
/ƻƳǇǳǘŜǊ ±ƛǎƛƻƴ

/{9 прр
5ŜǎŎǊƛōƛƴƎ ŀƴŘ aŀǘŎƘƛƴƎ

[ƛƴŘŀ {ƘŀǇƛǊƻ
tǊƻŦŜǎǎƻǊ ƻŦ /ƻƳǇǳǘŜǊ {ŎƛŜƴŎŜ ϧ 9ƴƎƛƴŜŜǊƛƴƎ

tǊƻŦŜǎǎƻǊ ƻŦ 9ƭŜŎǘǊƛŎŀƭ 9ƴƎƛƴŜŜǊƛƴƎ



wŜǾƛŜǿ

ÅIŀǊǊƛǎ /ƻǊƴŜǊ 5ŜŎǘƻǊ

Å{LC¢ YŜȅ tƻƛƴǘ 5ŜǘŜŎǘƻǊ

Åhƴ ǘƻ 5ŜǎŎǊƛǇǘƻǊǎ
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Second Moment Matrix or Harris Matrix

2 x 2 matrix of image derivatives smoothed by 
Gaussian weights.

Notation:

x
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µ

µ
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ÅFirst compute Ix, Iy, and Ix  Ix,  Iy Iy, IxIy; then apply Gaussian to each.

μ ʅƛǿƛ LȄ  LȄ ʅƛǿƛLȄLȅμ
μ ʅƛǿƛLȄLȅ ʅƛǿƛLȅLȅμ

I Ґ



CǊƻƳ I²оΥ {ǘǊǳŎǘǳǊŜ ƳŀǘǊƛȄ
- Weighted sum of gradient information

- μ ʅiwiIx(i)Ixόƛύ    ʅiwiIx(i)Iy(i) |

- μ ʅiwiIx(i)Iyόƛύ    ʅiwiIy(i)Iy(i) |

- Use Gaussian weighting 
- Eigen vectors/values of this matrix summarize the distribution of 

the gradients nearby
- 1˂ ŀƴŘ ˂2 are eigenvalues

- 1˂ ŀƴŘ ˂2 both small: no gradient
- 1˂ ҔҔ ˂2: gradient in one direction
- 1˂ ŀƴŘ ˂2 similar: multiple gradient directions, corner

²ŜΩƭƭ ǘŜƭƭ ȅƻǳ Ƙƻǿ ǘƻ ǎǘƻǊŜ ǘƘƛǎΗ



Estimating Response

Ɯ! ŦŜǿ ƳŜǘƘƻŘǎ ǿŜ ǳǎŜ ǘƻ ŜǎǘƛƳŀǘŜΥ

Ɯ/ŀƭŎǳƭŀǘŜ ǘƘŜǎŜ ŘƛǊŜŎǘƭȅ ŦǊƻƳ ǘƘŜ нȄн ƳŀǘǊƛȄ
- ŘŜǘό{ύ Ґ ŀŘ ςōŎҐ ˂мϝн˂
- ǘǊŀŎŜό{ύ Ґ ŀ Ҍ Ř Ґ  м˂Ҍн˂

-ϝϝ9ǎǘƛƳŀǘŜ ŦƻǊƳǳƭŀ мΥ w Ґ ŘŜǘό{ύ πh  ǘǊŀŎŜό{ύнҐ ˂м˂нπh ό˂мҌн˂ύ
н

-πππ9ǎǘƛƳŀǘŜ ŦƻǊƳǳƭŀ нΥ w Ґ ŘŜǘό{ύ κ ǘǊŀŎŜό{ύ Ґ ˂м˂нκό˂мҌн˂ύ

-LŦ ǘƘŜǎŜ ŜǎǘƛƳŀǘŜǎ ŀǊŜ ƭŀǊƎŜΣ ˂нƛǎ ƭŀǊƎŜ



Harris Corner Detector

Ɯ/ŀƭŎǳƭŀǘŜ ŘŜǊƛǾŀǘƛǾŜǎ LȄŀƴŘ Lȅ

-/ŀƭŎǳƭŀǘŜ о ƳŜŀǎǳǊŜǎ LȄLȄΣ LȅLȅΣ LȄLȅ

-/ŀƭŎǳƭŀǘŜ ǿŜƛƎƘǘŜŘ ǎǳƳǎ

- ²ŀƴǘ ŀ ǿŜƛƎƘǘŜŘ ǎǳƳ ƻŦ ƴŜŀǊōȅ ǇƛȄŜƭǎΣ ƎǳŜǎǎ ǿƘŀǘ ǘƘƛǎ ƛǎΚ

- DŀǳǎǎƛŀƴΗ

-9ǎǘƛƳŀǘŜ ǊŜǎǇƻƴǎŜ

-bƻƴπƳŀȄ ǎǳǇǇǊŜǎǎƛƻƴ όƧǳǎǘ ƭƛƪŜ /ŀƴƴȅύ







ф

[ƻǿŜôǎ tȅǊŀƳƛŘ {ŎƘŜƳŜ

s+2 filters

ss+1=2(s+1)/ss0

.

