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Last Time (Before Midterm):
3D Shape Features,
Alignments, and
Correspondences




The Shape Alignment Problem

Given two shapes with partially overlapping geometry, find an alignment
between them



Approach

. (Find feature points on the two scans)
. Establish correspondences

. Compute the aligning transformation Preserve features
Various regularizers
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Partially Overlapping Scans | Aligned Scans



Optimal Rigid Alignment for Points

Problem Formulation:

Given two sets points:{; }, {¥; },7 = 1..n in R3  Find the rigid transform:

N
Z IRz + 1t — i[5
i=1

R, t that minimizes:



Local Method: Iterative Closest Point (ICP)

* Classical approach: iterate between finding correspondences and
finding the transformation:

M N example in 2D

Given a pair of shapes, M and A/ iterate:
1. For each ; € M find nearest neighbor y; € N
2. Find optimal transformation R, ¢ minimizing:

arg min Z |Rx; +t — yill5 Classic problem,
£t ; solvable by SVD



Optimal Transformation Summary

Problem Formulation:

Given two sets points: {z; },{yi}, i = 1..nin R3 Find the rigid transform:

N
Z IRz +t — |5

1=1

R, t that minimizes:

Closed form solution:

Construct: C' =S (y; — pu¥ ) (xi — pX)T where  pX = L5 o,

N
ComputetheSVDofC: (' = UX V7T =Ly
If det(UV?) =1, Ropy = UV
Else Rop = UXVT, Y = diag(1,1,...,—1)

Set topt — MY — Ropt:U’X
Note that Cis a 3x3 matrix. SVD is very fast.



Global Matching

Given shapes in arbitrary positions, find their alignment:

Robust Global Registration
Gelfand et al. SGP 2005

Can be approximate, since will refine later using e.g. ICP



PCA-Based Alignment

+ Use PCA to place models into canonical
coordinate frames

+Then align those frames

Covariance Principal axes
matrix computation alignment




Random Sampling (RANSAC)

ICP only needs 3 point pairs! — Rigid motion space is 6-dimensional.

Robust and Simple approach. Iterate between:
1. Pick a random pair of 3 points on model & scan
2. Estimate alignment, and check for error.

Guess and
verify
10




Shape Descriptors: D2 Shape Distribution

* Properties

Concise to store?

Quick to compute?
Invariant to transforms?
Efficient to match?
Insensitive to noise?
Insensitive to topology?
Robust to degeneracies?
Invariant to deformations?
Discriminating?

Probability

Distance

512 bytes (64 values)

0.5 seconds (10® samples)

11



Spin Images

Creates an image associated

2-D points spin-image

with a neighborhood of a point. Ap L Zomne  sivinas
p p

Compare points by comparing

their spin images (2D).

Given a point and a normal,

every other point is indexed

by two parameters:

I distance to tangent plane

¢ distance to normal line

Using Spin Images for Efficient Object
Recognition in Cluttered 3D Scenes
Johnson et al, PAMI 99
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Isometry Invariant: Global Point Signature (GPS)

1 1 1
GPS(p) = (\/—Hrﬁl (), =a(p)y = a(o), )

|

INTRINSIC SIMILARITY

but there is a sign ambiguity Rustamov et al. 2007



Isometry Invariant: The Heat Kernel Signature

@ Let k:(x,-) be the signature of x at scalet

The heat kernel has all the properties we want.
Except easy comparison ...

@ We define the Heat Kernel Signature (HKS), by
restricting to the diagonal:

HKS(z) = {ki(z,z),t € RT}

@ Now HKSs of two points can be easily compared since
they are defined on a common domain (time)

[Sun, Ovsjanikov, G., 2009] 14



Defining a Signature

@ Since HKS is a restriction of the heat kernel, it is:
@ Robust
@ Multiscale

@ Question: How informative is it?
@ Related to Gaussian curvature for small ¢ :

_ L S 1
kt(x,.’,E) — 4—7-(-t Z ait ag — 1,61,]_ = EK
1=0

o |



Multiscale Matching

@ Comparing points through their HKS signatures:

| scaled HKS

TG - e I
T T T T T T T

scaled HKS e, . T
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Today: Deep Nets, Multi-View
and Volumetric Approaches to
3D




