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Motivation

Deep ConvNets have revolutionized 2D object detection
RCNN, Fast RCNN, Faster RCNN are three iterations of the most
successful state of the art object detectors

More research focus on 3D object detection
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Dataset

SUN RGB-D: A RGB-D Scene Understanding Benchmark

NYU Depth Dataset
Evaluation:

Average Precision (AP) per class
mean Average Precision
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3D Object Detection

3D formulation to learn object proposals and classi�ers using 3D
convolutional neural networks (ConvNets)
Challenges:

Need to come up with a way to encode 3D representation
3D volumetric representation requires more memory and computation
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Encoding 3D Representation

Encode the geometric shapes in 3D while preserving spatial locality
Using directional Truncated Signed Distance Function (TSDF)
The resolution is 208x208x100 for the Region Proposal Network, and
30x30x30 for the Object Recognition Network
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Multi-scale 3D Region Proposal Network

Extra dimension, increases the possible location for an object by 30
times (45 thousand windows per image in 2D vs 1.4 million in 3D)

Variation in pixel areas of similar objects with di�erent 3D physical
sizes, e.g. bed and a chair
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Anchor Types
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3D Amodal Region Proposal Network

Shuran Song , Jianxiong Xiaor Deep Sliding Shapes for Amodal 3D Object Detection in RGB-D Images
Presented by : Melissa Mozi�an May 17, 2017 9

/ 20



RPN Multi-task Loss

L(p; p� ; t ; t � ) = Lcls(p; p� ) + � p� Lreg(t ; t � )

First term is objectness score

Second term is for the box regression

p is the predicted probability of anchor being an object

p� is the ground truth

Lcls is log loss over two categories (object vs non-object)

Lreg is smoothL1 loss
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3D NMS

Adopt 3D Non-Maximum Suppression (NMS) to remove redundant
proposals

Thresholding IOU in 3D to pick the top 2000 boxes

Key factor to speed up the algorithm
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Joint Object Recognition Network
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