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Binocular Stereo Reconstruction




Binocular Stereo Reconstruction

Recover dense 3D structure of a scene using
two images from different viewpoints
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Binocular Stereo Reconstruction

Recover dense 3D structure of a scene using
two images from different viewpoints
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Applications?




Applications

Scene modeling
Segmentation
Human-computer interaction
Autonomous driving

View interpolation

etc.



Scene Modeling

From a pair of images to a 3D head model

[Frederic Deverney, INRIA]



Segmentation

1l

__(a) Left camera image.

b) Right camera image.

Edges In
—disparity in
conjunction with
Image edges
' (c) Depth image. (d) Edge combination image. en h ances

Figure 3 Stereo video frames with computed depth map and edge combination result.CO nto u rS fo u n d

Danijela Markovic and Margrit Gelautz, Interactive Media Systems Group, Vienna University of Technology



Human-Computer Interaction
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}\pplicd Educiion Application for Kids. -

Moving by one point. Ch®ke icon then click with second point.

http://www.youtube.com/watch?v=Q1NE_LIg9pY


http://www.youtube.com/watch?v=Q1NE_LIg9pY

Autonomous Driving

Forsyth & Ponce



Autonomous Driving

Figure 1: Mercedes-Benz S-class vehicle with stereo camera system behind the wind shield.

Franke et al., “How Cars Learned to See”



View Interpolation

Given two images with correspondences, create
novel image from in-between viewpoints

| Morpl:gd View I

[Seitz & Dyer, SIGGRAPH'96]



View Interpolation

Given two images with correspondences, create
novel image from in-between viewpoints

Figure 9: Mona Lisa View Morph. Morphed view (center) is halfway between original image (left) and it’s reflection (right).

[Seitz & Dyer, SIGGRAPH'96]



Problem

What are the key steps of a stereo algorithm?




Three Steps

(1) Camera calibration
(2) Dense pixel correspondence

(3) Depth estimation



Three Steps

(1) Camera calibration <€—
(2) Dense pixel correspondence

(3) Depth estimation



Review: Camera Calibration

Given a (pair of) image(s), compute intrinsic and
extrinsic camera parameters
« We talked about calibration before break
« Use vanishing points, sparse correspondences, etc.

Camera

Scale to orientation

pixel size
Camera

Translate Perspective location g s
to |mage prOJectlon
center
3D point
Then unwarp (homogeneous coords)

radial dlStOl’tIOn\ T S P R T

g pll)f cam cam f:am

Then perform
homogeneous
divide, and

get (u,v) coords



Three Steps

(1) Camera calibration
(2) Dense pixel correspondence <€

(3) Depth estimation



Dense Pixel Correspondence

Given two calibrated cameras, find a dense set of
pixel pairs that correspond to the same 3D point

left camera right camera

Bebis



Dense Pixel Correspondence

Given p In left image, where can corresponding point
p’ be?

Kristen Grauman



Review: Epipolar constraint
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Geometry of two views constrains where the corresponding pixel
for some image point in the first view must occur in the second
view: it must be on the line carved out by a plane connecting the

world point and optical centers.

Kristen Grauman



Review: Epipolar constraint

epipolar line epipolar line

epipolar plane

« Epipolar Constraint
— Matching points lie along corresponding epipolar lines

— Reduces correspondence problem to 1D search
along conjugate epipolar lines

— Greatly reduces cost and ambiguity of matching

Slide credit: Steve Seitz



Review: Epipolar constraint

The epipolar constraint is particularly convenient if the
images are “rectified”

* Image planes of cameras are parallel.

* Focal points are at same height.

* Focal lengths same.