+ Today
# Deep Learning Intro
# 3D Deep Learning
+ Multi-view CNNs
¢ Volumetric CNNs

18



Machine Learning

# Traditional Programming

Input Program Output

19



Machine Learning

# Traditional Programming

Input Program Output

# Machine Learning

Example Input | ————

Program

Example Output | ———

20



Machine Learning

Parametrized by many
learnable parameters

Model Fitting

Regression Classification 21



Deep Learning

+ Deep learning allows computational models that are composed of
multiple processing layers to learn representations of data
with multiple levels of abstraction.

Deep Learning by Y. LeCun et al. Nature 2015

input layer

hidden layer 1 hidoen layer 2

22



Neural Networks as Feature Extractors

# Neural networks extract powerful features from data

Low-Level| | Mid-Level __High—LevEl | Trainable
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Image Credits: Yan LeCun )3



Deep Learning: Powered By

Lots of data
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Powerful Neural Network Architectures
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Neural Networks

f: non-linear activation function

Dif x<0
rif x>=10

Rﬂilﬂ={

rectifier

57
{\‘K‘
;iiiisl'

output layer

W
b
o§

input layer
hidden layer 1 hidden layer 2

Model: Multi-Layer Perceptron (MLP) y = Waf(Waof(Wiz +b1) + by) + b3)

25



Neural Networks

h1=f(w1ll * x1 + w21 * x2 + w31 * x3 + b1) , o _
f: non-linear activation function

. {U if x<0
ReLUix)=+ °
rif x==I]
utput layer /
- W2, B2
input layer
hidden layer 1 hidden layer 2
Model:  Multi-Layer Perceptron (MLP) y' = W f(Wof(Wiz 4 by) + bo) + bs)

26



Neural Networks

f: non-linear activation function Sigmoid Function

Leaky RelLu

) Oiff x=0 1 e’

= e xm=0 S@) == a1
AR

rectjfier 1
ﬁ )=y
0.5 - J*"
Jy)=ay
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Neural Networks

W ={W1, W2, W3, B1, B2, B3}
f: non-linear activation function

Dif x<0
rif x>=10

=
=
o
[y
=
N
o
N

9
X/

&
;iiiisl'

Rﬂilﬂ={

B3

Loss “
" S NI ) Y
@(
. output layer
input layer - ~—— ]
hidden layer 1 hidden layer 2

Model:  Multi-Layer Perceptron (MLP) y' = W3 f(Waf(Wiz +b1) + ba) + b3)
Loss function: L2 loss W(y,y)=(y—vy)°
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Neural Networks

W ={W1, W2, W3, B1, B2, B3}

f: non-linear activation function

W1, B1 W2, B2 ReLU(x) = {U %f'.rr:li}
rif x>=10
Loss “
X y
utput layer
input layer - ~—— ]
hidden layer 1 hidden layer 2
Back Propagation

Model:  Multi-Layer Perceptron (MLP) y' = W3 f(Waf(Wiz +b1) + ba) + b3)
Loss function: L2 loss W(y,y)=(y—vy)°
Optimization: Gradient descent W =W — n%

30



Neural Networks

A three-layer network approximates any continuous function

Let ¢(+) be a nonconstant, bounded, and monotonically-increasing continuous function. Let I,,, denote the m-
dimensional unit hypercube [U, llm. The space of continuous functions on I, is denoted by C(I,, ). Then, given any
function f € C(I,,) and € > 0, there exists an integer IV, real constants v;, b; € R and real vectors w; € R™,
where ¢ = 1, ..., N, such that we may define:

N
F(z) = Z v; (w;f":t: + bt-)
i=1

as an approximate realization of the function f where f is independent of ¢; that is,

F(z) - f(x)| < ¢

for all z € I,,. In other words, functions of the form F(z) are dense in C(I,,,).