.

si=2i/ss0

.

.

s2=22/ss0

s1=21/ss0

s0

s+3

images

including

original

s+2

differ-

ence

images

The parameter sdetermines the number of images per octave.
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YŜȅ Ǉƻƛƴǘ ƭƻŎŀƭƛȊŀǘƛƻƴ

Å5ŜǘŜŎǘ ƳŀȄƛƳŀ ŀƴŘ ƳƛƴƛƳŀ 
ƻŦ ŘƛŦŦŜǊŜƴŎŜπƻŦπDŀǳǎǎƛŀƴ ƛƴ 
ǎŎŀƭŜ ǎǇŀŎŜ

Å9ŀŎƘ Ǉƻƛƴǘ ƛǎ ŎƻƳǇŀǊŜŘ ǘƻ 
ƛǘǎ у ƴŜƛƎƘōƻǊǎ ƛƴ ǘƘŜ 
ŎǳǊǊŜƴǘ ƛƳŀƎŜ ŀƴŘ ф 
ƴŜƛƎƘōƻǊǎ ŜŀŎƘ ƛƴ ǘƘŜ ǎŎŀƭŜǎ 
ŀōƻǾŜ ŀƴŘ ōŜƭƻǿ

Blur 

Resample

Subtract

For each max or min found,

output is the locationand

the scale.

s+2 difference images.

top and bottom ignored.

s planes searched.
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Important Point

ÅtŜƻǇƭŜ Ƨǳǎǘ ǎŀȅ ά{LC¢έΦ

Å.ǳǘ ǘƘŜǊŜ ŀǊŜ ¢²h ǇŀǊǘǎ ǘƻ {LC¢Φ

мΦŀƴ ƛƴǘŜǊŜǎǘ Ǉƻƛƴǘ ŘŜǘŜŎǘƻǊ

нΦŀ ǊŜƎƛƻƴ ŘŜǎŎǊƛǇǘƻǊ

Å ¢ƘŜȅ ŀǊŜ ƛƴŘŜǇŜƴŘŜƴǘΦ aŀƴȅ ǇŜƻǇƭŜ ǳǎŜ ǘƘŜ ǊŜƎƛƻƴ ŘŜǎŎǊƛǇǘƻǊ 
ǿƛǘƘƻǳǘ ƭƻƻƪƛƴƎ ŦƻǊ ǘƘŜ ǇƻƛƴǘǎΦ



Descriptors

ÅIƻǿ ŀǊŜ ǿŜ ƎƻƛƴƎ ǘƻ ŘŜǎŎǊƛōŜ ǘƘŜ ǇŀǘŎƘ 
ŀǊƻǳƴŘ ŜŀŎƘ ƻŦ ǘƘŜ ƛƴǘŜǊŜǎǘ Ǉƻƛƴǘǎ ǿŜ ŦƛƴŘ ƛƴ 
ƻǊŘŜǊ ǘƻ ƳŀǘŎƘ ǘƘŜƳ ōŜǘǿŜŜƴ ƛƳŀƎŜǎΚ

Å²Ŝ ǿƛƭƭ ǳǎŜ ŀ ǾŜǊȅ ǎƛƳǇƭŜ ŘŜǎŎǊƛǇǘƻǊΦ

Å[ŜǘΩǎ ƭƻƻƪ ŀǘ ǘƘŀǘ ŦƛǊǎǘΦ

мо



{ƛƳǇƭŜ bƻǊƳŀƭƛȊŜŘ 5ŜǎŎǊƛǇǘƻǊ

14

interest point              neighborhood around          normalized neighborhood
interest  point                       around interest point

