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Review

ÅDescriptors

ÅMatching
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Simple Normalized Descriptor
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interest point              neighborhood around          normalized neighborhood
interest  point                       around interest point

201
пррс   нлл
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ур  млм  млр

156 145    1
155 0      1
116   100   96

Å The simple descriptor just subtracts the center value from each of 
the neighbors, including itself to normalize for lighting and exposure.

ÅWe can store this as a 1D vector to be efficient:  
156 145 1 155 0 1 116 100 96



Properties of our Descriptor

ÅTranslation Invariant
ÅNot scale invariant
ÅNot rotation invariant
ÅSomewhat invariant to lighting changes

Å[ŜǘΩǎ ƭƻƻƪ ŀǘ ǘƘŜ {LC¢ ŘŜǎŎǊƛǇǘƻǊΣ ōŜŎŀǳǎŜ ƛǘ ƛǎ 
heavily used, even without using the SIFT key 
point detector.
ÅIt already solves the scale problem by computing 

at multiple scales and keeping track.
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CSE 576: Computer Vision

Rotation invariance

Image from Matthew Brown

Å Rotate patch according to its dominant gradient 
orientation

Å This puts the patches into a canonical orientation.



T. Tuytelaars, B. Leibe

Orientation Normalization

ÅCompute orientation histogram

ÅSelect dominant orientation

ÅNormalize: rotate to fixed orientation 

0 2p

[Lowe, SIFT, 1999]



Once we have found the key points and a dominant orientation for each,

we need to describethe (rotated and scaled) neighborhood about each.

128-dimensional vector



SIFT descriptor
Full version

ÅDivide the 16x16 window into a 4x4 grid of cells (2x2 case shown below)

ÅCompute an orientation histogram for each cell

Å 16 cells * 8 orientations = 128 dimensional descriptor

Adapted from slide by David Lowe 8



{LC¢ ŘŜǎŎǊƛǇǘƻǊ
Full version

ÅDivide the 16x16 window into a 4x4 grid of cells

ÅCompute an orientation histogram for each cell

Å 16 cells * 8 orientations = 128 dimensional descriptor

8        8         . . .                      8 
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Matching with Features

ÅDetect feature points in both images
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Matching with Features

Å5ŜǘŜŎǘ ŦŜŀǘǳǊŜ Ǉƻƛƴǘǎ ƛƴ ōƻǘƘ ƛƳŀƎŜǎ

ÅCƛƴŘ ŎƻǊǊŜǎǇƻƴŘƛƴƎ ǇŀƛǊǎ
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Find the best matches

ÅFor each descriptor a in A, find its best match b in 
B

ÅAnd store it in a vector of matches
ÅNote: this is abstract; see code for details.
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ÅLarger Goal: Combine two or more 
overlapping images to make one larger image

Add example

Slide credit: Vaibhav Vaish
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http://robots.stanford.edu/cs223b07/notes/CS223B-L11-Panoramas.ppt


Mean displacement = 

Simple case: translations

5ƛǎǇƭŀŎŜƳŜƴǘ ƻŦ ƳŀǘŎƘ ƛ Ґ
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Solving for translations

ÅUsing least squares

2n x 2 2 x 1 2n x 1 15



[Ŝŀǎǘ ǎǉǳŀǊŜǎ

ÅFind t that minimizes 

ÅTo solve, form the normal equations
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Affine transformations

ÅHow many unknowns?

ÅHow many equations per match?

Åx´ = ax + by + c;   y´ = dx + ey +f

ÅHow many matches do we need?

17



Affine transformations

ÅResiduals:

ÅCost function:

му



Affine transformations

ÅMatrix form

2n x 6 6 x 1 2n x 1
19



Solving for homographies

нл

Why is this now a variable and not just 1?

ÅA homographyis a projective object, in that it has no scale.
It is represented by the above matrix, up to scale.

ÅOne way of fixing the scale is to set one of the coordinates to 1,
though that choice is arbitrary.

Å.ǳǘ ǘƘŀǘΩǎ ǿƘŀǘ Ƴƻǎǘ ǇŜƻǇƭŜ Řƻ ŀƴŘ ȅƻǳǊ ŀǎǎƛƎƴƳŜƴǘ ŎƻŘŜ ŘƻŜǎΦ



Solving for homographies
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Why the division?



