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Reminder: Reconstruction Algorithm

Generic Outline (calibrated and un-calibrated cameras)

1) Compute robust F'/E-matrix between each pair of neighboring views
2) Compute initial reconstruction of consecutive pair of views
3) Compute an initial full 3D reconstruction
4) Bundle-Adjustment to minimize overall geometric error
5) If cameras are not calibrated then perform auto-calibration
(also known as self-calibration)
Reconstruct in step 2): (P1,Py); (Py, P3); (P3, Py) ...
[See page 453 HZ]
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Reminder:
Step 2: Compute initial reconstruction of consecutive pair of views

Input:
 Calibrated Cameras: E-matrix, K, K’, 5+ matching points (x;, x';)
 Un-calibration Cameras: F-matrices, 7+ matching points (x;, x';)

Output: P, P’, X,/ such that geometric error: PX; to x; and
P'X; to x'; is small

2-Step Method:
1. Derive P, P’
2. Compute X/ (called Triangulation)
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Reminder: Derive P, P’: calibrated case

We have done this already:

* We have seen that we can get: R, 7~"(up to scale) from E j— \/\ i

7~1 BN /./A
A
//
&) R _é
/A /{B’ ){1}’ A
[
// (©) @
 We have set in previous lecture the camera matrices to:
p

xo = KolI10] X and x; = K;R™[1|-T] X

P P’
pipolar
lines

(R.1)
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Reminder: Derive P, P’: un-calibrated case

* Derivation (blackboard) see HZ page 256
P=[I3:|0]; P'=[[e']«F|e€]

epipolar plane

(R.1)
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Reminder: Compute X/ (Triangulation)

e Input: x,x’, P, P’
* Output: X/,
* Triangulation is also called intersection

» Simple solution for algebraic error:

N)Ax=PXandA'x'=P'X

3x4 matrix

2) Eliminate A by taking ratios. This gives 2x2 linear-independent equations
for 4 unknowns: X = (X, X5, X3,X,), and we want: || X]|| = 1.
(remember X is a homogenous 4D vector, hence scale has to be fixed)

X1 _ P11 X1+P12Xo+P13X3+P14Xy
Xz D21 X1tD22X2+D23X3+D24X,

An example ratio is:

3) This gives (as usual) a least square optimization problem:
A X = 0 with |[|X]|| = 1 where A4 is of size 4 X 4.
This can be solved in closed-form using SVD.
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Reminder: Triangulation: Uncertainty
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Large baseline
Smaller uncertainty area

Smaller baseline

Larger uncertainty area

Very small baseline
Very large
uncertainty area
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Reconstruction Algorithm

Generic Outline (calibrated and un-calibrated cameras)

1)
2)
3)
4)
5)

Compute robust F'/E-matrix between each pair of neighboring views
Compute initial reconstruction of consecutive pair of views

Compute an initial full 3D reconstruction

Bundle-Adjustment to minimize overall geometric error

If cameras are not calibrated then perform auto-calibration
(also known as self-calibration)

Reconstruct in step 2): (P, Py); (Py, P3); (P35, Py) ...
[See page 453 HZ]
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Step 3: Compute initial reconstruction

Three views of an un-calibrated or calibrated camera:

X;, Py, P, X, P, Ps

Reconstruct Points
and Camera 2 and 3
(denote with a dash)

Reconstruct Points
and Camera 1l and 2

 Both reconstructions share: 5+ 3D points and one camera (here P,, P,).
(We denote the second reconstruction with a dash)
« Why are X;, X;' not the same?
In general we have the following ambiguity: x;; = P;,X; = P,Q~'QX; = P/X]
* Our Goal: make X; = X/ and P, = P, suchthat x;; = PiX;
(remember all mean “=" mean equal up to scale. All elements, x, X and P are
defined up to scale)
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Step 3: Compute initial reconstruction

Three views of an un-calibrated or calibrated camera:

Reconstruct Points

and Camera 2 and 3
Method: (denote with a dash)

« Compute Q such that X;_s = QX;_c (up to scale)
* This can be done from 5+ 3D points in usual least-square sense (||AQ]|), since each
point gives 3 equations and Q has 15 DoF.

