Affordance Detection with 2D and 3D data
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- Affordance &t?

- AffordanceNet ( using 2D data )

- PointNet ( using 3D data )

- PointFusion ( using 2D and 3D data )

- Affordance Detection ( using 2D and 3D data )
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AffordanceNet

' RolAlign ]i &
. CNN —1—'
J 2 ) . ) .
0:-9 - 8
RPN I - Tx7 feature map Q”O@
B Fully connecied [l Relu
] Comehtion B Decomolution

image feature map + Rol

z2 &%

1. ROI Align

2. Deconvolution for High Affordance
Mask

A Multi-task Loss Function

4. Use only RGB data
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[1] AffordanceNet Thanh-Toan Do, Anh Nguyen, lan Reid, ICRA 2018
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Faster R-CNN
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from a proposal Forward whole image through ConvNet
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A Sequence of Deconv layers

RolAlign Deconv Deconv Deconv

7x7
30x30
122x122 244x244

AffordanceNet112 AffordanceNet244

AffordanceNet14 AffordanceNet14_6conv AffordanceNet56

- Instance Segmentation & & 21 Mask R-CNN= Deconv& At& X

- HE X o= affordance detection Hl= DeconvE AFEZ0H Ot &
( part segmentation JH'E 0| 2 2 High resolution0] 2 )

- Deconv &0l Convi= Deconvlil AtEE featureZ learning
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A Multi-task Loss Function

L = Les+ Lioe + Laff

L(p,u,t",v,m,s)
+Iu > 1]Lags(m, s)

Lcls (pa U) — _log(pu)

Lise(t”,v) = Z Smoothr (t} — v;)
i€{z,y,w,h}
0.5z if |z| <1
Smooth (z) = { |z — 0.5| otherwise
—1
Lafs(m,s) Z log(m,)

1€ Rol

:Lcls(ps U) s 2 I[u > 1]Lloc(tu

,0)

u: GT class

v : GT bbox

s : aff mask

p, - Softmax class

t¥“: regressed box offset

ml, : softmax aff label at pixel i
N : nPixel in the ROI
I[u21]:u=1 O[™ 1, otherwise 0
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AffordanceNet

Experiments

PERFORMANCE ON UMD DATASET

PERFORMANCE ON IIT-AFF DATASET

HMP SRF DeeplLab ED-RGB ED-RGBD ED-RGB AffordanceNet
ED-RGB ED-RGBD DeepLab DeepLab- BB-CNN BB-CNN- AffordanceNet 4] 4] [24] 16} L16] e S
e U by cRren o el o grasp 0367 0314 0620 0719 0714 0673  0.731
contain 6638 66.00 68.84 69.68 7560 7584  79.61 w-grasp 0373 0285 0730 0769 0767 0652 0.814
Gy B3 S G100 @es ot Tes Tl cut 0415 0412 0600 0737 0723 0685 0762
engine 5620 5604 6305 6511 7284 7436  71.50 contain 0.810 0.635 0.900 0817 0819 0716  0.833
grasp 5896 5859 5431 5624 6372 6426  68.48 support 0.643 0.429 0.600 0.780 0.803  0.663 0.821
hit 60.81 6047 5843 60.17 6656 67.07 70.75 scoop 0.524 0.481 0.800 0.744 0.757 0.635 0.793
pound 5426 5401 5425 5545 6411 6486  69.57 pound 0.767 0.666 0.880 0.794 0.806 0.701 0.836
support 5538 5308 3428 5562 6301 66.12 69.81 Average 0.557 0.460 0733 0.766 0770 0675  0.799
w-grasp 50.66 5042 56.01 5747 6734 6841  70.98
Average 57.64 5732 5838 59.86 6857 69.62  73.35
Affordance Z7
Contain (&2 ) @2 4+ Ase B2
Hit ( 2 IH&) Mel=s 22 (ex. HLUA Y)
Cut (42 =8) Ahes =
Display ( 6t=24 ) ABE HOF= 22
Engine ( &4 ) CFO AR EZ
Support ( -2t ) SHE YMFE BHS 2=
Pound ( &I&t GhsA ) FCele 22 (ex. ¥X Hal)
grasp ( &gt =gt ) &2 U= BE
w—grasp ( et ) THIEHOZ ZMA S 28
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1. Introduction

