Binocular Stereo

Take 2 images from different known
viewpoints = 1% calibrate

Identify corresponding points between 2
images

Derive the 2 lines on which world point lies
Intersect 2 lines
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Public Library, Stereoscopic Looking Room, Chicago, by Phillips, 1923

PO

(@) Input images,

(b) Level 1 edge detection results.

Figure 5.11. Stereo pair of the Pentagon.




Stereo

<~

* Basic Principle: Triangulation
— Gives reconstruction as intersection of two rays
— Requires
« calibration
* point correspondence
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Depth from Disparity
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input image (1 of 2) depth map 3D rendering
[Szeliski & Kang ‘95]
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EfifoLAr GEOME TRY

1 1 spalar plane
Multi-View Geometry Ecipoer ¢

» Different views of a scene are not unrelated lar

« Several relationships exist between two, three and e
more cameras

* Question: Given an image point in one image, o left image T, Aee opRead cote- O,
does this restrict the position of the corresponding and foud oVt 64.'...{ _
image point in another image? o Right imnge I, b= o ca

—d fond R

+ r_ (A:,"f,@) oy | equ-:ar-.
™ Ic-;:“i s 0 —d O, .h‘nc
EfLlLAR  PLANE

Epipolar Geometry: Formalism Epipolar Geometry: Demo

 Depth can be reconstructed based on
corresponding points (disparity)

* Finding corresponding points is hard &
computationally expensive

 Epipolar geometry helps to significantly reduce

Sylvain Bougnoux, INRIA Sophia Antipolis

search from 2-D to 1-D line




Scene point P projects to image point p, =
(X, ¥, ) in left image and point p, = (X,, ¥,, f,)
in right image

Epipolar plane contains P, O,, O,, p, and p, —
called co-planarity constraint

Given point p, in left image, its
corresponding point in right image is on line
defined by intersection of epipolar plane
defined by p,, O,, O, and image I, — called
epipolar line of p,

In other words, p,and O, define a ray where P
may lie; projection of this ray into I, is the
epipolar line

Marc Pollefeys,
University of Leuven,
Belgium, Siggraph
2001 Course

X
=€

Figure 3.5: Correspondence between two views. Even when the exact position of the 3D point M corre-
sponding ta the image point m is not known, it has to be on the line through G which intersects the image
plane inw Since this line projects to the line 1" in the other image, the correspanding point w' should be
located on this line. More generally, all the points locaied on the plane defined by C. C' and W have their
projection on 1 and 1"

Epipolar Line Geometry

» Epipolar Constraint: The correct match
for a point p, is constrained to a 1D search
along the epipolar line in I,

« All epipolar planes defined by all points in
I, contain the line O, O,
= All epipolar lines in I, intersect at a
point, e,, called the epipole
« Left and right epipoles, e,and e,, defined

by the intersection of line O,0, with the
left and right images |, and I, respectively
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Epipolar Geometry: Rectification

e [Trucco 157-160]
» Motivation: Simplify search for corresponding

points along scan lines (avoids interpolation and
simplify sampling)

» Technique: Image planes parallel -> pairs of

conjugate epipolar lines become collinear and
parallel to image axis.




Stereo Image Rectification

« Image Reprojection
— reproject image planes onto common
plane parallel to line between optical centers
— ahomography (3x3 transform)
applied to both input images
— pixel motion is horizontal after this transformation
— C. Loop and Z. Zhang,
, Computer Vision and
Pattern Recognition Conf., 1999

Rectification

Marc Pollefeys,
University of Leuven,
Belgium, Siggraph
2001 Course

Figure 7.15: Standard stereo setup

Rectification Example

before

after

Rectification Procedure
Given: Intrinsic and extrinsic parameters for 2 cameras

1. Rotate left camera so that the epipole goes to
infinity along the horizontal axis
= left image parallel to baseline
2. Rotate right camera using same transformation
3. Rotate right camera by R, the transformation of
the right camera frame with respect to the left
camera

4. Adjust scale in both cameras

Implement as backward transformations, and resample
using bilinear interpolation




Definitions

» Conjugate Epipolar Line: A pair of
epipolar lines in I, and I, defined by P, O, and
O

» Conjugate (i.e., corresponding) Pair: A
pair of matching image points from I, and I,
that are projections of a single scene point
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Triavenlar Epipolar Geomebry

Py .
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Basic Stereo Algorithm

ﬂ' HON. ABRAIAM LINCOLN, President. of United States. -%-
PR —— e — i {

For each epipolar line
For each pixel in the left image
« compare with every pixel on same epipolar line in right image

« pick pixel with minimum match cost

Improvement: match windows

Stereo Correspondence

right image disparities

left image

disparity = x1-x2 is inversely proportional to depth |

J

3D scene structure recovery
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Stereo Matching

* Features vs. pixels?
— Do we extract features prior to matching?