Then, epipolar lines are horizontal scan lines of the images

Image from Andrew Zisserman



Image Rectification

Can rectify any image pair

Seitz



Image Rectification

Can rectify any image pair

N
/5

Project onto common T
view plane parallel to
line between viewpoints \

Seitz



Image Rectification

Rectified Images



Stereo for Rectified Images
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Disparity = X, - X,

Image point
(left)

optical
center (left)

baseline

Image point
(right)

N\ optical

center
(right)

hitp://www.cse.psu.edu/~zyin/Demo/Stereo%20geometry.jpg

Slide credit: Kristen Grauman



Three Steps

(1) Camera calibration
(2) Dense pixel correspondence

(3) Depth estimation (for one slide)



Depth Estimation

We can estimate depth from disparity using similar
triangles (p,, P, p,) and (O,, P, O,):

L= f

disparity

Slide credit: Kristen Grauman




Main Challenge: Compute Disparity

image Left(x,y) Disparity map d(x,y) image Right(x”,y")

(x7,y")=(x-d(x,y), y)

Slide credit: Kristen Grauman



Three Steps

(1) Camera calibration
(2) Dense pixel correspondence (again)

(3) Depth estimation



Stereo Correspondence for Rectifled Images

Left Right

Goal: find the optimal disparity
for every pixel of the left image



Stereo Correspondence for Rectifled Images

Left Right

What do we mean by “optimal disparity?”



Optimal Disparity?

Solution should:
 Align similar looking pixels

« Adhere to (expected) constraints of
stereo geometry



Measuring Pixel Dissimilarity

Left Right

1 1
| - | -

(Xu YL) (XL _d’ yL)

‘Window’ matching error:




Measuring Pixel Dissimilarity

Ll(X’y’d)_ Z' L(u V) R(U—d,V)|

(u,v)eW, (x,y)

L2(x,y,d)= [ (1 (UV) - 1 (u-d,v))?

(u,v)eW, (x,y)

NCC(x, y,d)= Y (I, (u,v)=T)(I5(u—-d,v)—T,)

(U V)W, (x,Y) O, 0x
r I (u,v)
I > ’
WAy M (Mean)

I (u,v)—1)°
o= \/ > e m)2 ) (Standard devaition)
(UV) Wy, (x.Y)



Simple Algorithm

Left

scanline

Correspondence

Right

Simple algorithm:

Cost h
/\/\{ Disparity

 Slide a window along the right scanline
and compare contents of that window with
the reference window in the left image

* Return disparity with minimal
pixel dissimilarity

Seitz



Simple Algorithm

T HON. ABRAIIAM LINCOLN] President of United States. =g
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For each epipolar line
For each pixel / window in the left image

« compare with every pixel / window on same
epipolar line in right image

« pick position with minimum dissimilarity
(e.g., luminance difference)

Adapted from Li Zhang Kristen Grauman



Failures of Simple Algorithm

"7 HON. ABRAIIAM LINCOLN, President of United States.
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Non-Lambertian surfaces, specularities

Seitz



What about larger window sizes?

W =20

Want window large enough to have sufficient intensity
variation, yet small enough to contain only pixels with
about the same dispatrity.

Figures from Li Zhang



Global Correspondence problem

Beyond the hard constraint of epipolar geometry
and the soft constraint of pixel similarities,

other considerations can be used to help
identify correspondences

« Uniqueness
« Ordering

e Smoothness \

Left image " Right image

Kristen Grauman



Unigueness

One match in right image for every point in left image

o Violates uniqueness
constraint

0 Left image fRight image ok

Figure from Gee &
Cipolla 1999



Ordering
Points on same surface (opaque object) should be In
same order in both views

e Satisfies ordering
constraint

. P
Left image Right image

Figure from Gee &
Cipolla 1999



Ordering

Points on same surface (opaque object) should be In
same order in both views

 Not alwavs true. but still useful

o Violates ordering
constraint

.y -~

Left image ) Right image

Transparent surface Thin occluder

Figures from Forsyth & Ponce



Smoothness

If surfaces are smooth and there are no
occlusions, then disparities are smooth

Left scanline Right scanline

Thrun, Szeliski, Dahlkamp, and Morris



Smoothness

What is an occlusion?

