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State of the art
m Localization, path planning, obstacle avoidance

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 2



I The Challenge of Autonomous Cars KT <

............................ %\«9

3D Laser-
scanner

State of the art
m Localization, path planning, obstacle avoidance
m Heavy use of 3D laser scanner

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 2



I The Challenge of Autonomous Cars  KIT

e Institote of Technology

Depth/reflectance map
for 3D localization

Detailed road map
¢ for path ptanning _

State of the art
m Localization, path planning, obstacle avoidance
m Heavy use of 3D laser scanner and detailed maps

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 2



I The Challenge of Autonomous Cars

State of the art

a Localization, path planning, obstacle avoidance

m Heavy use of 3D laser scanner and detailed maps
Problems for computer vision

m Stereo, optical flow, localization

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 2



State of the art

a Localization, path planning, obstacle avoidance

m Heavy use of 3D laser scanner and detailed maps
Problems for computer vision

m Stereo, optical flow, localization

m Object detection, recognition and tracking

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 2



,,,,,,

I The Challenge of Autonomous Cars g\(IT <

h

State of the art

a Localization, path planning, obstacle avoidance

m Heavy use of 3D laser scanner and detailed maps
Problems for computer vision

a Stereo, optical flow, localization

m Object detection, recognition and tracking
m Semantic segmentation, 3D scene understanding

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net



,,,,,,

I The Challenge of Autonomous Cars g\(IT <

;_

State of the art

a Localization, path planning, obstacle avoidance

m Heavy use of 3D laser scanner and detailed maps
Problems for computer vision

a Stereo, optical flow, localization
m Object detection, recognition and tracking

m Semantic segmentation, 3D scene understanding

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net



I The KITTI Vision Benchmark Suite

a Two stereo rigs (1392 x 512 px, 54 cm base, 90° opening)

Stereo Camera Rig (gt
=
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I The KITTI Vision Benchmark Suite

a Two stereo rigs (1392 x 512 px, 54 cm base, 90° opening)
a Velodyne laser scanner, GPS+IMU localization

360° Velodyne Laserscanner
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I The KITTI Vision Benchmark Suite

a Two stereo rigs (1392 x 512 px, 54 cm base, 90° opening)
a Velodyne laser scanner, GPS+IMU localization
m 6 hours of recordings, 10 frames per second

360° Velodyne Laserscanner

Stereo Camera Rig (gt
=
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m Camera < camera calibration
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I Sensor Calibration Challenges

360° Velodyne Laserscanner

(8
Stereo Camera Rig M'

m Camera < camera calibration

} Geiger et al., ICRA 2012
m Velodyne <> camera registration
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TC TVeIodyne

m Camera < camera calibration } Geiger et al., ICRA 2012

m Velodyne <> camera registration

a GPS « Velodyne registration } ICP + Hand-eye calibration
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a 3D object labels: 22 Annotators
a Occlusion labels: Mechanical Turk
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I Data Statistics
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I Data Statistics KIT ¢

arsruhe Institute of Technology

W Fully Visible
W Partly Occluded
M Largely Occluded
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Novel Challenges

Karsruhe Institute of Technology

Middlebury Stereo Evaluation — Version 2

Error Threshold =1

Algerithm Avg. g%h a u‘arue nT::nn 2 r%ﬂh a : i:et:nn
CoopRegion [41 88 | 0874 11461 4613 | 0114 0213 1547 5161 83111 13013 ) 2797 7184 801 :
AdaptingBP [17] 90 (1111 1377 57919 0103 0214 1445 | 4222 706s6 11890 | 2487 792mn 73210
ADCensus [94] 73 | 10745 14813 57347) 009z 0257 1153 | 4108 6223 1096 | 2425 7255 6954
SurfaceSteren [79] | 182 | 12832 16521 67837 | 0191w 028w 26132 | 3122 5101 8651 | 289~ 7851 826
GCtSegmBorder [57] | 27.1 | 14745 18232 7865 | 01910 0311z 24426 | 425% 5552 1097 | 49977 5781 86637
WarpMat [55 208 | 11620 1356 60424 ) 01817 0246 24426 | 50213 893047 13.015| 34930 BA722 9.0144
RDP [102 125 | 097w 139¢ 5000 | 0212 0381w 1891|4841 9941 1261 | 2538 769: 7381
9 59821 11631 15427 | 2353 7616 68135

