Geometric Transformations,
RANSAC and Morphing

CS448V — Computational Video Manipulation

April 2019
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Feature detection

Feature description
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Feature matching

SSD(f1, 1)

ratio distance =

SSD(f1. 12)
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Relation between photos
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Image from OpenCV documentation
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Warping



Image registration
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Image registration

 Detect, describe and match features
(last lecture)

Image from OpenCV documentation
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Image registration

 Detect, describe and match features
(last lecture)

* (Calculate transformation robustly

Image from OpenCV documentation

Relation between photos
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Not just for feature matching!
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Review — homogeneous coordinates
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Translation as matrix multiplication



Translation



cosd —sind tx_
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0 0 1]

Translation + rotation = Rigid, Euclidean
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Translation + rotation + uniform scale = Similarity
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Projective, Perspective, Homography
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Transformation Preserves Degrees of freedom

Translation Orientation 2
Rigid Length 3
Similarity Angles 4
Affine Parallelism 6

Projective Straight lines 8
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2D Homographies

[Szeliski & Shum ’97] Image from OpenCV documentation

connect between 3D scenes connect between planes seen by different cameras
viewed by a rotating camera

We’'ll revisit these in a later class (structure from motion, scene building)
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X

[A] [Clo Cll az Cl3 a4 ClS y
~| = Xy
y by by b, by by by )

X
y2

Or higher orders

Polynomial



Quadratic

A

X dg dp dyp d3 dy ds
y

by, b, b, by b, bs

Or higher orders

==

Polynomial

Non-linear

Radial



Non-linear

- 1
d
Quadratic p A \
% a, a, a, as a, as| |V T -
=l 0w ) |

N h B 1

Or higher orders

Polynomial Radial Deformation fields



Beier & Neely ‘92
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Describe other ways to specify

Hypothesize regarding their
and
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100 A

200 A

300

400 A

500

600 -

700

100

200

300

400

500

600

700

800

100 A

200 A

300 -

400 -

500 -

600 -

700

100

200

300

600

700

800



100 A

200 A

300

400 A

500

600 -

700

100

200

300

400

500

600

100 A

200 A

300 -

700

800

500 -

600 -

700

100

200

300

600

700

800



Forward sampling Reverse sampling

“Where should “Where does this
this pixel go?” pixel come from?”



Forward sampling Reverse sampling

“Where should “Where does this
this pixel go?” pixel come from?”

Advantage of reverse sampling?
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Sparse vector field

Dense vector field
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scipy.interpolate.griddata

P1

P>
barycentric coordinates

p = AP+ hpy + A3ps

/11"‘/12"‘/13:1
2> 0

Interpolate vectors

triangulate & interpolate



'~

>

B N

g
e
A

v

«’//,4\\.
"////‘
/////’v\\
'/////J\\

"‘flli"'

ERSER
BRRAES
ARRRMTE

< v

R
RN

NI

AEEERA

B
B2 B .~
Y,

/4 L -
A/ N2

:,//f\\ ’C/

‘A,i"q

;?/,//

."¥Vi‘///
R A "4 i\'/

L)

')I\\V/////'

""""" ' ’ , » .

® - & ’ <

NN w -,

‘\\V,

»

I/

r/7
///f

_—~

B |

' N
» -

.4 74 . .

V,x\‘«4

N
o

t

VI I 0

Y

\ \\\\\\

N ‘

fy

-----

-
R
>

-

| \\*,,,\f/m_'“”
\\\\,«\\ /4
\\\\\\\\ f » .
41\\\\\\\

-

P
RN FEN
Ny

-

\\\\\\\

1‘\\‘

RN < ’

A 2

ik
//f

\\ﬂ-

AN T~

L
N
»

R N

e
|

*x/f*\\\kl

EERRAY
Faaa i\

2N
PRERINN 1 /((T

*®

'1¢¢*'
LA 2 A
PR RN s A

,,,,,,,,

i
T

11.

oooooooooooooooooooooooooooooooooooooooo

Sparse vector field

Dense vector field
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Can be linear, cubic, ...

Sparse vector field

Dense vector field
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