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Abstract; Because the original Truncated Signed Distance Function (TSDF) model only considers the
correlation of adjacent time, the error will inevitably accumulate to the next time, and it is impossible
to build a globally consistent map In order to establish the dense 3D map of large scenes in real time
and accurately, the TSDF model was improved in this paper. First, a camera pose model and weighted
fusion 3D point truncation information model were established to represent the surface of the created
object. Secondly, an improved loop detection method was proposed, which was combined with the
random fern color image coding, and then optimized the TSDF model, that is, the mixed optimization
pose model. Finally, the g20 diagram was used to solve the constraint function and established the op-
timized edges between the datasets. The experimental results showed that the loopback detection
method proposed in this paper could obtain more accurate camera trajectory and map in a larger scene.

The proposed algorithm was verified by frl1/xyz, fr1/room and frl1/desk in the TUM dataset. The re-
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sults show that the root mean square error of the camera trajectory decreased by 0.59 cm, 3. 14 cm,

0. 94 cm, respectively. The validity and accuracy of the proposed algorithm are verified in the labora-

tory environment and the open data set.
Key words:

pose graph optimization

1 3 7

SLAM(Simultaneous Localization and Map-
ping, SLAMD) JEHLAF A S 22 {07 F S 2R 5 4 141
IR AL 8 U R G R AL NS £
R A AL 5. FE/DNERENABE T,
PN O o g B 8 2D b B R B & RE S AR
Uy SLAM [n) @, (HI2TEZh A B R RY
SN L HLBE SLAM B A kS B A i e R
MALBEVE A SLAM £ 4t e — JBOAN AN AL 4% SR e
W, % & 4 % K & V-SLAM ( Vision-only
SLAM, V-SLAM)"

Kinect #0847 1 F = # I &2 i 29 (0 % B 4% A%
PURUE 48R ML, BE 0% W] it 4 $2 VR B (5 B R @8
SCHRAE L BATRT BE R o A% AR L HHE R AR
BEPR SRy 2, W2 W T V-SLAM &R 4e
DVO(Dense Visual Odometry, DVO) ¥ Ky — F
Je ik i Lo R T, B Kinect 5 L5214 2%
i I HL R JH A 408 5C ST A7 it 55 ot 22 [ ) DE e
PR T LA N Hh 1] A A 6 R FORS 2D, En-
dres Z07 42 1 ) RGB-D SLAM 76 ¥ 4 H f it
3 a1 0 g20 PO AR™ T HE 4% S8 1 08 B
T, fE 8 U Bk B LR 2. KinectFusion &
Z511 th TSDF ( Truncated Signed Distance
Function, TSDF) #& # {fi il GPU (Graphics Pro-
cessing Unit, GPU) JEAT 5 =Bl &, B g8 T 4%
W/ T RF A S BR A R R B R L. Keisuke
120 fifi ] CNIN-SLAM T i &b 3 B 55 15 13 1, i
MM —E BB I s il 7 5 HARBLAY BRBG . Yan Z
LS surfel A5 80 1F 47 B R Al & Ll i GPU
TR, T LAAE — 52 (1 B[] A5 O e of 6 ) o
R 1) 5% B S fof i) 4% s S DA BRSO s
XF E Y5 H bR RARRGE2E,

random ferns; Truncated Signed Distance Function (TSDF); closed-loop optimization;

Bk ¥k b, CNN-SLAM {ii J 28 1 A1 #L i
A7 i L 1) 8 ST R R o 0 P 4 S A S filE
By Kinect £ %25, H1# H CNN #F 17 46 % iE 25 44
T AR K Y g B R, B 3 5 A R B
DVO H R FAH &I & B Wik A7 ot 5 it 22 18] 174 DE i
AETH B 22 AR 25 AL 8 315K X 38, RGB-D
SLAM R g20 ¥E47 B ERKG I, B AR BE W8 1 [k B
L 22 (0 o A GPU 2E 47 ek 38 55 L ik
Mz 17 3R R AR,
H1 T 4G TSDF A5 844 % [ AH 41 I 1] 1 i1 3¢
HK 1R 22 M AN ATk e 1) SRR R — i 2], JC kA A
SR —B b R T S RS A S K 3 S
% 3D Hh &l %t TSDF ARV T otk , $2 H —Fiii
BRI AL TSDF 248, 1 %o WS pLAL
ZRAVHNAL @l G 3D s #UBT (5 2 19 TSDF #141,
MF s R Q@ i 2em . ok, 48 0 —Fh 5k
T g2o %R 55 450 R o 1) D E )y % 1 GPU
HEAT I A7 38 5 03, JeJ5 b L S B ALk R A
PG s AL SR s A 25 45 BT AR Ak TSDF #LAY, 52
K25 R TR A A BRI ] DU PR T 4 R
SLAM #b ], 1A 28 51 55 30 38 DX T BR S = s
TR B TR 5 AN DC TE B 42, 1 T B P A I T A
RS RR ORI R V-SLAM R4,

2 BARE

P B 2 R 40 B Kinect f£ 875 X 52 5
B AT RO R A A5 B R B RO R, X
JE B AT O AR F H R AR 45 20 00 B 15 B T e
SR 0 T R AR AL AR il @20 HE
SEFEHEAR R 55 4 SR A% TR SR AR R R B AL R 2
BEATHIFRDC I, % 37 TSDF #6588 = 4k ¥y 1k
T IEAT Z MRS . BRSO E 1 TR,



SR A R FIR S RGN 5 P ER A AL B9 TSDF M P 61 1499

U RG-04L.X
Laser

kR
3-DX

Nt B
TSDF fihy

B 1
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Fig. 2 Two-dimensional Illustration of TSDF
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