object recognition from local scale-invariant features. ICCV 1999

http://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf
http://www-staff.informatik.uni-frankfurt.de/asa/seminare/Literatur/L99-Lowe_SIFT_1999.pdf


• Approximate LoG with a difference of Gaussians (DoG)
• Laplacian:     𝜎! 𝐺"" 𝑥, 𝑦, 𝜎 + 𝐺##(𝑥, 𝑦, 𝜎)
• DoG:   𝐺 𝑥, 𝑦, 𝑘𝜎 − 𝐺(𝑥, 𝑦, 𝜎)

SIFT detector: Efficient implementation



• Approximate LoG with a difference of Gaussians (DoG)
• Laplacian:     𝜎! 𝐺"" 𝑥, 𝑦, 𝜎 + 𝐺##(𝑥, 𝑦, 𝜎)
• DoG:   𝐺 𝑥, 𝑦, 𝑘𝜎 − 𝐺 𝑥, 𝑦, 𝜎

• Compute DoG via an image pyramid:

SIFT detector: Efficient implementation



SIFT for matching
• The main goal of SIFT is to enable image matching in the 

presence of significant transformations
• To recognize the same keypoint in multiple images, we need to match 

appearance descriptors or “signatures” in their neighborhoods
• Descriptors that are locally invariant w.r.t. scale and rotation can 

handle a wide range of global transformations



SIFT for matching
• SIFT detector returns a characteristic scale that can be 

normalized out, but no characteristic orientation



SIFT for matching
• SIFT detector returns a characteristic scale that can be 

normalized out, but no characteristic orientation
• Hack for finding a reference orientation:

• Create histogram of local gradient directions in the patch
• Assign reference orientation at peak of smoothed histogram

0 2 p



SIFT detector: Example outputs
• Detected keypoints with characteristic scales and orientations:



SIFT descriptors
• Inspiration: complex neurons in the primary visual cortex



SIFT for matching
• Extraordinarily robust detection and description technique

• Can handle changes in viewpoint
– Up to about 60 degree out-of-plane rotation

• Can handle significant changes in illumination
– Sometimes even day vs. night

• Fast and efficient—can run in real time
• Lots of code available

Source: N. Snavely



A hard matching problem

NASA Mars Rover images



NASA Mars Rover images
with SIFT feature matches
Figure by Noah Snavely

Answer below (look for tiny colored squares…)



Local invariance beyond SIFT
• Can we make local descriptors invariant w.r.t. viewpoint 

changes?



Local invariance beyond SIFT
• Can we make local descriptors invariant w.r.t. viewpoint 

changes?
• Affine transformations approximate viewpoint changes for 

roughly planar objects and roughly orthographic cameras



Affine adaptation

• More cumbersome in practice and not as successful as SIFT

K. Mikolajczyk and C. Schmid. Scale and affine invariant interest point detectors. IJCV 2004

http://www.robots.ox.ac.uk/~vgg/research/affine/det_eval_files/mikolajczyk_ijcv2004.pdf

