Semantic Perception for Cognitive
Robots

Sven Behnke

University of Bonn, Germany
Computer Science Institute VI
Autonomous Intelligent Systems

universitatbonn



Many New Appllcatlon Areas for Robots

 Self-driving cars

* Logistics

« Agriculture, mining
» Collaborative automation
* Personal assistance

» Space, search & rescue

» Healthcare

* Toys

* Need more cognitive abilities!
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Some of Our Cognitive Robots

* Equipped with many sensors and DoFs
* Demonstration in complex scenarios

Momaro ES

Soccer robot Service robot Exploration oo Picking robo
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Visual Perception of Soccer Scen
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[Farazi & Behnke, RoboCup 2016] .
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RoboCup 2016 TeenS|ze Fmal
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RoboCup 2017 AdultSize Final
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Cogmtlve Service Robot Cosero

l
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Table-top Analysis and Grasp Planning

« Detection of clusters above horizontal plane

* Two grasps W i =~ = ’ |
camera ‘. /¢ * ¢ M \
\ !

(top, side)
¥
%ulder

* Flexible grasping
of many unknown
objects

[Stuckler et al, Robotics and Autonomous Systems 2013]
8  Sven Behnke: Semantic Perception for Cognitive Robots universititbonn

==



[Stickler, thnke: o
3D Mapp| ng by RGB-D SLAM and Image Representation 20131
Modelling of shape and color distributions in voxels

Local multiresolution

Efficient registration
of views on CPU

Global
optimization
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[Stoucken]
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Learning and Tracking Object Models
* Modeling of objects by RGB-D-SLAM
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Deformable RGB-D-Registration

» Based on Coherent Point Drift method myronenko & song, Pami 2010;
* Multiresolution Surfel Map allows real-time registration
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Transformation of Poses on Object
 Derived from the deformation field

;
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[Stuckler, Behnke, ICRA2014]




Grasp & Motion Skill Transfer

[Stickler,
Behnke,
ICRA2014]
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Tool use: Bottle Opener

* Tool tip perception

« Extension of arm
kinematics

* Perception of crown
cap

* Motion adaptation

[Stickler, Behnke, Humanoids 2014]
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Hierarchical Object Discovery trough
Motion Segmentation

. S|multaneous object modeling and motion segmentahon

* Inference of a
segment
hierarchy

[Stuckler, Behnke: [JCAI 201 3] .
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Semantic Mapping

 Pixel-wise classification of RGB-D
images by random forests

« Compare color / depth of regions
« Size normalization

« 3D fusion through RGB-D SLAM

« Evaluation on NYU depth v2

I ground structure m furniture n props

If(qh, L

PlelF.q) = e iy pleli(q)

L

[Sttckler,
Biresev,
Behnke:
IROS 2012]

Ground truth

Accuracy in % @ Classes @ Pixels
Silberman et al. 2012 59,6 58,6
. Couprie et al. 2013 63,5 64,5
Segmentation
Random forest 65,0 68,1

3D-Fusion 66,8 »
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Learning Depth-sensitive CRFs

« SLIC+depth super pixels
« Unary features: random forest
+ Height =l

feature

CRF Prediction

 Pairwise features &

—  Color contrast

—  Vertical alignment
—  Depth difference

— Normal differences

; ey Pairwise Features
3D Point Cloud

° Res u |ts: class average pixel average % ' g Random forest
RF 65.0 68.3 e | k
RF + SP 65.7 70.1 o
RF + SP + SVM 70.4 703 —_— .. CRF prediction
RF + SP + CRF 71.9 72.3 1 ‘“
Silberman et al. 59.6 58.6
Coupric et al. 63.5 64.5 5 W Ground truth .
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Deep Learning

e Learning o "
layered
represen- |[
tations |53 S =| £
= [ — ) =| 8
52 R 5| 3
Eg [_ &) I > — =y, ) = 'é
¢ R 5| S
= [Schulz;
Behnke,
Kl 2012]
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Neural Abstraction Pyramid

[Behnke, Rojas, IJCNN 1998]
[Behnke, LNCS 2766, 2003]

Abstract features

- Data-driven - Model-driven
- Analysis - Synthesis
- Feature extraction e - Feature expansion

