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Abstract
improve their machine intelligence. Aimed at modeling and detecting affordance parts of household tools, a joint learning

The research for coherent robots to cognize tools and their affordance parts is an important direction to

algorithm for affordance parts detection via both conditional random field (CRF) and sparse coding is proposed. Firstly,
geometric features of affordance parts are obtained from depth images of the tools. Secondly, the coupled relationship
between CRF and sparse coding is analyzed and described with formulations. Initial CRF model is built by using sparse
coded features as latent variables, and both the sparse dictionary and CRF are optimized simultaneously. On one hand,
the sparse coded features are considered as the random variable condition and the weight parameter selector of CRF, and
on the other hand, sparse dictionary is updated with the modulation of CRF. Then the model is decoupled and solved with
the adaptive moment estimation (Adam). Finally, the offline joint learning algorithm for affordance parts modeling and
online detection method are given. The experimental results show that, comparing with traditional features extracting
and modeling methods, both the accuracy and efficiency of our method are improved, which can satisfy the affordance
cognition requirements for robots with common configurations.

Key words Affordance parts detection, depth geometric features, joint learning, conditional random fields (CRF), sparse
coding
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Fig.4 Comparison of detection results between our method and others ((a) Tools in a single scene, from the top to the

bottom: bowl, cup, ladle and turner; (b) Ground truth of object affordances, from the top to the bottom:

contain, wrap-grasp. scoop. support; (c¢) Detection result with SIFT + Paper [15]; (d) Detection result with Depth +
Paper [15]; (e) Detection result with SIFT + Paper [16]; (f) Detection result with Depth + Paper [16]; (g) Detection
result with Depth 4+ Paper [7]; (h) Detection result with Depth + Paper [13]; (i) Detection result with our method)

1 ARSOFES BT IRAECRI L (7))

Table 1 ~ Comparison of efficiency between our method and others (s)
SR SIFT $#4ik + SIFT L + TRBEHRAE + IRBEFFIE + TREEHEAE + TRBEHRAE + Ours
SCHR [15] Sk [16] SCHk [15] Sk [16] SCHk [13] SCHR (7]
o 6.46 8.00 9.41 10.95 1.25 16.29 1.13
[ 6.09 7.09 8.60 10.67 1.18 16.34 1.33
B 5.94 6.93 10.40 10.98 1.53 16.28 1.56
I 5.93 6.99 10.65 11.73 1.27 15.52 1.24
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Fig.5 Comparison of precision recall curves between our method and others
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