Occlusion Disocclusion
. . i

Left Image Right Image

Left . Right
Center of Projeciion Center of Projection

Slide credit: David Kriegman



Smoothness

What happens to disparity for occlusions?

Left scanline Right scanline

Thrun, Szeliski, Dahlkamp, and Morris



Smoothness

What happens to disparity for occlusions?

Left scanline Right scanline

Match

Match
Occlusion Match Disocclusion

Thrun, Szeliski, Dahlkamp, and Morris



Smoothness

Occluded Pixels

Left scanline

v Vv v Vv

Right scanline [ T

Disoccluded Pixels

Three cases:
« Sequential — smooth disparity
« Occluded — causes negative jJump in disparity
* Disoccluded — causes positive jump in disparity

Thrun, Szeliski, Dahlkamp, and Morris



Challenge

Solve for disparities that not only align similar
pixels but also have soft constraints between them

« Uniqueness
* Ordering
« Smoothness

How?



Stereo as an Optimization Problem

Minimize error function:

Pixel
Pixels Neighbors

E(x,y,d) = z data(x,y,d(x,y)) + Z smoothness(d(x,y), d(nx,ny))
X,y

x,y,nxny
where:
data(x, y, k) = cost of assigning disparity k at pixel (x,y)

smoothness(dl, d2) = cost of assigning disparities
d1 and d2 at neighboring pixels.



Stereo as an Optimization Problem

Minimize error function:

Pixel

Pixels Neighbors
E(x,y,d) = z data(x,y,d(x,y)) + z Smoothness(d(x, y), d(nx, ny))
X,y X,Y, XNy

data_term_weight max_data_term_value

/ }

For example:

smoothness(dl, d2) = min(] d1-d2 |, S)

T

max_smoothness term_value



Stereo as an Optimization Problem

Minimize error function:

Pixel
Pixels Neighbors
E(x,y,d) = z data(x,y,d(x,y)) + z Smoothness(d(x,y),d(nx,ny))
x,ynxny

Unfortunately,
optimizing this
error function

Is NP-Hard

. 4 ; 7 ' . g ~ ~g < ~ Y
N points have N! possible correspondences Potetz



Two Possible Algorithms

Dynamic programming
Graph cuts



Two Possible Algorithms

Dynamic programming <€—
Graph cuts



Dynamic Programming Algorithm

Simplify problem by ignoring smoothness costs
between vertical neighbors

Horizontal

Pixels Neighbors
E(x,y,d) = z data(x,y,d(x,y)) + Z smoothness(d(x,y), d(nx,ny))
X,y x,Y,NX,ny

Then can find optimal solution for each scanline
iIndependently with dynamic programming

e plus, maintains order of pixel correspondences



Dynamic Programming Algorithm

Like string alignment, but our formulation will include a
smoothness term rather than a gap penalty

1) Compute error of prefixes
2) Find best overall error
3) Backtrack to find disparities



Dynamic Programming Algorithm

1) Incrementally update optimal energy E(x,d) for prefix
If assign disparity d at pixel x

E(x,y,d) = min(data(x,y,d) + smoothness(d,d') + E (x — 1,y,d"))
g

Equation 11.14 in Szeliski

E(x,y,d)

\

v

max_disparity

Possible disparities (d)

Scanline positions (x) width



Dynamic Programming Algorithm

1) Incrementally update optimal energy E(x,d) for prefix
If assign disparity d at pixel x

E(x,y,d) = min(data(x,y,d) + smoothness(d,d") + E (x — 1,y,d"))
g

For example, if data(7,y,2) = 1 and data(7,y,not2)=10

=

= 13
2D

2 7
S

k%) 14
©

g 24
2 32
(al

E(x-1,y,d’) ! \E(X,y,d)



Dynamic Programming Algorithm

1) Incrementally update optimal energy E(x,d) for prefix
If assign disparity d at pixel x

E(x,y,d) = min(data(x,y,d) + smoothness(d,d') + E (x — 1,y,d"))
g

For example, if data(7,y,2) = 1 and data(7,y,not2)=10
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Dynamic Programming Algorithm

