Fa5E A4 i

B/ SN
LASER TECHNOLOGY

Vol.45,No. 4

202147 H July,2021

XEHE: 1001-3806(2021)04-0535-06

FABEES PFCM R =78 TE

ks gEe T A8 saf’ RER
(1 M TR VAR A THRHE 52 6 BOR DA QB 10, 0 21004432, 5015
1 RS S  HI 210044)

FE: A 7R s BRI $E T —Fh s AR R 5 R RN C {H (PRCM) (19 R840 I8
(SPFCM) , JHIEHLRAE— S0k B £ 15 = T, AR 3-D S = i 2s (Al 2 i 28 DL K e B 5 BEVRRAE , 1)\ SR A
IR AR EBIRZE . SRA PFCM B3 X B IARPI2E R 43, HEARSE I S = 43, 5 IR T PFCM SRk X 3 S ik o ik
43 B KR AL 4 B B o, , FF7E OSD-vO0. 2 $d4is 45 I X%+ SPFCM B3kt 47 T e RE M. 45 58 W, M+ PFCM &
2, SPFCM AR B T H S /0 BAERT S AE00 T HARFRS 2 T 85I T , HEif 314 3 86% x4 F3K 5 83% . %M
5 3-D M a B RG RMET A FREE TS 5%,

KB BOCHAR ; A B0 5 BIAR  BMRE R TR

hESHES: TP3OI THRFRARAD: A doi: 10. 7510/ jgjs. issn. 1001-3806. 2021. 04. 020

FSSIREYNE AP N R 731

Point cloud segmentation method combining supervoxels and PFCM

ZHANG Shuyi', CHANG Jianhua'?, MAO Renxiang', LI Hongxu', ZHANG Luyao'
(1. Collaborative Innovation Center of Atmospheric Environment and Equipment Technology, Nanjing University of Information
Science & Technology, Nanjing 210044, China;2. Jiangsu Key Laboratory of Meteorological Observation and Information Process-
ing, Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract .

supervoxels and particle swarm optimization fuzzy C-means (PFCM) was proposed. A random sampling consensus algorithm was

In order to realize the area division of point cloud data, a segmentation algorithm ( SPFCM ) combining
used to remove the point cloud plane. According to the spatial position, curvature and fast point feature histogram characteristics
of the 3-D point cloud, the octree voxelization point cloud was used to obtain the supervoxel. The PFCM algorithm was used to
preliminarily divide the superbody and subdivide the connected point cloud, which overcomes the shortcomings of the PFCM
algorithm for stacking objects and over-segmentation of larger objects. The performance test of the SPFCM algorithm was
performed on the OSD-v0.2 data set. The experimental results show that compared with the PFCM algorithm, it not only retains
its advantages such as fewer parameters and simple operation, but also the index has been greatly improved, and the accuracy is
up to 86% , while the recall rate reaches 83% . This research provides help and reference for the accurate segmentation of

complex scenes in 3-D point clouds.
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Fig. 1 SPFCM algorithm flow chart

2.1 B@REZLE
AT, TR F s TR R L
I FEI R HERR P, L, 5 BHBR S . AR
FHBENLRAE— BRI E RN I 2 BR-F- 17, 1%k i 3
AR 1A, RS IR T A = RO R
PAEAB IR AR S B e 2 191 1 5 A i (19 °F
AT, - BRIZAF T 8 P A AR 2 1 20 R B T
(5 2, AR AR H AR R 7 ) 8 2, T2
Xt i AT o MR 2 0925 ] S | il 3R LA
L FPFH HFAEIL 37 HERFAEAA 5 = Z [ AR
FHARFARURY R = AT IR . A XAy ik S R SRyl
Rz Bl i AL TR 3 22 B 1 Bl 8 23

—H A M TF IR SN AR, B R R, &

PRUE RS HA R EIRG R . T A s SRR, HOA
AR R ABHEOC R, PRI, 7 i DR AR R B30k 2 i, )
FH /SRR 38 = A TR R AL B

Ll NCRFERE AL SNV

(EXmEF=\{x,y,z,s,H ,H, ,H,, - Hy}|
FOR 3T HERFAE, b v,y 2 FOR A B IS [ A s 3R
RE IR, H Ry 5o iRl 5 7 B, FPFH &
PFH e ERYOLALY i, B S A Z R R ER L
PRI, H S R O PR L 0 5 HAREUS 0,
AR Z A1 £ B s 2 2 i 22, DA T 4+ 38 187 16 1) A
B B J7 B (simplified point feature histogram, SPFH) ,
FEAT R O 0 BT A SR A AR Y B O 5 AR
SO N SPFH, (AT DA 550 4 A0 s/ FPFH,