201
пррс   нлл
пснлм нлл
ур  млм  млр

156 145    1
155 0      1
116   100   96

Å¢ƘŜ ǎƛƳǇƭŜ ŘŜǎŎǊƛǇǘƻǊ Ƨǳǎǘ ǎǳōǘǊŀŎǘǎ ǘƘŜ ŎŜƴǘŜǊ ǾŀƭǳŜ ŦǊƻƳ ŜŀŎƘ ƻŦ 
ǘƘŜ ƴŜƛƎƘōƻǊǎΣ ƛƴŎƭǳŘƛƴƎ ƛǘǎŜƭŦ ǘƻ ƴƻǊƳŀƭƛȊŜ ŦƻǊ ƭƛƎƘǘƛƴƎ ŀƴŘ ŜȄǇƻǎǳǊŜΦ

Å²Ŝ Ŏŀƴ ǎǘƻǊŜ ǘƘƛǎ ŀǎ ŀ м5 ǾŜŎǘƻǊ ǘƻ ōŜ ŜŦŦƛŎƛŜƴǘΥ  
мрс мпр м мрр л м ммс млл фс



tǊƻǇŜǊǘƛŜǎ ƻŦ ƻǳǊ 5ŜǎŎǊƛǇǘƻǊ

Å¢Ǌŀƴǎƭŀǘƛƻƴ LƴǾŀǊƛŀƴǘ
Åbƻǘ ǎŎŀƭŜ ƛƴǾŀǊƛŀƴǘ
Åbƻǘ Ǌƻǘŀǘƛƻƴ ƛƴǾŀǊƛŀƴǘ
Å{ƻƳŜǿƘŀǘ ƛƴǾŀǊƛŀƴǘ ǘƻ ƭƛƎƘǘƛƴƎ ŎƘŀƴƎŜǎ

Å[ŜǘΩǎ ƭƻƻƪ ŀǘ ǘƘŜ {LC¢ ŘŜǎŎǊƛǇǘƻǊΣ ōŜŎŀǳǎŜ ƛǘ ƛǎ 
ƘŜŀǾƛƭȅ ǳǎŜŘΣ ŜǾŜƴ ǿƛǘƘƻǳǘ ǳǎƛƴƎ ǘƘŜ {LC¢ ƪŜȅ 
Ǉƻƛƴǘ ŘŜǘŜŎǘƻǊΦ
ÅLǘ ŀƭǊŜŀŘȅ ǎƻƭǾŜǎ ǘƘŜ ǎŎŀƭŜ ǇǊƻōƭŜƳ ōȅ ŎƻƳǇǳǘƛƴƎ 
ŀǘ ƳǳƭǘƛǇƭŜ ǎŎŀƭŜǎ ŀƴŘ ƪŜŜǇƛƴƎ ǘǊŀŎƪΦ

15



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]



hƴŎŜ ǿŜ ƘŀǾŜ ŦƻǳƴŘ ǘƘŜ ƪŜȅ Ǉƻƛƴǘǎ ŀƴŘ ŀ ŘƻƳƛƴŀƴǘ ƻǊƛŜƴǘŀǘƛƻƴ ŦƻǊ ŜŀŎƘΣ

ǿŜ ƴŜŜŘ ǘƻ ŘŜǎŎǊƛōŜǘƘŜ όǊƻǘŀǘŜŘ ŀƴŘ ǎŎŀƭŜŘύ ƴŜƛƎƘōƻǊƘƻƻŘ ŀōƻǳǘ ŜŀŎƘΦ

мнуπŘƛƳŜƴǎƛƻƴŀƭ ǾŜŎǘƻǊ



{LC¢ ŘŜǎŎǊƛǇǘƻǊ
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 19



{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

у        у         Φ Φ Φ                      у 

нл



лΦот 0.79 0.97 0.98

лΦфт

0.91

лΦфу

лΦтф

лΦто

0.900.75

0.31

лΦпр

0.45

лΦлп

лΦлу

ōȅ ¸ŀƻ [ǳ

Numeric Example

21



Orientations in each of
the 16 pixels of the cell

¢ƘŜ ƻǊƛŜƴǘŀǘƛƻƴǎ ŀƭƭ
ŜƴŘŜŘ ǳǇ ƛƴ ǘǿƻ ōƛƴǎΥ
мм ƛƴ ƻƴŜ ōƛƴΣ р ƛƴ ǘƘŜ
ƻǘƘŜǊΦ όǊƻǳƎƘ Ŏƻǳƴǘύ

22

р мм л л л л л л



Full version
ÅStart with a 16x16 window (256 pixels)

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

ÅCompute an orientation histogram for each cell

Å16 cells * 8 orientations = 128 dimensional descriptor

ÅThreshold normalize the descriptor:

{LC¢ ŘŜǎŎǊƛǇǘƻǊ

Adapted from slide by David Lowe

0.2

such that:

но



Properties of SIFT
9ȄǘǊŀƻǊŘƛƴŀǊƛƭȅ Ǌƻōǳǎǘ ƳŀǘŎƘƛƴƎ ǘŜŎƘƴƛǉǳŜ

ï/ŀƴ ƘŀƴŘƭŜ ŎƘŀƴƎŜǎ ƛƴ ǾƛŜǿǇƻƛƴǘ

Å¦Ǉ ǘƻ ŀōƻǳǘ ол ŘŜƎǊŜŜ ƻǳǘ ƻŦ ǇƭŀƴŜ Ǌƻǘŀǘƛƻƴ

ï/ŀƴ ƘŀƴŘƭŜ ǎƛƎƴƛŦƛŎŀƴǘ ŎƘŀƴƎŜǎ ƛƴ ƛƭƭǳƳƛƴŀǘƛƻƴ

Å{ƻƳŜǘƛƳŜǎ ŜǾŜƴ Řŀȅ ǾǎΦ ƴƛƎƘǘ όōŜƭƻǿύ

ïCŀǎǘ ŀƴŘ ŜŦŦƛŎƛŜƴǘτŎŀƴ Ǌǳƴ ƛƴ ǊŜŀƭ ǘƛƳŜ

ï±ŀǊƛƻǳǎ ŎƻŘŜ ŀǾŀƛƭŀōƭŜ
Å ƘǘǘǇΥκκǿǿǿΦŎǎΦǳōŎΦŎŀκϤƭƻǿŜκƪŜȅǇƻƛƴǘǎκ

нп

http://www.cs.ubc.ca/~lowe/keypoints/


b!{! aŀǊǎ wƻǾŜǊ ƛƳŀƎŜǎ
ǿƛǘƘ {LC¢ ŦŜŀǘǳǊŜ ƳŀǘŎƘŜǎ
CƛƎǳǊŜ ōȅ bƻŀƘ {ƴŀǾŜƭȅ

Example

25



Matching with Features

Å5ŜǘŜŎǘ ŦŜŀǘǳǊŜ Ǉƻƛƴǘǎ ƛƴ ōƻǘƘ ƛƳŀƎŜǎ

26



aŀǘŎƘƛƴƎ ǿƛǘƘ CŜŀǘǳǊŜǎ

Å5ŜǘŜŎǘ ŦŜŀǘǳǊŜ Ǉƻƛƴǘǎ ƛƴ ōƻǘƘ ƛƳŀƎŜǎ

ÅCƛƴŘ ŎƻǊǊŜǎǇƻƴŘƛƴƎ ǇŀƛǊǎ

нт



How do you find correspondences?

ÅPut the descriptors from each image into 
vectors and match them

ÅHow do you compare two descriptors?

ÅVector distance

ïL1-Distance(A,B) = ʅi |a i - bi|

ïL2-Distance(A,B) = ʅi sqrt( ai
2ςbi

2)

ïcosine distance (angle between 2 vectors)

28



CƛƴŘ ǘƘŜ ōŜǎǘ ƳŀǘŎƘŜǎ

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.

нф

ƛ

Ƨ

i j

A                               B                                         M



Matching with Features

Å5ŜǘŜŎǘ ŦŜŀǘǳǊŜ Ǉƻƛƴǘǎ ƛƴ ōƻǘƘ ƛƳŀƎŜǎ

ÅCƛƴŘ ŎƻǊǊŜǎǇƻƴŘƛƴƎ ǇŀƛǊǎ

Å¦ǎŜ ǘƘŜǎŜ ƳŀǘŎƘƛƴƎ ǇŀƛǊǎ ǘƻ ŀƭƛƎƴ ƛƳŀƎŜǎΦ 

30



Å[ŀǊƎŜǊ DƻŀƭΥ /ƻƳōƛƴŜ ǘǿƻ ƻǊ ƳƻǊŜ 
ƻǾŜǊƭŀǇǇƛƴƎ ƛƳŀƎŜǎ ǘƻ ƳŀƪŜ ƻƴŜ ƭŀǊƎŜǊ ƛƳŀƎŜ

Add example

Slide credit: Vaibhav Vaish
31

http://robots.stanford.edu/cs223b07/notes/CS223B-L11-Panoramas.ppt


How to do it?

