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Abstract

6D pose estimation technology has become critical in industrial robotics, virtual reality, and food
service areas. It has gradually evolved from an offline approach to an end-to-end approach. This is
mainly due to the fact that with the development of deep learning techniques, it has facilitated
the continuous improvement of 6D pose estimation theory, which has further led to a poor
summary and timeliness of the techniques in this area. Therefore, this paper investigates the
approach based on the latest 6D pose estimation techniques. In this paper, we first introduce the
evaluation metrics, datasets, and 6D pose estimation methods for 6D pose estimation techniques.
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Where the 6D pose estimation methods are classified by the input method of the data, we classify
the methods into D-based, RGB, and RGBD-based methods. Finally, we give our inspiration and
possible future research directions on these various methods, which we hope can help related
people.

Keywords

Deep Learning, Pose Estimation, RGB, RGBD

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

BEETF AU R, 6D A7 Al THER R B W 583 . EER AR BE[1] [2]. TkALEs A[3] [4] K&
PO S AN R R 55 S5 A3 [5] [61F T A B AR . 7R A2 Bl P n AR IS ALY 6D A7 2345 wﬁ$ﬁ,
AT 2 G ZE 40 B4 O AR o E Tl ATL3S N3, SREUYIAIY) 6D hrs, M FEATL 35 vk iff o T P 4
TERTRARSS 2 ZER AU A 2R

FELE 1) 6D LA T 778 2 B BEARIUAC . ARFAE s DT FCFIAR fLLBE VT RC 45 75 5[ 7] [8]. X TSR VT FCAT:
%, M BT THE AR, W HE 52 R RS R R I AR IE VT L TSk ) 6D 1. Rk, %
T X ) i i 2 T A SR P T AR (R 1S 0, AR VT TC 1 Bf 1) 52 2% FE R A5 B ) 34 9 B 5 g A
MR R EIINTT . RAE s VCEC 1) VAR UE RC A 34K SIFT Bk ORB S5 4HIE st 5 2 v AR 3R AT
VCHC. {H2, FEUCEPIRE SRR s, — B ML A 2 5 o5 = 2 ) . T AUl R L T
7705 RGB EUG 7 AL, AR T2 3D sl s AL .

BEETRFE S IR R, K BN SE IR AR [9] [10] [11] [12] AWl 5 Ak, #t—BHEsh T
PLZAG TR B 5635 o oA TARE W 2850 N\ 15 B A ], K P28 AT R 7 o B 2R 7 N TR s = (D)
5T RGB Mk T RGBD 1777, — AT D B FCRERIN S 2 iRt m, FRREINN AR

PRECFIZS 6. T RGB 7 AR R EE(E B2 e AERS S N R W52 . AL T RGBD 177 4
G PAEERS S e R B3N T LR RS R, (R ERE (0 T AL B N T R R T R . [
I, BN IR B RESS H, BRATTEERT SR AT e

P THREAR QAR 5T AR 2 42 [13] [14] [15] [16]. MiASCE ZAi IR AAFE R Z: 1) 1)L
(RIE FE A2 3 BRI G077 5, T Sl PR AR A T BRI R JRBAE,  DRItL, A3 B AT TR 2 )
ML AG T 7. 2) EZ TP AT, FEE MG MA L g n )y TRy, EREX &5
ENEIIASE . AL Dy RGB Ml RGBD it N & B TR 4 5 (B 53 B & 2K ik it suidk g . 3) 1
AR R, B0 T I LA B R T B AR PR R B S AN TE A B VRS R AR . 4) 7EDLRTE) TAE
HAR D 3BT M AT PR AN AR SR R e 7 ) BRI, FEFRATTO0 TAE s 248 th Y T A7 1 ) R S HE ARk K e
(77 1) 6

2. VbR

1E 6D Pl tH R4+, BAEEZS B i EAH S 2 T AR 1) 6D A B R HF —5k. —MRMIPHS 75 E
ADD. ADD-S. nencm. ACPD FI MCPD /5.

DOI: 10.12677/5€a.2022.116135 1320 B TR R


https://doi.org/10.12677/sea.2022.116135
http://creativecommons.org/licenses/by/4.0/

il %

ADD JE 87717 EEH T TR RS G o — M T B S A R AN SN A B 22 [R) (1 SF- 15 P B /N T4
RIEAZR 10%H i [18] N A ML T ) 1IEM . AN(D)ETNEREAZ, Hi M RE T =48R S 4, R
AT 3 AR b T B S F) = e F1 =46 V2, R, I T, 43 AR 00 1) = 4 e i Fn — 4752 .