Julesz-style Random Dot Stereogram

| y M AL
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— I‘hﬁ{, image caords whera
‘.;f*“"‘ti‘*f fac.{ 'I‘-'ufmu; aceur

- E-\fau.fftr: ;
Edge poinTs )
Corne ! P oints (eg. Tomasi ¢ kq-d.)
Moravec s iaferad o peror

4

F-J.'{{uf.’ voburt ond  inremnfe
-+ A U\'lw{o;ﬁ*" Aill...;n.'f\‘wJ
- furﬁlq. Q':\M*'R‘ﬂ

edger de

surface

A{ JQ"R- Jirm"‘;‘lui ;\'.( r’

ait remain fixed on

— Rerdenes o-l-] . gperre ceconsMudhan

o | > '

fru hysicel paiat fa rrene
* AP:;J::;‘: f-“l" ;‘-rg Lv',‘.‘!uw ’.ﬁm

n P views

¥ Ure left image $ L ar a &
‘hn{fd‘t and  fud Coveiespeadieg

right image patel,

rare e li;‘k

* !3.’ window =D ,{.1\-,#,.4”,
H ecife ;

Soell window £ FVS ey do vielite
“Nﬂf‘ﬂn

T fuh“’ A‘hf! Pte.-u"ﬁ:"\'..
- Fotq l""‘dl’h'!;'j ) - ‘-"Mi'\q*\n, .'f‘_
alber Lﬁ’&ﬁcﬁ f&‘ﬂ'w

% o main meafures :

SSDh and CC

Difficulties in Stereo Correspondence

left image right image

Perfect case: (T CEE |

never happens!

1) Image noise: (T ] [T 11

2) Low texture: [T 1l . DN

?

12



Local Approach

NN » Look at one image patch
at at time

» Solve many small
problems independently

» Faster, less accurate

Global Approach

» Look at the whole image
» Solve one large problem
» Slower, more accurate

difficulty

How Difficult is Correspondence?

« local works for high texture

 enough texture in a patch to
disambiguate

medium texture  « global works up to medium

texture

* propagates estimates from
textured to untextured regions

» salient regions work up to low
texture

* propagation fails; some regions
are inherently ambiguous, match
only unambiguous regions

Local Approach [Levine’73]

left image right image
IJi_I 3 2 1
CI:‘TJ(EQ'

dsi which gives best C,

Common C = 5 ]
(SSD) @ [-_ ]+[-_.J2

need different
window shapes

; {14
fixed small window

fixed large window
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W=3 W=20

» Effect of window size

. Better results with adaptive window
— Smaller window

« T.Kanade and M. Okutomi,

+
_ , Proc.
i Int. Conf. Robotics and Automation,
— Larger window 1991
+ « D. Scharstein and R. Szeliski.
,Int. J.

- Computer Vision, 28(2):155-174, 1998

Sample Compact Windows
[Veksler 2001]

! _-‘L.‘ LfT

Veksler's compact windows:16% errors

- ol r

fixed small window: 33% errors fixed large window: 30% errors

Results (% Errors)

Algorithm | Tsukuba | Venus Sawtooth Map

Layered 1.58 1.52 0.34 0.37

- Graph cuts 1.94 1.79 1.30 0.31
2 Belief prop 1.15 1.00 0.98 0.84
o GC+ocel. 1.27 2.79 0.36 1.79
< Graph cuts 1.86 1.69 0.42 2.39
Multiw. Cut 8.08 0.53 0.61 0.26
e 3.36 1.67 1.61 0.33
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Constraints

1) corresponding pixels should be close in color

e AT

2) most nearby pixels should have similar
disparity

disparity except a few
cqntlnuous g place§:
in most disparity
places discontinuity

* Is that always true?