ÅBasic Procedure

1. Take a sequence of images from the same 
position

(Rotate the camera about its optical center)

2. Compute transformationbetween second image 
and first

3. Shift the second image to overlap with the first

4. Blendthe two together to create a mosaic

5. If there are more images, repeat

он



1. Take a sequence of images from the same 

position

ÅwƻǘŀǘŜ ǘƘŜ ŎŀƳŜǊŀ ŀōƻǳǘ ƛǘǎ ƻǇǘƛŎŀƭ ŎŜƴǘŜǊ

оо



2. Compute transformation between images

ÅExtract interest points

ÅFind Matches

ÅCompute transformation?

34



3. Shift the images to overlap

35



4. Blend the two together to create a mosaic

ос



рΦ wŜǇŜŀǘ ŦƻǊ ŀƭƭ ƛƳŀƎŜǎ

37



How to do it?

ÅBasic Procedure

1. Take a sequence of images from the same 
position

Rotate the camera about its optical center

2. Compute transformation between second image 
and first

3. Shift the second image to overlap with the first

4. Blend the two together to create a mosaic

5. If there are more images, repeat

ṉ

38



/ƻƳǇǳǘŜ ¢ǊŀƴǎŦƻǊƳŀǘƛƻƴǎ

Å9ȄǘǊŀŎǘ ƛƴǘŜǊŜǎǘ Ǉƻƛƴǘǎ

ÅCƛƴŘ ƎƻƻŘ ƳŀǘŎƘŜǎ 

Å/ƻƳǇǳǘŜ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴ

ṉ

[ŜǘΩǎ ŀǎǎǳƳŜ ǿŜ ŀǊŜ ƎƛǾŜƴ ŀ ǎŜǘ ƻŦ ƎƻƻŘ ƳŀǘŎƘƛƴƎ 
interest points

ṉ

39



mosaic PP

Image reprojection

Å¢ƘŜ ƳƻǎŀƛŎ Ƙŀǎ ŀ ƴŀǘǳǊŀƭ ƛƴǘŜǊǇǊŜǘŀǘƛƻƴ ƛƴ о5

ï¢ƘŜ ƛƳŀƎŜǎ ŀǊŜ ǊŜǇǊƻƧŜŎǘŜŘ ƻƴǘƻ ŀ ŎƻƳƳƻƴ ǇƭŀƴŜ

ï¢ƘŜ ƳƻǎŀƛŎ ƛǎ ŦƻǊƳŜŘ ƻƴ ǘƘƛǎ ǇƭŀƴŜпл



9ȄŀƳǇƭŜ

Camera Center
41



Image reprojection

ÅhōǎŜǊǾŀǘƛƻƴ
ïwŀǘƘŜǊ ǘƘŀƴ ǘƘƛƴƪƛƴƎ ƻŦ ǘƘƛǎ ŀǎ ŀ о5 ǊŜǇǊƻƧŜŎǘƛƻƴΣ ǘƘƛƴƪ 
ƻŦ ƛǘ ŀǎ ŀ н5 ƛƳŀƎŜ ǿŀǊǇ ŦǊƻƳ ƻƴŜ ƛƳŀƎŜ ǘƻ ŀƴƻǘƘŜǊ

42



aƻǘƛƻƴ ƳƻŘŜƭǎ

Å²Ƙŀǘ ƘŀǇǇŜƴǎ ǿƘŜƴ ǿŜ ǘŀƪŜ ǘǿƻ ƛƳŀƎŜǎ ǿƛǘƘ 
ŀ ŎŀƳŜǊŀ ŀƴŘ ǘǊȅ ǘƻ ŀƭƛƎƴ ǘƘŜƳΚ

ωǘǊŀƴǎƭŀǘƛƻƴΚ

ωǊƻǘŀǘƛƻƴΚ

ωǎŎŀƭŜΚ

ωŀŦŦƛƴŜΚ

ωtŜǊǎǇŜŎǘƛǾŜΚ

по



Projective transformations

Å(aka homographies)

44



tŀǊŀƳŜǘǊƛŎ όƎƭƻōŀƭύ ǿŀǊǇƛƴƎ

ÅExamples of parametric warps:

ǘǊŀƴǎƭŀǘƛƻƴ Ǌƻǘŀǘƛƻƴ ŀǎǇŜŎǘ

affine
perspective

45



н5 ŎƻƻǊŘƛƴŀǘŜ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴǎ

Åtranslation: ȄΩ =x + t x = (x,y)