Solving for homographies
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¢Ƙƛǎ ƛǎ Ƨǳǎǘ ŦƻǊ ƻƴŜ ǇŀƛǊ ƻŦ ǇƻƛƴǘǎΦ



Direct Linear Transforms (n points)

Defines a least squares problem:

ωSince        is only defined up to scale, solve for unit vector

ωSolution:        = eigenvector of with smallest eigenvalue

ωWorks with 4 or more points

2n × 9 9 2n
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5ƛǊŜŎǘ [ƛƴŜŀǊ ¢ǊŀƴǎŦƻǊƳǎ

ÅWhy could we not solve for the homography
in exactly the same way we did for the affine 
transform, ie. 
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Answer from Sameer Agarwal
(Dr. Rome in a Day)

ÅCƻǊ ŀƴ ŀŦŦƛƴŜ ǘǊŀƴǎŦƻǊƳΣ ǿŜ ƘŀǾŜ Ŝǉǳŀǘƛƻƴǎ ƻŦ ǘƘŜ ŦƻǊƳ !ȄƛҌ ō 
Ґ ȅƛΣ ǎƻƭǾŀōƭŜ ōȅ ƭƛƴŜŀǊ ǊŜƎǊŜǎǎƛƻƴΦ  

ÅCƻǊ ǘƘŜ ƘƻƳƻƎǊŀǇƘȅΣ ǘƘŜ Ŝǉǳŀǘƛƻƴ ƛǎ ƻŦ ǘƘŜ ŦƻǊƳ

IȄɃƛ  ƛ֖ όƘƻƳƻƎŜƴŜƻǳǎ ŎƻƻǊŘƛƴŀǘŜǎύ

ŀƴŘ ǘƘŜ   ƳŜŀƴǎ ƛǘ ƘƻƭŘǎ ƻƴƭȅ ǳǇ ǘƻ ǎŎŀƭŜΦ ¢ƘŜ ŀŦŦƛƴŜ ǎƻƭǳǘƛƻƴ 
ŘƻŜǎ ƴƻǘ ƘƻƭŘΦ
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Matching features

²Ƙŀǘ Řƻ ǿŜ Řƻ ŀōƻǳǘ ǘƘŜ άōŀŘέ ƳŀǘŎƘŜǎΚ
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RAndom SAmple Consensus

Select onematch, count inliers

LƴƭƛŜǊǎΥ ƳŀǘŎƘŜǎ ǘƘŀǘ ŀƎǊŜŜ ǿƛǘƘ ŀ ƎƛǾŜƴ ƳŀǘŎƘ ƻǊ όƭŀǘŜǊύ ƘƻƳƻƎǊŀǇƘȅ
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RAndom SAmple Consensus

Select onematch, count inliers



нф

Least squares fit (from inliers)

CƛƴŘ άŀǾŜǊŀƎŜέ ǘǊŀƴǎƭŀǘƛƻƴ ǾŜŎǘƻǊ
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RANSAC for estimating homography

ÅRANSAC loop:

1. Select four feature pairs (at random)

2. Compute homography H (exact)

3. Compute inliers where ||piË, H pi|| < Ů

ÅKeep largest set of inliers

ÅRe-compute least-squares H estimate using all 
of the inliers

ом
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Simple example: fit a line

ÅRather than homography H (8 numbers) 
fit y=ax+b (2 numbers a, b) to 2D pairs
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Simple example: fit a line

ÅPick 2 points

ÅFit line

ÅCount inliers

33

3 inliers
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Simple example: fit a line

ÅtƛŎƪ н Ǉƻƛƴǘǎ

ÅCƛǘ ƭƛƴŜ

Å/ƻǳƴǘ ƛƴƭƛŜǊǎ

34

4 inliers
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{ƛƳǇƭŜ ŜȄŀƳǇƭŜΥ Ŧƛǘ ŀ ƭƛƴŜ

ÅPick 2 points

ÅFit line

ÅCount inliers

35

9 inliers
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Simple example: fit a line

ÅPick 2 points

ÅFit line

ÅCount inliers

36

у ƛƴƭƛŜǊǎ
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Simple example: fit a line

ÅUse biggest set of inliers

ÅDo least-square fit
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What still needs to be fixed?

ÅThe planar projections may not work so well

ÅYour homework has extra credit for using 
cylindrical projections instead.

ÅIŜǊŜΩǎ ǘƘŜ ƛŘŜŀΦ
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tŀƴƻǊŀƳŀ ŀƭƎƻǊƛǘƘƳΥ
Find corners in both images

Calculate descriptors

Match descriptors

RANSAC to find homography

Stitch together images with homography



Stitching panoramas:
-²Ŝ ƪƴƻǿ ƘƻƳƻƎǊŀǇƘȅ ƛǎ ǊƛƎƘǘ ŎƘƻƛŎŜ ǳƴŘŜǊ ŎŜǊǘŀƛƴ ŀǎǎǳƳǇǘƛƻƴΥ

- !ǎǎǳƳŜ ǿŜ ŀǊŜ ǘŀƪƛƴƎ ƳǳƭǘƛǇƭŜ ƛƳŀƎŜǎ ƻŦ ǇƭŀƴŀǊ ƻōƧŜŎǘ

homographyH

3D



Lƴ ǇǊŀŎǘƛŎŜΥ



In practice:



In practice:



In practice:



Lƴ ǇǊŀŎǘƛŎŜΥ



In practice:



²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ



²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ
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²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ



²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ



²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ



²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ



Very bad for big panoramas!