XD QuiXM4QuaX?14+Q13X314Qua XY
An example ratio is: = = S ——2— 13—~
X Q21X 1+Q22X41+Q23X°1+0Q24X

for Xl — (Xl,XZ,XB,X4); Xll — (XlI,XZI,X3’,X4’)

e Convert the second (dashed) reconstruction into the first one:
P';3(new) = P,3Q7 Y X'j(new) = QX; (note: x;; = PiX; = P;Q'QX;)
* In this way you can “zip” all reconstructions into a single one, in sequential fashion.

\..w LD Computer Vision I: Multi-View 3D reconstruction 03/12/2015 10



Reconstruction Algorithm

Generic Outline (calibrated and un-calibrated cameras)

1)
2)
3)
4)
5)

Compute robust F'/E-matrix between each pair of neighboring views
Compute initial reconstruction of consecutive pair of views

Compute an initial full 3D reconstruction

Bundle-Adjustment to minimize overall geometric error

If cameras are not calibrated then perform auto-calibration
(also known as self-calibration)

Reconstruct in step 2): (P, Py); (Py, P3); (P35, Py) ...
[See page 453 HZ]
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Bundle adjustment

* Global refinement of jointly structure (points) and cameras
* Minimize geometric error: argming  x; z z a;j d(PXi, x;j)
7
here q;; is 1 if X; visible in view P; (otherwise 0)

* Non-linear optimization with e.g. Levenberg-Marquard

X.

J

§ P.X
P, R

I B

)
-
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Reconstruction Algorithm

Generic Outline (calibrated and un-calibrated cameras)

1)
2)
3)
4)
5)

Compute robust F'/E-matrix between each pair of neighboring views
Compute initial reconstruction of consecutive pair of views

Compute an initial full 3D reconstruction

Bundle-Adjustment to minimize overall geometric error

If cameras are not calibrated then perform auto-calibration
(also known as self-calibration)

* Allisasclose to: x;; = PiX;
forj=1.mi=1..n
(algebraic or geometric error)

e But does the reconstruction
look already nice?

[See page 453 HZ]
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Roadmap for next four lectures

* Appearance-based Matching (sec. 4.1)

* Projective Geometry - Basics (sec. 2.1.1-2.1.4)

* Geometry of a Single Camera (sec 2.1.5, 2.1.6)
* Camera versus Human Perception
* The Pinhole Camera
* Lens effects

* Geometry of two Views (sec. 7.2)
* The Homography (e.g. rotating camera)
* Camera Calibration (3D to 2D Mapping)
* The Fundamental and Essential Matrix (two arbitrary images)

* Robust Geometry estimation for two cameras (sec. 6.1.4)

e Multi-View 3D reconstruction (sec. 7.3-7.4)
* General scenario
* From Projective to Metric Space
e Special Cases

N
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Scale ambiguity

Is the pumpkin 5m or 30cm tall?
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Projective ambiguity

We can write (most general): x;; = P;X; = P,Q™1QX; = P X;

* () has 15 DoF (projective ambiguity)
* If we do not have any additional information about the cameras or points
then we cannot recover (.
e Possible information (we will see details later)
e Calibration matrix is same for all cameras
* External constraints: orthogonal vanishing points
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Projective ambiguity

This is a “protectively” correct reconstruction
... but not a nice looking one

&LD
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Affine ambiguity

We can write (most general):  x;; = P;X; = PjQ_lQXi = Pj'X{

= I

) Affine A t

() has now 12 DoF (affine ambiguity)

* ( leaves the plane at infinity mo, = (0,0,0,1)7 in place, since
any point on 1., moves like: Q(a, b,c,0)" = (a’,b’,¢’,0)

* Therefore parallel 3D lines stay parallel for any Q

\_OWLD Computer Vision I: Multi-View 3D reconstruction
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Affine ambiguity

ST
/_/'/ T T
e o
Tmvm————
IS ]
e === -
v i
e A
/ /
/ 7 / /; /
V4 / V4 / A
) / / _/ Jloi e
3D Points at infinity stay at infinity
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Similarity Ambiguity (Metric space)

We can write (most general):  x;; = P;iX; = P;Q™1QX; = P{X]

(Q has now 7 DoF (similarity ambiguity)

Q preserves angles, ratios of lengths, etc.