1) Incrementally update optimal energy E(x,d) for prefix
If assign disparity d at pixel x

E(x,y,d) = min(data(x,y,d) + smoothness(d,d') + E (x — 1,y,d"))
g

For example, if data(7,y,2) = 1 and data(7,y,not2)=10
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Dynamic Programming Algorithm

1) Incrementally update optimal energy E(x,d) for prefix
If assign disparity d at pixel x

E(x,y,d) = min(data(x,y,d) + smoothness(d,d') + E (x — 1,y,d"))
g

For example, if data(7,y,2) = 1 and data(7,y,not2)=10
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Dynamic Programming Algorithm

1) Incrementally update optimal energy E(x,d) for prefix
If assign disparity d at pixel x

E(x,y,d) = min(data(x,y,d) + smoothness(d,d') + E (x — 1,y,d"))
g

For example, if data(7,y,2) = 1 and data(7,y,not2)=10
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= 13 | 18
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E(x-1,y,d’) ! \E(X,y,d)



Dynamic Programming Algorithm

2) Find the best alignment for entire string

Best error for entire string \

2 |4 |7 |8 |11 |13 ]18 19 [12 (12)
© (3 |6 [8 |8 |8 |17 [10 |14 |19
© | |5 [6 |6 |14 |9 |11 |14 |15

8
8
8

12 |15 |24 |19 |14 |19 | 20
0 e oo e 176 (32 |20 |17 |22 |23

Scanline positions (x)

Possible disparities (d)




Dynamic Programming Algorithm

3) Find path back through prefixes that “supported”
the best alignment

d(x) = argmin(|data(x + 1,y,d(x + 1)) + smoothness(d(x + 1),d") + E (x,y,d") -E(x + 1,y,d(x + 1))|
ot

Find d(x-7) whose error increment “matches” forward step

Possible disparities (d)

Scanline positions (x)



Dynamic Programming Algorithm

Or, equivalently:

d(x-1) = argmin | data(x, y,d(x)) + smoothness(d(x),d’) + E (x — 1,y,d") - E(x,y,d(x))) |
4’

Find d(x-7) whose error increment “matches” forward step

Possible disparities (d)

Scanline positions (x)



Dynamic Programming Results




Two Possible Algorithms

Dynamic programming
Graph cuts <€



Graph Cut Algorithm

Build graph where:
Nodes represent pixels and disparities
Edges from pixels to disparities (based on data term)
Edges between neighbor pixels (smoothness term)

+ edge weight

\\\ f(Data(x, y,, d3))

A

Labels ' edge weight

(disparities) Smoothness(dl, dl)

Boykov



Graph Cut Algorithm

Find graph cut where:
Every pixel is connected to one disparity
Sum of cut edge weights is minimized
This equivalent to finding global minimum of energy function

+ edge weight

T~ Data(x,y;, d)

A

Labels ' edge weight
(disparities) Smoothness(d,, d,)

Boykov



Graph Cut Algorithm

Optimal solutions available for 2-label problems

(from segmentation slides)
Source (Label 0)

-_—
\—————

Energy(x;0,data) = Zwl(xi; 0,data) sz(xi,x 0, data)

i, jeedges

LZJnary Potential Edge Potential



Graph Cut Algorithm

Approximation algorithms for multi-label algorithms:
* o expansion
* a- swap

Basic idea: break multi-label cut computation into
sequence of two-label cuts

Boykov



Graph Cut Algorithm

a expansion: add pixels to « class




Graph Cut Algorithm

a-f swap: interchange « and g labels




Graph Cut Algorithms

,

g Y

initial labeling o-/J-swap a-expansion

4

Boykov



Graph Cut Results




Stereo evaluation

vision.middlebury.edu
stereo |+ mview + MRF « flow

/f
m Evaluation « Datasets « Code + Submit

Daniel Scharstein » Richard Szeliski

Welcome to the Middlebury Stereo Vision Page, farmerly located at
www.middlebury edufstereo. This website accompanies our taxenomy and comparison of
two-frame stereo correspondence algorithms [1]. It contains:

o An on-ine evaluation of current algorithms
+ Many stereo datasets with ground-truth disparities
o Our stereo comespondence software

s An ondine submission script that allows you to evaluate your stereo algorithm in
our framewark