±ŜǊȅ ōŀŘ ŦƻǊ ōƛƎ ǇŀƴƻǊŀƳŀǎΗ



Very bad for big panoramas!



Fails :-(



How do we fix it? Cylinders!



Iƻǿ Řƻ ǿŜ ŦƛȄ ƛǘΚ /ȅƭƛƴŘŜǊǎΗ



How do we fix it? Cylinders!



How do we fix it? Cylinders!



How do we fix it? Cylinders!



Iƻǿ Řƻ ǿŜ ŦƛȄ ƛǘΚ /ȅƭƛƴŘŜǊǎΗ



How do we fix it? Cylinders!

(xc,yc) = center of projection and f = focal length of camera



Dependant on focal length!



f = 300 f = 500



f = 1000



Ŧ Ґ мплл



f = 10,000



f = 10,000



Does it work?



5ƻŜǎ ƛǘ ǿƻǊƪΚ



Does it work?



Does it work?



Does it work?



5ƻŜǎ ƛǘ ǿƻǊƪΚ ¸ŀȅΗ



Where are we?

Å²Ŝ ŀǊŜ ƎƻƛƴƎ ǘƻ ōǳƛƭŘ ŀ ǇŀƴƻǊŀƳŀ ŦǊƻƳ ǘǿƻ όƻǊ 
ƳƻǊŜύ ƛƳŀƎŜǎΦ
Å²Ŝ ƴŜŜŘ ǘƻ ƭŜŀǊƴ ŀōƻǳǘ
ïCƛƴŘƛƴƎ ƛƴǘŜǊŜǎǘ Ǉƻƛƴǘǎ
ï5ŜǎŎǊƛōƛƴƎ ǎƳŀƭƭ ǇŀǘŎƘŜǎ ŀōƻǳǘ ǎǳŎƘ Ǉƻƛƴǘǎ
ïCƛƴŘƛƴƎ ƳŀǘŎƘŜǎ ōŜǘǿŜŜƴ ǇŀƛǊǎ ƻŦ ǎǳŎƘ Ǉƻƛƴǘǎ ƻƴ ǘǿƻ 
ƛƳŀƎŜǎΣ ǳǎƛƴƎ ǘƘŜ ŘŜǎŎǊƛǇǘƻǊǎ
ï{ŜƭŜŎǘƛƴƎ ǘƘŜ ōŜǎǘ ǎŜǘ ƻŦ ƳŀǘŎƘŜǎ ŀƴŘ ǎŀǾƛƴƎ ǘƘŜƳ
ï/ƻƴǎǘǊǳŎǘƛƴƎ ƘƻƳƻƎǊŀǇƘƛŜǎόǘǊŀƴǎŦƻǊƳŀǘƛƻƴǎύ ŦǊƻƳ 
ƻƴŜ ƛƳŀƎŜ ǘƻ ǘƘŜ ƻǘƘŜǊ ŀƴŘ ǇƛŎƪƛƴƎ ǘƘŜ ōŜǎǘ ƻƴŜ
ï{ǘƛǘŎƘƛƴƎ ǘƘŜ ƛƳŀƎŜǎ ǘƻƎŜǘƘŜǊ ǘƻ ƳŀƪŜ ǘƘŜ ǇŀƴƻǊŀƳŀ
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RANSAC for Homography

Initial Matched Points



w!b{!/ ŦƻǊ IƻƳƻƎǊŀǇƘȅ

Final Matched Points



RANSAC for Homography



Image Blending

²ƘŀǘΩǎ ǿǊƻƴƎΚ



Feathering
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Effect of window (ramp-width) size
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1 ƭŜŦǘ

right
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9ŦŦŜŎǘ ƻŦ ǿƛƴŘƻǿ ǎƛȊŜ

0

1

0

м



Good window size

0

1

Optimalwindow:  smooth but not ghosted

Å Doesnt always work...

What can we do
instead?



Pyramid blending

Create a Laplacian pyramid, blend each level
Å Burt, P. J. and Adelson, E. H., A Multiresolution Spline with Application to Image Mosaics, ACM Transactions on 

Graphics, 42(4), October 1983, 217-236.  http://persci.mit.edu/pub_pdfs/spline83.pdf

ŀǇǇƭŜ
orange