31



Neural Networks

A three-layer network approximates any continuous function

Let ¢(+) be a nonconstant, bounded, and monotonically-increasing continuous function. Let I,,, denote the m-
' ] ] Then, given any

dimensional unit h

function f € C(I, s w; € R™,
wherei =1,.--,
v | At the cost of many parameters
2 and much difficulty to fit
as an approximate
F(z) - f(z

for all z € I,,. In other words, functions of the form F(z) are dense in C(I,,,).

32



Neural Networks

CE T maps 1601010
I C1: Teature mags S4: 1. maps 1655
IMPUT "'-_;'l".'-'-"ll;-.l-?'!-'! 54 aps TG
J2wA2 = 52 1. maps
i1 4x14

: I
| Gaussian connections

Conveldutions Subsampling Convolutions  Subsampling Full connection

CNN

RNN 33



Convolutional Neural Networks

G331 meaps 160 10x10 Le N et
INPUT ':é:ffl-:f:ll## IS S4. 1. maps 1605x5
Sin14x14 120 as 1D

Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full eonmection

i =
@ | LeNet 5 | wepgance
answer: 4

One of the first successful
applications of CNN.
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Convolutional Neural Networks

activation map

32x32x3 image

5x5x3 filter /
P
28

convolve (slide) over all

spatial locations
32 28

3 1

Image Credits: Andrej Karpathy

35



Convolutional Neural Networks

¢ Filters are doing pattern matching

Image Credits: Yan LeCun 6



ImageNet Challenge

ImageNet Dataset
IMAGENET

Russakovsky, Olga, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang et al. “Ilmagenet
large scale visual recognition challenge.” International Joumal of Computer Vision 115, no. 3 (2A15): 211-252. [web] q

37



Convolutional Neural Networks

AlexNet
11x11 conv, 96, /4, pool/2 ¥ | : ‘ y I; yll
* T \ : /bt / b \pora
5x5 conv, 256, pool/2 \ Ko ATTA
. 4 B—Y Y[ )
3x3 conv, 384 1" i“"““’h e
* s | I 1905
3x3 conv, 384 o
\ 4
3x3 conv, 256, pool/2
. I]% The first work that
7 popularized
fc, 4096 Convolutional Networks
in Computer Vision
fc, 1000
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Convolutional Neural Networks

e GoogleNet
13 gy,
B u|]|||=:Iii||1|1|
safaagaiigdiy, i IIIﬂl iy H M
Hitglggifigeiii gy 1
i M i
B EE]
Fittesr
concatenation
W —
£ —
- Ix3 convaolutions Hx5 convolutions 1x1 convolutions
1x1 convolutions ' : |
hx 1%1 convalutions 1%1 conmodutions A3 max pooling

i

An Inception Module: a new building block.. 39



Vp)
—
-
O
=
i)
Q
zZ
(0
S
>
Q
Z
0
-
O
i)
=
O
>
-
O
@

ResNet

l

f
._......_...-....

i -_.. \

.u......__.._..__.._..H....._.

=
-
=
=
L]
L=

X

weight layer
lrelu
weight layer

i = = nE =

1 { ._ _... ._ “_..

LA asar s

L r k' o %

ey

Il
.-..._..h..-....

Al

40



Convolutional Neural Networks

DenseNet

DenseNet-264

1 x 1 conv % 6
3 x 3 conv

3 x 3 conv

[lxlc:onv]xl2

Dense Block 1 Dense Block 2 Dense Block 3 Ixleonv i oy
L= _ ] E _ RN . 3 x 3 conv
:
E 2 2 : : Output
8 =1 = o | :
~ —_— : T ; Ixleonv | o
e ) N 3 x 3 conv
Pooling reduces Feature map sizes match
feature map sizes within each block

41



Convolutional Neural Networks

8.2
I5.8
152 layers
'
16.4
11.7
12 layers 19 Ia-v!n

] 57 I I 8 layers B layers shallowr

ILSVRC'1S ILSVRC'14 ILS'u'F-'E 14 ILSVRC 13 ILSVRC 12 ILSWRC'11 ILSVRC'10
Reshiet GoogleMet flexhot

UNTILA Classification Error: the lower, the better
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Neural Networks as Feature Extractors

#How do neural networks work?