» For visualization purpose this ambiguity is sufficient. (We often do not need
to know if a reconstruction has the size of 1m, 1cm)

* Note, if we do not care about the choice of  we can set for instance the
camera center of first camera to C = (0,0,0).

)
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Similarity Ambiguity

'\:"LD
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How to “upgrade” a reconstruction

lllustrating some ways to upgrade from Projective to Affine and then to Metric Space
(see details in HZ page 270ff and chapter 19)

* Camerais calibrated 17 / 1. Find plane at infinity and move
N it to canonical position:
e Calibration from external constraints ' * One of the cameras is
(Example(1): 5 known 3D points) affine (3" of camera matrix
is plane at infinity. See HZ
e (Calibration from a mix of in- and A page 271)_
external constraints ,,f Ve ,H "3 nc.m'.conmetar 3D
(Example(2): single camera and st vanishing points
3 orthogonal vanishing points e Translational motion
and a square-pixel camera) P (HZ page 268)
e Calibration from internal constraints T | L W/J‘ 1
only (known as auto-calibration) | '

(Examples(3): 2 views with unknown A
focal lengths)
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Projective to Metric: Direct Method (Example 1)

Given: Five known 3D points (e.g. measured)

Compute Q:
1) QX; = X; (each 3D point gives 3 linear independent equations)
2) 5 points give 15 equations, enough to compute Q (15 DoF) using SVD

Upgrade cameras and points:
P/ = P;Q™" and X] = QX; (remember: x;; = P;X; = P;Q™"QX;)

(Same method as above: “Step 3: Compute initial reconstruction”)
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But without external knowledge?

-9

t)

* Foracamera P = K [I | 0] the ray outwards is:
x = PX hence X = K 1x

 Theangle O is computed as the normalized rays d4, d:

s @ — did, _ (K™ x)T (K 1xy)
Jdld,\/dld, V(K1) T (K1) V(K1) T (K 1)
B xIw x,
- Vxfwx/x o,

e We define the matrix: w = K" TK™1

e Comment: (K )T = (k7)™ =K T

(?“JLD Computer Vision I: Multi-View 3D reconstruction
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But without external knowledge?

Ce

t)

xTw x,

VTl wxi/xT wx,

* |f we were to know w then we can compute angle ©
(Comment, if ® = 90° then we have x{ w x, = 0)

e We have: cos0 =

* K can be derived from w = K~TK~! using Cholesky decomposition
(see HZ page 582)

* Note, w depends on K only and not on R, C.
Hence it plays a central role in auto-calibration.

* How do we get w?

)
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Degrees of Freedom of w

* We have:
f s Dy a b c
K = [0 mf py] thenK~1 = [0 d e]
0 O 1 0 0 1

where a, b, ¢, d, e are some values that depend on: f,m, s, p,, Dy

e Thenitis:
a 0 Olfa b c a’? ab ac
w= (KHIK 1= [b d o‘ [o d e] = [ab b +d>  bc+de
c e 1o 0 1 ac bc+de c*+e’+1

W, Wg Ws

w1 w- w3
w3 W5 Wg

* This means that w has 5 DoF (scale is not unique)

 wisa 2D conic (see definition of conic from pervious lecture)




Degrees of Freedom of w (special case)

* Assume we have a “square-pixel” camera,i.e.m =1ands =0
(practically this is often the case)

 We have:

f 0 py f7f 0 a
K = [O f py] then K~1 = l 0 f! b]
0 0 1 0 0 1
where a, b are some values that depend on: f, p,, p,,

e Thenitis:

/0 ollfFf/* 0 a
w= K D'K =0 1 offo f b|=
a b 1ll o 1

-1
0
w1 0 w-
=10 w1 W3

Wy W3 Wy

0 f2  f

lf‘z 0 fa
f_la f_lb a’+b*+1

* This means that w has 3 DoF (scale is not unique)




Single Camera: internal + external constraints (Example 2)

e Square pixel cameras (i.e.m =1,s = 0in K) gives
Uy

0 w; ws3| withonly3 DoF

w1 0 (V)
w =
Wy W3 Wy

e

UZ . v3

* Given 3 image points v,_53 that correspond to orthogonal directions
We know: vIwv, =0; viwv; =0; viwv; =0

xTw x,

T T
VX WX1+/ X5 WXy

Ce

) cos® =

* This gives a linear system of equations Aw = 0 with A of size 3 X 4.
Hence w can be obtained with SVD