RVbased [116 116 | O 14211 496: | 0116 02911 1071
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Novel Challenges

Karsruhe Institute of Technology

Middlebury Stereo Evaluation — Version 2

Error Threshold =1

Algorithm Avg. Tsukuba Venus Teddy Cones
ground truth ground truth ground truth ground truth

CoopRedgion [41 88 | 0874 1161 4613 | 0414 0213 1547 |54

=3

16 83111 13013 | 27917 7184 80123

AdaptingBP [17] 90 (1111 1377 57919 0103 0214 1445 | 4222 706s6 11890 | 2487 792mn 73210
ADCensus [94] 73 | 10745 14813 57347) 009z 0257 1153 | 4108 6223 1096 | 2425 7255 6954
SurfaceSteren [79] | 182 | 12832 16521 67837 | 0191w 028w 26132 | 3122 5101 8651 | 289~ 7851 826
GCtSegmBorder [57] | 27.1 | 14745 18232 7865 | 01910 0311z 24426 | 425% 5552 1097 | 49977 5781 86637
WarpMat [55 208 | 11620 1356 60424 ) 01817 0246 24426 | 50213 893047 13.015| 34930 BA722 9.0144
RDP [102 125 | 097w 139¢ 5000 | 0212 0381w 1891|4841 9941 1261 | 2538 769: 7381

o 3!

RVbased [116 116

] c
+ | len

2 14211 4968 116 02811 1071

9821 11631 15427| 2352 7616 6815
m Average errors: 2 — 3% (non-occluded regions)
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I Novel Challenges

Fast guided cost-volume filtering (Rhemann et al., CVPR 2011)
Middlebury, Errors: 2.7%

m Error threshold: 1 px (Middlebury)
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Fast guided cost-volume filtering (Rhemann et al., CVPR 2011)

I’

Middlebury, Errors: 2.7% KITTI, Errors: 46.3%

m Error threshold: 1 px (Middlebury) / 3 px (KITTI)
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I Novel Challenges

So what is the difference?

Middlebury

a Laboratory a Moving vehicle

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 9



I Novel Challenges

So what is the difference?

Middlebury

a Laboratory a Moving vehicle
a Lambertian m Specularities

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 9



I Novel Challenges

So what is the difference?

Middlebury

a Laboratory a Moving vehicle
a Lambertian m Specularities
® Rich in texture m Sensor saturation

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 9



I Novel Challenges

So what is the difference?

Middlebury

a Laboratory a Moving vehicle

a Lambertian m Specularities

® Rich in texture m Sensor saturation
a Medium-size label set a Large label set
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I Novel Challenges

So what is the difference?

Middlebury

a Laboratory a Moving vehicle

a Lambertian m Specularities

® Rich in texture m Sensor saturation
a Medium-size label set a Large label set

a Largely fronto-parallel m Strong slants
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Stereo Evaluation

200 training images / 200 test images

Karlsruhe Institute of Technology

Rank: Methed :Out-Noc:Out-All: Avg-Noc Avg-All: Density :Runtime Environment

Compare

1 PCBP 4.72% :6.16%: 1.0px 1.4px:100.00%: 5min :4cores @ 2.5 Ghz (Matlab + C/C++) O

Ancrymous submission

2 0 TGV | 631% (7.40% 1.3px  1.5px 100.00% 7s | 1core@3.0Ghz (Matlab+C/C++): [
Rene Ranftl, Stefan Gehrig, Thomas Pock and Horst Bischof. Pushing the Limits of Stereo Using Variational Stereo Estimation. |EEE Intelligent Vehicles Symposium 2012,

3 (OCVSGBM: 7.64% 1 9.13% 1.8px 2.0px 86.50% 11s | fcoe@256Ghz(C/C+) 0O
Heiko Hil SLerec processing by wmlz\oh:l matching and mulua\ information., PAM\ 2008.