43



Neural Networks as Feature Extractors

+ Traditional methods hand-engineer features

Image: HoG

Image: SIFT Point Cloud: PFH 44



Neural Networks as Feature Extractors

# Neural networks extract powerful features from data

Low-Level| | Mid-Level __High—LevEl | Trainable
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Image Credits: Yan LeCun
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Neural Networks as Feature Extractors

ImageNet 1000 class image classification accuracy

30

22.5

Error
rate
n

7.5

0

2010 2011 2012 2013 2014
Feature

engineering Deep learning

Human  ArXiv 2015
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Useful Courses

# CS 231n: http://cs231n.stanford.edu/

¢+ Deep Learning for Visual Data

¢ CS 224n: http://cs224n.stanford.edu/
¢ Deep Learning for Language / Sequential Data

# CS 234: http://cs234.stanford.edu/

+ Reinforcement Learning

47


http://cs231n.stanford.edu/
http://cs224n.stanford.edu/
http://cs234.stanford.edu/

Programming Neural Networks

+ TensorFlow, Python, Google

¢ https://www.tensorflow.org/ TP OrEIOW

* PyTorch, Python, Facebook
¢ https://pytorch.org/

+ Caffe, Berkeley

¢ http://caffe.berkeleyvision.org/

48


https://www.tensorflow.org/
https://pytorch.org/
http://caffe.berkeleyvision.org/

Programming Neural Networks

Keras

y_test = keras.utils.to_categorical(y_test, num_classes) model.compile(loss=keras.losses.categorical_crossentropy,

y_train = keras.utils.to_categorical(y_train, num_classes)

optimizer=keras.optimizers.Adadelta(),

model = Sequential()
model.add(Conv2D(32, kernel_size=(3, 3),

activation="relu',

metrics=["'accuracy'])

model.fit(x_train, y_train,
input_shape=input_shape))

model.add(Conv2D(64, (3, 3), activation='relu'))
model.add(MaxPooling2D(pool_size=(2, 2)))

batch_size=batch_size,

epochs=epochs,

model.add(Dropout(@.25)) verbose=1,

model.add(Flatten()) validation_data=(x_test, y_test))
model.add(Dense(128, activation='relu')) score = model.evaluate(x_test, y_test, verbose=e)
model.add(Dropout(©.5)) print('Test loss:', score[@])
model.add(Dense(num_classes, activation='softmax')) print('Test accuracy:', score[1])

49



+ Today
# Deep Learning Intro
# 3D Deep Learning
+ Multi-view CNNs
¢ Volumetric CNNs

50
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3D Applications

Robotics

Autonomous driving Medical Image Processing

52



3D Perception is important for Al

Cosimo Alfredo Pina, “The domestic robots are getting closer”

53



Understanding in 3D is “Easier”!

+ Depth Data really helps (e.g. laser scan)

depth to point cloud.

- -
— e e — — = — =

2D region (from CNN) to 3D frustum

W
W

Frustum PointNets for 3D Object Detection from RGB-D Data, Charles Qi et. al.

54



Understanding in 3D is “Easier”!

# 3D scanners even can give us full 3D models!

Image/Model Credits: Jingwei Huang 55



Understanding in 3D is “Easier”!

+ 3D data is less vulnerable to different occlusions, different lighting
conditions, etc. |

>
S B T e
- X Rl )

X% LA
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Understanding in 3D is Harder!

+ 3D data is often noisy and of low quality.

Iro Armeni et. al. http://buildingparser.stanford.edu/dataset.html 57



Understanding in 3D is Harder!

+ 3D data is often incomplete.

58



Understanding in 3D is Harder!

+ 3D data is hard to acquire
* Hard to Scan real-world models
* Hard to design models in CAD softwares

#Compared to 2D images, 3D data is hard to acquire
#Less data to train NNs
+Harder to gain annotation labels

59



3D Deep Learning

+ A field with very short history — starting from 2015
+ But very active due to huge industry interests!