How to cite the materials on this website:

We grant permission to use and publish all images and numerical results on this
website. If you report performance results, we request that you cite our paper [1].
Instructions on how to cite our datasets are listed on the datasets page. If you want to
cite this website, please use the URL "vision.middlebury.edu/stereo/".

References:

[1] D. Scharstein and K. Szeliski. A taxonomy and evaluation of dense two-frame stereo correspondence algorithms.
intemational Jounal of Computer Vision, 47(1/2/3):7-42, April-dune 2002,
Microsoft Research Technical Report MSR-TR-2001-81, Movember 2001.

CSE 576, Spring 2008 Stereo matching 78



|9 — Belief propagation [l - GC + oeclusions 20— Layered stereo

6 — Max flow

|0 — Graph cuts “4 — Graph cuts

|2 — Compact windows O — Cooperative alg. |5 — Stochastic diffusion *2 — Dynamic progr.

T8

[4 — Realtime SAD *3 — Scanline opt. T — Pixgl-to-pixel stereo *] — S5D+MF

Scharstein and Szeliski



Stereo—Dbest algorithms

Error Threshold = 1 Sart by nonoce Sart by all Sart by disc

Error Threshold... » ' ' '

Algorithm Avg. Tsukuba Venus Teddy Cones
ground truth ground truth ground truth ground fruth
Rank |nonocc Il disc |nonocc Il disc |nonocc Il disc |nonocc Il disc

v \J \J \J \J

J062 1184 | 2481 7822 732+

B

AdaptingBP [17] | 28 | 1.11s 1372 5797|0401 021z 1441

DoubleBP2 [35 29 | 0881 129+ 4761|0132 04585 1875 | 353z 830: 963|290z 87V8: V79:z
DoubleBP [15] 49 088z 120z 4762|0145 0601 2007 | 3552 8715 9702|2904 92411 7803

SubPixDoubleBP [30]| 5.6 (124w 17612 598: | 012z 0468 1744 | 3451 8384 1002 2935 8737 7914
AdaptOvrSegBP [33] | 9.9 |1.6922 20421 5648 | 0144 02017 147z |7.0414 1117 16411 3.6011 8.961w0 8.84 10
SymBP+occ [7 108 | 0974 175+ 5094 | 01668 0332 2198 | 647 1076 17047924 10721 10920
PlaneFitBP [32 108 | 0975 18314 5265|0177 0518 1712 6655 12112 1477 (41720 10720 10612

13621 17.317(3.6212 93312 87215

1

AdaptDispCalib [36] | 11.8 | 1.19& 1424 61535 | 0235 0344 25011

6.54+: 1235|3721 8628 10217

LT
L]
L=
n

Seqm+visib [4 122 113015 1575 6.921| 07921 1.0618 67622

1188 1306 | 2772 8354 8205

Al

C-SemiGlob[18] | 123 (2612 32924 8892702512 057 10 3.24 15

12214 1635 (39015 9.8514w 10.218

—
[ ]
%]
L3

SO+borders [28 128 (12914 1715 6.831+(02513 0533 2269

CSE —
13017 18115|3.811 99118 8327

1k

Distinctsh [27] 141 | 1215 1751 6391103514 0.6916 26313
0441 11313 487 15

L=y ]
o0
La=]

Costéqar+occ[39] [14.3 |1.38 7 19617 7.14 12 1 1191w 173163601 B57s 9.3612]




Stereo Summary

Advantages:
« cheap hardware, passive
« works very well in non-occluded regions
Disadvantages:
« gets confused In texture-less regions
 gets confused in occluded regions
» gets confused by specular surfaces