4 ¢ ELAS  8.24% 9.95% 1.4px 1.6px 9455% 03s 1core®2.5Ghz (C/C+) m|
Andreas Geiger, Martin Roser and Raqu?l Urtasun. Efficient Large-Scale Stereo Matching. ACCY 2010,

5 0 SDM [ 10.98% 112.19%) 2.0px |2.3px 63.58%  1min | 1core @2.5Ghz (C/C++) m]
Jana Kostkova. Stratified dense matching for stereopsis in complex scenes. BMVC 2003

6 | GOSF 12.06% 13.26% 1.9px 2.1px 60.77% 2.4s | 1core ®2.5Ghz (C/Cr+) O
Jan Cach, Jordi Sanchez-Riera and Radu P. Horaud. Scene Flow Estimation hyumwmg Carraganden{e Seads. CVPR 2011

7 GCS 13 7 14 54“6 21px (23px (51.06%; 2.2s | 1 core @ 2.5 Ghz (C/C++) O
Jan Cech and Radim Sara. Efficient Sampling of Disparity Space for Fast And Accurate Matching. BenCOS 2007.

8 CostF1Lter 19.96 % | 21 05 “6 5.0px 5.4px: 1100.00%: 4 min 1 core @ 2.5 Ghz (Matlab) O

chmmph Rimar, sman Hosi, Wehasl Bleyer Carsten Rother and Mzrgmuelauu Fant Cost-Velma Filtering for Yisual Correspondence and Beyond SRR 3011

9 | OCVEBM 25.39% 26.72% 7.6px 7.0px 55.84% 0.1s |  1core @25 Ghz (C/C+) O
G. Bradski. The OpenCV Library Dr. Dobb's Journal of Software Tools 2000.

10 | GCrocc :33.50% :34.74%; 8.6px 9.2px:87.57%: 6min : 1 core @ 2.5 Ghz (C/C++) O
V\:dlrmr Holmogoroy: :nd Ramin Iiblh Cemputlr\g Visual Corr Mth Clcc\uslem usmnhrlph(uls 1CCY 2001
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Stereo Evaluation

200 training images / 200 test images

Karlsruhe Institute of Technology

Rank: Method :Out-Noc:Out-All: Avg-Noc Avg-All: Density :Runtime Environment

Compare |

1 PCBP 4.72% :6.16%: 1.0px 1.4px:100.00%: 5min :4cores @ 2.5 Ghz (Matlab + C/C++) O

AnCriymous e

20 TGV | 631% (7.40% 1.3px  1.5px (100.00%

7s i1core@3.0Ghz (Matlab+C/C++) ! OO

Rene Ranftl, Stefan Gehrig, Thomas Pock and Harst Bischof. Pushing the Limits of Stereo Using Variational Stereo Estimation. |EEE Intelligent Vehicles Symposium 2012,

3 (OCVSGBM: 7.64% 1 9.13% 1.8px 2.0px 86.50%  1.1s | 1core ®2.5Ghz (C/C++) m]
Heiko Hil Stereo processing by semi \Ohll matching and mulua\ information., PAM\ 2008.

4 ¢ ELAS  8.24% 9.95% 1.4px 1.6px 9455% 03s 1core®2.5Ghz (C/C+) O
‘Andreas Geiger, Martin Roser and Raquel Urtasun. Efficient Large-Scale Stereo Matching. ACCY 2010,

5 0 SDM [ 10.98% 112.19%) 2.0px |2.3px 63.58%  1min | 1core @2.5Ghz (C/C++) m]
Jana Kostkova. Stratified dense matching for stereopsis in complex scenes. BMVC 2003

6 | GOSF 12.06% 13.26% 1.9px 2.1px 60.77% 2.4s | 1core ®2.5Ghz (C/Cr+) O
Jan Cach, Jordi Sanchez-Riera and Radu P. Horaud. Scene Flow Estimation hymmn; Correspondence Seeds. CVPR 2011

7 GCS 13 7 I4 54“6 21px (23px i51.06%; 2.2s 1 core @ 2.5 Ghz (C/C+t) O
Jan Cech and Radim Sara. Efficient Sampling of Disparity Space for Fast And Accurate Matching. BenCOS 2007.

