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Stereo Vision is a well understood Problem

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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Mercedes-Benz Intelligent Drive

The new Mercedes-Benz S-Class and E-Class offer:

« Pedestrian collision avoidance up to 50km/h by
autonomous braking, activated up to 72km/h.

» Active braking assistant reacting to crossing traffic.

« Lateral and longitudinal control up to 200km/h even under adverse
weather conditions (hands-on recognition). Fa

 Low speed autonomous driving in traffic jams.

* Magic Body Control
(active body control
utilizing road profile).

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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Overview

e Stereo Vision

= Robustness
= Precision

= Calibration

* Optical Flow

= |llumination Changes
= Large Displacements

= Light Artifacts

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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Stereo Vision seems to be a Solved Problem

The 25 top ranked algorithms differ only slightly in the achieved quality.

Algorithm Avg. SURHDE VETILES Ty Comes T T RS
fround truth fround truth round tnth ground truth (explanation)
Rank nonoce  all disc | nonoce  all c all disc |nonocc  all disc 3
\J \/ \J \J
= Middlebury 1pix
AdeptGCP[137] | 7.5 [1031 1285 5601|0403 0441 130 4631 6473 1251 1811 5701 5331 .89 /
ADCensus [54] 1.00 14815 5732 | 0082 025w 14153 (4101 6225 108w |242u 7351 6854 1.5 2,5
AdaptingBP [17] | 1370 s.uu|mc 021e |.«7|gu 7061z 118w | 248w 792z T 1.
DoublsBF [35] 1.29c 4767|013 10 0482 1.8713| 3532 830 963 28040 B85 1.
Rybased [116] 1421 4583 | 0417 02915 1071 5883 1164 15447 23511 T e PO z
Cog 4] | 1461 4614|0115 0215 15410 BA6ar 8311 1302 |2 Ly 2
OutlierConf [42] 088: 14314 4745 | 018m 02613 2403 5012 91223 12 42 é.
RDP [102] | 19.8 |M- 1281 sm‘u|gs 0382 1mﬂ|gu 99418 8815 -_—
AdaptivedF [151] | 24.4 |1.0415 15315 58217 01Tz O04lx 188z SMa 11 S VIR g
suhpwm| 270 |gn 176 5m:||m: 04640 17411 345 R 3 | 2834 87343 a 15
LLR [135) 282 [1.0815 1652 56413)029:% 08172 3 5 12215 | 2175 802z 4
SurfaceStereo [79] 269 12839 16526 6.7850 | 0.1925 0.28 14 261 101 8652 | 2.8939 7.9525 %ﬂ
MultiRBF [153] 208 |1.3344 15613 6.0232| 0.139 0.173 Q841 25 6.366 1342729041 6.768 (o]
SubPixSearch [127] | 26.7 2.048 24877 6.4042|0.14 15, 7414 40010 6397 11.012| 2248 6.87 10 E 1
LAMC-DSM [145] 349 | 16164 21867 5.8627 53 25846316 10432 12721 83113
SegmentTree [149] | 35.3 | 1.2533 1.68 29 .30 16 1.77 16 | 6.0040 11.958 15.041 8.8254
WarpMat [55] 624 4.35 1824 0249 2443950223 93024 13.025 8.47 40
InfoPermeable [109)] g 08873 41579 56031 13.075 14534 9.16 62
ObjectStereo [98] 1 36 39 06964 46187 75913 11.213 6.99 11 0,5
PMF [138] . 60 8.07 80 0.4945 4.16 80 5.874 8301 6.809
[11 0 23373 9.319% 0.3927 26249 8.1614 9.625 7.80 18
GlobalG 0.873 2543 4695 0.5348 22230 11548 16.257 9.4973
HistoAggr2 6 1938 23072 6.3940 0.4641 2.2230 11342 1473 7.78 17 0
PMBP [131 378 | 19682 22169 9.2288 04943 35773 85719 8.993 6644
TF_ASW[154] | 33.8 16565 1965 5902 0311 1519 1185 1510 832u 1 3 5 7 9 11 13 15 17 19 21 23 25
HEBF [123] 372 |1.1022 13810 5742 03322 24137 11.853 15244 [ 2.7831 9.28+64
HighOrderBP [140] | 38.6 | 1.5662 2.1266 7.9979 0.2612 1651249720 10633 12317 |3.2255 8.4841

