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Iterative interpolation point cloud registration algorithm
based on fast point feature histograms

LU Jun, PENG Zhongtao
(College of Automation, Harbin Engineering University, Harbin 150001, China)

Abstract; To improve the registration accuracy of point cloud data generated by 3D laser scanning, a new method of iterative interpolation
registration based on fast point feature histograms ( FPFH) was proposed. Due to the effect of the scanners resolution in the process of registration,
partial or overall density of obtained point cloud data was smaller so that there were no same points even the measuring locations of point cloud data
were fixed. Therefore, errors existed between corresponding points. In order to reduce the influence of these errors on the registration accuracy,
iterative interpolation method was introduced to increase the overall density of point cloud. The FPFH features of key points were used to find the
corresponding relationship ; random sample consensus algorithm was used to remove the false correspondence between two point clouds; then the
coarse registration rotation and translation matrix was gotten by using singular value decomposition algorithm on the corresponding covariance matrix;
at last, the iterative closest point algorithm was employed for the precise registration of point clouds. The experimental results show that the
improved registration algorithm is simple, stable and reliable and its computation velocity is faster. This method effectively improves the accuracy of
registration results.

Key words: point cloud registration; iterative interpolation; key points; fast point feature histograms; iterative closest point

=4S B RO — EUR I TR TE (RIS L, P Xk IO A SR IO ] 17 A A A 4
SN AE AU | il T SO AR I e B SR I I TR Ak D 3RO I A TR
SFYURPIOT I T S XE R R TR, =2 B Rusu 42 A9 5L TP URE AR BT B ((Fast
B A R BT, AEYARBCT I S B Point Feature Histograms, FPFH) ' ™% i) = 4k =
o, SN R s AL E LRTAME R D s PO DA S T A v 1) I A D AR
o, A AR RN A W R T 200 WMETE TR, ST S S I IECHE . Gelfand
AL, SRS R O e D R S B —A 3R A9 3k TR LB 20 R 2 (Integral  Volume
L2 A DS ] Invariant, TVI) 535 i) = 4 i 2 FCHE SR AR AL 0

HATR s HCHE EEA =6 TR R AR RIURAIE, S8l 1 =48 il = s e v
XFRERTE FE TR WAL ik | ﬁﬁﬂill\i% Johnson"* $5 tH F Tt PG RE AE i &8 1S58 1 3D
ko FETRALRI N Ak T2 SR S b ity DE A U] PR T

«  UgFE AHA:2014 - 04 - 11
ESWE : BRITA HRBEIL 4RI H (F201123) ; i o 2588 5L ARV 45 %5 101 5L 4 %% B 391 H ( HEUCFX41304)
YEE B f A (1969—) , 5, IR VLG /REEN , H#%, [+, E-mail : Jujun0260@ sina. com



56 ]

ili %=, 2 B TP R ET B B RIE R S AU (B R TR (13-

(Viewpoint Feature Histogram , VFH ) 7 BE
FPFH ik 11, B —Fp iR IE R R I 2, N
T R RPN A B 2T,
THETF R WA AL 05 590 2 A8 4 s 1) B H Ak
A S A IC R 1 2 DM pR B, fo AR v SR Ak
FARIE WD R s A LI . MARIRE 2
Magnusson 2 H B 1IE & 43 15 2% #t ( Normal
Distributions Transform , NDT) 238 0 38 4% 8% /)N
WRZEERAACER N 2 Besl 4542 ) 1 2 1C i
15 (Tterative Closest Point ,ICP) &3k gt
X R, FHE M =R WA AR, L
SR, ICP SN T 56 3 FISCE . Turk 45
FE G —RAEk, it 1CP SE W) IR AR R AT
Do Fan 50 4R ARG A S0 Y v 5 /N B R A
SEXP A . SCERL 12 ]2 T —Fh ik R I 4
(Iterative Closest Line ,1ICL) 21 , HR 45 P IE &5 =
LR RN A HCE . Johnson il Kang' ™ #2H T
TR0 o SO E B AR IO )T 2. BovE
AR S B IEE R B, oS s IR A
e W SR AG W RRIE A VAR AR

1 RREERERER

BRIV E A RS, A w R,
AR, S AR S H AR B S
AERER T BN FEZ IR R 5L
Parb, S HAs ) — AT A Al BEAE B — K
MR b, o n] REAE A — U Kl |, S AT RE
TEATA— YA AR A . R TR B
XA R 40 07 1 R P R 2 , 4 TR VO B 1)
AT T R

A

A— A

A A ———4
2,
*
A A A A A A
o @ o o JoS °
A A —A A A —— A

ES I EE L VA
Fig.1 Scanning dislocation
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Fig.2 Iterative interpolation
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Fig.4 Registration flow chart
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