KECE471 Computer Vision

Stereo

Chang-Su Kim

Chapter 11, Computer Vision by Forsyth and Ponce
Note: Most contents were copied from the lecture notes of Prof. Kyeong Mu Lee in SNU



Stereo

* Inferring depth information using two cameras like a
human

« Two eyes perceives three-dimension

Robot eyes

Human eyes
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Public Library, Stereoscopic Looking Room, Chicago, by Phillips, 1923
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Teesta suspension bridge-Darjeeling, India



Stereo

* Inferring depth information using two eyes or cameras
« Two eyes perceive 3 dimension




Applications

[Matthies,Szeliski,Kanade'88]



Applications

input image 317 images ground truth model
(hemisphere)

Goesele, Curless, Seitz, 2006




Left

Binocular Stereo

binocular disparity

From known geometry
of the cameras and
estimated disparity,
recover depth in the
scene

Right




Pinhole Camera Model

P=(X,Y,Z)
3
3D to 2D projection:
Image |
plane P'=(x,y, f) l:iszfé
Focal length Xz -
p y f Y
Y [Z Z
y Thus
Center of X
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Basic Stereo Model

P=(X,Y,Z)

i N
Express Z as a function

of x,,x,, f,B

O, P, =(X;, V1)
Focal length X _X and X-B_Xx
f Z f Z f
fB fB
O, . > 0O =L = -
! Y : X =X, d(p)
Left camera Base line B Right camera
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Human Stereopsis: Reconstruction

Vieth-Muller Circle

Disparate dot

Disparity: d = r—1l = D-F.

d<O0



Finding Correspondence

Z(x, y) 1s depth at pixel (x, y)
d(x, y) 1s disparity

Estimate: B
Z(x,y)=
d(x,y)
Left Right

Search for best match

along the same scan line




Finding Correspondence

Z(x, y) 1s depth at pixel (x, y)
d(x, y) 1s disparity

Estimate: B
Z(x,y)=
d(x,y)
Left Right

Do I need to consider
this region?




General stereo

« What if two cameras are not parallel?




Epipolar Geometry

P=(X,Y,2)

rotation R translaton T



Epipolar Geometry

epipolar plane

epipolar
lines

(R.1)



Epipolar Geometry

» Epipolar Constraint
— A matching points lies on the associated epipolar line

— It reduces the correspondence problem to 1D search
along the epipolar line

— It reduces the cost and ambiguity of matching




Rectification

» Simple case
— Cameras are parallel
— Focal lengths are the same
— Two image planes lie on the same plane

* Then, epipolar lines correspond to scan lines

 Rectification is a procedure to convert images
so that the assumptions are satisfied

— It simplifies algorithms
— It improves efficiency

[KM Lee, Lecture Notes]



Rectification

» Reproject (warp) images so that epipolar

lines are aligned with the scan lines

AN




[Loop and Zhang, CVPR'99]

Rectification

(a) Original image
pair overlayed with
several  epipolar
lines.

(b) Image pair
transformed by the
specialized projec-
tive mapping H,
and H: Note that
the epipolar lines
are now parallel to
each other in each
image.



[Loop and Zhang, CVPR'99]

Rectification

(c) Image pair
translformed by
the similarity H,
and H'. Note
that the image pair
is now rectified
(the epipolar lines
are  horizontally
aligned).

(d) Final image
rectification  after
shearing transform
H. and H.. Note
that the image pair
remains rectified,
but the horizon-
tal distortion s
reduced.



Correspondence: What to Match?

* Objects?
— More identifiable, but difficult to compute
* Pixels?
— Easier to handle, but maybe ambiguous
* Edges?
 Collections of pixels (regions)?



Correspondence: Photometric
Constraint

* Assume that the same world point has the
same intensity in both images.
— However, it is not true in general
* Noise
e lllumination
« Camera calibration



Pixel Matching
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What if ?

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

« pick pixel with minimum match cost
e This will never work, so: match windows



Correspondence Using Window
Matching

Left Right

SSD errorI\/\/\

digparity




Left Right

m| e o)

(Xu yL) (XL _d’ yL)

* Two blocks w; and wy
*+ SSD = |lw, — wpl|?



Normalization

* There can be differences in gain and

sensitivity

* Normalize the pixels in each window

w— ul

W=
lw — ul]|

* Minimizing SSD becomes maximizing NCC

(norma

1zed cross correlation)

\4 _WRHZ = 2= 2w - Wpg



Normalization

Left Right

Each window is a vector N
in an m? dimensional
vector space. W,

v

Normalization makes
them unit length.