Best ranked algorithms
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Stereo Vision seems to be a Solved Problem

Rank Method Setting!Code Out-Noc Out-All:Avg-Noc Avg-All Density {Runtime! Environment [ Compare |

1 PCBPSS : 3.49% 4.79% 0.8px 1.0px 100.00% 5min 4 cores @ 2.5 Ghz (Matlab = €/C++) [&]
' Yamaguchi, . McAtester anc R Urtasun; bt Monocuiar Eofetar Fiw Estmation. CVPR 2015

2 | StereoSLIC 5 3.99% 5.47% 0.9px 1.0px 99.89% 2.3s 1 core @ 3.0 Ghz (C/C++) B
K. Vamaguchi, . McAlister and R Urtasun; Robast Monocuiar Epipetar Fiow Estmation. CVPR 2013

3 | PRSHE 4.09% 4.95% 0.9px | 1.0px 100.00% 2005 |4 cores @3.0 Ghz (Matlab + C/C++) )
Anonymos subrision

4 PCBP : 413% 5.45% 0.9px  1.2px 100.00% 5min | 4 cores @2.5 Ghz (Matlab + C/C++) ]
K Vamaguchi, T Hazan, 0. McAlester and . Urtasun: Continuns Narkoy Handom Feids for Robust Stareo Estimation. ECCY 2012

5 PR-Scenefiow 446% 532% 1.0px 1.1px 100.00% 150 sec . 4 core @ 3.0 Ghz (Matlab - C/C++) o
Ansnymais susmizzian

6 DDS i 4.64% 5.51%: 1.0px  1.1px 100.00% 305 : 1core @2.5Ghz, . C/Cor) [}
Ansnymais susmisian

7 wSGM : 5.03% 624% 1.3px | 1.6px 97.03%! 65 ]
T Roert Spangenbers anc K. Rejas: Werahtad Sani Giohal Msching andCantor Symmetsic Canis Transtorn for Robust 2013

8 ATGV 5.05% 6.91% 1.0px 1.6 px 100.00 3.0 Ghz (Matlab + C/C++) [
R Ranto, 7 Fock and . Bschor. Aiiisins TGV based Var arioas Aacels with N Convi Dats o

9 iSGM . 546% 7.49%  1.2px .1 px 2 cores @ 2.5 Ghz (C/C++) a
S Wermann and . Kot lzSratve Sami-Gional dstchioe for Robue Driver Assstance S

10 OCV-5GBM2 5 5.42% 654 2s 1 core @ 2.5 Ghz (C/C++) B
Bnonymmons submission

11 AABM i 0% | 043s i 1 core @3.0Ghz (C/C++) B
W. Einecke and J. Eggert: Appearance. o 2063

12 SGM 1.2px 1.3px 85.80% 3.7s 1 core @ 3.0 Ghz (C/C+v) ]
. Hirschmuete stching and MutualInformation. PAMI 2008

13 TGV2ADC : 6.94% 1.1px 12px 99.9% 85 GPU @ 2.5 Ghz (C/C++) o
Anonymis sdbrmizion

14 o) 6.17% 7.49%  1.2px  1.4px 100.00% 55 1 core @ 2.5 Ghz (C/C++) [}
Ansnymais susmizzian

15 SNCC . 6.27% 7.33% 1.4px 1.5px 100.00% 0.27s i 1 core 3.0 Ghz (C/C+) [a]
W Einacke and ). Eqgevr- A Tws.Stase Corpaation Iethad for Starasscarie Bapth Estimatian, DICTA 010

