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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 Scene
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[Farazi & Behnke, RoboCup 2016]
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Robot Detection, Tracking & ldentification

Robot Detection

Robot Identification Annotated Image

D

Projection to
Egocenteric

Heading
Estimation

Robot Heading

Wi

i-Fi

[Farazi & Behnke, IROS 2017] ;
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Robot Detection

 Based on HoG features

ik

[Farazi & Behnke, IROS 2017] ;
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Visual Heading Estimation

----------\

* Dense HOG on upper \
half of detection l Gray * ‘ - I
* SVM multiclass | e - - :
classifier ] * i
- 10 classes (36° each) | l -t
! }

A /

D e ——1

[Farazi & Behnke, IROS 2017]
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Learning Data Association

* Recurrent neural
network o,
>
» Training with v 3
. ° LL
simulated data @

Output

Input
Setup M=3, N=2 | M=5 N=3 | M=10, N=]
Human 94.3% 86.3% 67.3%
Kalman-HA 75.6% 72.2% 53.1%
ours 96.2% 87.1% 66.5%

* Fine-tuning on real data

2D simulator for two robots and three detections _
[Farazi & Behnke, IROS 2017] ;
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Real-Robot Experiment

» Three Igus humanoid robots, observer in goal area
* Randomly chosen sequences, 3140 frames in total
« Partial, short term and long term occlusions, Single forward 4ms (=250Hz)

e Pupm Buwing  Pyrisectve

[ hssen paedute bt viem 21

Baseline Kalman-HA | Kalman-HA2 | JPDA | Ours
Average error 0.67m 0.30m 0.29m 0.22m
Frames 200 [ 400 | 800 | Total
Kalman-HA T732% 75.5% T72.1% 73.8%
Kalman-HA2 872% 84.0% 863% 85.5%
JPDA 87.1% 84.6% 85.6% 86.3%
Deep LSTM (ours) | 89.8% 903% 924% 91.1%

o st M View (27 et Tumar | Pantter
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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)
\ ‘f
%ulder ' %

* Flexible grasping
of many unknown
objects

! g‘
vy

)>>
9;

[Stuckler et al, Robotics and Autonomous Systems 2013]
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[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

[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

e Inference of a

segment |
hierarchy gg;;:f, /
backgroind e (1) container
“ dawe
Y
[Stuickler, Behnke: 1JCAI 2013] \-—37/
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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 BimEEs o,
feature

CRF Prediction

 Pairwise features &

—  Color contrast

—  Vertical alignment
—  Depth difference

— Normal differences

° Res u |ts : class average pixel average # n .‘ g Random forest
RF 65.0 68.3 S
RF + SP 65.7 70.1
RF + SP + SVM 70.4 703 CRF prediction

RF + SP + CRF 71.9 72.3 ' ‘“

Silberman et al. 59.6 58.6
Couprie et al. 63.5 64.5 <l \
. . . “ IL\SB ‘ W
21  Sven Behnke: Semantic Environment Perception d

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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Object-class Segmentation

[Schulz, Behnke, ESANN 2012]

 Class annotation per pixel M
B~

=

- Multi-scale input channels e\
. | Iy ! Co i Oy |

I. Input Layer O. Output Layer —= Convolution =» Max-Pooling

. Evaluated on MSRC-9/21
and INRIA Graz-02 data
sets

Input Output Truth
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Object Detection in Natural Images

* Bounding box annotation

« Structured loss that directly maximizes overlap of the
prediction with ground truth bounding boxes

« Evaluated on two of the Pascal VOC 2007 classes

- “'1

[Schulz, Behnke ICANN 2014]
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RGB-D Object-Class Segmentation

« Covering windows segmented with CNN
* Scale input according to depth, compute pixel hight

- ’ ‘ § Method floor struct furnit prop Class Avg. Pixel Acc.

e - CwW 84.6 T70.3 58.7 52.9 66.6 65.4
CW+DN 87.7 T70.8 57.0 53.6 67.3 65.5
- ! CW+H 784 745 55.6 62.7 67.8 66.5
: - CW+DN+H 93.7 725 61.7 55.5 70.9 70.5
CW+DN+H+SP 91.8 T74.1 59.4 63.4 2.2 71.9
“- CW+DN+H+CRF 9035 802 664 549 73.7 73.4
) N - Miiller et al.[8] 949 789 71.1 42.7 71.9 72.3
! — Random Forest [8] 90.8 81.6 67.9 19.9 65.1 68.3
] i Couprie et al.[9] 87.3 86.1 45.3 35.5 63.6 64.5
MH--- Hoft et al.[10] 779 654 55.9 49.9 62.3 62.0
Silberman [12] 68 59 70 42 59.7 58.6

z: -- CW s covering windows, H 15 height above ground, DN 1s depth normalized patch sizes, SP is

averaged within superpixels and SVM-reweighted. CRF is a conditional random field over

- superpixels [8]. Structure class numbers are optimized for class accuracy.

