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Acting in the 3D World
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Acting in the 3D World

* Geometry

J Free space
J Surfaces
d 3D shapes

* Semantics

J Humans
1 Objects
(] Affordances
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Acting in the 3D World

Planning and Control
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3D Scene Understanding






3D Reconstruction

e Structure from Motion
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3D Reconstruction

e Dense structure from motion (multi-view stereo)

*  Curless & Levoy, SIGGRAPH, 1996
* Jinetal, CVPR, 2003

* Hornung et al., ECCV, 2006

e Goesele et al., ICCV, 2007

*  Furukawa & Ponce, PAMI, 2008
* Campbell et al., ECCV, 2008

* Kolev & Cremers, ECCV, 2008

* Hiepetal., CVPR, 2009

* Furukawa et al., CVPR, 2010

* Jancosek & Pajdla, CVPR, 2011
* Matzen & Snavely, ECCV, 2014
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RGB-Depth Sensor

Kinect in 2010




3D Reconstruction using Depth

* Newcombe et al., ISMAR, 2011

* |zadiet al., UIST, 2011
 Henryetal, IJRR, 2012

*  Whelan et al., RSS Workshop, 2012
* Henryetal., 3DV, 2013
 Kelleretal., 3DV, 2013

* Salas-Moreno et al., CVPR, 2013

* Steinbrucker et al., ICCV, 2013

» Zollhofer et al., TOG, 2014

* Whelan et al., RSS, 2015

Robot navigation

KinectFusion
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Semantics
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Recognition: Image Classification

Feature
Extractor

Convolutional layers + pooling layers Fully connected layers

Classifier

Convolutional Neural Networks (CNNs)

* Krizhevsky et al., NIPS, 2012

* Ciregan et al., CVPR, 2012

* Karpathy et al., CVPR, 2014

* Simonyan & Zisserman, arXiv, 2014
* Linetal., ICLR, 2014

» Zeiler & Fergus, ECCV, 2014

* Heetal, ECCV, 2014

* Srivastava et al., IMLR, 2014

Mahendran & Vedaldi, CVPR, 2015

Jaderberg et al, NIPS, 2015

Su et al., CVPR, 2015

LeCun et al., Nature, 2015

Szegedy et al., CVPR, 2015

He et al., CVPR, 2016

Rastegari et al., ECCV, 2016

Huang et al., CVPR, 2017 14



Recognition: Object Detection

Convolutional layers + pooling layers Fully connected layers

CNN-based Object Detection

* Sermanet et al., arXiv, 2013 * Belletal., CVPR, 2016

* Girshick et al., CVPR, 2014 * Liuetal., ECCV, 2016

* Guptaetal., ECCV, 2014 * Yangetal, CVPR, 2016

* Zhangetal.,, ECCV, 2014 * Caietal., ECCV, 2016

* Heetal., ECCV, 2014 * Redmon et al., CVPR, 2016

* Erhanetal, CVPR, 2014 e Redmon et al., ECCV, 2016

* Renetal, NIPS, 2015 * Daietal., NIPS, 2016

* Girshick, ICCV, 2015 * Xiang et al.,, WACV, 2017 15



Recognition: Semantic Labeling

Convolutional layers + pooling layers  Fully gaapgctad:ikayers

layers + classifier
Fully Convolutional Networks (FCNs)

* Pinheiro & Collobert, JMLR, 2014 * Papandreou et al., CVPR, 2015

* Girshick et al., CVPR, 2014 * Liuetal., ICCV, 2015

* Hariharan et al., ECCV, 2014 * Hariharan et al., CVPR, 2015

 Zhengetal.,, CVPR, 2015 * Daietal., CVPR, 2015

* Ronneberger et al., MICCAI, 2015 * Mostajabi et al., CVPR, 2015

e Chenetal, ICLR, 2015 * Daietal., CVPR, 2016

* Longetal.,, CVPR, 2015 * Milletari et al., 3DV, 2016 16

* Nohetal.,, CVPR, 2015 * Badrinarayanan et al., PAMI, 2017



Bring me the mug
on the table?

[1] J. Long, E. Shelhamer and T. Darrell. Fully convolutional networks for semantic segmentation. In CVPR, 2015.
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Semantic 3D Reconstruction

B
i*

camera

camera
Semantic Structure from Motion SemanticFusion
Bao & Savarese, CVPR, 2011 McCormac et al., ICRA, 2017

Can 3D Reconstruction Help Learning Semantics?
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' KinectFusion
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Our Contribution: DA-RNNs

Recurrent Neural Network

L=

-
~
)

Depth Images KinectFusion 3D Semantic Scene

Y. Xiang and D. Fox. DA-RNN: Semantic Mapping with Data Associated Recurrent Neural Networks. In RSS, 2017.20



Video Semantic Labeling with DA-RNNSs

RGB Image

Time t

Depth Image

RGB Image
Time t+1

Depth Imag
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Convolution
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Concatenation

Deconvolution

Addition

Recurrent Units
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Y. Xiang and D. Fox. DA-RNN: Semantic Mapping with Data Associated Recurrent Neural Networks. In RSS, 2017.