16 6.31% 7.40%! 1.3px  1.5px 100.00% 7s | 1core 3.0 Ghz (Matlab + C/C++) a
R Rante, o Lini o Sceveo Using Variations Sores Estmation

17 RWR . 6.36% 7.51% 1.2px f.4px 100.00% 1min 1 core @ 2.5 Ghz (C/C++) a
prem—

18 LDE : 6.81% 8.92% 1.8px 25px 100.00% 1ds 2 cores @ 2.5 Ghz (C/C++) [a]
Boonymmons submission

19 BSSM i 7.50% 8.89% 1.4px | 1.6px 94.87%: 20.7s | 1 core @ 3.5Ghz (C/C+s) B
Anonymons subrission

20 OCV-SGBM icode’ 7.64% 9.13% 1.8px 2.0px 86.50% 1.1s 1 core @ 2.5 Ghz (C/C++) )

1[%]

wrong pixe

== Middlebury 1pix

e K| TTI 3pixel

KITTI 2 pix /

3 5 7 9 11 13 15 17 19 21 23 25

Best ranked algorithms

Uwe Franke, Unsolved Problems Workshop,

CVPR 2013
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Stereo Vision seems to be a Solved Problem,
even In Practice

2008 world-wide first real-time
implementation of Semi-Global Matching
on-an-automotive-compliant FPGA
(Census-Transform-with-Left-Right Check)

S.Gehrig, F.Eberli, T.Meyer, “A Real-time Low-Power Stereo Vision Engine Using Semi-Global Matching”,
Uiwe/Eranke))Unsolved Problems Workshop, CVPR 2013
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s Stereo a Solved Problem?

If we want Vision to become an all-day, all-night sensor for safety systems
including autonomous driving, we have to cope with such adverse conditions!

Uwe Franke, Unsolved Problems Workshop, CVPR 2013 9
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Robustness is a Hard Challenge
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Robustness is a Hard Challenge

Image sequence recorded during heavy snowfall.

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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Image sequence recorded during heavy snowfall.

3D-View of an ideal algorithm.

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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Image sequence recorded during heavy snowfall.

3D-View of the standard estimation scheme.

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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State-of-the-Art in Robust Disparity Estimation

iISGM™ won the “Robust Vision Challenge” at ECCV 2012

(data by Daniel Kondermann, HCI).

1)S. Hermann and R. Klette: ,Iterative Semi-Global Matching for Robust Driver Assistance Systems*
Wwie(BrankepUnsolved Problems Workshop, CVPR 2013
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Why do we need High Accuracy?

Disparity [px] 1 2 4 8 16

Most times we are measuring small disparities. Subpixel precision is a must.

Uwe Franke, Unsolved Problems Workshop, CVPR 2013 15
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Effects of small Disparity Errors
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Uwe Franke, Unsolved Problems Workshop, CVPR 2013

Two cars approaching with 50km/h each
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How Precise is Disparity Estimation?

Disparity Error Distribution
Accuracy investigations using rendered scenes /f'\\
* Robust SGM about 0.3px. : / \\
« Optimal TV-L! about 0.1px, but lacking : . [\
robustness and problems with large disparities. /’ \\M
T e—— T S

SGM with Census + Interpolation

Disparity Error Distribution
45
4
i
3 [
g [
g 25
: [
£ R
1 |\
/\
0 ———“’/
-1 -0.5 0 0.5 1
Disparity Error [px]

Scene by C. Rabe, available at www.mi.auckland.ac.nz TV-L', abs. diff, no window

Uwe Franke, Unsolved Problems Workshop, CVPR 2013 17
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The Pixel Locking Effect

Gnuplot g —ox

0,018 T T T T T T

"logslot_grep&ltbl" u 1:I2 e —
"tuliEd ——
0,016 EENTR Y

« Standard sub-pixel interpolation suffers
from pixel-locking (unequal probability
of the fractional disparities).

