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Where do we need perception? Rgboﬁcs
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Role of perception in an unknown :
environment RObO]LIS;

« Acquisition of the scene
« Clustering of raw
sensor data
|dentification of
independent motion
components

Estimation of action

, * Understanding actions

\. motion parameters
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What is in the scene?

eU
(sensor data abstraction) RObOTlCS

aisbl

Indexing of the Atlas information from 3D perception

Object container

} parametric grasp  actons and
SMP2 descripon points handing
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Feature Extraction SgbOﬁCS

aisbl

* For all pairs of surflets at
distance d insert the triple

plus a pointer to its model in a
hash-table.

* Do this for all models using the
same hash-table.
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0
Online Recognition Phase Robotics

aisbl

IJRR 2012 Special Issue, Papazov et al.

* For each model surflet pair
in the hash-table cell:

Compute the rigid

transform T that
best aligns L= .

model hash-table
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IURR 2012 Special Issue, Papazov et al. €U

Robotics

cleaning up

cluttered objects
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What happens if an object is similar to

one in the database? Robotics

) aisbl
o
c Ontology
w parametric grasp  actions and
— shape description points handling
m "." A _ .
5 $ Indexing to the Atlas database needs
- to be extended to object classes
'g o5 Eg:g;/complgtegeometry: -> deformable Shape regiStration
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. . U
Deformable Registration from
generic models (special issue SGP'11 Papazov eItQaCDkDCD‘I-ICl§

The manipulation “heat map” from

Matching of a detailed shape  the generic model gets propagated

to a primitive prior
http://wwwé.in.tum.de/burschka/

7
)
o
=

L
-

K

O
c

O

wd
o
)
O
.
)

o

|
c

X

=
G
7
e
3

(0]
)
3

=
S

(@]




Deformable 3D Shape Registration €U
based on Local Similarity Transforms Robotics

aisbl

registration
result

source shape
“',4‘): poinis

deformation graph
1173 nodes

target shape
SLAGT points
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What do we try to extract from the :
environment? RObOhCS
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Hybrid Model of the Environment -
(JC Ramirez) RObOhC§

Input Data Stream Output Data Stream
e |
| Map |
i Update ;
| FUSION |
| MAP |
: ™ \
Object P Object
‘ Layer BIObS ‘ Container
\ 3D v
= ‘ reconstruction Blob RS A \
— Sensor P plgLne Detection |
\ detection Geometric |
‘ 3D l)ata Layer

Geometric \

! Blobs |
System %%

Objects 3D Structure
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World model saves additional info, €U :
like texture, motion, etc RObOT!Qé

Encapsulated 3D blobs
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Motion estimation VISAPP 2013 J.Ramirez et al.)
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Fusion of sensor readings E’gbohcs

- Construction of 3D models §1E

online3D
3 model Fener '
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Pose Estimation Robotics

aisbl

Strobl, Mair, Bodenmuller, Kielhofer, Sepp, Suppa, Burschka, Hirzinger
IROS, IEEE/RSJ, 2009, Best Paper Finalist

Mair, Strobl, Bodenmidiller, Suppa, Burschka

»Two motion prediction no feature propagation K, Springer Journal, 2010

concepts

« 2D feature propagation by
motion derivatives

o IMU-based feature
prediction

»>Combination of both:

« translation propagation by
feature velocity (2D)

e rotation propagation by
gyroscopes

=
>
|_
©
Q
3
(©]
|
(O
c
O
)
Q
Q
O
|
[0
o
o
c
©
c
Q
2
=>
Q
=
e
O
©
=

http://wwwé.in.tum.de/burschka/




cuU .
Feature Propagation RObOTICS

aisbl

Strobl, Mair, Bodenmuller, Kielhofer, Sepp, Suppa, Burschka, Hirzinger
IROS, IEEE/RSJ, 2009, Best Paper Finalist

_ o l feat ti >trobl, Bodenmuller, Suppa, Burschka
»Two motion prediction Inear feature propagation Kl, Springer Journal, 2010

concepts

» 2D feature propagation by
motion derivatives

o IMU-based feature
prediction

»>Combination of both:

« translation propagation by
feature velocity (2D)

