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State-of-the-Art: Deep Learning

10BREAKTHROUGH Jork &
O TEcHNoLOGES 201y || 0w Lork Bimes

Deep
Learning

Scientists See Promise in Deep-Learning Programs




NYU Algorithm on NYU Datase
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NYU Algorithm on NYU Dataset

5 most likely categories:

0.236223 shoe shop, shoe-shop, shoe store

0.027985 confectionery, confectionary

0.025233 cinema, movie theater

_0.024637 butcher shop, meat market
0.024317 slot, one-armed bandit

NYU1418.jpg



NYU Algorithm on NYU Dataset

5 most likely categories: r ]
0.181371 potter's wheel ———> #{ ’
0.175774 chiffonier, commode X
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0.044722 file, file cabinet, filing cabinet
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NYU Algorithm on NYU Dataset
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Object Detection is Hard
r Jia Deng’s advisor’s advisor’s advisor’s advisor (—l

Nevatia & Binford, 1977. NET

“These techniques are inadequate for three-
dimensional scene analysis for many reasons:”

1. Variation 2. Viewpoint 3. lllumination 4. Clutter 5. Occlusion



Maybe Depth Sensors can Help?

S65 billion

* Microsoft Kinect

* Intel RealSense

* Google Project Tango
NIHCancer NASA Gameindustry  ® Apple Primesense

* Asus Xtion

* LEAP Motion

* Structure.io

* Stereo Cameras




Depth for Other Vision Tasks

Kinect Fusion Intrinsic Image
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Newcombe et al. 2011 Barron & Malik, 2013

Human Pose Recognition

Shotton et al. 2011



iding Shapes
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Depth-based Object Detection
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Depth-based Object Detection
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Sliding Shapes

DPM PASCAL VOC

x1.7 imreprovement on Average Precision
compared to the best of DPM & R-CNN



Algorithm



Training: CAD models




Training: CAD models




Training: Rendering Depth




Training: 3D Exemplar SVM

Rendered Depth Point Cloud Feature




Recipe of Detector Features
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3D Features

Points Normal Shape TSDF  Combined






esting: 3D Sliding Window

-0.4
-0.6
-0.8

-1.2
-1.4
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Testing: 3D Sliding Window
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Testing: 3D Sliding Window

Exemplar
Rendering




Results
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Evaluation

— DPM best
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Comparison with DPM

Sliding Shapes




Comparison with DPM

Sliding Shapes DPM




Comparison with DPM

Sliding Shapes




Comparison with DPM
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Comparison with DPM
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Analysis



Object Detection is Hard
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Nevatia & Binford, 1977. NET

“These techniques are inadequate for three-
dimensional scene analysis for many reasons:”

1. Variation 2. Viewpoint 3. lllumination 4. Clutter 5. Occlusion
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-class Variations
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i% Solution: Data-driven Exemplar

1. Variation
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Problem: Viewpoints

46



Solution: Numerate All Views
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Solution: Numerate All Views
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Problem: lllumination

* Color Rendering # Real Photo

%
D w 4‘
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Solution: 3D Depth

* Color Rendering # Real Photo
* Depth Rendering = Depth from Kinect

)
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Kinect Body Pose Recognition [Shotton et al.]




Problem: Clutter



Solution: Occupation Mask

4 Clutter

3D mesh Occupation mask




Solution: Occupation Mask

Don’t Care
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Solution: Occupation Mask
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Problem: Occlusion




Solution: 3D Window

2D

Using depth, we can know which part is occluded.
In 3D, we can separate the object from the occluder.

T (N |
5. Occlusion



Data



Quantity & Quality

 Kinect dataset is small

— NYU (3D box): 1,074 images 4,258 objects
— PASCAL VOC: 11,530 images 27,450 objects
— SUN Database: 131,067 images 363,884 objects

e Kinect depth map is noisy
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CG vs. Kinect
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Individual AP : High




CG vs. Kinect

— Kinect
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CG Rendering as Negatives

/

Whole-scene CG model
with no chair



Conclusion



Usage of Kinect




Sliding Shapes
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Code & Data Available
http://slidingshapes.cs.princeton.edu