Årotation: ȄΩ =R x + t

Åsimilarity: ȄΩ =sR x + t

Åaffine: ȄΩ =A x + t

Åperspective: xΩ @H x x = (x,y,1)
(x is a homogeneouscoordinate)

пс



LƳŀƎŜ ²ŀǊǇƛƴƎ

ÅDƛǾŜƴ ŀ ŎƻƻǊŘƛƴŀǘŜ ǘǊŀƴǎŦƻǊƳ ȄΩ ҐƘόȄύ ŀƴŘ ŀ 
ǎƻǳǊŎŜ ƛƳŀƎŜ ŦόȄύΣ Ƙƻǿ Řƻ ǿŜ ŎƻƳǇǳǘŜ ŀ 
ǘǊŀƴǎŦƻǊƳŜŘ ƛƳŀƎŜ ƎόȄΩύҐŦόƘόȄύύΚ

f(x) g(ȄΩ)
x ȄΩ

h(x)

пт
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LƴǾŜǊǎŜ ²ŀǊǇƛƴƎ

ÅGet each pixel g(ȄΩ) from its corresponding 
location ȄΩ= h(x) in f(x)

f(x) g(ȄΩ)
Ȅ ȄΩ

ƘπмόȄύ

ÅWhat if pixel comes from ñbetweenò two pixels?



пф

Inverse Warping

ÅGet each pixel g(ȄΩ) from its corresponding 
location ȄΩ= h(x) in f(x)

ÅWhat if pixel comes from ñbetweenò two pixels?

ÅAnswer: We already know this: resample

color value from interpolatedsource image

f(x) ƎόȄΩύ
Ȅ ȄΩ

h-1(x)



Interpolation

ÅPossible interpolation filters:

ïnearest neighbor

ïbilinear

ïbicubic(interpolating)

рл



Motion models

Translation

2 unknowns

Affine

6 unknowns

Perspective

8 unknowns

рм



Finding the transformation

Å¢Ǌŀƴǎƭŀǘƛƻƴ Ґ н ŘŜƎǊŜŜǎ ƻŦ ŦǊŜŜŘƻƳ

Å{ƛƳƛƭŀǊƛǘȅ Ґ п ŘŜƎǊŜŜǎ ƻŦ ŦǊŜŜŘƻƳ

Å!ŦŦƛƴŜ Ґ с ŘŜƎǊŜŜǎ ƻŦ ŦǊŜŜŘƻƳ

ÅIƻƳƻƎǊŀǇƘȅҐ у ŘŜƎǊŜŜǎ ƻŦ ŦǊŜŜŘƻƳ

ÅIƻǿ Ƴŀƴȅ ŎƻǊǊŜǎǇƻƴŘƛƴƎ Ǉƻƛƴǘǎ Řƻ ǿŜ ƴŜŜŘ 
ǘƻ ǎƻƭǾŜΚ

рн



{ƛƳǇƭŜ ŎŀǎŜΥ ǘǊŀƴǎƭŀǘƛƻƴǎ

How do we solve for
? 
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Mean displacement = 

Simple case: translations

5ƛǎǇƭŀŎŜƳŜƴǘ ƻŦ ƳŀǘŎƘ ƛ Ґ

рр



{ƛƳǇƭŜ ŎŀǎŜΥ ǘǊŀƴǎƭŀǘƛƻƴǎ

ÅSystem of linear equations
ïWhat are the knowns?  Unknowns?

ïHow many unknowns?  How many equations (per match)?
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Simple case: translations

ÅtǊƻōƭŜƳΥ ƳƻǊŜ Ŝǉǳŀǘƛƻƴǎ ǘƘŀƴ ǳƴƪƴƻǿƴǎ
ï hǾŜǊŘŜǘŜǊƳƛƴŜŘǎȅǎǘŜƳ ƻŦ Ŝǉǳŀǘƛƻƴǎ

ï²Ŝ ǿƛƭƭ ŦƛƴŘ ǘƘŜ ƭŜŀǎǘ ǎǉǳŀǊŜǎǎƻƭǳǘƛƻƴ
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[Ŝŀǎǘ ǎǉǳŀǊŜǎ ŦƻǊƳǳƭŀǘƛƻƴ

ÅCƻǊ ŜŀŎƘ Ǉƻƛƴǘ

ÅǿŜ ŘŜŦƛƴŜ ǘƘŜ ǊŜǎƛŘǳŀƭǎŀǎ 

ру



Least squares formulation

ÅGoal: minimize sum of squared residuals

Å Least squaressolution

ÅFor translations, is equal to mean displacement

рф



Solving for translations

ÅUsing least squares

2n x 2 2x 1 2n x 1 60



Least squares

ÅCƛƴŘ ǘǘƘŀǘ ƳƛƴƛƳƛȊŜǎ 

Å¢ƻ ǎƻƭǾŜΣ ŦƻǊƳ ǘƘŜ ƴƻǊƳŀƭ Ŝǉǳŀǘƛƻƴǎ
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Affine transformations

ÅHow many unknowns?