“Unwrap”
image to form
vector, using
raster scan
order

row 1

row 2

row 3




Distance Metrics

Left Right
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Stereo Results

Images courtesy of Point Grey Research

Disparity Map



Problems with Window-Based
Matching

Disparity within the window may not be
constant

Blur across depth discontinuities
Poor performance in textureless regions
Erroneous results in occluded regions



Window Size

« The results depend on the window size

- Some approaches have been developed to use an adaptive
window size (try multiple sizes and select best match)



Certainty Modeling

« Compute certainty map from correlations
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[Szeliski, 1991]



Hierarchical Stereo Matching

Allows faster computation

Deals with large disparity
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(Falkenhagen 97;Van Meerbergen, Vergauwen,Pollefeys,VanGool 1JCV*02)



Stereo Matching Using
Dynamic Programming



Ordering Constraint

Points on the epipolar lines appear in the same order
It may not be true in some cases, but can be assumed
for most cases

This is the basic assumption of the stereo matching
using dynamic programming

Ordering constraint... ...and its failure



Occlusion and Disocclusion

Left scanline Right scanline




Occlusion and Disocclusion

Left scanline Right scanline

Match —— |

\ May
' Match !

Occlusion Disocclusion




Search over Correspondences

Occluded Pixels
Left scanline [T

v Vv

Right scanline [T

Disoccluded Pixels

Three cases:
— Sequential — add cost of match (small if intensities agree)
— Occluded - add cost of no match (large cost)
— Disoccluded — add cost of no match (large cost)



uoIsn|220

Dynamic Programming Approach

Occlusion

auljueds 1ybry

Start

Left scanline

End

Dynamic programming yields
the optimal path, satisfying
the ordering constraint

Every segment on each scan
line will be labeled as either
matching or occlusion

— Diagonal arc: matching

— Horizontal arc: left occlusion

— Vertical arc: right occlusion



Bellman's Optimality Principle
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Dynamic Programming Approach

Occlusion

[ 1]
auljueds ybry

Left scanline

N

Cost function C(i, j): the optimal cost up to
node (i, ).

C(i,j) = min{
C(i —1,j — 1) +matching cost,
C(i —1,j) +left occlusion penalty,
C(i,j — 1) +right occlusion penalty
}

While computing the cost, we record how
node (i, ) Is connected to one of the three
candidates

Terminal
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Dynamic Programming Approach

Occlusion

[ 1]
auljueds ybry

Left scanline

NN

Raster-scan the nodes,

computing optimal cost for
each node.

Terminal
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Dynamic Programming Approach

Occlusion

[ 1]
auljueds ybry

Left scanline

NN

Raster-scan the nodes,

computing optimal cost for
each node.

Terminal
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Dynamic Programming Approach

Occlusion

[ 1]
auljueds ybry

Left scanline

NN

Raster-scan the nodes,

computing optimal cost for
each node.

Terminal




Dynamic Programming Approach

Left scanline

_% - Raster-scan the nodes,
computing optimal cost for
each node.

auljueds 1ybry

Terminal




uoIsn|220

Dynamic Programming Approach

Occlusion

Left scanline

—%  |t'sdone

auljueds 1ybry

Terminal




Dynamic Programming Approach

* It treats each scan line independently and thus may
generate streaking artifacts

* An error can propagate
Streaking artifacts




Dynamic Programming Approach

- Enforcing inter-scanline continuity constraint

J.C. Kim, K.M. Lee, B.T. Choi, and S.U. Lee, "A dense stereo matching using two-pass
dynamic programming with generalized ground control points” CVPR 2005

Y. Ohta and T. Kanade, “Stereo by Intra- and Inter-Scanline Search,” IEEE Trans.
PAMI, 7(2):139-154 (1985).




Taxonomy and Categorization

* Four steps
1. Matching cost computation
2. Cost aggregation
3. Disparity computation and optimization
4. Disparity refinement

[Scharstein and Szeliski, 2002]



Four Steps: Example

1. For every disparity, compute raw
matching costs

Eo(x,y,d) = p( (x +d,y) — Iz(x,y))
—p(x) = x?
—p(x) = |x]|
— Robust M-estimator r(-) =
* Why use a robust function?