TR

<4+ - Grouping - Competition - Completion

> Signals
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Ilterative Image Interpretation

* Interpret most obvious parts first

» Use partial interpretation as context to resolve local
ambiguities

Aﬂi
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Neural Abstraction Pyramid for RGB-D
Video Object-class Segmentation

« Recursive computation is efficient for temporal integration

Yie X

Input(t) Input(t+T)

reprocess reprocess re| cess \ ]
Input(0) Input(1)
’ Output(t) s

[Pavel, Schulz, Behnke, Neural Networks 2017]
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Geometric and Semantic Features for
RGB-D Object-class Segmentation

* New geometric feature:
distance from wall

« Semantic features
pretrained from ImageNet

- Both help significantly

[Husain et al. RA-L 2017] RGB Truth DistWall OutWwO OutWithDistWall
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Semantic Segmentation Priors for
Object Discovery e~ R

*ﬂ
Combined

candldates

*Ii‘*li?

« Combine bottom-up object
discovery and semantic
priors

« Semantic segmentation used
to classify color and depth
superpixels

« Higher recall, more precise
object borders

[Garcia et al. ICPR 2016]
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RGB-D Object Recognition and Pose

Estimation
Color Masked color Pre-trained CNN
llsvm
\' Category

“SVM

| - o
Colorized depth Pre-trained CNN .

% §$ “SVR
=  Pose

[Schwarz, Schulz, Behnke, ICRA2015]
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Canonical View, Colorization

. . JA \ i A
different elevation \ .
« Render canonical gy
View

* Objects viewed from o)

b T

e Colorization based on
distance from center
vertical

[Schwarz, Schulz, Behnke, ICRA2015] .
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Pretrained Features Disentangle Data

° -t_ S N E classes (CNN) classes (PF)YY)

embedding o -

instant_noodles (CNN)

sifs

Behnke ICRA2015]
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Recognition Accuracy
* Improved both category and instance recognition

Category Accuracy (%)

Instance Accuracy (%)

Method RGB RGB-D RGB RGB-D
Lai et al. [1] 481 3.3 81.9+2.8 59.3 73.9
Bo et al. [2] 824 1 3.1 af-b+28 92.1 92.8
PHOWI[3] 80.2 + 1.8 — 62.8 e
Ours 83.1+20 883+ 1.5 92.0 94.1
Ours 83.1+20 894 +13 92.0 94.1
. 50
¢ CO nfUS|On: 2 0s 1: pitcher 2. peach [/ sponge

[Schwarz, Schulz,
Behnke ICRA2015]
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Mobile Manipulation
Robot Momaro Camerss = §

g 8 DOF gripper

<: 3D laser scanner

« Four compliant legs

ending in pairs of \ . Zean

t ble wheel k=

steerable wheels ./\ 4 f ‘W_F. |
7DOF i IF1 router

* Anthropomorphic e [5occwith CPU

upper bOdy i and battery
« Sensor head LITE *‘ ’

— 3D laser scanner
_ ||\/|U’ cameras 2 DOF wheels

[Schwarz et al. Journal of Field Robotics 2017]
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Laser-based 3D Mapping

 Registration of
egocentric maps by
graph optimization

[Droeschel et al., Robotics and
Autonomous Systems 2017]
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DLR SpaceBot Cup 2015

* Mobile manipulation in
rough terrain

[Schwarz et al., Frontiers on
Robotics and Al 2016]
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Autonomous Mission Execution
« 3D mapping, & 4/

localization, § -
mission and [
navigation §
planning

bk - 3D object
perception
and

L grasping

[Schwarz et al. Frontiers 2016] ; @
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New Sensor Head

- Continuously rotating
Velodyne Puck VLP-16
— 300,000 3D points/s
— 100 m range
— Spherical field of view

* Three wide-angle color

cameras (total FoV
210%x103°)

* Kinect V2 RGB-D camera
on pan-tilt unit
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3D Map of Indoqr+0utdoor Scene

