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STEREO VISION

Vision-Based Driver Assistance

http://ae -plus.com/technology/autoliv_-develops-stereo-camera-system

Lane detection

Stereo camera

Vehicle detection
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STEREO VISION

Computer stereo vision

Stereo vision is the extraction of 3D information from images. 3D information can be
extracted by examination of the relative positions of objects in the two image planes.

Left image Right image
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STEREO VISION

Relationship between disparity and depth
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STEREO VISION

Overview of a stereo vision system

Calibration

_ online

Rectification

Stereo
matching

Triangulation

- - Rectified stereo pair

Disparity map

Depth map
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STEREO MATCHING

Taxonomy for stereo algorithms [1]

Matching cost computation
Cost aggregation
Disparity computation / optimization (local and global algorithm)

Disparity refinement

[1] D. Scharsteinand R.Szeliski, 0 A t axonomy and evfal ame¢ i D9hemndo deorsreds wondence al gorithmsd
Computer Vision, 47(1/2/3):7 &2, 2002 10/11/2016 9 <INVIDIA.



STEREO MATCHING

Matching cost computation

Q

Initial matching cost

Basic ldea

Start at pixel n, consider its neighborhood defined by a square window

Compare with neighborhoods around pixels on the epipolar line for best match of pixel neighborhoods
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STEREO MATCHING

Cost aggregation

e e

dmin dmiu

Basic Idea Initial matching cost Aggregated matching cost

»4,
g T Al

Color differences and a variation exist in the depth discontinuous

The variation in the disparity value is small between adjacent pixels
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STEREO MATCHING

Disparity computation and refinement

Disparity computation

Matching cost

‘ | | I | Select minimum matching cost

Disparities

Winner-take-all [1]

Disparity Refinement

A Left-Right Consistency Check
A Median filtering
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FAST STEREO MATCHING

Cost volume filtering approach for stereo matching

Stereo pair < |nitial matching cost $ Matching cost filtering - Disparity computation
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FAST STEREO MATCHING

Matching cost computation

Left image Right image =
I(.v' ﬁ _: .
Q Q @ L
1 '
COOEON(p) =min(5 Y R(p) —Ip(p—d)].LT) °
i=1 Initial matching cost

CERAD (p) = min (|V,,(Ir(p)) — V. (Ir(p — )|, T,)

C(p) = a-CYM%(p) + (1 —a) - C9HAP(p)
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FAST STEREO MATCHING

Cost aggregation

— | Filtering | o
- 9 - Filter input C
& | o LM T
B 1 Filtering output C &
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Initial matching cost (C) i1 Aggregated matching cost (C0 ) 5 350 6

Guide G

Guided image filtering
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FAST STEREO MATCHING

Cost aggregation

O (@ ta) o ém) _to

Guided image filtering

-» e @iam & 8M) gt
Filtering output C 0 N w an

T Weighted guided image filtering

~
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FAST STEREO MATCHING

Cost aggregation

@ On

arg min L. Linear regression
k Vi
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FAST STEREO MATCHING

Cost aggregation

o Lopewe GH(P)C (D) — 1 Ci
ar = Bk A WEGEN[) | 5 Yew CO@ICH) — 10
o] 2apew G ()C(p) — pi Ck,

W) 0 0
WGp=| 0o Wgp 0
0 0 Whp)

The weights in tsukuba image
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FAST STEREO MATCHING

Cost aggregation

X, Z(xg.-x,) X, Z(X,e-X,) X, Z(x,..x.) X, Z(XX,)

Algorithm 1 Computation of the filtered cost volume :
1: procedure COMPUTECOSTVOLUMEFILTERING(G, C, arguments) p asa d=2 /
guidance image G and cost volume C' %o Z(xx,) X, (%) X, Z(x,x;) X, Z(x,x;)
2: computing W (G, p) d=1 1

3 for d € [dmin, dmas] do x [Tx) | ok [T | ox |Eeex) [ ox [Zxex)

4: computi I?ll > pew, G(P)C(p) at each channel nd Yk
d=0
5: computing a;, and by, /'T /'T /'T /t_
6: computinn %o % % % % % % g
7: computing '’ (p) ‘
8: end for
9: end procedure % |Eex)) X ()| X [ IEQ ) X Zixy-%;)
. . Zero
Integral image technique
% |fex)| % [ x [mmed | x| o
X Xy X, Xy X Xs Xs % -
d=1 \J\J\J\J\J\J\J— > r
B0 | Exex) [ 20,x) | Ecex) [ Expx) | S0 | Exex) | Exex,) X, | Z0Gex) | X, o X, [Zxex) | x| Zlxgex)
Z0teXg) | Z0G-X) | ElxgX) | Z0eX)) [ Z(X,x) | Zxex,) maiji X, 0 X, | Elxex) [ %, [ Elxex) | x| E(xg.x)
e ]
————— d=2 X.L N N N
Z(xyX) | TxpeX,) | Z(xpex) | Z0xgex) | Zlx,ex) | Z(xpex,) | Z(xpex) | Zlx,x,) G ” Z(x°.x’) z(x° x,) Tix .xJ Z(xo D z(x° xs) i, x‘) 10/11/2016 20 <ANVIDIA.
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COMPARATIVE EVALUATIONS OF STEREO

