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Abstract Recently introduced high-accuracy RGB-D cameras are capable of providing high quality three di-
mension information (color and depth information) easily. The overall shape of the object can be understood by
acquiring depth information. However, conventional methods adopted this camera uses depth information only to
extract the local feature. To deal with this problem, in the proposed method, the overall object shape is expressed
by the Depth Spatial Pyramid based on depth information. In more detail, multiple features within each sub-region
of the Depth Spatial Pyramid are pooled. As a result, the feature representation including the depth topological
information is constructed. We use HONV (Histogram of Oriented Normal Vectors) designed to capture local geo-
metric characteristics as 3D local features and apply LLC (Locality-constrained Linear Coding) utilized the locality
constraints to project each descriptor into its local-coordinate system. As a result of image dataset, the proposed
method has improved the recognition rate compared with conventional methods.
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4.3 LLC (Locality-constrained Linear Coding)
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Table 2 Recognition result and Comparisons with the base-
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Category Instance
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ICRA11[11] 74.3 £33 | 53.1 = 1.7 | 81.9 £ 2.8 59.3 32.3 73.9
Kernel desc[13] | 80.7 = 2.1 | 80.3 = 2.9 | 86.5 + 2.1 90.8 54.7 91.2
CKM desc [14] N/A N/A 86.4 + 2.3 82.9 N/A 90.4
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Proposed 83.1 £3.4|804+16 |88.6+1.8| 93.4 47.1 94.2
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