G‘*fL[_) Computer Vision |: Multi-View 3D reconstruction 03/12/2015
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Practically most important case (Example 3)

See HZ, example 19.8 (page 472)
* Assume two cameras with: s = 0,m = 1, and p,, py, known

* Let us shiftimagestogetp, =0,p, =0
weget: Tx =TKR (Iz3x3| —C) X

1 0 —py f 0 Px f 00
T = [O 1 —py] and K = [O f py] then TK = [0 f 0]
0 O 1 O 0 1 0 0 1
* Between 2 views we have the so-called Kruppa equations:

(see explanation in HZ ch. 19.4)

T 1 T 1 T 1

UjWgo U1 _  UgWo U1 _ UygWg Ug
2., T =1, T,,—1, ~— ~+2.,T,,—1

o 0 01[vo
where SVD of F = [ug uy e4] l 0 oy O] v]

0 0 ol|er
and w; ' = (1’({T}’(i—1)_1 =K; K[ = diag(f?, fi*, 1)

* This can be solved for f,, f; in closed form (see next slide)

&LD




CL't]O‘(al@ 0t""0|(oz =® O\I"‘bll(oi

CfM-Q.L Cl*d‘(f e* Augtils
o situells b odi= @ B
Olib{l*ﬁ(c*li(o (4"0 @
1 L
oub X:’(o Y (,1
—a-by
Q) ou\oyvcx rdxy-0 & x° ¢ dy
@ “‘*blﬁyi Clx+dxt/=()

pv\,& @u«@
! ! \&{il —a-by \ _ .
a*byfc*dy dy\cuty)-O \[{ ({7)

£ o4 b\/+cy2= 9,
= y: =P 0L
o [ 2 = ol o {i posihve

Lo Bz atbfo =0 2l (‘g‘)
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Auto-Calibration: Only internal constraints

Chapter 19 HZ

* Insight: Multiple views automatically give extra constraints
(not discussed here)

Remember: We

Condition

fixed

intrinsic intrinsic

known

- have 5 intrinsic
VIEWS
m parameters:

Constant internal parameters

Aspect ratio and skew known,
focal length and principal point vary

Aspect ratio and skew constant,
focal length and principal point vary

Skew zero, all other parameters vary
p.p- known all other parameters vary
p.p. known skew zero

p.p., skew and aspect ratio known

-

)

B

0

0

(SO

0

[S9]

B~

T f s Dby

K = (0 mf p,
w 0 0 1

8:2:
4*_ 5(linear)

3(linear)

@X(Imuu

&LD
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Building Rome in a day — Reconstruction from Flickr

£
i

.

-
-

&>

[Agarwal, Snavely, Simon, Seitz, Szeliski; ICCV 2009]

Y
0
Sy

&LD



Roadmap for next four lectures

* Appearance-based Matching (sec. 4.1)

* Projective Geometry - Basics (sec. 2.1.1-2.1.4)

* Geometry of a Single Camera (sec 2.1.5, 2.1.6)
* Camera versus Human Perception
* The Pinhole Camera
* Lens effects

* Geometry of two Views (sec. 7.2)
* The Homography (e.g. rotating camera)
* Camera Calibration (3D to 2D Mapping)
* The Fundamental and Essential Matrix (two arbitrary images)

* Robust Geometry estimation for two cameras (sec. 6.1.4)

e Multi-View 3D reconstruction (sec. 7.3-7.4)
* General scenario
* From Projective to Metric Space
* Special Cases (skip — see slides at the end)

N
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Decision Trees in Computer Vision

[ Classification forests ] [ Regression forests ]

e.g. semantic segmentation

[ Density forests

= W e et LA

z SRy e

]| ‘ B
PR o Th
Lo “-—“”“-" al

e.g. novelty detection e.g. dimensionality reduction e.g. semi-sup. semantic segmentation