- J| = 3D classification : 3D voxel 2 =2 AIE (conv E AIE06tI] 2o )
d

=

- 0l =20l A= input2 point cloudZ & 1), output2 £ cls, seg, part segE 2

- Symmetric function 2! max pooling AtE : 4 82J 2 point=2| £ &Nt & S92
ol

- Global feature =2 : classification 0| AtZ
- Point feature =2 : global feature 2t &JH segmentation 0l At

- Rigid or affine transformation & & : dataE & 3t A= E ot= datalll 2/ =& 21 STN

szxg
l PointNet
T 2 . +
if I"I"I.l.lg. “ _,}i
| ‘4
.y table? ! -
J. i
car?
Classification Part Segmentation ~ Semantic Segmentation

Figure 1. Applications of PointNet. We propose a novel deep net
architecture that consumes raw point cloud (set of points) without
voxelization or rendering. It is a unified architecture that learns
both global and local point features, providing a simple, efficient
and effective approach for a number of 3D recognition tasks.

[2] PointNet : Charles R. Qi, Hao Su, Kaichun Mo, Leonidas J. Guibas, CVPR 2017
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2. Related Work
- Point Cloud Features
« =22 point cloud feature AtE0ot= =252 handcraft Jf 25
« Pointfeature € &5 s H & S22 encode otJ| = &
- Deep Learning on 3D Data
« Volumetric CNNs : voxelZ H &t
* Multiview CNNs : 2D S&= (i & 2 3D 2 rendering
« Spectral CNNs : mesh0il spectral CNN AlZ. Manifold mesh Ol Xl &t
« Feature-based DNNSs : 3D dataE vector= H &t feature == 0| Ml st
- Deep Learning on Unordered Sets

« Attention S A8t HRI Y2 LF NLP 202t Al geometry & &H0| &

0[O

3D Shape

o W
%‘ 3 ” ‘ ? W
7 8 !

o ’ o e
; S

3D shape model
rendered with

Volumetric Occupancy Grid different virtual cameras k) Center for Robotics Research
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3. Problem Statement
- Input2 2 (x,y,z) HHEOF AIE
- Classification l= k JH 2| classUl kJH 2| scoreldt U=

- Segmentation 0fl = n x m scoreJt U= (n: point cloud JH==, m : sub-category )

Classification Network

input mlp (64,64) feature mlp (64,128,1024) o iy
8 transform transform pool 1gaq (512,256
I 2| haed | T [ [ E | shaed | w1024 [N
- : global feature K
) _output scores
| i t" TR TR R e, -r-pointfeatures .................................. -
8
nix 1088 shared r';: shared = =
multiply — —» - - b g g
mlp (512,256,128) mlp (128,m)

Segmentation Network
Figure 2. PointNet Architecture. The classification network takes n points as input, applies input and feature transformations, and then
aggregates point features by max pooling. The output is classification scores for k classes. The segmentation network is an extension to the

classification net. It concatenates global and local features and outputs per point scores. “mlp” stands for multi-layer perceptron, numbers
in bracket are layer sizes. Batchnorm is used for all layers with ReLLU. Dropout layers are used for the last mlp in classification net.

kg) Center for Robotics Research
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4. Deep Learning on Point Sets

4.1. Properties of Point Sets in R™

Unordered : input 0l N! 2| X|2H0ll & invariant

Interaction among Points : point 22| HelJF =M. &, isolated = OtE.
Local structure £ capture o OF &

Invariance under transformations : point set2| learned representation= BtE Al O [{ &t
transformation 0l &= invariant of OF &