60



Big Data in 3D

Status as of 2010:

1800 models in 90 categories

Stanford bunny

Princeton shape benchmark
[Shilane et al. 04]
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Big Data in 3D

& 3D Warehouse Upload Model

=
chair Search O Sign In

37,091 RESU“:S ALL Results Per Page || Models | Collections

@"‘ g@,
L g

-

n v

b e, A -
i
Chair Table
h.%

uu : _| J” SHOWIN @

= L8 o

Nowadays millions of 3D models in online repositories
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Big Data in 3D

Growing crowd-sourced market for 3D models

_Y0bi3D Clara
816 © Sketchfab

SketchUp




Big Data in 3D

Growing crowd-sourced market for 3D models

An opportunity for data-driven
3D visual computing
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Big Data in 3D

S REALSENSE
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Big Data in 3D

66
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~3 million models in total

Rich annotations

~2,000 classes
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Unified Knowledge Representation in 3D

Part
Symmetry .
decomposition
T swivel chair '  Tgackrest! ~ Affordance

Back Support
Affordance Heatmap

v

Physical

[Dim: 50 x45 x5 r Itl
D _properties

Mass: 5I<g
F nction: support

Base © 9
Leg Material

_WL/IQJha
] L 1|=.
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3D Deep Learning Tasks

3D geometry analysis

It is a chair!

Classification Parsing Correspondence
(object/scene)
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3D Deep Learning Tasks

3D Synthesis

:£‘j : % — ‘
§ gt [P -
£ Fon § TS ,
J j T
Monocular Shape completion ~ Shape modeling

3D reconstruction
71



3D Deep Learning Tasks

Robot Grasping Affordance Map

72



3D Deep Learning Tasks

Intuitive Physics based on 3D Understanding

"Will it
fall?"

73



3D Representation

+ How to represent 3D data?

74



2D Representation

Images: canonical representation with regular data structure

511640 |32 | 46|48 | 28|17

29160 3 63495536 7

5222126 |41 |38 | 10|61 | 53

271 9 |37 14225212718

30[56 |50 (64| 4 [59] 6 |13

2847 (4531|3915 62|54
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3D Representation

# Design good 3D representation for NN to consume

Point Cloud Mesh Volumetric Image

76



3D Representation

# Design good 3D representation for NN to consume

Point Cloud

Volumetric Image

Irregular Regular
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3D Representation

Point Cloud Mesh Volumetric
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3D Representation

Point Cloud Mesh Volumetric

Rawness High Low Medium High
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3D Representation

Rawness High Low Medium High
3D Yes Yes Yes No
Geometry
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3D Representation

Rawness

3D
Geometry

Compact-
ness

High Low Medium High
Yes Yes Yes No
Yes Yes No Medium
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3D Representation

Rawness High Low Medium High
30 Yes Yes Yes No
Geometry
Compact- v v N
ness €s es 0 Medium
Data Set Graph Array Array
Structure {Xi} (V, E) Xijk Xij
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3D Representation

Volumetric

Rawness High Low Medium High
30 Yes Yes Yes No
Geometry
Compact- v v N _
ness €s es 0 Medium
Data Set Graph Array Array
Structure {Xi} (V, E) Xijk Xij

Again, no free lunch! 83



+ Today
# Deep Learning Intro
# 3D Deep Learning
¢ Multi-view CNNs
¢ Volumetric CNNs

84



Multi-view Representation

view 1

view 2

view 3

view N

Powerful
2D CNNs

85



Multi-view Representation

# Pros
#+ Regular grids representation
+ Easy to obtain the input images
# Easy to input to Neural Nets
+ Leverage state-of-the-art 2D CNNs
# Cons
+ Background clutters / lightings / etc.
# No access to the original 3D content
+ Each view only contains partial information and aggregation is needed

86



Multi-view Representation

# Classification

# Segmentation skateboard chalr
e, -

~¢

-

deck whesl seat arm
back leg

lamp pistol

- ==
r

- =

sh?de- tube handle = trigger
base barrel

This is a chair!

87



Multi-view CNNs: Classification

This is a chair!