* Qcclusions, other outliers

[Szeliski, Lecture Notes]



Four Steps: Example

2. Aggregate costs spatially

E(ﬂi‘,y, d) — Z EO(x,vylad)
("9 )eN(z,y)

\3 v

« Here, we are using a box filter \ =
(efficient moving average AN/ =\
Implementation) R W \

. Alternatively, weighted average, ... x

[Szeliski, Lecture Notes]



Four Steps: Example

3. Choose winning disparity at each pixel

d(z,y) = argmin E(z,y, d)

d

4. Interpolate to sub-pixel accuracy

Hd)

\,

[Szeliski, Lecture Notes]



Cost Aggregation

e Shiftable window

 Variable windows, adaptive weights, and
segmentation-based

(d)

[Szeliski, Lecture Notes]



Disparity Optimization

* Dynamic Programming
— Scanline optimization
— Evaluate best cumulative
cost at each pixel

[Szeliski, Lecture Notes]
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Disparity Optimization

 Cost function
E(d) = Edata(d) + A Esmooth (d)
» Recent Trend
— Belief propagation
— Graph-cut

SAD WTA Graph cut

[Szeliski, Lecture Notes]



Segmentation-Based Stereo Matching

(d) (e)

Figure 11.12 Segmentation-based stereo matching (Zitnick, Kang, Uyttendaele et al. 2004)
© 2004 ACM: (a) input color image; (b) color-based segmentation; (c) initial disparity es-
timates; (d) final piecewise-smoothed disparities; (e) MRF neighborhood defined over the
segments in the disparity space distribution (Zitnick and Kang 2007) (© 2007 Springer.



Middlebury Evaluation

* http://vision.middlebury.edu/

o
/ vision.middlebury.edu

stereo| = mview = MBF = flow = color

Stereo Evaluation = Datasets = Code = Submit

Daniel Scharstein « Bichard Szeliski

YWelcome to the Middlebury Stereo Vision Page, formerly located at
v, middlebury. edu/steren,. This website accompanies our taxonomy and comparison of
two-frame stereo correspondence algorithms [1]. It contains:

e An on-line evaluation of current algorithms

e bany stereo datasets with ground-truth disparities

« Our stereo correspondence software

e A0 on-line subrission script that allows you to evaluate your stereo algorithm in our
framework

How to cite the materials on this website:

YWe grant permission to use and publish all images and numerical results on this website, If
vou repart 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 UAL "vision.middlebury.edu/stereo/".

References:

[1] D. Scharstein and B. Szeliski. A taxonomy and evalustion of dense two-frame stereo
correspondence algorithrns.,
Intemmational Jowrnal of Computer Vision, 4701/2/3).7-42, &pril-June 2002,
Microsoft Besearch Technical Beport MSB-TR-2001-381, Hovember 2001,




Middlebury Evaluation

Error Threshold =1 Sort by nonocc Sort by all Sort by disc
Error Threshald_.. El ' ' '

Awerage percent

Mgorithm | Avg.|  [0ED2 e, e e (explanation)

Rank| nonoce  all disc | nonocc  all disc |nonocc &l disc | nonocc  all disc
A/ \j \J \J \/

AdaptGCP [137 75 | 10312 1.29s 5607s| 010: O.14: 1305 |463:7 647z 1257z | 1,81 5707 533,
&DCensus [94 11,6 | 1,071 14875 573z22| 009z 020 115z | 410 6225 1090|2427« 72572 6955
AdaptingBP [17 145 | 11123 1,37¢ 579z:| 0102 0215 1447 |42z 70672 11,872 | 24877 792z2z 732z
CoopRegion [41 149 | 087« 1167 4612 | 01ls 0215 1542 |516=" 8317 130z | 27932 7187z 8012
Avbased [116 187 | 095¢ 14273 498c | 0117 02975 1.0F: | 598z 1162 15448 | 23571 7.6172 B81q3
FDP [10? 193 [097-c 133+ 5000|0212 038z2: 189 |488-c 9%z2s 1262 | 2632 7695 7.3z
DoubleBP [35 195 | 088s 1,295 477 |013:0 04537 1,87's| 353= 830:s 0963s [290:c 87s0 779z
MuliREF [153] | 204 | 1332: 156-: 6022 | 013: 017z 188z 25 6365 13427 | 28040 676 T10::
CutlierConf [42 20,8 ) 0885 14372 47z |D18zz 026z 240:2 | 50122 912=2: 128:zz | 27837 8574 E99s
AdaptiveGF [151] | 241 | 10475 1532 5627|0172 04lzz 1982z 571z 1132 14332 | 28475 82220 1057
SubPixSearch [127] | 262 | 204s7 24875 6404 | 01472 040z 1,747z | 40070 B39~ 1107z 224= BB7 0 G50
SubPixDoubleBP [30]1| 265 | 12432 1.763: 598z | 012: 046z 1.74-z| 3456- 838z 100: [293:: 873+ 79z
SurfaceSteren [79 265 | 12832 1B5zs 6782z |019:z: 0282 26l | 312: 510 B8BEh:z | 2893z 79:=5 85262
LLF [135 280 | 10575 16525 5G4z |029ss 081~ 307s:|4565-= 981=- 122-5| 2175 802z G42s
Warphdat [55 30,8 | 11622 1,35z B04:z | 018z D024z 244:= 2z 930z 13025 | 34980 847z 9.0 s
Objectstereo [958 1.8 | 1,223 16227 636z= 5935 0695z 461z | 41372 7592 11,21z 20s 6997 GB36= 4,46
PrAF [138 34 | 17470 20450 BO7-2|033s 049:: 416-2| 252 - 587« 830- | 213: 680z 63z ([0 4
sy Yroidit pret] 43,3 2,20 52 £, dofES | ed 52 Wad 240 2,a0 5 2949 5 0,02 240 a0 o au s 0,90 ZE (=g 4.:'9
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ETC