« rotation propagation by
gyroscopes
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«
Feature Propagation (Data fusion) Rgboﬂcs
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Strobl, Mair, Bodenmuller, Kielhofer, Sepp, Suppa, Burschka, Hirzinger
IROS, IEEE/RSJ, 2009, Best Paper Finalist

. . . . ir, Strobl, Bodenmdller, Suppa, Burschka
>Two motion prediction linear + gyros based Kl, Springer Journal, 2010

concepts prop.
« 2D feature propagation
by motion derivatives
o IMU-based feature
prediction
»>Combination of both:
o translation propagation
by feature velocity (2D)
« rotation propagation by
gyroscopes
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Local Feature Tracking Algorithms cu :
I Robotics

aisbl

-Image-gradient based - Extended KLT (ExtKLT)
- patch-based implementation
- feature propagation
- corner-binding
+ Sub-pixel accuracy

- algorithm scales bad with number
of features

- Tracking-By-Matching = AGAST
- AGAST corner detector
- efficient descriptor

- high frame-rates (hundrets of
features in a few milliseconds)

+ algorithm scales well with number
of features

- pixel-accuracy
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Adaptive and Generic Accelerated = ,
Segment Test (AGAST) Rolofics

aisbl

Mair, Hager, Burschka, Suppa, Hirzinger
ECCV, Springer, 2010

Improvements compared to FAST:

-full exploration of the configuration space by backward-induction (no
learning)

-binary decision tree (not ternary)

-computation of the actual probability and processing costs
(no greedy algorithm)

-automatic scene adaption by tree switching (at no cost)

-various corner pattern sizes (not just one)
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No drawbacks! E. Rosten llllllll

Darius Burschka — Perception Challenges




Real Time Pose Tracking EgbOﬂCS
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Navigation system with accuracy

evu
ectimation Robotics

aisbl

Obstacle avoidance

PRI
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Perception-based loop closure
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517 B
Navigation example Rolofics
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Estimation of unobservable properties RObOTICS
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Human demonstration

v [ Ontology |
, paramerftric grasp actions and
S shape description points handling
. E—’ -

- Mapping of

—___ Knowledge .
Foreground e
segmentation

background  foreground  Episodic buffer
model of actions

B

| Working Memory
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Physical and Geometric Properties

ST
of an Object (ICRA 2012 Petsch et al.) RObOTICS
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Object container

h parametric grasp  actions and
shape description points handling
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Functional Properties of an Object

e
stored in Functionality Map Rgboﬂcs
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Functionality Map

Locations Area LA _i

C_i_j: connection pfoperties
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Knowledge Representation Rgboﬂcs
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Functionality Map

ObjeCt Container Locations Area LA i

— parametric ras actions and c23
shape P grasp

description points handling

C i _j: connection properties

Each tool used in the

procedure has its own
container describing its
shape, handling properties
etc.

Functionality map for a specific
procedure describes the way
how the tool was used during

the procedure while moved
(Petsch/Burschka IROS2011) between points in the world
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Functionality Maps Rgbo’rics
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P: 0.25 P: 1.00
P: 1.00 0.20 m/s

P:0.25 0.13 m/s

0.22 m/s

P: 0.50
0.20 m/s P:1.0
P:1.0 LA 1 0.03 m/s

P-079

0.22 m/s 0.19 m/s
P: 0.25
0.20 m/s
LA 2
. i P:0.25 ; = oy

0.08 m/s 0.02 m/s

0.23 m/s

0.23 m/s 0.03 m/s
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Estimation of non-observable euU |
Scene properties (robot plays) Roboftics
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e Estimation of the Center of mass
e Estimation of Stiffness

* Estimation of Mass and Friction Force
* Estimation of Mass Distribution

predict act
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Challenges for Perception ﬁ'gboﬂcs

aisbl

* Perception is essential to interact with an unknown and changing
environments

» Perception allows to compensate own uncertainties of the robot
by providing robust reference to the environment

* Level of abstraction of the raw data reduces the amount of
information needed to represent a scene at the cost of increased
processing — an optimum for a given system needs to be found

« System needs to be able to cope not only with static scenes but
also with dynamic changes (actions, failures) in the environment

« Observation of other agents (human other robots) can provide
essential data to fill in the unobservable parameters of the scene
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