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A Basic Stereo Algorithm:
Blockmatching

* For each pixel
- For each disparity value

 Compare patch similarity
* Assign disparity with highest similarity

Mﬂ&h‘ iy i -t‘l'”!‘ &%ﬁc-’- P

Result: Noisy, no smooth surfaces
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A Basic Stereo Algorithm:
Blockmatching

V(x,y)eQ d(x,y)=argminy,C(x,y,d)

Result: Noisy, no smooth surfaces
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Stereo Algorithm: Sanity Check

* Unigueness constraint
- Only one pixel should arrive at each target
location

Lecture : Stereo



Stereo Algorithm: Sanity Check

* Left-Right consistency
- Compute disparity with left reference image d,

- Compute disparity with right reference image d,

d,(p)—d.(q)|>1  q=d,(p)
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Quiz: In which situation are you confident

with your stereo correspondence?

s st
X 2
d
g X g
A
d
5: None 6: Don't know
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Disparity Refinement
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Stereo Algorithm: Sanity Check

 Confidence considerations
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Disparity Estimation: Assumption Il

* Neighboring pixels belong to the same surface

Image Plane

d(x,y)~d(x+e,, y+e )
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Disparity Space Image
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Disparity Fields

* Neighboring pixel should have similar disparity

d:Q>D, (x,y)2d(x,y)

d=argmin,.,, >, (Clx,y,d(x,y)+ 2 pld(x,y)d(s,t))

(x,y)eQ (s.t)eN(x,y)

C&usen iz 1/22/16 Lecture : Stereo 11



Disparity Fields

* Neighboring pixel should have similar disparity

a:Q%D,(x,y)éa(x,y)

d=argmin,.,, >, (Clx,y,d(x,y)+ 2 pld(x,y)d(s,t))

(x,y)eQ (s.t)eN(x,y)

- Discrete Optimization Problem
- In general NP hard |Q[”
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Disparity Chains

* Neighboring pixel should have similar disparity
- On an epipolar line

A

d=argming.qp Z (C(x,y,d(x,y))+p(d(x,y),d(x—l,y)))

(x,y)EQ

®© 060
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Dynamic Programming

* Break the optimization down to sub-optimizations

E(x)=3 C(d)+X p(d, ,.d)

(&) ik 1/22/16 Lecture : Stereo
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Dynamic Programming

* Break the optimization down to sub-optimizations

S,(d,)=C(d,)+min, |C(d,)+p(d, d,)

Remember d for which S,(d,)is a minimum

|Q|ID|

1 1 1 R 1 VS

ID[*+...
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Dynamic Programming

* Break the optimization down to sub-optimizations

S,(d,)=C(d,)+min, [S,(d,)+p(d, d;)

Remember d for which S(d,)is a minimum

|Q|ID|

T 1 VS

2|D|*+...
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Dynamic Programming

* Break the optimization down to sub-optimizations

Sn—l(dn—1)+p<d d )

n—12“n

Sn(dn):C (dn)-|-rnindn_1

Rememberd__, for whichS,(d,)is a minimum

A

dnzargmindnSn(dn)
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Dynamic Programming Approach

 Work on a single epipolar line

n
Right image

Pixels can at most have disparity O

A point in the left image has a correspondence in right image
with a smaller x-coordinate-index

Objects in front have larger disparity

Leftimage M
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Dynamic Programming Approach

 Work on a single epipolar line

n

Right image

Part of the scene is visible in only one image

Part of the scene is visible in none of the images

Leftimage M
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Dynamic Programming Approach

 Work on a single epipolar line A
-~ | Right image

* Design cost function with .-
case distinction

- Match

’
Leftimage M

S(m,n,M)z
min(S(m—1,n—1,M),S(m—1,n,L),S(m—1,n—1,R)|
+C(m,n)

COMPUTER
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Dynamic Programming Approach

n

 Work on a single epipolar line A
| -~ | Right image

e Recursive cost function

- Left Occlusion Leftimage M
S(m,n,L):
min(S(m—l,n—l,M),S(m—l,n,L))

+0O
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Dynamic Programming Approach

 Work on a single epipolar line A
-~ | Right image

e Recursive cost function

- Right Occlusion Leftimage M
S(m,n,R):
min(S(m,n—l,M),S(m,n—l,R))

