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Abstract

Pose estimation has been widely used in intelligent robot, unmanned driving, augmented reality
and other application scenarios. Most of the existing point pair matching methods based on neural
network failed to deal with foreground occlusion, weak texture and symmetry. In this paper, a
pose estimation method for weakly textured objects based on the fragment model is proposed.
This method uses the existing 3D fragment model to estimate the 6D pose of rigid bodies from an
RGB input image. Objects are represented by compact surface fragments, which can systematically
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deal with object symmetry. The encoder-decoder network is used to predict the correspondence
between pixels and fragments of dense sampling. A general data synthesis scheme is proposed to
create a weak textured object dataset with high similarity. Finally, a PNP-RANSAC algorithm is de-
signed and improved for robust and efficient attitude estimation of multiple object instances, and
the effectiveness of the method is verified by comparison experiments on three weakly textured
datasets.
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Figure 1. Scenario initialization

E 1. JRiak

2.2. BUESHHE

BN R @ 2 5, AT ZEd blender HiEIZAT python AP, IX/METEH J LM
LRI T DU {6 FH RV A HEAT T B o X BB T LG 1 in 380 X R BT F LA ERAFESR 2K blender H (1
IR

FRREEBAT AR S REHUAL BN E SO R B R AR RIS . RS S RO B
SE IR 16 P9 45 8 S 1 (o BN » A 1A P B SR Qe R N S ) R, 85 A S B i A PO 2 P P

DOI: 10.12677/csa.2022.121025 254 TR 5 R H


https://doi.org/10.12677/csa.2022.121025

e R RIEG, PIOE G MR R G S RRAT, XA RERE s R A iR, F P
R AR 2 AR B A7 fit 5 R — A ST b

3. BRIRE

X TGS B, AR YA Z TETEAR NSO 43 AR R AT 4 JR) B 40 X R, X A4 i 57 2D-3D
X R — AN AR KM BRER . XS v W5y, B E R A AR AR e, nTREX AN 2
TG . L, MR 4R =4 B IR A Z 190 R, Bl —> T 4ERMG A B AT Rext B R 1 (1) 2
M= E, RZIFR. HAh, FET REEMGRHE R 7 JTC S0 H bR YRR ZE, X 2 R AR AR A
EAA IR R EN T EAE, MR RA S8R,

R T RRPGEA R, AR T — R AR — RGB H A BG R BT F #) 3D BEALE T AT 5 2 AN NilA
S 6D AL T T RIE VGRS, AT DA TSR AR B A SR B A AR AR, B
UNRAIAR T o

FOOCHE AR FHBCR W I BB R A R R — R, Wi 2 Bos. EXMERRVFULRGEN T
AT FRYE, R AT R A LML 3D LB —8E. FIHRmIDE - e
25T SRR R R Z PR R R ERMEEREL, METN: 1) B MEEERE,
2) SEVEE AR, 3) RN ERORER 3D AL B . @A A AR R, Aot
PR 1 S B AN 58 M5 YDA AE B AN A, IF T TI00 S AR R MR R A IR B R Ol Y 3D A7 B 4K
o RATEIE i R AR e SR

Sl.j={x|xeS,./\d(x,gij)<d(x,gik),VkeJ,k;tj}
Ho X B d LR 3D M LREIE S, JRRAW R RS, ¢ RRTUERIF A FG, A il i

T RCRFESFIR(FPS)R B o Sy RomWtk i P fr j B R, x RN LIZRE R IR, & ZA IR HARRE A (1
R

Figure 2. Object fragment model representation
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Figure 3. Network architecture
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Ours 0.832 0.753 0.782

1) FeHE

AR 2R BATT RIS B AR 58T T AR AR 1590 B, AT T IRAE T-less
B EHE S AR ILERLF T A RGB J5: . 15 T-less F1 B @ #Hi 48 b, JA 1M I VER 2 T S IF 19 ARy
&or.

N 3 R AR A

DOI: 10.12677/csa.2022.121025 259 THEAURF 5 R


https://doi.org/10.12677/csa.2022.121025

FHE F

Table 3. Inferred time results
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Figure 4. Effect comparison diagram (top: our method; bottom: Epos-resnet method)
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