Depth  Height ~ Truth  Output [Schulz, Hoft, Behnke, ESANN 2015]
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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 2016] 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-SNE
embedding

[Schwarz, Schulz,
Behnke ICRA2015]

classes (CNN)

classes (PHOW)

instant_noodles (CNN)

@é!% =7
S
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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 nfUSIOn. 2 s 1. pitcher [/ coffe mug 2. peach [/ sponge

Category
)
N

[Schwarz, Schulz,
Behnke, ICRA2015] °

O.
.l

25 50
Prediction
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Autonomous Flight Near Obstacles

- Multimodal obstacle detection
— 3D laser scanner

o 1
v | =

— Stereo cameras
' , 7

— Ultrasound

35

Ultrasonic sensors  GPS

[Droeschel et al.: Journal of Field Robotics, 2015]
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Egocentric Laser-based 3D Mapping

* Motion compensation

Distorted Undistrorted

U — =N : { /] WL N WL b L 2L

* Local multiresolution surfel maps

Previous
position |_,|
Current [T T ] [ [oo] ] Level 2
measurement u_lLl.EkEmmd].u_l_l Level 1
Level 0
: l Current
position
[Sa[es]w—] [T =eT " Level 2
i, . H Ylevel 1
i 1 — i Level

Oldest

measurement
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Allocentric 3D Map

» Registration of egocentric maps
* Global optimization of registration error by GraphSLAM

5T

=

[Droeschel et al. JFR 2016]