8 CostF1Lter 19.96 % ¢ 21 05 “6 5.0px 5.4px: $100.00 4 min 1 core @ 2.5 Ghz (Matlab) O

Chri mcph Rimar, sman Hosi, Wehasl Bleyer, Carsten Rother and Mau;unuelauu Fant Cost-Velma Filtering for Yisual Correspondence and Beyond SRR 3011

9 | OCVEBM 25.39% 26.72% 7.6px 7.0px 55.84% 0.1s |  1core @25 Ghz (C/C+) O
G. Bradski. The OpenCV Library Dr. Dobb's Journal of Software Tools 2000.

10 ;| GCrocc : 33.50% 34.74% 8.6px 9.2px:87.57% . 6min : 1 core @ 2.5 Ghz (C/C++) O
V\:dlmH Holmogoroy: :I)d Ramin Iiblh Cemputm Visual Corr Mthﬂcc\usmm using LﬂlphCuls 1CCY 2001
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I Stereo Evaluation

Particle Convex Belief Propagation (PCBP): Best Results

Errors: 0.5% Errors: 0.5%

m Natural scenes, lots of texture, no objects

a A couple of wrong pixels at poles
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I Stereo Evaluation

Particle Convex Belief Propagation (PCBP): Worst Results

Errors: 19.5% Errors: 21.1%

' —7N0
4,

m Inner city scenes, lots of objects
m Textureless surfaces, sensor saturation, reflections
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Optical Flow Evaluation

200 training images / 200 test images

Karlsruhe Institute of Technology

Rank Method Out-Noc : Qut-All : Avg-Noc  Avg-All: Density : Runtime Environment Compare |
1 TGV2CENSUS 11.14% 18.42% 2.9px 6.6px 100.00% 4s  1core @ 3.0 Ghz (Matlab + C/Cr+) O
Vi Viborsr o satoshes o i oo Videa s, 72
1. H 19.92% 28.86% 58px 11.7px 100.00% 3min  1core ®2.5Ghz (Matlab +C/C++) [
Berthold K. P. Horn and Brian G. Schunck. Delelm\mng optical flow: A Retrospective. Al 1993,
3 RSRSFlow 20.74% 29.68% 62px 12.1px 100.00% 4min . 1core @ 2.5 Ghz (Matlab) O
Pratim Ghosh and B.5. Manjunath. Robust Sis Registration and S with Sparse Error Reconstruction. |EEE Transactions on Pattemn Analysis and Machine Intelligence 20|2
4 LDOF  21.86% 31.31% 55px 12.4px 100.00% 1min = 1core ®2.5Ghz (C/C++) 0
T v and I . Laree Disg e Dptical Fows: Desesptor Haichin i Vario vl Hetion Estirmaian. Pl 2571
P50 C+NL 24.64%  33.35%  9.0px 16.4px 100.00% 3min | 1 core @ 2.5 Ghz (C/C++) O
Deqing Sun, Stefan Roth and Michael J. Black Secrets of optical flow estimation and their nulmples CVPR 2010
L6 HMM 20.35%  38.13%, 6.8px 14.7px 100.00%, 10min .  1core @ 2.5 Ghz (C/C+) 0
Anonymous submission
.7 . DBTVL  3075%  39.13% 7.8px 14.6px 100.00%, 165 ,  1core @ 2.5 Ghz (Matlab) 0
€. Zach, T Pock and H. Bischof. A Dualit Elwd Approach for Realtime TV- L1 Optical Flow DAhM 2007,
.8 . GOSF 33.3%  41.74% 7.0px 153px, 48.27% . 24s . 1core ®2.5Ghz (C/C+) 0
Jlu(e(h Jordi Sanchez-Riera and Radu P. Hullud Scene Flow Estimation by Growing Correspondence Seeds. CVPR 2011
.9 . HAOF  3576%  43.36%  11.1px 182px 100.00%, 1625 .  1core ®2.5Ghz (C/C++) 0
Thomas Brox, Andrés Brum, Nits Papenhe\g o Jochim Wiickert. High accurac optical Fiow estimation based on 2 theory for warping. ECCV 2004,
10 | PolyExpand 47.54%  53.95%  17.2px 252px 100.00%: 1s . 1 core @ 2.5 Ghz (C/C++) O

Gunnar Fameback. Two-Frame Motion Estimation Based on Polynomial Expansion. Proceedings of the 13th Scandinavian Conference on Image Analysis 2003
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Optical Flow Evaluation