G‘?"LD Computer Vision I: Multi-View 3D reconstruction 03/12/2015
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Mushroom example

not not not
eatable eatable  45taple
15cm
Measure attributes: |
- Size in centimeters "’1‘“
- Color: Average “whitness” of the
mushroom (i.e. value along
diagonal in RGB cube)
Size
2cm

0 white 255

Task: Build a decision tree such that you can distinguish eatable form not eatable mushrooms.
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Decision Tree

Size>8cm

15cm

Size

2cm

0 white 255
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Decision Tree

Size>8cm

white>180 15cm
‘1‘-23 g
Pl

3 not

not eatable Size
eatable

eatable

2cm

q
I
1
I
1
o |
1
o : not
|
1
|

0 white 255
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Decision Tree — Split Criteria

data before split class distribution

1

5[ ﬁcs

(% 0.8

(7]

v 0.6

"§ ..‘. 0.4

m .

g8

o '.o‘ O'i I I

Info Gain = 0.40 top bottom
1 1
o
- ' cﬁ@ 0.8 0.8
ofd
%- 0.6 0.6
. . v ’ [ J ’.. 0.4 0.4
Information gain ®
‘. 0.2 0.2
S i M I I_ J__l_
I(8,0)=H(S)— > EH(Sf) 0 0
telLR} Info Gain = 0.69 left right
° ' ' 1 1
Shannon’s entropy ~ °,! e o
==Y plec)log(p £ o0 02° o 06
ceC s} ’b. E '.

Think of minimizing Entropy

0.4 0.4
0.2 0.2
0 0

O
®
°eo
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Decision Tree — Split Criteria

* We have |S| =12
* InS we have 6 red and 6 blue points (2 classes)
« H(S)=-(0.5l0g(0.5) + 0.510g(0.5)) =1
* We look at two possible splits
(in both cases we happen to have |S¥| = 6 and |SE| = 6, but could be different)

() 1) 50%-50% class-split (each side (S% and S®) gets 3 red and 3 blue)

H(SY) = —(0.510g(0.5) + 0.510g(0.5)) = 1

H(S®) = —(0.510g(0.5) + 0.510g(0.5)) =1

I1(S) = H(S)- (0.5 + 0.5) = H(S)- 1 = 0 (Lowerinformation gain)

2) 16%-84% class-split (right side has 5 red and 1 blue, left side has 5 blue and 1 red)
O H(SH = — (%log (%) + %log (g)) = 0.64
5™ =~ (log (5 + 1 (1)) = 004

° oo 1(S) = H(S)- (0.5%0.64+ 0.5%0.64) = H(S5)-0.64 = 0.36
oo (Higher information gain)
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Generalization

Training Data:

not -
eatable ot

Size>8cm

white>180
not

eatable

not
eatable

System is optimal!

\:"LD Computer Vision I: Multi-View 3D reconstruction 03/12/2015
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Generalization

Training Data:

not $ 1
eatable eatable catable

Test Data:

Size>8cm

white>180
not

eatable

not
eatable

not System may not be optimal!

eatable

\:"LD Computer Vision I: Multi-View 3D reconstruction 03/12/2015
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Generalization

15cm

not '*

eatable

Size

o
)
=4

2cm ﬁ
o \ white \ 255
BUT its not BUT its
eatable! eatable!
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Definition

e Over-fitting: Is the effect that the model perfectly memorizes the
training data, but does not perform well on test data

* Generalization: One of the most important aspect of a model is its
ability to generalize. That means that new (unseen) test data is

correctly classified. A model which overfitts does not generalize
well.

 How to avoid over-fitting?
* |dea 1: Where to place decision boundary?
* |dea 2: Do not make the trees too deep

Y
0
Sy
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Decision Boundary

Size>9cm
white>190 15cm
not I itttk -ttt
not  eatable Size
eatable
not
- eatable
zcm M h -
0 white 255

Place “decision boundary” such that the
distance to all (some) examples is maximized!
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Size>9cm

15cm
eatable
Output: -
p(eatable) 2/3 MOt e e

p(not eatable)

1/3 eatable Size &
eatable 3 &'
: )

0 white 255

2cm
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Tree Depth - Comparison

Test data:

15cm
J’ Not eatable
‘ Size
System with 2 split-nodes makes: a -
0 mistake training; 2 mistakes testing “‘ Not eatable
2cm :