Data Associated Recurrent Units (DA-RUs)

Data Association Hidden state
i [
T Classification

. Input Xt 41
Time t Time t+1

Weighted Moving Averaging

Recurrent layer .
Y with learnable parameters

22
Y. Xiang and D. Fox. DA-RNN: Semantic Mapping with Data Associated Recurrent Neural Networks. In RSS, 2017.



Results on RGB-D Scene Dataset [1]

Wethods | FCN_| GRU-RWN | DARNN
Background 96.1 96.8 97.6
Bowl 87.0 86.4 92.7
Cap 79.0 82.0 84.4
Cereal Box 87.5 87.5 88.3
Coffee Mug 75.7 76.1 86.3
Coffee Table 95.2 96.0 97.3
Office Chair 71.6 72.7 77.0
Soda Can 82.9 81.9 88.7
Sofa 92.9 93.5 95.6
Table 89.8 90.8 92.8
MEAN 85.8 86.4 90.1

Metric: segmentation intersection over union (loU)

FCN Our DA-RNN

[1] K. Lai, L. Bo and D. Fox. Unsupervised feature learning for 3D scene labeling. In ICRA’14.
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RGB Image Our DA-RNN




RGB Images Depth Images Semantic Mapping



3D Object Recognition






3D Object Recognition

e 3D location
e 3D orientation

3D world
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Building the 3D models: 3D Object Reconstruction

* Terzopoulos et al., IJCV, 1998

* Banta et al., SMC:Systems, 2000
* Esteban & Schmitt, 3DPVT, 2002
* Guan et al., 3DPVT, 2008

* Singhetal, ICRA, 2014

* (Calli et al., RA Magazine, 2015

Berkeley Instance Recognition Dataset
Singh et al., ICRA, 2014
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Building the 3D models: 3D CAD Models
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3D Object Recognition: Feature Matching

4

Lowe, ICCV, 1999

- * Rothganger et al., IJCV, 2006
N * Savarese & Fei-Fei, ICCV, 2007
* Colletetal., UJRR, 2011

Brachmann et al., ECCV, 2014
Krull et al., ICCV, 2015
« * Kehl et al., ECCV, 2016

* Michel et al., CVPR, 2017
Pavlakos et al., ICRA, 2017
Rad & Lepetit, ICCV, 2017

% Texture-less objects
% Symmetric objects
v’ Occlusions
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3D Object Recognition: Template Matching

Thomas et al., CVPR, 2006
Ozuysal et al., CVPR, 2009

Gu & Ren, ECCV, 2010
Hinterstoisser et al., ACCV, 2012
Xiang & Savarese, CVPR, 2012
Pepik et al., CVPR, 2012

Su et al., ICCV, 2015

Cao et al., ICRA, 2016

Tekin et al, CVPR, 2018

v" Symmetric objects
% Occlusions

v’ Texture-less objects
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Our Contribution: A Generic Convolutional Neural
Network for 6D Object Pose Estimation

PoseCNN |—>

v’ Texture-less objects
v' Symmetric objects
v’ Occlusions

Y. Xiang, T. Schmidt, V. Narayanan and D. Fox. PoseCNN: A Convolutional Neural Network for 6D Object Pose Estimation in
Cluttered Scenes. In arXiv:1711.00199, 2018 (Under Review) 33



PoseCNN: Decouple 3D Translation and 3D Rotation
/ / R
Y' X 7
Y

object coordinate

3D Translation

2D center
c = (cz, ¢y
Distance '/,

2D Center Localization 3D Rotation Regression 34



PoseCNN: Semantic Labeling

Labels

Input image

Skip link

Fully convolutional network

35



PoseCNN: 2D Center Voting for Handling Occlusions

.. p3

1&4& ........
P4
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PoseCNN: 3D Translation Estimation

, - | Labels
i e #classes Hough
@ e * voting layer
flg| Ao :
Center Center Center

direction X directionY distance
3 x #classes
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PoseCNN: 3D Rotation Regression

_ = st Labels
= L. ticlasses Hough
=7 voting layer
~u m .‘ L g i ]
>
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direction X directionY distance

For each Rol
1K
'@/ 4 x #class
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PoseCNN: Handle Symmetric Objects




PoseCNN: 3D Rotation Regression Loss Functions

Ground truth rotation:s = Pose Loss (non-symmetric)

g ¢v . PLoss(q,q) = — |R(q)x — R(q)x]||
o9 LA e S
§ " :.""'aw‘.--~k

.......

Shape-Match Loss for symmetric objects (symmetric)

Predi on - 1 , _
redicted rotation 'y SLoss(q,q) = 5 min. |R(§)x; — R(q)xs||?
3D model points B m ® X2 €



PoseCNN: Analysis on the Rotation Regression Loss

Symmetric loss Non-symmetric loss
for wood block for wood block
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The LINEMOD Dataset [1]

[1] Hinterstoisser et al., Model based training, detection and pose estimation of texture-less 3D
objects in heavily cluttered scenes. In ACCV’12.