Karlsruhe Institute of Technology

200 training images / 200 test images

Qut-All . Ave-Noc Runtime Environment Compare
I I
18.42% 4s 1 core @ 3.0 Ghz (Matlab + C/C++) O sub_

[ 19.92% 28.86% 5.8px 11.7px 100.00% 3min  1core®2.5Ghz (Matlab+C/C++) O
Berthold K. P. Horn and Brian G. Schunck. Delelm\mng optical flow: A Retrospective. Al 1993,
3 RSRSFlow 2074% 29.68% 62px 12.1px 100.00% 4min . 1core @ L5Ghz (Matlab) [J ~ sub.
Pratim Ghosh and B.5. Manjunath. Robust § Registration and S with Sparse Error Reconstruction. |EEE Transactions on Pattern Analysis and Machine Intelligence 2012.
4 LDOF  21.86% 3131% 55px 124px 100.00% 1min . lcore@2.5Ghz(C/Cr)  [J
T v and I . Laree Disg e Dptical Fows: Desesptor Haichin i Vario vl Hetion Estirmaian. Pl 2571
P50 C+NL 24.64%  33.35%  9.0px 16.4px 100.00% 3min | 1 core @ 2.5 Ghz (C/C++) O
Deqing Sun, Stefan Roth and Michael J. Black Secrets of optical flow estimation and their nulmples CVPR 2010
L6 HMM 29.35%  38.13%, 6.8px 147px 100.00%, 10min ,  lcore@25Ghz(c/c+) . O . sub.
Anonymous submission
.7 DBTVLA  3075%  39.13% 7.8px 14.6px 100.00%, 165 ,  1core @ L5Ghz (Matlab) . [J
€. Zach, T Pock and H. Bischof. A Dualit Elwd Approach for Realtime TV- L1 Optical Flow DAhM 2007,
.8 GOSE 3323%  4174% 7.0px 153px, 4827%  24s | lcore@25Ghz(¢/t+) . O . sub.
Jlu(e(h Jordi Sanchez-Riera and Radu P. Hullud Scene Flow Estimation by Growing Correspondence Seeds. CVPR 2011
.9 . HAOF  3576%  43.36%  10.1px 182px 100.00%, 1625 |  lcore@25Ghz(C/Cr) [J
Thomas Brox, Andrés Brum, Nits Dapenheg o Jochim Wiickert. High accurac optical flow ‘estimation based o a theory for war ping. ECCV 2004,

10 | PolyExpand 47.54%  53.95%  17.2px 252px 100.00%: 1s . 1 core @ 2.5 Ghz (C/C++) O

Gunnar Fameback. Two-Frame Motion Estimation Based on Polynomial Expansion. Proceedings of the 13th Scandinavian Conference on Image Analysis 2003
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I Optical Flow Evaluation ﬂ(“-

Second Order Total Generalized Variation: Best Results

Errors: 0.5% Errors: 0.5%

m City scenes with slow motion (intersections)
a Small flow vectors (< 30 px)
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I Optical Flow Evaluation QAT &

Karlsruhe Institute of Technology Careac™

Second Order Total Generalized Variation: Worst Results

Errors: 56.5% Errors: 58.8%

a Difficult lighting conditions, highway driving
m Large flow vectors (> 150 px)

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net 11



I SLAM Evaluation g(n' x

22 sequences — 40 kilometers

A. Geiger: The KITTI Vision Benchmark Suite — www.cvlibs.net
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I SLAM Evaluation