/ /’¢\
\
’Un{ver§|tat Bonny
Informatik:
A\
‘\

\ \

[Droeschel et al., Robotics and Autonomous Systems 2017] .
un|ver5|tatbonn
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Considering
Robot Footprint
* Costs for individual

wheel pairs from
height differences Wiieclcoss

« Base costs ' .
« Non-linear

combination yields

3D (x, y, 0) o
cost map - - = ;;

[Klamt and Behnke, IROS 2017] Base costs Combined
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3D Driving Planning (x, y, 8): A*

16 driving directions

=
[ | -
N 7 /
DER &
v, N Costs
 Orientation changes <
n N >
- '
=> Obstacle .
bet h | Height
etween wneeis [Klamt and Behnke, IROS 2017]

==
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Making Steps

0.1 m

* |[f not drivable obstacle in
front of a wheel

» Step landing must be
drivable

* Support leg positions
must be drivable

V]

[Klamt and Behnke: IROS 2017]
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Expanding Abstract Steps to Detailed Motion Sequences

[Klamt and Behnke: IROS 2017]




Planning for Challenging Scenarios

[Klamt and Behnke: IROS 2017]




New Centauro Robot i:ENTAUHD

« Serial elastic actuators

* 42 main DoFs [EITEE

Ankle 2
| - Schunk hand :p :
1 » 3D laser Waist | 1
« RGB-D camera Zlhbv'vd j
« Color cameras [wist | 3
« Two GPU PCs [Nt [ 2

= Wi S| | w | S | (T 2017] '1 @
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Climbing over a ap
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i
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Transfer of Manipulation Skills

» Objects belonging to the same category can be handled
In a very similar manner.
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Transfer of Manipulation Skills

Knowledge
Transfer
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Learning a Latent Shape Space

* Non-rigid registration of instances and canonical model
* Principal component analysis of deformations

Training

. Calculate Latent (shape) Space
Samples Defromations
w T1=C+GW; Design Matrix
Canonical _
Model \ i 5
S 5
/ 5]
Wy | pcarm 2
£
| —>
T = C+ GW; : £
’ 2
wp 2
&

C

S /
First Principal Component

46  Sven Behnke: Semantic Perception for Cognitive Robots universitétbonnl@




Interpolation in Shape Space
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Interpolation in Shape Space

gy “iiy
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Shape-aware Non-rigid Registration

m Partial view of novel instance
L m Deformed canonical model

Lt LRF ALl s
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Transference of Grasping Skills

Warp grasping information
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Grasping an Unknown Power Drill
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Fastening a Screw

.S‘i.. : f'f‘\g

52 Sven Behnke: Semantic Perception for Cognitive Robots

universitétbonnl@



CENTAURO Team
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Amazon Picking Challenge

- Large variety of objects amazon
. U.nor.dered in shellf or tote picking
* Picking and stowing tasks challenge

[Schwarz et al. ICRA 2017]
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Deep Learning Semantic Segmentation

« Adapted from our segmentation of indoor scenes [Husain et al. RA-L 2016]

[Schwarz et al. ICRA 2017]
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DenseCap Object Detection

Image:
3xWxH

CNN

Conv features:

Region features:

CxWxH j

BxCxXxY

Recognition

Region Codes:

BxD

- Network

-~ Localization Layer

o SVM
- or
Softmax

—
— —
— —
—
—

—
—
—
—

Region Proposals:

4k x W' x H’ Best Proposals:

—

El—

Sampling —>

- |—¢

Conv features:
CxWxH

L

Region scores:
kxW x H

Bx4

Grid _r

Generator

Sampling Gria
BxXxYx2

| .

Bilinear Sampler /

[Schwarz et al. ICRA 2017]

[Johnson et a CVPR 2016]
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Region features:
Bx512x7x7




Combined Detection and Segmentation

Detection

[Schwarz et al. IJRR 2017]

Segmentation ,
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amazon
picking
challenge
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picking
challenge

Picking o T
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NimbRo Picking APC 2016 Results f‘i

- 29 Place E - |
Stowing ==t
(186 points) ¥ Vo 8

- 3rd Place
Picking
(97 points)

[Schwarz et al. IJRR 2017]
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Open Directory

nnnnnnnnnnnnnnnnnnn

Previous

CENTAURO Workspace Perception Data Set

Paygons v, \ =
Delete selected .