4. Deep Learning on Point Sets

4.1. Properties of Point Sets in R"

Unordered : input 0ff N! 2] X| 20l & invariant

Interaction among Points : point 2t2| H2|Jt =M. 5, isolated = Ot .
Local structure £ capture ofl Of &

Invariance under transformations : point set2| learned representation2 BtE Al O [ &
transformation 0fl = invariant of OF &
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4. Deep Learning on Point Sets
4.2. PointNet Architecture
- 3J+Xl key module

1. The max pooling

2. Local and global information

3. Two joint alignment networks

input points

Classification Network

n
#
=

mput
transform

mip (64,64)

shared
—

feature  mlp (64,128,1024)

nx64

shared

--|  nx64

max

nx1024

transform E:
i

1=}
]
S
90
0

—

shared

point features

nx128

pool
I
global feature k

mlp

1024 (512256)%)

—|

output scores -

£
shared g

mlp (512,256,128)

Segmentation Network

- Symmetry Function for Unordered Input ( 1. for the max pooling )

« Input2| permutationdl invariant ot Hl 2t=2| 1o 30HX & &F

(1 sort input into a canonical

2 Treat the input as a sequence to train an RNN

 output scores |

mlp (128,m)

3@ Use a simple symmetric function to aggregate the information from each

point

f{mlﬂmﬂﬂ"':m‘m] — f{mﬂzmlz"':ﬂ:ﬂ._} — f{ﬁa,.’lﬁl,....l_ﬂi-'ﬂ,mﬂ_-l]

Ky Center for Robotics Research
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4. Deep Learning on Point Sets
4.2. PointNet Architecture
(» sort input into a canonical

* High dimensional space there does not exist an ordering that is stable w.r.t. point
perturbations in the general sense.

2 Treat the input as a sequence to train an RNN
« It’'s hard to scale to thousands of input elements.

3@ Use a simple symmetric function to aggregate the information from each point
* hbyamip
« g by a composition of a single variable function and a max pooling function

- MEU 238 =

f{z1,...;xn}) = g(h(x1),..., h(z,)), (1)

where [ : oY, R, h : RY — R¥ and ¢

R* x --- x R®" — Ris a symmetric function.
\_v_l

Tl
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Classification Network

4, Deep Learning on Point Sets o G e mip (641281024 ' o o
£ E: :E 00l 004 256,
. . 2% B| chavea | % shored | nx1024 [>[:_.
4.2. PointNet Architecture = i }D g sl fstre i ‘
| ? /»_____/,_—"/ output scores -
- 33|>I| key mOdU|e E , ‘ - ) - g : 2 v o~ point features %
. N o x 1088 :%: § ﬁ?‘ 2
1. The max pooling IR, £
mlp (512,256,128) mlp (128,m) _

Segmentation Network

2. Local and global information
3. Two joint alignment networks
- Local and Global Information Aggregation ( for 2. )

« Global feature 2} local feature = concat o Al AHZ & per point feature E ==
( Ol = global 1t local information = 1) U )

- Joint Alignment Network
« Point cloud Jt O [ 8t geometric transformation= 3 1 2t & invariant ol OF &
« _1cH Al feature extraction otJ| & 0| canonical spaceZ align o &
« STN 2C} 42 T-NetOl2t= & OtS. T-Net2 0| PointNetdt H| ==t A 24 &

« Feature space?| transformation matrix= O higher dimension 0|2| 1 20 =&
2t 6tJ1 1A= > Loss 0l regularization term 3=t

A : feature alignment matrix. L’Tﬂg _ “jr B AAT”"}

Ky Center for Robotics Research
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5. Experiments

mean | aero bag cap car chair ear guitar knife lamp laptop motor mug pistol rocket skate table

phone board
# shapes 2690 76 55 B98 3758 69 787 392 1547 451 202 184 283 66 152 5271
Wu [27] - 63.2 - - - 735 - - - 744 - - - - - - 74.8
Yi [2Y] 814 | 81.0 784 77.7 757 876 619 920 854 825 957 706 919 859 531 698 753
3DCNN | 794 | 751 728 733 700 872 635 884 796 744 939 587 918 764 512 653 7i1
Ours 83.7 | 834 787 825 749 89.6 73.0 915 859 808 953 652 930812 579 728 80.6