11 training sequences / 11 test sequences

CIT

Karlsruhe Institute of Technology

Rank Method Submitted Translation Rotation Runtime Environment compare |
1 GT_vO3pt 8 Jun. 2012 2.21% 0.0117 [deg/m] 1.265 1core @ 2.5 Ghz (C/C++) O
2] VIS02S | 12 Mar 2012 2.28% 0.0154 [deg/m] 0055 | 1core® 2.5Ghz (C/C+) m]
‘Andreas Geiger, Julius Ziegler and Christoph Stiller. StereoScan: Dense 3d Reconstruction in Real-time. |EEE Intelligent Vehicles Symposium 2011
3 0 voipt | 15Man2012 | 2.93% 0.0116 [deg/m] 0565 | 1core @ 2.0 Ghz (C/C+) O
P. . Alcantarilla. Vision Based Localization: From Humancid Robot: ally Impaired People. 2011
BE Alcantarilla, J.J. febes, J_ Almazan and L M. Bergasa. On Combining Visual SLAM are] Derse Scens Flow to Incresse the Robustness of Localization and Mapping in Dynarmic JEEE I, Cont
‘on Robotics and Automation (ICRA) 2012,
4 | VOIptLBA | 14Mar2012 | 3.17% 0.0180 [deg/m] 0.57s : 1core ® 2.0 Ghz (C/C+) m]
B icantaril, Vision Basad LocalizationFram Hurmancid Rabots t Viscaly o Beasls. 3071
P.F. Alcantarilla, J.J. Yebes, J. Almazan and L.M. Bergasa. On Combining Visual SLAM and Dense Scene Flow to Increase the Rabs Localization and Mapping in Dynamic |EEE Intl. Conf.
on Rltics and Autormation (ICRA] 2012
5 0 VOFS | 15Mar2012 | 421% 0.0158 [deg/m] 051s | 1core @ 2.0 Ghz (C/C++) O
Wi Kaess, Kai i el Frani Dellocrt. Flonw separation for st and st TeRa 2005
P.F. Alcantarilla, L.M. Bergasa and F. Dellaert. Visual Odometry priors for rebust {EKF-SLAM]. ICRA 2010.
6 | VOFSLBA | 15Mar2012 |  4.35% 0.0189 [deg/m] 0.52s : 1core ® 2.0 Ghz (C/C+) m]
Michael Kaess, Kai Ni and Frank Dellacrt. Flow separation for fast and robust s ICRA 2009,
PF Aleantarila, LM, Bergasa and . Dellaert. Visunl Odometry prior for rabust {EKF-SLAM. ICRA 2010
70 VISOZM | 4Apr2012 1 13.79% 0.0372 [deg/m] 01s | 1core® 2.5Ghz (C/C+r) O

‘Andreas Geiger, Julius Ziegler and Christoph Stiller. SterssScan: Dense 3d Reconstruction in Real time, EEE Intelligent Vehicles Symposium 2011
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I Conclusion

Where are we now?
m Realistic dataset with 3D ground truth
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Conclusion

Where are we how?
m Realistic dataset with 3D ground truth

a Stereo

a Optical flow

a SLAM

m Object detection / orientation estimation
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I Conclusion T

e of Technology

But KITTI is much more ...
m 3D object tracking

Lenz etal., IV 2011
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I Conclusion

But KITTI is much more ...
m 3D object tracking
m Loop closure (SLAM)

Williams et al., RAS 2009
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I Conclusion

But KITTI is much more ...
m 3D object tracking
m Loop closure (SLAM)
a Structure-from-Motion
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I Conclusion

But KITTI is much more ...
a 3D object tracking
m Loop closure (SLAM)
m Structure-from-Motion
m Semantic segmentation (class labels)
a 3D scene understanding (layout and objects)
a Use of maps
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I Related Datasets and Benchmarks AUT =

Stereo / Optical Flow setting #images ground truth

EISATS | synthetic 500 dense
Middlebury | laboratory 40 dense
Make3D Stereo real 260 0.5%
Ladicky real 70 manual

KITTI real 400 50 %

SLAM | setting length  metric
TUM RGB-D indoor 0.4 km v
New College | outdoor 2.2 km
Malaga 2009 | outdoor 6.4 km
Ford Campus | outdoor 5.1 km
KITTI | outdoor 39.2 km v
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I Related Datasets and Benchmarks SKIT %

Object Detection | #cat. #labels/cat. occlusion 3D  orientation
Caltech 101 101 40-800
MIT StreetScenes 9 3k
LabelMe | 4000 60
ETHZ Pedestrian 1 12k
PASCAL 2011 20 1k v
Daimler 1 56k v
Caltech Pedestrian 1 350k v
COIL-100 | 100 72 v discrete
EPFL Multi-View 20 90 v discrete
Caltech 3D | 100 144 v discrete
KITTI 3 1k - 40k v v continuous
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