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Introduction "
The ability to grasp unknown objects is an essential skill for
autonomous robotic systems for interacting within an unconstrained

environment. In this work,an approach towards identifying reliable

grasping actions based on multiple visually extracted surface features

is proposed.

The approach takes it origin in the work performed by Kootstra et al. )

in [1] where it was proposed that by utilising the 3D visual features

of contours and surfaces from the Early Cognitive Vision (ECV)

system [2], it was possible to manually construct grasping actions

which yield a good probability of grasping success.

Here we propose to extend this approach by looking at higher order

feature constellations and by replacing the manually defined )

ECV —> Relations —p Grasp
relations with a simple learning scheme for learning such relations. Surface2
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Surfacel

Approach

The basic principle behind this approach is to combine the feature space,
represented with features from the Early Cognitive Vision (ECV) system
and the grasping space into an Perception x Action space. In this cross-
space, we want to find feature constelations, that are predictive for
grasping. On the feature side, we rely on the introduction of feature
relations. Feature relations are 1st, 2nd or 3rd order combinations of

® — visual features described by their spatial relationship. In this space we
$ ® perform a neighbourhood analysis to find particular predictive
) " combinations.
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Simulated environment for action evaluation and feature extraction utilising
simulated RGB-D sensors and dynamics simulation

TABLE I: Validation results. T meaning three feature combinations. S meaning single feature. {;’" meaning that we use the

training data that have achieved a probability of over 0.50 and over 10 similar particles are within the identification window.

Probability for a successful grasp (no. grasps)
T4 Tio 155" 125" 510" 510 555" 555

BlueSaltCube 0.48 (13,569) 0.63 (3,525) | 0.43 (5,406) 0.67 (817) 0.59 (431) 0.51 (136) 0.79 (256) 0.91 (54)
CoughDropsLemon | 0.74 (1,152) 0.80 (495) 0.85 (326) 0.89 (143) 0.46 (615) 0.53 (223) 0.49 (221) 0.52 (50)
FennelTea 0.83 (3,727) 0.90 (1,408) | 0.81 (1,045) 0.94 (242) 0.50 (575) 0.36 (244) 0.61 (278) 0.44 (54)
InstantSauce?2 0.92 (1,167) 0.93 (497) 0.96 (338) 1.00 (114) 0.61 (249) 0.79 (61) 0.67 (159) 0.93 (30)
SardinesCan 0.74 (605) 0.82 (393) 0.88 (144) 0.97 (77) 0.97 (303) 0.98 (75) 0.98 (8)5) 1.00 (7)
Average 0.74 0.82 0.79 0.89 0.62 0.63 0.71 0.76
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