0,012

0,01

»  Shimizu/Okutomi suggested a second _—""
sampling round, reducing the effect.

0,004

« Maximum error up to 0.15 px

1
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Uwe Fra
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The Pixel Locking Effect

Investigation revealed that the
regularization (smoothness term!)
leads to an additional Pixel Locking
effect with a maximum error of up
to 0.3px.

Rendered scene used for the investigation
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Uwe Franke, Unsolved Problems Workshop, CVPR 2013 19
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Effects of De-Calibration

Calibration cannot be considered perfect over the vehicle’s life-time. However,
even small epipolar errors can result in undesired effects (SGM+Census).

A - A—— . S —— Y i G — —

Good calibration
3D reconstruction good calibration 3D reconstruction -0.2px off

=> Epipolar error must be kept < 0.2px (for horizontal structures, e.g. stop lines)

Uwe Franke, Unsolved Problems Workshop, CVPR 2013 20
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The Challenge of on-line Calibration

» Thermal stress tests (-40°C ... +50° /80°C) revealed squint angle drifts
equivalent to several pixel disparity error.

» Vision only all-weather on-line calibration
in dynamic scenes not better than 0.2px !?

Better results possible with radar reference.

Uwe Franke, Unsolved Problems Workshop, CVPR 2013 21
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Problems in Optical Flow

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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lllumination Changes and Large Displacements

Data from the GCPR webpage with ground truth available

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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lllumination Changes

lllumination changes between consecutive images can be caused by shadows or
changing exposure times, leading to wrong results.

Traffic scene with Bdrklyclasidile illumination changes TVAV-Wittl Bsisus

: : o Color encodes direction
Using Census as matching criterion Intensity encodes magnitude .

overcomes this problem.

T.Muller,C. Rabe, J.Rannacher, U.Franke: lllumination-Robust Dense Optical Flow Using Census Signatures,
D e\ Frahke, Unsolved Problems Workshop, CVPR 2013 24
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Large Optical Flow
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F. Stein: “Efficient Computat
Uwe Franke, Unsolved Problems Workshop, CVPR 2013

Sparse schemes based on descr
large displacement vectors
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Dense schemes eg. TV-L! are based on gradient descent strategies and tend to
stack in local minima.

TV-L' with support TV-L' without support

Additional sparse flow information can guide dense schemes to the correct
solution.

Hwesankeonsdlved ProblehastWeorksheps; jE6MPR 20 h3 26
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Large Optical Flow

Dense schemes eg. TV-L' are based on gradient descent
strategies and tend to stack in local minima.

TV-L' without support TV-L" with support
Alternatively, known depth and ego-motion can constrain the solution.
Sparse flow additionally used here to find the correct solution.

T.Miller, J.Rannacher, C.Rabe, U.Franke, R.Mester: Feature- and Depth-Supported Modified Total Variation
O Pwicfadnkeolnsolyed PRobletestWorksherieMER 2O C\VVPR 2011 27
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More Problems in Optical Flow & Tracking

Reflections can be widely eliminated by sun visors.
However, design would be happy if we could live without.

KLT-Tracking, color coded displacement vectors

Uwe Franke, Unsolved Problems Workshop, CVPR 2013
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More Problems in Optical Flow & Tracking

Moving shadows often occur in traffic scenes.
Tracking of the leading bus fails if optical flow is used.

KLT-Tracking, color coded displacement vectors

Uwe Franke, Unsolved Problems Workshop, CVPR 2013 29
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Problems that need to be solved

« Improve the robustness of disparity estimation
under adverse weather and illumination conditions.

* Improve the accuracy of disparity estimation.
« Improve vision-only on-line calibration precision.

* Improve the robustness of optical flow, start
looking at adverse weather conditions!

« Generate ground truth data for adverse weather
Im|||||
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