+0O
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Dynamic Programming Approach

 Work on a single epipolar line A
Right image

e Recursive cost function : 1
- Ordering constraint: Leftimage M
not all constellations are possible
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Dynamic Programming

» Streaking Artifacts

(&) ik 1/22/16 Lecture : Stereo
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Dynamic Programming Approach

. . n
* Thin Objects A
" Right image

Leftimage M
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Dynamic Programming

* Pros:
- Can be optimized in polynomial time

- Incorporates consistency and ordering constraint
* Cons:

- Streaking artifacts
- Thin objects that violate ordering constraint
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Semi Global Matching

* |dea: Consider more than one scanline

[ Hirschmiller (CVPR 2005): Accurate and efficient stereo processing by semi-global
matching and mutual information]
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Semi Global Matching

* |dea: Consider more than one scanline

* Drop ordering constraint and allow for all possible
disparity changes

~ Pjifld(p)—d(q)l=1
p(d,.d,)=~ P,if|ld(p)—d(q)l>1

p)

0 else

[ Hirschmiller (CVPR 2005): Accurate and efficient stereo processing by semi-global
matching and mutual information]

(&) ik 1/22/16 Lecture : Stereo
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Semi Global Matching

L(p—r.,d)

(
L(p,d)=C(p,d)+min- rEl; :Z+11)):11;

\mmiLr(p r,i)+P,

CCCCCCCC
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Semi Global Matching

A

d(p)zargminzr: L.(p,d)
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A Global Stereo Algorithm

 Make the disparity of a pixel dependent on all other
disparities!
- Avoid streaking artifacts

A

d=argmin, .4, p, Z C(x,y,d(x,y))+ Z p(d(x,y),d(s,t))

(X: y)EQ N -~ g (S’ t)EN(X’ y) \

Pixel/ Patch Similarity Smoothness Prior
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A Global Stereo Algorithm

 Make the disparity of a pixel dependent on all other
disparities!
- Avoid streaking artifacts

A

d=argming.q,, 2, [Clx,y,d(x,y)+ > pld(x,y).d(s,t))

(x,yJe@\ (s, t)JeN(x,y)

\\V/ \\\ e /

N/
y

Pixel/ Patch Similarity Smoothness Prior

C&usen iz 1/22/16 Lecture : Stereo 34



A Global Stereo Algorithm

 Make the disparity of a pixel dependent on all other
disparities!
- Avoid streaking artifacts

- NP-hard problem
- Find approximate solution by using

* Graph Cut algorithm
* Belief Propagation

(&) ik 1/22/16 Lecture : Stereo
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Belief Propagation Approach

 Make the disparity of a pixel dependent on all other
disparities!
- Avoid streaking artifacts

- NP-hard problem
- Find approximate solution by using

* Graph Cut algorithm
* Belief Propagation

[ Tappen, Freeman: Comparison of Graph Cuts with Belief Propagation for Stereo,
using ldentical MRF Parameters]
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Belief Propagation Approach

What node i beliefs about each possible state of node |

No message from |!

M, ;(d))=min,C(d)+p(d;,d))+ M, (d,)+ M, (d)+M,,,,(d))
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Belief Propagation Schedule |

* Initialize all messages as 0

* Ilterate
- For each node: Compute all outgoing messages

- Send messages
* Pick solution with min energy

A

di:mindic(di)+Mj—>i<di)+Ml—>i(di>+Mk—>i(di)+Mm—)i(di>

(&) ik 1/22/16 Lecture : Stereo
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Belief Propagation Schedule Il

* Initialize all messages as 0

* |terate (change proceeding direction)
- For each node

 Compute all outgoing messages
* Send message
* Pick solution with min energy

A

di:mindiC(di>+Mj—>i<di>+Ml->i(di)+Mk—>i(di)+Mm->i<di)

(&) ik 1/22/16 Lecture : Stereo
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Belief Propagation

Semi Global Matching Belief Propagation

C&usen iz 1/22/16 Lecture : Stereo 40



Belief Propagation Stereo

 Advantages
- Global energy formulation

— Arbitrary data/ smoothness term
* Disadvantages

- lterative
- Approximative algorithm for energy

(&) ik 1/22/16 Lecture : Stereo
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Steps in Correspondence Estimation

