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A Dense Point Cloud Registration Method Based on
Local Geometry Features
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Abstract: In order to solve the problems of existing dense point cloud registration methods, such as the
dependence on initial location setting, high computational cost, and low registration success rate, a dense
point cloud registration method based on local geometric features of the point cloud is proposed. A deep
convolutional neural network is used to extract local features of a point cloud, to reduce the influence of
noise, low resolution, and incompleteness of 3D point cloud data. On this basis, a k-dimensional tree
search is used to complete the association of local geometric feature descriptors. Finally, the random sam-
pling consensus algorithm is used to estimate the relative pose of the point cloud robustly. The experi-
mental results by testing 5 typical scenarios from open-source data sets show that the registration success
rate and the accuracy of the proposed method reach 92. 5%, 0. 0434m, and the registration time is 74. 7%
shorter than the nearest point iterative registration algorithm. Experimental results show that the
proposed method is effective, real-time and robust.
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Fig. 1 3D point cloud registration algorithm flow
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Fig. 2 NARTF feature point extraction process
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Fig. 4 Descriptor extraction network
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Fig. 5 Flow chart of feature association algorithm

based on K-d Tree
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Tab. 1 Position recovery algorithm based on RANSAC algorithm

Input: 2 HVCACHRAAE =48 Mp 5 M s e RIEACIREL k5 BI{H
T B WL I RRAE 2B

Output: FALMIEFEHEE R 5FF 10 4t .

s MR AL iteration = Osnum point = | Mq |

: repeat :

: N Mp 5 Mo TBEHLEER 0 XTPC A = 2 5

: R SVD I3k SAZ 5 %F 0 XoF VG S = 4k 55 1 58 5% 46 FF R oy
PRl &t

5: totalerror =0;

= W DN

6: for i=0: numpoint :

7: error = Mg E‘JEZ’FEE&%HE’%%%EI@RW 5% tomp PEAT
MR A 2 J5 5 Mp X i = 2k A% BRI B

8: totalerror + =-error;

9. end

10: if Ctotalerror<<T,) :

11: R=Runp t =t mp break ;

12: end ;

13: until Giteration = k)

2.1 EXWiIZE

R CFENFFE YR 4 7-Scenes ' 5 SUN3DM! |
XF T AR Y 5 VR AT I UE R AL . SE S T g LA
Gy Re I an &l 6 B B A AL S TN R B 4y
PR AR B RIEAE, xR HEA
[Fi) Py 4% J25 o M A0 R E Y Oy =X A5 O RE S AR
GRS . AT, K B A S B R
BT AT AL 75 S2 5 A T2

6 LWHIEE

Fig. 6 Data sets for experiment

A SCIRIE 45 T — 20 2 508 B A S S 50 m
EIREREERY N (B3 T

®2 XgESHKI
Tab. 2 Key parameter design
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Tab.3 Point cloud registration success rate
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Fig. 7 Samples of point cloud registration results
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Tab. 4 Accuracy of point cloud registration
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