» Plane sweep stereo
* Multi-view stereo



Plane Sweep Stereo

« Sweep family of planes through volume

input image

input image

composite
virtual
camera

[Szeliski, Lecture Notes]



Plane Sweep Stereo

* For each depth plane
— compute composite (mosaic) image — mean

— compute error image — variance
— convert to confidence and aggregate spatially

 Select winning depth at each pixel

[Szeliski, Lecture Notes]



Multi-view Stereo

Input: calibrated images from several viewpoints
Output: 3D object model

Figures by Carlos Hernandez

[Seitz, Lecture Notes]



Multi-view Stereo

A
error \/\/\/\

depth

[Seitz, Lecture Notes]



Merging Depth Maps

[Curless and Levoy 1996]

— compute weighted average of depth maps

set of depth maps merged surface
(one per view) mesh

[Seitz, Lecture Notes]



Merging Depth Maps

Input image 317 images ground truth model
(hemisphere)

Goesele, Curless, Seitz, 2006

[Seitz, Lecture Notes]


http://www.gris.informatik.tu-darmstadt.de/~mgoesele/download/Goesele-2006-MSR.pdf

CONSISTENT STEREO
MATCHING

I-L. Jung, T.-Y. Chung, J.-Y. Sim, and C.-S. Kim, “Consistent stereo matching under varying
radiometric conditions,” IEEE Trans. Multimedia, vol. 15, pp. 56-69, Jan. 2013.



Pseudo-Disparity Estimation

* Failures of color consistency assumption
— Corresponding pixels may have different colors
— Colors are affected by various illumination conditions

Different exposure conditions



Pseudo-Disparity Estimation

* |dea
— Histogram = probability distribution of pixel values in
an image
— Cumulative histogram values = the ranks of pixel
brightness
— Corresponding pixels indicate the same scene point
* Their colors can be different

* But their ranks in each image should be almost the
same



Pseudo-Disparity Estimation

 Joint CDF maps
— K, : The joint CDF for the left view
— K; : The joint CDF for the right view




Adaptive Color Transform

* Affine Color Mapping
yi(p —dp) = ¥ro(p) + 1

« Parameter Estimation
— Least squares

(| v —ay) vo(p) 1 \ [
) Y1(P1 — iElp-_J' Yolp1) 1| [v]| ||
W = _ — _ _ |
¢
\ [71(pxy —dpy)|  [v(pN) 1] /|




Color Transform Results

oIS RN

(a) (a)
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(b) (b)
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(d)
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(f)

Fig. 8. Comparison of the color transform algorithms on the “Aloe.” “Baby3.” Fig 9. Comparison of the color transform algorithms on the “Aloe.” “Baby3.”
“Bowling2.” and “Flowerpots™ datasets with the same lighting condition 1 but “Bowling2.” and “Flowerpots™ datasets with the same exposure condition 2 but
with different exposure conditions (1 for left images and 2 for right images). (a) with different lighting conditions (1 for left images and 2 for right images). (a)
Original images; (b) gray world assumption: (c) comprehensive color normal- Original images: (b) gray world assumption; (c) comprehensive color normal-
1zation; (d) grey-edge: (e) shade of gray: (f) proposed algorithm. ization; (d) grey-edge: (e) shade of gray; (f) proposed algorithm.




Consistent Stereo Matching

* Forward vs. inverse mappings




Consistent Stereo Matching

* Reliability term for matching cost
computations

I,
Iiu
L.
Iy,
I, P, A
d* = a.rgmdin colpo.d) = argntgu c%{ljl;,cl_]

= a.rgmdin C‘__IF([}%:{” = argmdiuq{p%:d]

= argm&n c1(pr.d).



View Synthesis Results

View Synthesis Test - Teddy

— - — - = e

Convntional Propsed




Conclusions

Rank-based pseudo-disparity
estimation for color matching

Consistency Criterion

Especially good for view synthesis
applications

Computationally complicated