Image Credits: Hang Su

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik Learned-
Miller, "Multi-view Convolutional Neural Networks for 3D

Shape Recognition", Proceedings of ICCV 2015 88



Multi-view CNNs: Classification

Image Credits: Hang Su

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik Learned-
Miller, "Multi-view Convolutional Neural Networks for 3D

Shape Recognition", Proceedings of ICCV 2015 89



Multi-view CNNs: Classification

- |view 1

view 2

view 3

view N

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik Learned-

Miller, "Multi-view Convolutional Neural Networks for 3D

Shape Recognition", Proceedings of ICCV 2015

Image Credits: Hang Su

90



Multi-view CNNs: Classification

Efin@%%iCNNl
Efi"ﬁ%%iCNNl
EEﬁHEEEiCNNl

EEiNE%%iCNNl

CNN;,: a ConvNet extracting image features

Image Credits: Hang Su

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik Learned-
Miller, "Multi-view Convolutional Neural Networks for 3D

Shape Recognition", Proceedings of ICCV 2015 91



Multi-view CNNs: Classification

Ny

T
G oons )

=

View pooling: element-wise max-
pooling across all views

Image Credits: Hang Su

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik Learned-
Miller, "Multi-view Convolutional Neural Networks for 3D

Shape Recognition", Proceedings of ICCV 2015 92



Multi-view CNNs: Classification

' % bathtub
r 4 bed b1
4 chair———
/‘ View desk[3
A % i % QEEEEEEEE —» dresser[™
{d _ pooling softmax
-
toilet—

s

CNN,: asecond ConvNet
producing shape descriptors

Image Credits: Hang Su

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik Learned-

Miller, "Multi-view Convolutional Neural Networks for 3D

Shape Recognition", Proceedings of ICCV 2015 33



Multi-view CNNs: Classification

On ModelNet40, compared against:
= 3 existing methods:

SPH, |_|:D, 3D ShapeNets Classificat Retriev
ion al
= 2 strong baselines: Method (Accuracy) (mAP)

Fisher vectors, CNN
SPH [16] 68.2% 33.3%
LFD [5] 75.5% 40.9%
3D ShapeNets [37] 77.3% 49.2%
FV, 12 views 84.8% 43.9%
CNN, 12 views 88.6% 62.8%
MVCNN, 12 views 89.9% 70.1%
MVCNN+metric, 12 89.5% 80.2%
views
MVCNN, 80 views 90.1% 70.4%
MVCNN+metric, 80 90.1% 79.5% 94

views




Multi-view CNNs: Classification

OF.
o1,

OF.
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OF.
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Multi-view CNNs: Segmentation

airplane earphnne cap nw'l:nrb'llm

Iﬂ.h_
wings  body headband peak light  gastank humlle bady handle
tail enging earphone panel seal handle
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Multi-view CNNs: Segmentation
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Multi-view CNNs: Segmentation
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Multi-view CNNs: Segmentation

# Parts have different sizes
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Multi-view CNNs: Segmentation
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Fully Convolutional Network

Segmentation:
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Multi-view CNNs: Segmentation
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Multi-view CNNs: Segmentation
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Multi-view CNNs: Segmentation
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Multi-view Representation Issues

+ Cannot process invisible points
+ View-based representations have redundancy

+ Aggregation of view representations via max-pooling may lose
information

+ Properly fusing information across viewpoints is not incorporated in
the network (not trivial).

105



+ Today
# Deep Learning Intro
# 3D Deep Learning
+ Multi-view CNNs
¢ Volumetric CNNs
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Volumetric Representation

Images: canonical representation with regular data structure
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Volumetric Representation

Image Credits: Scannet
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Volumetric Representation

Manufacturing
(finite-element analysis)
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Volumetric Representation

Polygon Mesh Occupancy Gric
30x30x30
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Volumetric Representation

# Pros

+ Regular grids representation

+ Intuitive extension of images

¢ Easy to input to Neural Nets

+ Each grid can have many feature inputs
# Cons

+ Need to convert from point clouds scans

# Surface voxels? / solid voxels?

+ Space / Time Complexities
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Volumetric Representation
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Volumetric Representation