System with 1 split-nodes makes:

: . ) . 0 white 255
1 mistake training; 2 mistakes testing

Conclusion: A system which makes less mistakes during training may not be the better
system at test time!
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Example: People tracking

_

Depth
camera

... what runs on Microsoft Xbox

[ J. Shotton, A. Fitzgibbon, M. Cook, T. Sharp, M. Finocchio, R. Moore, A. Kipman, and A. Blake.
Real-Time Human Pose Recognition in Parts from a Single Depth Image. /In Proc. IEEE CVPR, June 2011.]
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Example: People tracking

body joint hypotheses

input depth image body parts

| 4 \
\ Labelling ’ ‘

(simple centroid
computation) »
Body is divided
into 31 body parts

front view

side view

top view

(:\,!LD Computer Vision |: Multi-View 3D reconstruction
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Train on synthetic data — test on real data

..

Mt A 'y
/,6 b A“‘W '\“
" " .”

' h n i
Synthetic (graphics) Real (hand-labelled)
Train data Test Data
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Decision Tree

(. f
- il

rd

&

Classify each pixel (yellow cross) independently

Input image A
| 8 Simple feature test:
| f \ Depth value at red pixel > threshold?
3 (Optimize over A and threshold with
‘ ' ‘ ‘ ' ‘ ‘ \ Information Gain)
HIHHHH HH H H l

Output labeling C

(each pixel shows Each leaf stores a distribution
most probable over the 31 body parts
labeling)
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Tree Depth

underfitting overfitting
A too little model capacity too much model capacity

error

best generalization

test set error

More training
data pushes
this boundary

training set error

B

Number of Parameters (tree depth)
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Real System performance that runs on Xbox

60% -

Real Test Set
55% -

50% -

45% -

accuracy

40% -

35% -
—ak— 900k training images

—3¢— 15k training images

30%

5 10 15 20
Depth of trees

Amount of Training Data is one of the main factors
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Example: Overfitting with tree depth

A
size

L=l -]

%I; nuunu un"ur_";"' %nl;:é 85.;;‘ o
n .:?u n:w ﬁu‘*f%ﬂ: Eggu‘umu

(non-linear decision boundaries)

Depth 3

underfitting

% el
57" L
oo By,
S %o B %° o 8 ¢

b B
& '2' ..;'* l.: - 0 &

PO LR 3
e KEL
ma‘ "-'=¢.' " s B [) l-'..
w20 5 B %.8°
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Decision Forest for better Decision Boundary

(Each tree is trained with a different subset of the training data)

nﬂ

The ensemble model

Tree t=1

tﬂ

C

t=2

fﬂyﬁa

fudi

Y

|

Pt @)
Pt ()
pe(€)

lunt,

1
Forest output probability p(c) = TZ p:(C)
T is the number of trees ‘

p(c)
Q|
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Example: Better Decision Boundary

A Training different trees in the forest

size £3 ¢ Training points
K

white
mushroom

example

>
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Number of Trees

Average per-class accuracy

55%

50%

45%

40%

ground truth

Test Performance

inferred body parts (most likely)

- 1 tree 3 trees 6 trees

K. & 3
A Y s

1 2 3 4 5 6
Number of trees

& i ¥ %; , x
o
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The following slides contain additional Information, which
is not relevant for the exam
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Reminder: affine cameras

e Affine camera has 8 DoF:

X a b ¢ d
IR
1 0O 0 0 1

e Inshort: X = MX + t
2x3 2x1

=N

 Parallel 3D lines map to parallel 2D lines
(since points stay at infinity)

R

o N~ >

-
iy

FA

LD
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Reminder: Affine cameras (from previous lecture)

perspective

(normal focal length) (very large focal length)

“Close to parallel projection”
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Affine Cameras give affine reconstruction

Assume we have reconstructed the scene with

a b ¢ d
Pp=le f g h‘
O 0 0 1

Then the transformations Q has to be an affine transformation
in order to keep cameras affine:

xij = PiX; = P;QQ7'X; = P/X;

At | At
Q _{OT J " Q —LT J

)
-
<g§§

LD



Multi-View Reconstruction for affine cameras
(derivation on blackboard)

