201844 CH&HHAISsle| FAlstanls] =8

Feature voxel gridE A&3 RGB-D &4 914 w4
Y EY A

D, B, HLE
aEvsn A/ ARF R

e-mail : gykim@mpeg.korea.ac.kr, swyoon@mpeg.kroea.ac.kr, sull@korea.ac.kr

RGB-D Object detection neural network using feature voxel grid

*Ka-Young Kim, Seong-Wook Yoon, Sang-Hoon Sull
School of Electrical Engineering
Korea University
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Neural Networks have been widely used for object
recognition. Most of neural networks are using RGB
dataset, but some are using RGB-D dataset for
better been lots of

performances. There have

methods to improve performances of neural
networks that exploit RGB-D dataset by using
additional hand descriptor or only deep convolutional
networks. In this paper, to fully exploit 3D spatial
information of RGB-D dataset, we propose a method
using Depth to present spatial information of RGB

features.
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(baseline) Ours Increment
trial 1 66.97 76.0131 9.0431
trial 2 74.2112 81.6295 7.4183
trial 3 71.8219 76.8726 5.0507
trial 4 70.5493 79.5634 9.0141
trial 5 73.8038 77.9009 4.0971
trial 6 76.4037 78.2847 1.881
trial 7 78.663 80.0461 1.3831
trial 8 75.3481 79.4828 4.1347
trial 9 73.3568 81.886 8.5292
trial 10 78.5562 84.4277 5.8715
Mean 73.9684 79.61068 5.64228
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