ÅHow many equations per match?

ÅxË= ax + by + c;   yË= dx + ey+f

ÅHow many matches do we need?

сн



Affine transformations

ÅResiduals:

ÅCost function:

63



Affine transformations

ÅMatrix form

2n x 6 6x 1 2n x 1
64



Solving for homographies

65

²Ƙȅ ƛǎ ǘƘƛǎ ƴƻǿ ŀ ǾŀǊƛŀōƭŜ ŀƴŘ ƴƻǘ Ƨǳǎǘ мΚ

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

сс

²Ƙȅ ǘƘŜ ŘƛǾƛǎƛƻƴΚ



Solving for homographies

67

This is just for one pair of points.



Direct Linear Transforms (n points)

Defines a least squares problem:

ω{ƛƴŎŜ        ƛǎ ƻƴƭȅ ŘŜŦƛƴŜŘ ǳǇ ǘƻ ǎŎŀƭŜΣ ǎƻƭǾŜ ŦƻǊ ǳƴƛǘ ǾŜŎǘƻǊ

ω{ƻƭǳǘƛƻƴΥ        Ґ ŜƛƎŜƴǾŜŎǘƻǊ ƻŦ ǿƛǘƘ ǎƳŀƭƭŜǎǘ ŜƛƎŜƴǾŀƭǳŜ

ω²ƻǊƪǎ ǿƛǘƘ п ƻǊ ƳƻǊŜ Ǉƻƛƴǘǎ

2n 9 9 2n
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Direct Linear Transforms

Å²Ƙȅ ŎƻǳƭŘ ǿŜ ƴƻǘ ǎƻƭǾŜ ŦƻǊ ǘƘŜ ƘƻƳƻƎǊŀǇƘȅ
ƛƴ ŜȄŀŎǘƭȅ ǘƘŜ ǎŀƳŜ ǿŀȅ ǿŜ ŘƛŘ ŦƻǊ ǘƘŜ ŀŦŦƛƴŜ 
ǘǊŀƴǎŦƻǊƳΣ ƛŜΦ 
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!ƴǎǿŜǊ ŦǊƻƳ {ŀƳŜŜǊ !ƎŀǊǿŀƭ
ό5ǊΦ wƻƳŜ ƛƴ ŀ 5ŀȅύ

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

тл



71

Matching features

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

{ŜƭŜŎǘ ƻƴŜƳŀǘŎƘΣ Ŏƻǳƴǘ ƛƴƭƛŜǊǎ



то

w!ƴŘƻƳ {!ƳǇƭŜ /ƻƴǎŜƴǎǳǎ

Select onematch, count inliers
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Least squares fit (from inliers)

CƛƴŘ άŀǾŜǊŀƎŜέ ǘǊŀƴǎƭŀǘƛƻƴ ǾŜŎǘƻǊ
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w!b{!/ ŦƻǊ ŜǎǘƛƳŀǘƛƴƎ ƘƻƳƻƎǊŀǇƘȅ

Åw!b{!/ ƭƻƻǇΥ

мΦ{ŜƭŜŎǘ ŦƻǳǊ ŦŜŀǘǳǊŜ ǇŀƛǊǎ όŀǘ ǊŀƴŘƻƳύ

нΦ/ƻƳǇǳǘŜ ƘƻƳƻƎǊŀǇƘȅ HόŜȄŀŎǘύ

оΦ/ƻƳǇǳǘŜ ƛƴƭƛŜǊǎ ǿƘŜǊŜ ||piË, Hpi|| < Ů

ÅYŜŜǇ ƭŀǊƎŜǎǘ ǎŜǘ ƻŦ ƛƴƭƛŜǊǎ

ÅwŜπŎƻƳǇǳǘŜ ƭŜŀǎǘπǎǉǳŀǊŜǎ HŜǎǘƛƳŀǘŜ ǳǎƛƴƎ ŀƭƭ 
ƻŦ ǘƘŜ ƛƴƭƛŜǊǎ
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Simple example: fit a line