MATCHERS

Test data and Performance of stereo matching

KITTI: http://www.cvlibs.net/datasets/kitti/index.php

Table | All v Error thresheld | 3 pixels ¥ Evaluation area | All pixels v
Method Setting | Code | Out-MNoc | Out-All | Avg-Noc i Awg-All | Density | Runtime Environment Compare
1 CNNF+SGM 2.28% | 3.48%  07px | 09px ; 100.00% s GPU @ 2.5 Ghz (Pythen) ()]
Anorymous subrmission

‘2. PBCP _ ©236%  345% . 07px | 09px | 100.00%  6Bs Nvidia GTX Titan X o
A :nh and M. Polln‘fny; Patch Based Confidence Prediction for Dense Disparity Map. British Machine Wision Conference [E\-".f"] 2016.

Displets v2 code Hr T 3.09 % 0.7 px 0.8 px 100{)0 . 265s =8 cores @ 3.0 Ghz (Matlab + C/C++) ()]
F. '\.ILII'F"} and A. Geiger: D'hpl?t; R«avsolwn_n, St.ere-o Amblgumes using 0b1ect Knowledge. -’{:-r\ﬂ"nlhncx= on Computar Vizion and Pattnl n Recognition (CVPR) 2045,

4 s D 242%  362% 0 O7px | 09px | 99.99% . 685 | =8 cores @3 Ghz (Torch7, CUDA) o

Anorymous subrmission

Middlebury Stereo Vision: hitp://vision.middlebury.edu/stereo/

bad 2.0 (3) Weig
Date Name Res| Avg | Austr (AustrP|Bicyc2| Class | ClassE (Compu| Crusa CrusaP D]emb DJEITIIJ Hoops |Livgrm(|Nkuba| Plants | Stairs

GT GT GT GT GT GT GT GT GT GT GT GT GT GT GT

noNgCC | NONSCC | NONSCS | NONCCC | NONSCC | NONSCC | NONSCC | NONCCC | NONSCC | NONSCC | NONSCC | NONCCC | NONSCC | NONOCC | NONSCC

p1aly 44 R o o 2 1 R 1 R
05/12/16 [_] PMSC <:'::.:> H 6.871 2461 2681 6196 2541 6921 6.541 3961 4042 2371 1312 1232 1223 1629 588z 108¢
04/12/16 L] MeshStereoExt 5:.9 H 72802 4412 3984 5403 3172 1002z 8896 4623 4774 3499 1271 1243 104z 1456 7807 885:2
05/28/16 || APAP-Stereo 52 H 7463 5433 491135112 5179 216129508 4312 4233 3248 1435 9.781 7321 1343 6303 8461
01/19/16 ] NTDE <:'::.:> H 7624 5727 4367 5922 283z 104: 8023 5302 5545 240z 135: 1415 1265 1395 6392 1223
08/28/15 ] MC-CNN-acrt <:E:.> H 8295 5596 45510 5965 2832 1147 8445 8328 8891w 2713 1637 1416 1327 130z 6405 1117
11/03/15 ] MC-CNN+RBS <:'::.:> H 8626 6053 51612 6247 2275 1116 8917 8871098314 3217 1516 1598 1286 1352 7046 999z
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EXPERIMENTAL RESULTS

Quantitative Middlebury evaluation

TSUKUBA VENUS CONES TEDDY
NON AL pisc NON ALl pisc NON AL pisc NON ALl Disc N BADPIXELS
occ occ occ occ
Prop. Algorightm 1.37 1.79 6.55 0.21 0.48 2.40 5.98 11.2 155 2.29 8.51 7.69
Inforpermeable [2] 1.06 1.53 5.64 0.32 0.88 4.15 5.60 13.0 14.5 2.65 9.16 7.69 551
CostAggr3] 1.38 1.85 6.90 0.71 1.19 6.13 7.88 13.3 18.6 3.97 9.79 8.26 5.54
GeoSuf4] 1.45 1.83 7.71 0.14 0.26 1.90 6.88 13.2 16.1 2.94 8.89 8.32 5.80
AdaptWeight [5] 1.37 1.79 6.55 0.21 0.48 2.40 5.98 11.2 15,5 2.29 851 7.69 6.66
[2]C. Ciglaaand A. A. Alatanb, &1 nf or mati on permeability for stereo matching," Si gl0880ctoBar,@el8ssi ng: | me

[3] C. Rhemann A. Hosni, M. Bleyer, C. Rother and M. Gelautz, 0 F a svblune filtering for visual correspondence and beyond," IEEE Conference on Computer Vision and Pattern
Recognition, pp. 3017-3024, June, 2011.

[4] A. Hosni, M. Bleyer, M. Gelautz and C.Rhemann o6 Local stereo matching using geodesic support weights," | EEE
2096, November, 2009.

[51 K. 300J. Yoonandl.s. Kwoen, O Adapt i weightsapppopch fortcorrespondence search," IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 28, no. 4,
pp. 650-656, April, 2006. 10/11/2016 23 <INVIDIA.



EXPERIMENTAL RESULTS

Qualitative Middlebury evaluation
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EXPERIMENTAL RESULTS

Qualitative KITTI evaluation
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