1.Matching cost computation

2.Cost aggregation

3.Disparity computation / optimization
4.Disparity refinement

http://vision.middlebury.edu/stereo/

[ Scharstein, Szeliski (IJCV 2002): A taxonomy and evaluation of dense
two-frame stereo correspondence algorithms]
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The Limits of Stereo Computation

* Brightness constancy per pixel
or

* Brightness constancy on patch
* Occlusion

e Suitable Baseline
e Texture

@‘c.g%%ﬁﬁ 1/22/16 Lecture : Stereo
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Active Depth Cameras

XBOX 360

[Zeng (2012): Microsoft kinect sensor and its effect]

COMPUTER
&) ) VISION LAB
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Active Depth Cameras

* Impact on consumer market
— 10 million units sold with first 3 months

* Impact on scientific world
- Numerous publications with RGBD images
- Increased interest in depth cameras

XBOX 360

COMPUTER
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Triangulation

C, R, T
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Laser Scanner

L

(&) ik 1/22/16
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Laser Scanner

L

(&) ik 1/22/16
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Active Depth Estimation

49



Active Depth Estimation

* Advantages

- Works on un-textured objects !!!
- Works in dark environments
* Disadvantages

- Sensible to incident radiation (e.g. sunlight)
- Need to generate radiation

(&) msiiE  1/22/16 Lecture : Optical Flow
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Active Depth Estimation

(&) msiiE  1/22/16 Lecture : Optical Flow
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Active Depth Estimation

(&) msiiE  1/22/16 Lecture : Optical Flow
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Active Depth Estimation

(&) ik 1/22/16 Lecture : Optical Flow
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Active Depth Estimation

@5%?37“”[55 1/22/16 Lecture : Optical Flow
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Active Depth Estimation
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Active Depth Estimation
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Active Depth Estimation
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Stereo Algorithm Benchmark

Set: test dense test sparse training dense training sparse
Metric: bad 0.5 bad 1.0 bad 2.0 bad 4.0 avgerr rms A50 A90 A95 A99 time time/MP time/GD
Mask: nonocc all
"| show invalid | Reset sort
bad 2.0 (%) Weight || | e | e || e [ | e [ | ] [ | e | | e |
Date Name Res| Avg | Austr|AustrP|Bicyc2| Class [ClassElCompu| Crusa|/CrusaP|Djemb(DjembL Hoops|Livgrm(Nkuba|Plants| Stairs
MP: 5.6 | MP: 5.6 | MP: 5.6 | MP: 5.7 | MP: 5.7 | MP: 1.5 | MP: 55| MP: 5.5 | MP: 57| MP:5.7 | MP:5.7 | MP: 5.9 | MP: 5.5 | MP: 5.6 | MP: 5.2
nd: 290 | nd: 290 | nd: 250 | nd: 610 | nd: 610 | nd: 256 | nd: B00 | nd: B00 | nd: 320 nd: 320 | nd: 410 | nd: 320 | nd: 570 | nd: 320 | nd: 450
im0 im1fim0 im1{im0iml{im0iml{im®im1|im0 im1{im0iml)im0 im1{im0iml] im0 im1|im0iml{im0 im1|im0iml{im®iml{imdiml
GT GT GT GT GT GT GT GT GT GT GT GT GT GT GT
MoNoCC | NoMeCC | NONOCC | NONCCC | NOMOCC | MoMNeCC | NOMCCC | MOMNSCC | NOMNOCC nonocCCc NOMNCCC | NDMNRCC | NONOCC | NOMOCC | NonoCC
aly T et 0 I I O L (L i R U R
01/19/16 [ | NTDE <E};|'> H 7.621 5.72z 4364+ 5.921 2.831 10.41 8.021 5.301 5.541 2.401 13.51 14.11 1262 13.93 6.391 12.2:3
08/28/15 [ | MC-CMNN-acrt g H 8.292 5.591 4557 5.96:2 2.831 11.42 8443 8322 8894« 2,71z 163 3 14.1:2 13.2 4 13.01 6.40z 11.1:z2
11/03/15 [ l‘-'1C-Cr‘\\lr‘\\l-t-FEIS<'::I£,>~ H 8623 6.054 516116.243 3.273 11.13 8.914 8.873 9.837 3.215 15.1 z 1593 1283 135z 7.043 9.991
10/13/15 (| MDP {Eﬁ H 12.64 1448 4.991010.61410.76 27.26 8.11z 12.58 8.073 4.276 304 11 20.55 12.61 17.85 13.47 17.35
04/19/15 [ | MeshStereo {Eﬁ H 13.45 5903 4.888 10.81512.91110.62 13.68 12.27 9.015 5.3910 274 5 23.58 17.76 21.01215.41120.98
11/06/15 [ SOU4P-net fﬁ H 13.56 23.1125.41136.394 13.1123051011.15 16.41112.7 123,133 2897 17.1¢4 16.45 16.94 10.75 14.54
12/18/15 [ ] INTS g H 1487 20.2104.525 8621011.67 2958 13.79 16.4101039° 4697 276 6 2256 20.70 20.51011.56 24911
11/05/15 [ | GCSVR <'::::,> H 14.88 17.19% 3.5%01 8.229 16.51747.41711.46 9755 7.062 3.174 344 15 27.11018.37 19.28 16.01219.37
11/12/14 [ LCU <E}£|> Q 17.09 24.7137591611.61711.98 27.97 14.01019.31215.8 14 8.1020 36.1 16 29.11321.31118.46 14.18 23.810
04/17/15 [ | TMAP g H 17.11020.2114940 8138 12.81030.09 14.11227.917 20.4185.098 31.5 12 23.17 20.91019.07 18.81618.06
10/31/15 [] SPS fﬁ F 18.21112.17 11.42213.32112.19 15.75 17.02114.09 14.3138.3121 30.3 10 32.315 30.0 26 25.221 23.72126.2 14
10/07/14 (] IDR {Eﬁ H 18.412375204.082 7.496 23.32040.6132 15.7 12 24,513 11.3 11 5.4612 33.1 14 26.09 21.51221.71315.31021.2¢0
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Scanning Humans