Additional geometric constraints for

correspondence

e Ordering of points:
Continuous surface:
same order in both

>
w
@)

|

Forbidden Zone

Practical applications:
Forbidden — Object bulges out: ok

Zone of M — In general: ordering
across whole image
is not reliable feature

— Use ordering
constraints for

/17 ;b neighbors of M within
small neighborhood
myn; n,m, only

Constraints:

« Uniqueness 2
Each Edge Point can Match at most 1 Point in
other Image
(Each Point Corresponds to a Single Point in
World)

e Figural Continuity
Edge Points along a Contour should Match Edges
along a Similar Contour in other Image
{Contours in Scene appear Similarly in 2 Images)

» Disparity Gradient
Nearby Edge Points in Image should have Similar
Disparities
(Points usually associated with same Surface)

» Multi-Resolution
Edge Points which occur at Multiple Resolutions
are more likely 1o be Physically Significant

 Detailed Match
Matching Edge Points should have Similar
Properties (e.g. Orientation and Contrast)
. I“"\"I'Mu‘iz
e = priserve
Order 4 .H..,r.aq pv:ﬁ a.'!‘..aR
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Ehaht Targets Problem. Each of he our poias in ome view coid maich smy
of the four projections & the other view, Of the 16 possible maiches indicated by
the circles, anly those indicated by the filled circles are acually perceived. (Redrawn
from Julesz [1971. fig. 45-1L and Marr and Poggio [1979, p.302].

Disparity Gradient (Pollard, Mayhew and Frisby
1985) (Prazdny 1985)

- pair of edges from same surface in scene appear
with similar disparities

- allowed disparity difference increases with
separation between maiches

- sometimes discriminates only weakly

ConTrvnr gy GonsraAnT

(MARR  Asp Poc,-a-m; GRimSoN )

— NEALBY TMAGE PoNTS ArE
plosecrions of peqaBy 3D PonTs

=D SMeOTHNESS N DISPARITY 1AP

— DoESWT APRY AT  feGioN  BoundMiEs
AND MOV - o0lAQuE oBJTEcTS

Figural Continuity: (Mayhew and Frisby 1981)

- edges on a contour in one image match edges along
a similar contour in the other image

- non-contour edges do not meet requirements

/ Ii1

AR

Left Image Right Image
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Global Approach [Horn’81, Poggio’84, ...]

encode desirable properties of d in E(d):

E(d)=E { S er

2
MAP-MRF [-ﬂ .]
argminE(d)=Y'M(d,) + 3 P(d,.d,)
d peP {p.a}e Neighbors
match pixels of most nearby pixels
similar color have similar disparity

NP-hard problem = need approximations

Stereo as Energy Minimization

» Matching cost formulated as energy
— “data” term penalizing bad matches

D(X! y!d) :|I(X’ y)—J(X-l—d, y)|

— “neighborhood term” encouraging spatial
smoothness (continuity; disparity gradient)

V(d,,d,) =costof adjacentpixels with labels d1and d2
=|d,—d,| (or something similar)

E= ZD(X’ y’dxvy)+ Zv(dxl,yl'dxz,yZ)

(x,y) neighbors (x1,y1),(x2,y2)

Minimization Methods

1. Continuous d: Gradient Descent
— Gets stuck in local minimum

2. Discrete d: Simulated Annealing

[Geman and Geman, PAMI 1984]
— Takes forever or gets stuck in local minimum
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Stereo as a Graph Problem [soykov, 1999]

. edge weight
D(x,y,d,)

edge weight

Labels Pixels Vv (d,,d,)

(disparities)

Graph Definition

* Initial state
— Each pixel connected to it’s immediate neighbors
— Each disparity label connected to all of the pixels

Stereo Matching by Graph Cuts

¢ Graph Cut
— Delete enough edges so that
« each pixel is (transitively) connected to exactly one label node
— Cost of a cut: sum of deleted edge weights

— Finding min cost cut equivalent to finding global minimum of the
energy function

Graph Cuts

* Graph G=(V,E)
« Edge weight w: E—R*
« Cost(C) =, w(edge)
edges
inC
* Problem: find min Cost cut

* Solved in polynomial time w/ min-cut/max-flow

» Boykov and Kolmogorov algorithm
— runs in seconds
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Results of Boykov’s Graph Cut
Algorithm

Results Ground truth

Proc. Int. Conf. Computer Vision, 1999

Boykov etal.,

Local: Compact Window Global: Expansion
high|texture

18 sec 10 sec 75sec,A=5 33sec,A=100
16% error  .33% error 16% error 0.35% error

medium texture

12 sec, 3.36% error

32 sec, 1.86% error, A =20

Difficulties

» Parameter selection smaller }, allows

more discontinuities

E(d)=Y"M(d,)+1" > 8(d, =d,)

peP {pgleN

o

2

4
U e~
optimal A, =5 optimal A =20

* Running time: from 34 to 86 seconds

Computing a Multi-way Cut

«  With two labels: classical min-cut problem
— Solvable by standard network flow algorithms
« polynomial time in theory, nearly linear in practice
* More than 2 labels: NP-hard [Dahlhaus et al., STOC ‘92]
— But efficient approximation algorithms exist
« Within a factor of 2 of optimal
« Computes local minimum in a strong sense
— even very large moves will not improve the energy
« Y. Boykov, O. Veksler and R. Zabih,