37
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Hierarchical Navigation

Request
User
O'p.er.ator.sta.tian.../[; .............................. e — Mission plan
{ Semantic . :
: Mission planning L
: map L
<0.02 Hz||, Observation pbses
Allocentric Allocentric planning ]r A”OC?nt”C
R E— planning
Onhoard.computer................ 0.2Hz] Allocentr. plan;
{ Egocentric E ic olanni ’ _
: 2Hz, Trajectory planning
Obstacle ro
Obstacle avoidance
map
........................................................ 20H Sd RUTTIT
z ee inny
P 1IN Obstacle

~~~~~~

- avoidance

rrrr:j‘a@\
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Mapping on Demand

Autonomous Flight to Planned View Poses



3D Simultaneous Localization and Mapping
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Autonomous Flight in Warehouses

 Dual 3D laser scanner

41
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3D Map
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DJI Matrice 600 with Velodyne Puck

T |
N N

o T

ondll B . [ | . . |-

|

‘ gl | B i}
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InventAlRy Final Demonstration

Fully Autonomous indoor flight without external tracking. @
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.

,:lr 'EuRoC Challenge 3: ChimneySpector

- »
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IVIObiIe ManiPUIation <:3D|aserscanner
Robot Momaro = =@ 0 g

* Four compliant legs “wudg -
ending in pairs of b _“ =N of
steerable wheels i ‘ A—

- Anthropomorphic ——
upper body Do § i

- Sensor head B 1
— 3D laser scanner

2 DOF wheels

— IMU, cameras
[Schwarz et al. Journal of Field Robotics 2017]
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Manipulation Operator Interface

« 3D head-
mounted
display

« 3D environ-
ment model +
Images

« 6D magnetic

tracker
[Rodehutskors et al., Humanoids 2015]
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Local Multiresolution Surfel Map

Aggre

» Registration
and
aggregation of
3D laser scans

* Local multi-

resolution grid Q%‘E[fe's
« Surfel in grid

cells
[Droeschel et al., Robotics and ‘,‘

Autonomous Systems 2017] '\\
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Filtering Dynamic ;
Objects

 Maintain
occupancy in
each cell

1 scan (5s) 2 scans (10s) 5 scans (25s)

54 un iversitétbonnl @




Allocentric 3D Mapping

 Registration of
egocentric maps by
graph optimization

[Droeschel et al., Robotics and
Autonomous Systems 2017]
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Team NlmbRo Rescue

’«a

ms _J J SE *’rrrﬁaijrr?’f‘ﬁ@u}w% 4 minutes I : A==
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Stair Climbing

* Determine leg that most urgently needs to step
- Weight shift: sagittal, lateral, driving changes support
 Step to first possible foot hold after height change

&



4
3

'StairCr/awling
"’ Wbl |
,1




DLR SpaceBot Cup 2015

* Mobile manipulation in
rough terrain

[Schwarz et al., Frontiers on
Robotics and Al 2016]
‘15‘1\.\, \‘M VIR
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DLR SpaceBot Camp 2015

'~.,._ ’ ,,.

’S\@p‘ hnke Semantlex-E ViEOn tPerce‘ptan

_ﬂ_‘ S —




Autonomous

localization, & -

mission and [/ i

navigation
planning

67

\

g « 3D object

Mission Execution

perception
and

L grasping

[Schwarz et al. Frontiers 2016]
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Navigation
Planning

« Costs from
local height
differences

« A* path
planning

[Schwarz et al., Frontiers
in Robotics and Al 2016]

68 u niversitétbonnl @




69 universitatbonn



Considering
Robot Footprint
* Costs for individual

wheel pairs from
height differences Wiieclcoss

- Base costs ' -
« Non-linear

combination yields

3D (x, y, 6) 4 -
cost map - S - ;;

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

16 driving directions

>
| | =
s - =
- |
Vi \ Costs
 Orientation changes <
T o
- t
=> QObstacle o

between wheels [Klamt and Behnke, IROS 2017]
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Making Steps

72

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

» Step landing must be
drivable

* Support leg positions
must be drivable

[Klamt and Behnke: IROS 2017]

universitétbonnl@



Expanding Abstract Steps to Detailed Motion Sequences

[Klamt and Behnke: IROS 2017]




Planning for Challenging Scenarios

[Klamt and Behnke: IROS 2017]




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
Inforrr\watlk

\
\ \

[Droeschel et al., Robotics and Autonomous Systems 2017] .
un|ver5|tatbonn
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Navigation in allocentric laser map (colored points)




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]
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[Johnson et a CVPR 2016]

universitétbonnl@

v
eoo

Region features:
Bx512x7x7




Combined Detection and Segmentation

Detection

[Schwarz et al. IJRR 2017]

Segmentation ,
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amazon
picking
challenge

82  Sven Behnke: Learning Semantic Perception for Cognitive Robots



amazon
picking
challenge




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
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CENTAURO Workspace Perception Data Set
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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] .
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Semantic Segmentation

htnl

Depth —8 =

« Deep CNN *E',

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

88 Sven Behnke: Learning Semantic Perception for Cognitive Robots

[Husain et al. RA-L 2016]
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MBZIRC Challenge 2
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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 Sn:pt
to ground Telescope

* Dual-core PC Becro

magnet

92
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MBZIRC Team NlmbRo

R PRSI ' RS e L) e S e A, e S At BV o
Lt L i f -+ " adlll b bl Ll

\.&a Jlscovm / =

’V OFROP .

94 universitétbonnl @




EuRoC C1 Robolink Feeder: Bin Picking

2

Ralie detection — ~g®

o
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Part Pose Estimation
. Two convolutional neural networks

32x32x64 16x16x128 Bx8x256 4x4x512

64x6ax1 || |
N =l Pl g aend
1 Convl Conv3_. nv4_1
| Pooll Conv3_2 Conva_2
! Poal3 Poold
2048 512 128

]
3
1
N
B
>

N U ! °
> > >[] »
FC1 FC2 U FC3 FC4 Q

PoseN et 2048 512 128 orientation s _T’H?’D;’
i 4 ] SymNet

—U il 2
FC1 FC2 FC3 FC4 o

ﬂ
[co13
:

) J

Y
g
Ie]
M
0
2
fa
]
8]
w
"
|:":|M
@
]
&
=
|
)3

* Training with synthetlc depth |mages
He H HH

'y by ‘v N &
I I T M
I I I [Koo et al. CASE 2017]
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Pose esbi-m’a’t‘-’i’c?ﬁf 1
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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]
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Object Capture and Scene Rendering

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

e T3
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NimbRo Plcklng 2017 Team

« 2nd place
Pick

. 2nd place &
Stow- I\

and-Pick | "W

Final mL
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Object Pose Estimation

* Use upper
layer of
RefineNet as
Input

* Predict pose
coordinates
for one
segment
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Predicted
pose

256x80x80 256x80x80 256x40x40 256x10x10 @

Normalization
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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

 Many open problems, e.g. total scene understanding,
Incorporating physics, ...
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Questions?
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