ÅwŀǘƘŜǊ ǘƘŀƴ ƘƻƳƻƎǊŀǇƘȅ I όу ƴǳƳōŜǊǎύ 
Ŧƛǘ ȅҐŀȄҌō όн ƴǳƳōŜǊǎ ŀΣ ōύ ǘƻ н5 ǇŀƛǊǎ
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{ƛƳǇƭŜ ŜȄŀƳǇƭŜΥ Ŧƛǘ ŀ ƭƛƴŜ

ÅtƛŎƪ н Ǉƻƛƴǘǎ

ÅCƛǘ ƭƛƴŜ

Å/ƻǳƴǘ ƛƴƭƛŜǊǎ

78

3 inliers
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{ƛƳǇƭŜ ŜȄŀƳǇƭŜΥ Ŧƛǘ ŀ ƭƛƴŜ

ÅPick 2 points

ÅFit line

ÅCount inliers

79

п ƛƴƭƛŜǊǎ
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Simple example: fit a line

ÅPick 2 points

ÅFit line

ÅCount inliers

80

ф ƛƴƭƛŜǊǎ
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{ƛƳǇƭŜ ŜȄŀƳǇƭŜΥ Ŧƛǘ ŀ ƭƛƴŜ

ÅtƛŎƪ н Ǉƻƛƴǘǎ

ÅCƛǘ ƭƛƴŜ

Å/ƻǳƴǘ ƛƴƭƛŜǊǎ

81

8 inliers
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Simple example: fit a line

Å¦ǎŜ ōƛƎƎŜǎǘ ǎŜǘ ƻŦ ƛƴƭƛŜǊǎ

Å5ƻ ƭŜŀǎǘπǎǉǳŀǊŜ Ŧƛǘ
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²Ƙŀǘ ǎǘƛƭƭ ƴŜŜŘǎ ǘƻ ōŜ ŦƛȄŜŘΚ

Å¢ƘŜ ǇƭŀƴŀǊ ǇǊƻƧŜŎǘƛƻƴǎ Ƴŀȅ ƴƻǘ ǿƻǊƪ ǎƻ ǿŜƭƭ

Å̧ ƻǳǊ ƘƻƳŜǿƻǊƪ Ƙŀǎ ŜȄǘǊŀ ŎǊŜŘƛǘ ŦƻǊ ǳǎƛƴƎ 
ŎȅƭƛƴŘǊƛŎŀƭ ǇǊƻƧŜŎǘƛƻƴǎ ƛƴǎǘŜŀŘΦ

ÅIŜǊŜΩǎ ǘƘŜ ƛŘŜŀΦ

уо



Panorama algorithm:
Find corners in both images

Calculate descriptors

Match descriptors

RANSAC to find homography

Stitch together images with homography



Stitching panoramas:
- We know homography is right choice under certain assumption:

- Assume we are taking multiple images of planar object

ƘƻƳƻƎǊŀǇƘȅI

3D



Lƴ ǇǊŀŎǘƛŎŜΥ



Lƴ ǇǊŀŎǘƛŎŜΥ



Lƴ ǇǊŀŎǘƛŎŜΥ



In practice:



In practice:



In practice:



²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ
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²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ



²ƘŀǘΩǎ ƘŀǇǇŜƴƛƴƎΚ



Very bad for big panoramas!



±ŜǊȅ ōŀŘ ŦƻǊ ōƛƎ ǇŀƴƻǊŀƳŀǎΗ



±ŜǊȅ ōŀŘ ŦƻǊ ōƛƎ ǇŀƴƻǊŀƳŀǎΗ



Cŀƛƭǎ Υπό



How do we fix it? Cylinders!
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Iƻǿ Řƻ ǿŜ ŦƛȄ ƛǘΚ /ȅƭƛƴŘŜǊǎΗ



How do we fix it? Cylinders!



Iƻǿ Řƻ ǿŜ ŦƛȄ ƛǘΚ /ȅƭƛƴŘŜǊǎΗ



Iƻǿ Řƻ ǿŜ ŦƛȄ ƛǘΚ /ȅƭƛƴŘŜǊǎΗ

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



Dependant on focal length!



f = 300 f = 500



Ŧ Ґ мллл



f = 1400



Ŧ Ґ млΣллл



Ŧ Ґ млΣллл



5ƻŜǎ ƛǘ ǿƻǊƪΚ



Does it work?