, Proc. Int. Conf. Computer Vision, 1999
— Basic idea

« reduce to a series of 2-way-cut sub-problems, using one of:

— swap move: pixels with label L1 can change to L2, and vice-
versa

— expansion move: any pixel can change it’s label to L1
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left image

State of the Art

true disparities

Late 90’s state of the art

5.23% errors

Recent state of the art

)

1.86% errors

Evaluation of Stereo Algorithms

http://bj.middlebury.edu/~schar/stereo/web/
results.php

“A taxonomy and evaluation of dense two-
frame stereo correspondence algorithms,”
Int. J. Computer Vision, 2002

Database by D. Scharstein and R. Szeliski

Algorithm

Layered
Graph cuts
Belief prop.
GC+occl.
Graph cuts
Multiw. cut
Comp. win.
Realtime
Bay. diff.
Cooperative
SSD+MF
Stoch. diff.
Genetic
Pix-to-pix
Max flow
Scanl. opt.
Dyn. prog.
Shao
MMHM
Max. surf.

Tsukuba

1.58
1.94
1.15
1.27
1.86
8.08
3.36
4.25
6.49
3.49
5.23
3.95
2.96
5.12
2.98
5.08
4.12
9.67
9.76
11.10

% errors

Sawtooth Venus

0.34
1.30
0.98
0.36
0.42
0.61
1.61
1.32
1.45
2.03
221
2.45
221
231
3.47
4.06
4.84
4.25
4.76
5.51

1.52
1.79
1.00
2.79
1.69
0.53
1.67
1.53
4.00
2.57
3.74
2.45
2.49
6.30
2.16
9.44
10.1
6.01
6.48
4.36

Map

0.37
0.31
0.84
1.79
2.39
0.26
0.33
0.81
0.20
0.22
0.66
131
1.04
0.50
3.13
1.84
3.33
2.36
8.42
4.17

Hurti- Baseviwe  STeeco

o Okuwhon snd kenslde, 1991

o When images rectified, @
disparidy d= w-x = =
whare £y foual lett, bu bareling fensft
-

® For fixed reme gt %g tanshent

= ke mulbple tmeges Foa
Camaersa wf If.r‘ha b
and  tembing Hham

F-' “ln'h' Ti“;‘;"t
- - - L

— b1 —>

—r—
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The Effect of Baseline on Depth
Estimation
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The CMU Video-Rate
Stereo Machine

Video-Rate Stereo Machine

Stereo vision and multi-baseline method

Stereo ranging, which uses correspondence between sets of two or more images for depth measurement,
has many sdvantages. It is passive and it does not emit any radio or light energy. With appropriste
imaging geometry, optics, and high-resolution cameras, stereo can produce a dense. precise range image
of even distant scenes, Our video-rate stereo machine is based on o new stereo technique which has been
developed and tested at CMU over years. It uses multiple images obtained by multiple cameras to
produce different baselines in bengths and in directions. The multi-baseline stereo method mkes
advantage of the redundancy contained in multi-stereo pairs, resulting in a straightforward algorithm
which is appropriate for hardware implementation.
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Real-Time Stereo

searches for meteorites in Antartica

« Used for robot navigation (and other tasks)

— Several software-based real-time stereo techniques have been
developed (most based on simple discrete search)

Stereo Reconstruction Pipeline

* Steps
— Calibrate cameras
— Rectify images
— Compute disparity
— Estimate depth
* What will cause errors?
— Camera calibration errors
— Poor image resolution
— Occlusions
— Violations of brightness constancy (specular reflections)
— Large motions
— Low-contrast image regions

Active Stereo with Structured Light

Li Zhang's one-shot stereo

camera 1 camera 1

projector 9 projector -'<]§
camera 2

« Project “structured” light patterns onto the object
— simplifies the correspondence problem

Laser Scanning

Object

Direction of travel
—_

Laser sheet
CCD image plane

& Cylindrical lens s
Laser CCD

Digital Michelangelo Project

* Optical triangulation
— Project a single stripe of laser light
— Scan it across the surface of the object

— This is a very precise version of structured light
scanning
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Portable 3D Laser Scanners |

Minolta Vivid 910 can scan
300,000 points in 2.5 sec

-

. 5
e
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