a6 & T 2 R N M = = < Vol. 46 No. 7
201947 H COMPUTER SCIENCE July 2019

(WA HAFERAEFEEIREFEK WZE 710021

/.

ETREZFIMILAHIELE 77X

F @& fm

(Bl A F A

(R U

EREIR¥KR Li# 201804)°

# E Kinect FREMIKEN ZLHBEEEAERT KSR PV, T2 M &= 695 JUATHIE T e — 7
misPsk, B ERAATHEATAN T EMEX - RLHEEZRR AN FTRETFBOBRES ZH,

i?ﬁ&?*ﬁ}%%*&%}%gﬁij]%ﬁ% BAAREEEFH RGBD X BE T, B A NKEWRES T 7 kM
W3 = R TUATH IR R R G A A A T KD-Tree # K i éFJQ?/%(KN\IM%’»@J%—‘F RN R B A WG o

RANSAC B ihiz I B 5 b R G B WA ERGERE L AE T BN E SO UM TR, AM TR E, A THe

BMRFEFEFPHOERARAL LRI T Kinect REFN KT o FRAER G B E LR F I AW . TR F i RALT A

FEBUAR S 2y 1K 0 By B0 JUAT 25 S AT BR A L 38 ST AR ST o A 2 A A R R K L,

KR EEAEmE,REFT,ANE KD-Tree, K i X #

FEZESES TP391 XERFRIRAS A DOI 10. 11896/j. issn. 1002-137X. 2019. 07. 042

Geometric Features Matching with Deep Learning
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Abstract Matching local geometric features on real-world depth images is a challenging task due to the noisy and low-
resolution of 3D scan captured by depth cameras like Kinect. At present.most of the solutions to this problem are based
on the feature histogram method, which requires a large amount of calculation and strict requirements on the rotation of
the scene. This paper proposed a method based on data-driven. From a large number of well-reconstructed RGB-D data
sets,a self-supervised deep learning method is used to construct a model that can describe the geometric correspondence
between three-dimensional data. Then,corresponding approximate points of two parts of the point cloud are botained by
using KD-Tree-based K Nearest Neighbor (KNN) algorithm. Through removing erroneous matching point pairs using
RANSAC.,a relatively accurate set of feature point pairs is obtained by estimating the geometric transformation. By regis-
tering and comparing the models in the Stanford University point cloud library and the David plaster model collected in

the real environment,the experiments show that the proposed method can not only extract the local geometric features

of unknown objects for registration,but also show good performance when dealing with large changes in spatial angle.

Keywords Point cloud feature registration, Deep learning, Self-supervised, KD-Tree, Large angle transformation
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Fig.1 Framework of registration algorithm
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Table 1 Network dimension parameters
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Bunny045 15.75 217.08 44.94 56. 89 3.32
Dragon24 17.33 122.38 111.67 135.9 4.47
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Table 4 Comparison of point cloud coincidence rate
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Fig. 8 David’s side pseudo-color contrast results
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