Table 2. Segmentation results on ShapeNet part dataset. Metric is mloU(%) on points. We compare with two traditional methods [ 7]
and [?Y] and a 3D fully convolutional network baseline proposed by us. Our PointNet method achieved the state-of-the-art in mloU.

mean lIoU | overall accuracy

Ours baseline 20.12 53.19

Ours PointNet 47.71 78.62
Table 3. Results on semantic segmentation in scenes. Metric is
average loU over 13 classes (structural and furniture elements plus
clutter) and classification accuracy calculated on points.

table chair sofa  board | mean
# instance 455 1363 55 137
Armenietal. [1] | 46.02 16.15 678 391 18.22
Ours 46.67 3380 476 1172 | 24.24

Table 4. Results on 3D object detection in scenes. Metric is
average precision with threshold IoU 0.5 computed in 3D volumes.

Oulp‘p‘l‘ o

Figure 4. Qualitative results for semantic segmentation. Top
row is input point cloud with color. Bottom row is output semantic
segmentation result (on points) displayed in the same camera
viewpoint as input.

f;::_»f"s'f;yCenter for Robotics Research
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(A) pGif‘It-WiSE feature {C} [512->128->128] E"p_t;l_n_t:\l_v_ls_é_n-_i;f‘;éis_ -t(-]-":
64 ) 3D box corner | T ]
| nxos fusion feature offsets : |
e QI | e i
global feature ] : i
= = | score ! L
1x1024 = nxi AV . !
3D point cloud IR ¥V |
(n x 3) Dense Fusion (final model) argmax(score)
(B) (D) [512->128->128] (E) +
_ block-4 fusion feature 3D box corner !
!5 1x2048 H locations
} it 1x8x3 :
RGB W Predicted
(Rol c&igéz] Global Fusion (baseline model) 3D bounding box

Figure 2. An overview of the dense PointFusion architecture. PointFusion has two feature extractors: a PointNet variant that processes
raw point cloud data (A), and a CNN that extracts visual features from an input image (B). We present two fusion network formulations: a
vanilla glebal architecture that directly regresses the box corner locations (D), and a novel dense architecture that predicts the spatial offset
of each of the 8 corners relative to an input point, as illustrated in (C): for each input point, the network predicts the spatial offset (white
arrows) from a corner (red dot) to the input point (blue), and selects the prediction with the highest score as the final prediction (E).

[3] PointFusion : Danfei Xu, Dragomir Anguelov, Ashesh Jain, CVPR 2018

(g) Center for Robotics Research
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Point Point-

Cloud Met g'obal
feature

Feature

RGB — Conv J > Map >
‘—» RPM

Proposal Network ( Rol - Flatten )

ROI
Align

Flatten [
-+
concat
ROI Conv
Align Deconv

FC
layers

{ cls
box

aff

Ky Center for Robotics Research



) : ]
Aff Detection with 2D and 3D data .

Point
Cloud
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feature

Feature
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Point
Cloud

Point-
Met

Faster R-CNN } Faster R-CNN
w/ ResNet [19] ! w/ FPN [27]
lass | class
7x7 7x7 a"e ¢ : 7X7 | yf—m1]
Rol || x1024 | res5 ||x2048 2048 box Rol || x256 1024 1024 box

14x14 ] _
Rol || %256 |x

28x28,
x256

&Y

&

RGB — Conv

ROI
Align

global
feature
. Feature
Map
RPN

Proposal Network ( Rol - GAP)

cls
FC
Global |a':'|rg[5
Average
Pooling 3 box

concat

ROI Conv

Align Deconv aff
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Conclusion

1. Object Affordance 2 &2

Aff Detection using RGB data

3D segmentation using point cloud ( 3d data )
Mixing RGB and point cloud features

Applied Object Aff Detection

a &M 0D
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