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Single Kinect and Rotating Platform for Full-View 3D Reconstruction
Li Jian', Li Feng', He Bin?, Du Xirui!

(1. Department of Electrical and Information Engineering, Shaanxi University of Science and Technology, Xi'an, 710021, China;

2. Department of Electrical and Information Engineering, Tongji University, Shanghai, 201804, China)

Abstract: Traditional full-view 3D reconstruction systems are expensive and complex. To solve the above
problems, a new algorithm for reconstructing an omnidirectional 3D scanning system is proposed based on
a single Kinect and a rotating platform. The algorithm involves point cloud preprocessing, registration,
minimizing global error between coordinate frames and color rectification. Firstly , RGB-D data are
acquired by a Kinect sensor and preprocessed, and then a matching method is developed under the swivel
table constraint for coarse registration. Further, the iterative closest point (ICP) algorithm is utilized for
fine registration. Finally, for the loop closure caused by cumulative error and the color difference induced
by different shooting angles, a global error correction and a color correction algorithm are conducted to
improve the accuracy of the reconstruction results. Experimental results show that the reconstruction
method can achieve full-view reconstruction of 3D objects and is superior to the KinectFusion method of
Microsoft in accuracy.

Key words: full-view; 3D reconstruction; rotating platform; Kinect

51

i}

=Y AR T AL AL B3 AR VAR A A LA ] I s 2 R L S R S b Y OGRS

BE&WHE:FEARREIES (UL713215) 5 B3 ; By 4 Tl BHE ORI (2015G Y 044) % B 5L H
s H#3:2018-09-12;4&1T H#A:2018-11-19



206 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 2, 2019

Kinect % B AL R T FL AR BR 45 48 (7 S R 485 2 0 i e R A L0 A )iz i R F 3 5¢ 7R JLAR 45 32
K.

i F Kinect #:47 =4 &, O A7 Kt A58 TAED . SCBRL LI AE 7 5 WL 58 538 9 1 FH Kinect 7E
AL RS WS S5 N AT T 2Rk . SCHR (2] R T Kinect £ =45 8 5 10 ABF 5T TAE . SCHK[3J%T X
Kinect V23t T —Fi U B 8 M 5k 4 T B A it . SCHK[4])3E F Kinect 25 & g 7% F 5 i 47
A58 TR i A ROR R T S RAHPL N S5 B e bR g I AT B e i & R AR AR AR . 3
HR (5 T R REL IEC 7 ok 1C o 190 5% s X S AT — 4k T L (R AT TEAT 4 R iR 25 0B I, R A0S Mt ] ) R 25 AR
R HCE RS B AN S . SCHRI6 IR R R A5 ORI TR BE AR B S B T N R R S e R X
TR AR B SCHE Y AR (A B R R ORI RS, HURE T D SRS R I W iR . SR
[7MfEH 4 5 Kinect & T —E Rl =4 NAFEERG, RENE T — 48 H A =B % — A ha i
BB L AR TG BN AR S = bz B T T AR =434 A0

H i, KinectFusion® "2 fi Ff] Kinect 78 8 AN T 2R AE W IR = e R R i 5 F 7 %€ . KinectFusion
i of F4F Kinect f% J8% & [l S8 W0 K 3% L2404 , AT X BA Sr B 55 S8 A ) 408 ot i i i 28 R o [
i FH [ 52 RSF 0 28 U RY o B3 A AR A7 4 45 5 19 I 29 (T runcated signed distance function, TSDF){E
FFAUE , H AT R g GPU Lo BE SE 8L SE B A9 = & 50R , B KinectFusion 38 i F R4 /E  XHEAE A 5L 9
BORB

A d FH Kinect/F & 184S | A1 5% S5 4F T 8@ &, 5 SURF (Speeded up robust features) 45 fEM07JC
TEL A 17 5 3 4 AR 0 A0 24 B, H5 T T A T T Y R TG VR RS B . 28 2ok 3% AR i A (Tterative closest point,
[CP)ME PR v J5 459 31 0% H AR SRR R 22 50 /IN 0 1 S8 03 22 0 e 7 VU mT AT B . B 5
FHIA A i T R S 0 2508 I ol A A R ORS A0 Ak . SC 56 4 3 2 5 bR oA A T KinectF usion 7 ik
AEEE AR L B UE T AR SCRA R AR B

1 &NA-UNERFHANREEIESR

A KT Kineet+ [\ 5% 4 49 4 40 £ = 4k )
wERSEWME LR BHEMYIREF%S L K- H
nect & FYRHET M 1w i % 5 e % |, Kinect [8] b7

i : " PCHL o N7 mumn
— 5 I [A] SR B2 — T [R5, 195 W A e s — J) i SR 4 ?‘ "

S5 AR SO P AR 0 e B A AR Kinect
1T 5 B R T8 A ) BE SR ONT i 5 e e R B T
FEBREEKR E
SRy T S B I H AR 0 4 A — A BT ARGk
SEUNE 2 fr s B HE SR ) R i 3 &> 245 I8 Fig.1 Measuring system components

o — fRT ZE LB

(1) 85 = WAk 38 - % Kinect 345 19 €0 1145 F1 R BE R 047 A R I 804 0 e s 25 B DL & = i )
Ak

(2) 3 T KGR AE AR T E AN TCP RS eV - /1 T TCP 5k % ) 1 {8 A0 B2 SR 58 i, o AH AR 3 i i) RGB
% 5K B SURF $5AF 3 DT, 28 J5 A 5% 5 0 3% SURF DU B s 17 #2400, AR 4% 42 40 )5 A9 DT BE 05 113
VPRI 2 [B) ) 8 7 1 B8 i B L 4 R TC P JC o () 900 6 L, 76 st SRty 1 %k A 40 it o = 2R 47 TCP RS T o o

(3) & AR ZBIE 5 @B IE AAA WS = B , i TR 22 2RSS — Wi )5 — b =
AN BEAR b 3 T A 7E — L, T BB BT AT T AT 42 SR 15 2208 11 DA HE K 38 O v ) T R R L 8RR 2 1A
Ak o BE 5 IR AN T ARSI 0 2 (AT A DA ok R AR AR ) 22 A oo R B o M X AN TR



ZF f2 F.%Kinect+ Hi S0 A4MA = hEE 207

FEEN R m AT OB IR, R A I — B AR R

5 AT v
ICPASRCHE

B2 A =g d e

Fig.2 Full-view 3D reconstruction algorithm framework
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