<10%

Image Credits: Scannet
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Volumetric Representation

# Classification
# Reconstruction

4000
l -~
él "
—
k

object label 10 I
4]

512 filters of

stride 1 ':‘l"“'? |
I :{:ill | S
13
160 filters of A0
stride 2 Jhiy
i 13
s(T
&
48 filters of iy —
stride 2 o

8 50

114

3D voxel input



Volumetric Representation: Classification
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CVPR2015
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Point Cloud
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Volumetric Representation: Classification

Daniel Maturana and
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Volumetric Representation: Classification

3DShapeNets from Princeton VoxNet from CMU Robotics
CVPR 2015 Oral IEEE/RSJ 2015
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Volumetric Representation: Classification

+ Vanilla 3D CNN methods perform worse than Multi-view CNNs
+ Resolution is limited (information loss)
+ Computation is more expensive than 2D
¢ Have no colors / shading effects
¢+ Aliasing

118



Volumetric Representation: Classification
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Volumetric Representation: Classification

Idea: “X-ray” rendering + Image (2D) CNNs
very low #param, very low computation

Anisotropic Probing
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Image-based CNN
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Volumetric and Multi-View CNNs for Object Classification on 3D Data
Hao Su*, Charles Qi*, Matthias Niessner, Angela Dai, Mengyuan Yan, Leonidas Guibas
CVPR 2016 (spotlight oral)
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Volumetric Representation: Classification

Network Single-Orn Mult1-On
E2E-[33] 83.0 87.8
VoxNet[24] 83.8 85.9
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Multi-view: 90.1%

Volumetric and Multi-View CNNs for Object Classification on 3D Data
Hao Su*, Charles Qi*, Matthias Niessner, Angela Dai, Mengyuan Yan, Leonidas Guibas
CVPR 2016 (spotlight oral) 121



Sparse Volumetric Representation

Octree 3D KD-Tree

Image Credits: Wikipedia 122



Representation
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Sparse Volumetric Representation

OctNet Dense 3D ConvNet

OctNet: Learning Deep 3D Representations at High Resolutions 124



Sparse Volumetric Representation

O-CNN: Octree-based Convolutional Neural Networks for 3D Shape
Analysis

PENG SHUAI WANG, Tsinghua Universily and Microsofi Research Asia

YANG LIU, Microsoft Research Asia

YU XIAO GUOQO, Universily of Electronic Science and Technology of China and Microsofi Research Asia
CHUN YU SUN. Tsinghua University and Microsoft Research Asia

XIN TONG, Microsoft Research Asia
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Classification Accuracy: 89.9% 125



Volumetric Representation: Reconstruction
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Volumetric Representation: Completion

Input Scan

Final Completion Result

Image Credits: Angela Dai et. al. 127



Volumetric Representation: Reconstruction
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Volumetric Representation: Reconstruction
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Volumetric Representation: Reconstruction

single view

IT 3D Convolutional LSTM T views

3D-R2N2: A Unified Approach for Single and Multi-view 3D Object Reconstruction
Christopher B. Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, Silvio Savarese 130
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Volumetric Representation: Reconstruction
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Volumetric Representation: Reconstruction

3D-R2N2: A Unified Approach for Single and Multi-view 3D Object Reconstruction
Christopher B. Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, Silvio Savarese 134
ECCV 2016



Volumetric Representation: Reconstruction
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Volumetric Representation: Reconstruction
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Volumetric Representation: Reconstruction
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“Octree Generating Networks: Efficient Convolutional Architectures for High-resolution 3D Outputs”
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Reconstruction: Point Cloud Based

Input Reconstructed 3D point cloud

Haoqiang Fan, Hao Su, Leonidas Guibas,

“A Point Set Generation Network for 3D Object Reconstruction from a Single Image” 138
CVPR, 2017



Conclusion

+ 3D Deep Learning is a new and active research direction

+ 3D data have different representation

+ Multi-view CNNs take advantage of the state-of-the-art 2D CNNs
+ Volumetric 3D CNNs suffer from the “curse of dimensionality”
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That’s All
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