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Matching Pixels

In different views, scales, scenes, etc.

Invariant detectors +
robust descriptors +
matching



Observation:

Invariant
detectors require
dominant scales

=191}
Most pixels do
not have such
scales
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Why is this
useful?
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Dense matching with scale differences

Solution 1:

lgnore scale differences — Dense-SIFT



Dense SIFT (DSIFT)

Arbitrary scale selection

VLFeat.org
Tuterials - DSIFT/PHOW

Home
Download
Documentation

Tutorials

SIFT Dense SIFT as a faster SIFT

el L The main advantage of using v1 dsift overv1 sift is speed. To see this, Ioad a test image

y to understand in detail how
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nce transf.
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Applications

[Vedaldi and Fulkerson‘10]




SIFT-Flow

[Liu et al. ECCV’08, PAMI'11]
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Left photo Right photo Left warped
onto Right

“The good”: Dense flow between different scenes!




SIFT-Flow

[Liu et al. ECCV’08, PAMI'11]

Left photo Right photo Left warped
onto Right

“The bad”: Fails when matching different scales



Dense matching with scale differences

Solution 2:

Scale Invariant Descriptors (SID)*

* Kokkinos and Yuille, Scale Invariance without Scale
Selection, IEEE Conf. on Computer Vision and Pattern
Recognition (CVPR), 2008



Log-Polar sampling
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Translation invariance

Absolute of the Discrete-Time Fourier Transform
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SID-Flow

Left




SID-Flow

Left
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Dense matching with scale differences

Solution 3:

Scale-Less SIFT (SLS)*

Joint work with
Viki Mayzels and Lihi Zelnik-Manor and

* T. Hassner, V. Mayzels, and L. Zelnik-Manor, On SIFTs and
their Scales, IEEE Conf. on Computer Vision and Pattern
Recognition (CVPR), Rhode Island, June 2012



SIFTs and Multiple Scales
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SIFTs and Multiple Scales
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Observation 1

Corresponding points have multiple SIFT
matches at multiple scales
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Left image SIFTs
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Right image SIFTs




Matching ver.1

Use set-to-set gty ') = min dist(h,, ,h’, )

distance:
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To lllustrate

...if SIFTs were 2D




Observation 2

SIFT changes gradually across scales
Suggests they reside on manifold
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Main Assumption

SIFTs in multi-scales lie close to a linear subspace

Fixed local N =h
statistics : o oy

Gradual changes h Z W. h
|

across scales:




So, for each pixel...

Extract SIFTs at multi-scales
h,...h, |

Compute basis (e.g., PCA)
A =[h,....h,]

This low-dim subspace reflects SIFT
behavior through scales



Matching ver.2

Use subspace
to subspace

distance: dist(p,q) = diSt(I:Ip’ qu) = HSin 9”2
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To lllustrate




The Scale-Less SIFT (SLS)

Map these subspaces to points!
[Basri, Hassner, Zelnik-Manor, CVPR’07, ICCVwW’09, TPAMI'11]
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The Scale-Less SIFT (SLS)

Map these subspaces to points!
[Basri, Hassner, Zelnik-Manor, CVPR’07, ICCVwW’09, TPAMI'11]

A point representation for
the subspace spanning
SIFT’s behavior in scales!!!

a a
SLS(p):VeC(Ap):[%’am °°°°° alD’ﬁ’azs""ﬁ}

ISLS (p) - SLS(q)|" = #- dist? (Hp, Hq)



SLS-Flow

Left
Photo

DSIFT SID [Kokkinos & Yuille, CVPR'08] Our SLS
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Dense-Flow with SLS

Using SIFT-Flow to compute the flow

- ) -

Left & Lo M

Photo Photo

DSIFT SID [Kokkinos & Yuille, CVPR’08] Our SLS




Dense-Flow with SLS

Using SIFT-Flow to compute the flow
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What we saw

Dense matching, even when
scenes and scales are different




Thank you!

hassner@openu.ac.il

www.openu.ac.il/home/hassner
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* SIFT-Flow

 DSIFT (vifeat)

« SID

Resources


http://people.csail.mit.edu/celiu/SIFTflow/
http://www.vlfeat.org/
http://vision.mas.ecp.fr/Personnel/iasonas/code.html
http://vision.mas.ecp.fr/Personnel/iasonas/code.html
http://www.openu.ac.il/home/hassner/projects/siftscales/
http://www.openu.ac.il/home/hassner/projects/siftscales/
http://www.openu.ac.il/home/hassner
mailto:hassner@openu.ac.il