(&) ik 1/22/16
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Light Spectrum

* CCD chips have a broader range than eyes

0.01 nm

10nm 1000 nm 1mm im

rayons gamma

rayons X

uv

infrarouge micro-ondes | ondes radio

<

COMPUTER
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Near Infrared Imagery

[ Image thanks to D. Armstrong]

COMPUTER
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The Hot Mirror

62



Active Depth Cameras

* Laser light source with coherent light
* Ground glass as diffuser » Random speckle pattern
* Optical devices —» Constant pattern

COMPUTER
&) ) VISION LAB



Depth Estimation Algorithm

« Compare to reference pattern
* Normalized cross correlation on window (e.g. 16x16)

[R. Jain, K. Rangachar, B. Schunck (1995): Machine vision]

COMPUTER
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Depth Estimation Algorithm

« Compare to reference pattern
 Normalized cross correlation on window (e.g. 16x16)

fy fs

- Subtract mean F=f,—f G=f,—g
- Divide by variance ofz\/z F; ng\/z G;

- Invariant to brightness variations
[R. Jain, K. Rangachar, B. Schunck (1995): Machine vision]

COMPUTER
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Depth Estimation Algorithm

« Compare to reference pattern
 Normalized cross correlation on window (e.g. 16x16)

fy fs

F:f1_f G:fz_g
OI“:\/ZFI'2 Og:\/IZG"Z Nce=—C
S rG, EIE

NCC= lgqu

COMPUTER
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Active Depth Estimation

COMPUTER
&) ) VISION LAB
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Active Depth Estimation

* Challenges

(&) ik 1/22/16
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Depth Estimation with Images

* Stereo

* Active Stereo

* Time-of-flight

* Shape from shading
* Photometric stereo

* Depth from defocus

(&) ik 1/22/16
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Summary

* Computing the disparity field
- Blockmatching
- Dynamic programming
- SGM
- Belief Propagation
* Alternative depth estimation methods

 Additional Literature:

- Bradski, Kaehler: Learning OpenCV
- Ponce, Forsyth: Computer Vision, Chp. 11

(&) msiiE  1/22/16 Lecture : Optical Flow
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