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2D Object Detection
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2D detection i1Is NOT enough!



Applications that need 3D Object Detection

Autonomous Driving Robotics

Any appllcatlon that mteracts W|th the 3D world!
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Goal: Infer the 3D World A Interaction

A Control

A Decision making
A Navigation

Etc.
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Our Work: 2D Object Detection




OurWork:2D Object Detection




OurWork:2D Object Segmentation




OurWork: Occlusion Reasoning




OurWork:Occlusion Reasoning
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OurWork: 3D Localization
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Contribution: 3D Object Representations

3D Object Representation

A2D image The3D world
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Related Work: 2D Object Representations

V 2D detection
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Related Work2.5DQObject Representations

V 2D detection
V 3D pose
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Related Work3D Object Representations

V 2D detection
V 3D pose

U Occlusion

U 3D location
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Contribution: 3D Object Representations

V 2D detection
V 3D pose

V Occlusion

V 3D location




Outline

A3D Aspect Part Representation
A3D AspectletRepresentation
A3D Voxel Pattern Representation

AConclusion and Future Work



Outline

A3D Aspect Part Representation



3D Aspect Part Representation

Viewpoint Variation
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3D Aspect Part Representation
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Y. Xiang and SavareseEstimating the aspect layout of object categories. In CVPR, 2012. 20



3D Aspect Parts from 3D CAD Models
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3D Aspect Part Representation
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Aspect Layout Model
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3D aspeCt part representation
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Aspect Layout Mode|

APosterior distribution
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Aspect Layout Mode|

AEnergy function

BAVL(I,0V, )+ AV, 1,,0V),if Y = 1

E(Y,LOV, )=} i (i)
T I I 0,ify = -

‘ unary potential‘ ‘ pairwisepotential ‘




Aspect Layout Model

AUnary potential

‘ part template‘ ‘feature vectorl
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V,(1.,,0,V, 1) =§Win(li ,0,V, 1), if unoccluded

a. , If self-occlude

\

‘self-occlusion weighl




Aspect Layout Mode|

Car

V(I.,O0,V, I)=

gw!7(1.,,0,V,1), if unoccludec
i a , if occluded




Aspect Layout Mode|

APairwise potential
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Aspect Layout Mode|

ATraining with Structural SVM [1]

-
-
o«
-

.. p o
| E-CI-H _ lmﬁ]@— RRRR  WRRRR| —

Anference & i Ry A OICA 1B G Fai@-)

ALoop over discretized viewpoints
ARun Belief Propagation [2] under each viewpoint to predict part locations

[1] I. TsochantaridisT. Hofmann, Tloachims&and YAltun. Support vector machine learning for interdependent and

structured output spaces. In ICML, 2004.
[2] J. SYedidia W. T. Freeman, and Y. Weiss. Understanding belief propagation and its generalizations. In Exploring

artificial intelligence in the new millennium, 2003



Aspect Layout Model

A Best results upon publication in pose estimation and 3D part estimation
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[Savares& FeiFeil / / + QWiegvpoint (cars) 93.4% 85.4 85.3 48.5

LI \icthod DPM [7] IE-

EPFL dataset

[OzuysaB i I £ © / Mievspapt (cars) 64.8% 58.1 56.6
g iy ethod DPM [7
[Dengetal/ +t wQn diewpoint 63.4% 34.0 49.5

[1] N. Payetand STodorovic From contours to 3d object detecti@nd poseestimation. In ICCV, 2011

[2] D.GlasnerM. Galun S. Alpert, RBasrj and G ShakhnarovichViewpointawareobject detection and pose estimation. IBCV, 2011.

[3] M. Stark, MGoesele and BSchiele Back to the futuret.earning shapeiodels from 3d cad data. In BMVC, 2010

[4] J.Liebeltand C.Schmid Multi-view object class detection wita3Dgeometric model. In CVPR, 2010

[5] H. Su, M. Sun, EetFei and SSavareselearning a densaultiview representationfor detection, viewpointlassificationin ICCV, 2009

[6] M. Arie-Nachimsorand RBasri Constructing implicit 3dhape model$or pose estimation. In ICCV, 2009

[7] P.FelzenszwallR.Girshick D.McAllester and DRamananObject detection with discriminatively trained parased models. TPAMI, 2010.

[8] M. OzuysalV.Lepetit and PFua Pose estimation for category specifitiltiview object localization. In CVPR, 2009. 30



Aspect Layout Model

Prediction: a=225, e=30, d=7  Prediction: a=330, e=15, d=7  Prediction; a=150, e=15 d=7
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