X T"l‘l \< . ‘(-'
) il
— ~ 2 ‘4
=5 ( t . 2 o
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R e :
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Multi-View Reconstruction for affine cameras

(derivation on blackboard)

|
B2 LT", i\
P
¢ = 4 |
i 2 | Xi) M ; X .|l
R ot
\\ { M\ 5
f L |
Wi I | )— f (X, ~ X ) | _
M X \ / k <
d / 0 2 iy
Sl nry Y1, > Rkt
.:—v« x v X 1, '\
W A
ot s 40 SV @ &
7 | \‘ '||‘ | ) \
W= ( ) | % | ("]
‘A \\ ) \
= \ S 4 / \
= % . ) K= AN V)
Ui 0 L K"LL‘ . T | L (P 1 v
J | 5
LT Vv L OiA t L G
\

Note, Frobenius norm: )

AllF = Q" Y layl
i
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Comments / Extensions

* Main restriction is that all points have to be visible in all views.
(can be used for a subset of views and then “zipping” sub-views together)

* Extensions to missing data have been done
(see HZ ch. 18)

* Extensions to projective cameras have been done (see HZ ch. 18.4)

* Extensions to non-rigidly moving scenes (see HZ ch. 18.3)




Direct reference plane approach (DRP)

« H,, = KR is called infinity homography since it is the mapping from the plane
at infinity to the image:

~ [V X
x =H,(I|-CO)|, =HOO<J’)
0 Z

* Basic Idea: simply define any plane as the plane at infinity 7., = (0,0,0,1)T
(this can be done in projective space)

Deﬂneas[ﬂaneJIHI”IH,HIRIHIH\\\\
¢ & 1 oulilh

[Rother PhD Thesis 2003]

)
-
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Direct reference plane approach (DRP)

Derivation on blackboard
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v~
solh
TL \(.,.\ \ LL 6 ; = A (
~ L W ¢
fy AX, . SuTa o4 X2 “
\ X, - Cq
— g Y l
1\,’ A i e I C > X2 :
4 T ~ T 3
el Xt
e &
- ) Xy vl 2 Y] >
A 2V (] T . /NG .
v k s beeelnt ety
4
\ X
/ N\ ;{ ey \
[/ \ 5
’l’ ‘\ ’, ~mn \
I Wt « ]_,
.:- +C -

\

N\ | J - -
: , / ~ b L) N UL SPade
&) Sol ' e SV g o 1l = §
s DO WL )

&LD

Computer Vision |: Multi-View 3D reconstruction

[Rother PhD Thesis 2003]

03/12/2015 66



() (b) (©
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£ s B eelll B
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How to get infinite Homographies

 Real Plane in the scene:

* Fixed / known K and R, e.g. translating camera with fixed camera intrinsic

e Orthogonal scene directions and a square pixel camera.
We can get out: K, R (up to a small, discrete ambiguity)
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191 points

6.20(c)

6.20(b) St
6.17(c)
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Constant intrinsic parameters (sketch only)

* Assume K is constant over 3+ Frames then K can be computed

We know that we can get K, R, C fromP = KR (I3%3 | — 5)

We have P4, P,, P; anditis
xi1 = P1X; = PQ7'QX; = PiX]
Xiz = PX; = P,Q7'QX; = P X|
Xiz = P3X; = P3Q71QX; = P3X|

Try to find a Q such that all P;, P,, P; have the same K but different
Ri_z3and C;_3

See details in chapter 19 HZ

(Note: this does not work if camera zooms during capture)




Side comment: Where does w come from?

* There a “strange thing” call the absolute conic (0o, = [543
that lives on the plane at infinity 7o, = (0,0,0,1)7

* The absolute conic is an “imaginary circle with radius i”:

(Y, Do (x,y, DT =0 Ho,
hence: x? + y2 = —1 @
* w is called the “image of the absolute conic”, image

since it is the mapping of the absolute conic onto the image plane
* Proof:

1. The homography H,, = KR is the mapping from the pane at infinity to the
image plane. Since
x=KRI[I| —C] (x,y,2,0)7T
hence x = KR (x,y,2)T

2. The conic (),, = [543 maps from the plane at infinity to ., to the image as:

HZTQ HZY = (KR TI(KR) =K TR TR IK 1=K TK 1=




