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General purpose vision

What does it mean to be general?

Always purposes related to (robotics) tasks

Less vs. “more” general

Reflect structure of the world, independent of the tasks

Reuse of representations for different tasks
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Perceptual grouping for 3D object segmentation

Identify which bits of the scene could be objects

Object hypotheses from RGBD images

(Ückermann ea IROS 2012)

(Mishra ea ICRA 2012)

(Katz ea RSS 2013)

(Hager ea IJRR 2011)

From coluoured point clouds .. .. to separated object hypotheses

(Richtsfeld ea 2014)
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Hierachy overview

Signal level

Primitive level

Structural level

Assembly level

Planes and NURBS fitting, 
Model selection

Surface Normals and 
Depth Pixel Clustering

Global decision making: 
Graph-Cut

SVM classification of non-
neighbouring surfaces

SVM classification of 
neighbouring surfaces

Point clusters,
surface patches

Parametric surface 
combinations

Large arrangements of 
parametric surfaces

RGB-D or 3D data

Parametric surfaces 
and boundaries

DATA STRUCTURES PROCESSING
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Fitting surface patches, model selection

segment
patches

select patch Pi

compare models
plane ↔ NURBS

SN > SP

compute
neighbours

Greedily fit NURBS to 
neighbours Pij and 
compare models

Sij > Si + Sj

Input: point cloud Output: Planes / NURBS
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NURBS fitting

Problems with noise and missing data

Fit NURBS surface to point-cloud

Fit B-spline curve to point cloud on parametric domain of the surface

Multi view reconstruction using MDL
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NURBS fitting

Accurate boundries in heavy clutter

Various types of surface shapes

(Mörwald ea 2013)
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Gestalt principles

Proximity

Similarity

Continuity

Closure

Symmetry

Common region

Element connectedness

Common fate

Good Gestalt
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Surface relations - neighbours

rco ... similarity of patch colour

rrs ... relative patch size similarity

rtr ... similarity of patch texture quantity

rga ... gabor filter match

rfo ... fourier filter match

rco3 ... color similarity on 3D patch borders

rcu3 ... mean curvature on 3D patch
borders

rcv3 ... curvature variance on 3D patch
borders

rdi2 ... mean depth on 2D patch borders

rvd2 ... depth variance on 2D patch borders
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Surface relations - non-neighbours

rco ... similarity of patch colour

rrs ... relative patch size similarity

rtr ... similarity of patch texture quantity

rga ... gabor filter match

rfo ... fourier filter match

rmd ... minimum distance between patches

rnm ... angle between mean surface normals

rnv ... difference of variance of surface
normals

rac ... mean angle of normals of nearest
contour p.

rdn ... mean distance in normal direction of
nearest contour p.
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Global decision using graph cut

Train Support Vector Machines (SVMs) on feature vectors, using
annotated training data

Rst = (rco , rrs , rtr , rga, rfo , rco3, rcu3, rcv3, rdi2, rvd2)

Ras = (rco , rrs , rtr , rga, rfo , rmd , rnm, rnv , rac , rdn)

Use predicted probability of “same object” as pairwise terms for graph
cut
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Examples
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Feature significance

F-Score
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Segmentation results

OSD: The Object Segmentation Database,
http://www.acin.tuwien.ac.at/?id=289 (2012)

Willow: Challanges in perception database, provided by Willow Garage
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Applications

One representation - several tasks

Object classification

Physics based tracking

One shot learning

(object recognition)

(object grasping)

(attention guided incremental segmentation)
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Object classification

Train from 3D web models ..

.. by learning 3D descriptors of generated views ..

VFH, CVFH, SDVS,
SHOT, ESF

Nearest Neighbour
Classifier

(Wohlkinger ea 2012)
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Object classification
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Physics based tracking

Particle filter based tracking using learned shape models

Adding texture and views for recognition on the fly

(Video)

(Mörwald ea 2013)
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Physics based tracking

Replace simplistic motion model in particle filter with actual physics
model
Physics engines are difficult to parameterise ⇒ learn physics model,
using global and local shape properties
KDE to learn predictive model of motion given a particular interaction
(Kopicki ea ICAR’09) (Birmingham Univ.) (Mörwald ea 2011)

prediction, tracking, tracking + prediction (Video)
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One shot learning with language

Rich representation allows to talk about object properties, like global
shape, colours and texture on specific surfaces.

H: Do you see a medkit?

R: What does a medkit look like?

H: It is a white box with a red cross on it.

R: Ok.

(Krause ea 2014)
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Discussion

General purpose vision and active visual learning?

1 Generic object hypotheses from perceptual grouping

2 Hierarchical representation allows to probe various levels

3 Representations “semantically” rich enough, allow to attach physical
or linguistic meaning
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Thanks

Thanks to

Andreas Richtsfeld, Johann Prankl, Thomas Mörwald, Ekaterina
Potapova, Walter Wohklinger

Marek Kopicki, Evan Krause, Matthias Scheutz
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An advertisement ..

3rd Workshop on Robots in Clutter:
Perception and Interaction in Clutter

IROS 2014, Chicago, Illinois, Sept. 18, 2014
http://workshops.acin.tuwien.ac.at/clutter2014

Submissions due: July 18, 2014
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