Deep Learning Object Detection

Image: Region features:
3xWxH Conv features: BxCxXxY  Region Codes:
CxWxH [ ) BxD
ﬂ Class scores:
& B x Cl
]| ==
Drrill
Recognition Classification
T Network Layer Clamp
& " Localization Layer —  TTTme-—______
Region Proposals: ; -0
/ 16 e Sampling Grm

Best Proposals: BxXxYx2

B x4

s-ul NN o= E]_* oid | —>j
J

Sampling —

Generator

o
>

Region scores: <

>

kx W x H : %
Conv features: k Bilinear Sampler J Region features:

CxW xH Bx512x7x7
[Johnson et al. 2015] :
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Detection of ols

|

[Schwarz et al. [JRR 2017] .
63  Sven Behnke: Semantic Perception for Cognitive Robots universitétbonnl



Semantic Segmentation

hntl

Depth —8 =

« Deep CNN *&,

Pixel-wise accuracy:

Clamp Door handle Driller Extension Stapler Wrench Background ‘ Mean

0.727 0.751 0.769 0.889 0.775 0.734 0.992 ‘ 0.805
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MBZIRC Challenge 2

-~y
o

=== e ) D, TG NN 7y
"W i i , 0 S N

2X
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Wrench Selection: Detection of Tool Ends

016 t?#ﬁ”#ﬂ;@@'f\ w

CUERR SR 1
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Picking Copter DJI Matrice 100

* Wide-angle downward
looking color camera

 Electromagnetic

GNSS + compass

_ Computer
gripper

« Laser-distance sensor Sr:pt
to ground Telescope

e Dual-core PC r%j:;g;—
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MBZIRC Team NlmbRo
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L
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DJI Matrice 600 with Velodyne Puck

L

474
|( ‘\ g\

“Hs B
LN BT e

odll I . Lo . . - -

| | V.2

71 Sven Behnke: Semantic Perception for Cognitive Robots universitétbonnl@




Autonomous Indoor Navigation

I8

Fully Autonomous indoor flight without external tracking.
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Amazon Robotics Challenge 2017

« Quick learning of novel objects e |
« Training with rendered scenes

..................
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RefineNet

[Lin et al. CVPR 2017]

* [ncrease reso-

lution by using
features from
the higher
resolution

e Corse-to-fine
semantic
segmentation

oo 4

RefineNet

Multi-path input
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" Adaptive Conv. |

X
o
A

~"| Chained Residual Pooling

2o 2

RefineNet

%\, 1 ; >
> —
RefineNet 7 L

:}_&}" RefineNet

Output Conv. |

> 1Ry

—

Chained Residual
Pooling

H
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—
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§
o
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Object Capture and Scene Rendering

- Turn table + DLSR ~ Rendered scenes
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ARC 2017 Perception Example

76

bronze_wire_cup

conf: 0.749401~_

irish_spring_soap
conf: 0.811500

playing_cards

conf: 0.813761

w_aquarium_grave|
conf: 0.891001

crayons

conf: 0.422604

reynolds_wrap
conf: 0.836467

paper_towels
conf: 0.903645

white_facecloth
conf: 0.885212

hand_weight

conf: 0.928119 |

robots_everywhere

conf: 0.930464

Sven Behnke: Semantic Perception for Cognitive Robots

universitétbonnl

mouse_traps

~"conf: 0.921731

windex
conf: 0.861246

q—tips_500
conf: 0.475015

fiskars_scissors
conf: 0.831069

ice_cube_tray

‘conf: 0.976856




Amazon Robotlcs Challenge 2017 Final

B\
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NimbRo Plcklng 2017 Team

« 2nd place
Pick

. 2nd place &
Stow- I\

and-Pick | "W

Final mL
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Conclusions

« Semantic perception is challenging
« Simple methods rely on strong assumptions

* Depth helps with segmentation, allows for size
normalization, geometric features, shape descriptors

* Deep learning methods work well
 Transfer of features from large data sets
» Synthetic training data generation

 Many open problems, e.g. total scene understanding,
Incorporating physics, ...
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We are Hiring!
* PhD students and postdocs
e ais.uni-bonn.de/jobs.html
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