Results on the Occlu5|on LINEMOD Dataset
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The YCB-Video Dataset
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21 YCB Objects 92 Videos, 133,827 frames:
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Groundtruth Labels
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PoseCNN (RGB only) PoseCNN + ICP Predicted Labels



PoseCNN: Banana Pose Tracking Demo




A Large Scale Database for 3D
Object Recognition

Xiang et al., ObjectNet3D: A Large Scale Database for 3D Object Recognition. In ECCV, 2016 (Spotlight Oral).



3D Object Recognition for Object Categories

49



jectNet3D: A Large Scale Database for 3D
ject Recognitior

|

Xiang et al., ObjectNet3D: A Large Scale Database for 3D Object Recognition. In ECCV, 2016 (Spotlight Oral).
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ObjectNet3D: Object Categories

* 100 rigid object categories

Aeroplane
Ashtray
Backpack
Basket
Bed
Bench
Bicycle
Backboard
Boat
Bookshelf
Bottle
Bucket
Bus
Cabinet
Calculator
Camera
Can

Cap

Car
Cellphone
Chair
Clock

Coffee maker

Comb
Computer
Cup

Desk lamp
Dining table
Dishwasher
Door
Eraser
Eyeglasses
Fan

Faucet

Filing cabinet
Fire extinguisher
Fish tank
Flashlight
Fork

Guitar

Hair dryer
Hammer
Headphone
Helmet

Iron

Jar

Kettle

Key
Keyboard
Knife

Laptop

Lighter
Mailbox
Microphone
Microwave
Motorbike
Mouse
Paintbrush
Pan

Pen

Pencil
Piano
Pillow

Plate

Pot

Printer
Racket
Refrigerator

Remote control
Rifle

Road pole
Satellite dish
Scissors
Screwdriver
Shoe

Shovel

Sign

Skate
Skateboard
Slipper

Sofa
Speaker
Spoon
Stapler
Stove

Suitcase

Teapot
Telephone
Toaster

Toilet
Toothbrush

Train

Trash bin

Trophy

Tub

Tvmonitor
Vending machine
Washing machine
Watch
Wheelchair



ObjectNet3D: Object Categories

* 100 rigid object categories

Vehicles Furniture Container

Tools Electronics Personal items



ObjectNet3D: Images

e 2D images from the ImageNet database [1]

backpack bed bench car guitar mallbox scissors teapot

[1] Deng et al., ImageNet: a Large Scale Hierarchical Image Database, CVPR, 2009

53



ObjectNet3D: 3D Shapes

* Trimble 3D Warehouse [1]
e ShapeNet database [2]

3D Shapes from Trimble 3D Warehouse 3D Shapes from ShapeNet

[1] https://3dwarehouse.sketchup.com [2] Chang et al. ShapeNet: An Information-Rich 3D Model Repository, arXiv 2015 54



ectNet3D: Annotation Demo

— Display Image

n03614007_8430.JPEG

Overlay On/off

— Rotate Mesh

Prev CAD | Next CAD |

Update Overlay l

X annotate_pose

— Directories

Enter Category Name

Open Annotation Dir

/capriS/Projects/ObjectN et3Dj/Annotations

Open Image Dir

IcapriS/Projects/ObjectNet3D/Images

Open Mesh Dir

JcapriS/Projects/ObjectNet3D/CAD

— Pose Controller

In-plane rotation angle -3.60 degree
Kl >
Zoom
Kl D
Move Overlay
Up
Left Down Right

Check if the object is ...
[0 Truncated [ Occluded [ Difficult

— Move

Prev Object [p]

Next Object [n]

Save [s]
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ObjectNet3D: 3D Pose Annotatlon Examp\es
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ObjectNet3D: Viewpoint Distributions
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ObjectNet3D: Pose Estimation

«®

N
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ObjectNet3D

7 ~X L e
B -

+100 object categories
+90,127 images
+201,888 objects
+44,147 3D shapes
+2D-3D alignments

+Baseline experiments on
different recognition tasks

59



Conclusions

* DA-RNN: A recurrent neural network integrated with KinectFusion for
3D scene understanding

* PoseCNN: A generic convolutional neural network for 3D object
recognition

* ObjectNet3D: A large scale database for 3D object recognition

* Deep neural networks with geometric representations



Future Work: Perception for Robotics

* Geometry * Semantics & Language

Geors Objects

Biederman, Psychological Review, 1987 o " ® Conce

e Affordances
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Future Work: Perception for Robotics

* Human behavior

ICE CREAM COOKIES




Future Work: Perception for Robotics

* Integrating perception, planning and robot control
@

‘( Sensing Perception PIannmg&ControI , ,Q
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\ = o >
N S

Intelligent .
System Learning 3D World
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