538 Mook A

2021 427 A

Hatam F s
ol Ly
H, =H, +?2 7H0k (6)

i=1 Wy
2o, H 3/~ FPFH , H' %75 SPFH,
(2) 13BN UA_ RIS , T ol s AR R

W AR

D= lwup?+®P L up
- w(‘ c + 3R2 +wh h <7>

Kb, D, N RIEES s, 2 D, (AL ; D, SRR Z (8]
AR ARAE sw, i D, BIALEE ; D, 2 FPFH [ %3 [A]
B 5w, Ry Dy IIRGE R, AR B,

(3) LU AR o m Ak A4, AU (7) a6
AR IR SR AR O BRI 2, a0 SRR IE B 2
BN, WHER B AT Z [E2 ALY FRiCiZ IR R R Tt
AR, HBLR B8 AR 8 R G 88 %
A H B AR AT LA I o
2.2 BiExs

FEVEIRSS 6 PFCM SR 5 = i 4790 20 4
73, 5 — BAE PR AEAN [F] , A SO PECM 380540 3 %)
Foe AR R A R AR, AR AR 18] %) A R XS
HEATR 4 o BRI IR T 20 R TR

H1 T PRCM 5032 of 5 14 ) 14 TG v HE 1 70 1, e
ARG EERRI I o A5 BRSO B S/ N T30 1 B4, U
WeTRor A F—26, G 70 K85 R 5 A SE 8
A RO BB R T B, 5 ST R R
X T A A AT 3% 38 A 58 4 T ORI s =, B HR 43Ry
— K IFMABIZERA . X THRIEN RS, kA
I, DME TR 43, M4 15 o] Bk A FPFH B 8 -4k
WA T FR AR AR, 7 TOU A A9 2 [R) SR 45 1, DU o
AGECEH , 5 I AR 58 J8CEH , HE W 2% 1 dn =X
N

d < 4d’

S <1

0 >1

A<
P, d HERIREE R, d S A vh o 5 AR AR AR il
SRR ECHEE RS, S )7 22, 0 Nk m I, A K
FPFH (R FIE Y 25 4A .

JITA T AR AR 43 25 o, MR A RS AIE - R ik 2
o0 1T ) v BB AR, ST AR A1 (8 ) 2] W i 26 v (]
P& AT 200 43 56 1 T8 1A 7 [R) 288, 2Rt A2
()28 % A7F , DI e ] A A T A 5 UL, 25 il — 2
Sl 2 [ 2 A DU rh (R AA I A TR AR 2, 146

(8)

IR AR AT s, AR 2R o 2= WA T 75 W ER L
BB, HREAORBOR B BI(E . B A I
Bl NN T3 5, RO A650 20, AR HE B s
AT R R TR TG

3 XBWERSSH

3.1 SSBHEE

A3 Rl 5P 43 B T object segmentation
database (OSD-v0. 2) $u 46 . Z R4 2 RICHTS-
FELD 2§ A\ PV AE 2012 4E g 57 () — N T3 2 5
R 73 B — DB o IZEE 5 1 B BT
JE X SR T AREL TG B W AR AT A RS Y, S
A 107 44, b2z 2 41 43 41, K41 64 41, ik
AR NS AR B b 4 Sy ] B0 B - Ik
B AA T GEEPS P AR DU % G2 3K VR % 42 i
DA K S A 5 it 6 A4 xE 2 S5 2 i i 4
3.2 WXfLESoHR

R T BUEA SR 1A RO DL By ISR A
SR S PRCM 5303 | Jmy &8 1™ 4 247 A4 (locally
convex connected patches, LCCP) 8751 DL K pie 3 114 X
WA RS IE (region growth, RG) ™ 7% 1

TnIE 2 Ay, PECM B0 43 1 Sr i ik, o431
RO i AT, E X M e B 2 O 2% ) AR 3 BV ROR 3

®

o

o

(¢

Fig.2 Segmentation effect under OSD data set

a—manual annotation b—algorithm in this paper ¢—PFCM algorithm
d—LCCP algorithm e—RG algorithm
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Fig.3 Comparison of accuracy of different groups of data

Table 1  Comparison of the four algorithms on the OSD-v0.2 data set

evaluation evaluation indicators
algorithm precision/% recall/%  F score/%  run time/s
PFCM 64 67 66 3.1
Lcep 74 69 71 8.7
RG 72 75 73 9.4
algorithm in this paper 86 83 84 7.5
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