Ewm::QQWR&+T)—(&J2+TQL )

ADD-S &7 AT BN T XK B LR BRI b T H b 25 (8 M SRS AB PT e A A2 — UMk
[19], (HEHTYERZXIIR, FHA—ERRMETHI AT FrREN.

Epops =avg min (R, +T)—(R,x, +T, )”2 )

XeM XpeM

n'n cm [P 1E[20]6 1% 5 A 2 BB R W S R = AU R 1R ZE # /N T ny WACZ AT 2802 IR 1)
XFFRIFRAT G, n'n em 9 FTE AT RE I SRS I R/ MR %2 . e I BME 1 B 45 55 cm, 5710 cm
F110°10 cm.

— IR LA R [21], WA, ERTRER TE AR, A AR RS B S E R R
Rltk, wr Rl R 2 R AT E . AXE)ZARQ)MT 7, en ARG EASAR G AT X
S SRR, MR ENTR A IERIEE .. AN@) SHLE AT I Fi A7 vEAd . BN,
BRI R R I 22, X R BN NS 7 D I A4
(Rx, +T)—(Rpx2 +T, )”2 3

Eacro =Minavy
X eM
Eycep = min T?&‘H(in +T)—(RpX2 T )“2 @

3. AT AHHEERES

T 6D Rrgfhitt BRRA MR L M s AT . TAEM T HLGESE 5. SR fAF,
PR MERE T A T AN, ST A2 o N AR RN 2 VAR RS . X T2 AIRERm =, 1
T EBR I MBI L AYREE BT 6D [\ 1 SR (KA A U 75 ZEBOR bR R 1 R 2% 1)
e WA LR, RS T s RS, &1 RoR T RS A A R = B

3.1 EFETIEARBUESE

AT TR S, —RAERMN RS SMAFRHRESRFEIR. WhF. KE. DIEmssE.
LINEMOD [17JR&ERI R EE I AR, PRENN Rt . ZHIRERE T 15 MR HR, £
IS ER T 18,000 Tk H 2 R iK%, 20,000 Fk I 2 I A AR A B B . BRIk G AT
WP . B WIEGE PRy 640 x 480. Jak, WRFCE A T WL LMA{E 6D A &4 M4 T RS
FPkaR, % LINEMOD #4447 82, JFJK T Occlusion LINEMOD [22]. ¥dE4ERIn T WEHE . 8k
FEIR AL PR AR, I A Bh e —. ZEAREREI T 8 N HARX S, HIER T 1214 5k
GG, I HAW PR S LINEMOD 241, BigBIRD [23]R&EMGFZHE 5, WRENN SR
ATE R ZEEEAEREE T 100 ANAETER A B AR, ER SRR 1 6000 FRELSEI S . (HR A
AR S DIERI R &R, AR AT AR A BRI . 5k, Calli % [24]74 K H BigBIRD ]
A RE TGS, RAR T RIRE . JoREaS M. FiE. TR, AERIREA3L 88 M H
PRI 5, B H AR RUYSEE 600 il RGB-D BRI AL 445 B . YCB L [25 R E MY 2 A
o ZBIRERE T 20 MNRERT WL AR BARK R fE1Z5RE T 92 MY 133,827 i,
I HAFWCEFA 2 803 A HARXK RIFEIN AR, A% REEA 588 6D A L7 ERE . &M RGB-D EIE K

DOI: 10.12677/5€a.2022.116135 1321 B TR R


https://doi.org/10.12677/sea.2022.116135

Wi 4

PR 640 x 480. TMZEARELLZ A Hbn. R, HADCIRA SOy BRI E L —. 1E
NOCS [26]H 2 H T 2T BT SURANR G I SLHIA . 7T LN FLSE ) G & o &, AT Bl — AN R I
BEIRE . HUREAS 6 MFINNN 18 N [FI7 s i 58k 6D LA AR/ NTRE, PUKLSIL 42 4
HRE () 52451

32. TSRS

1E TAkHE SR, — BRI RS SR Tl e TSR . Wike . Sl R IASS .
T-LESS [271RENY s 2 N B —HE 55, SEREMN GO T BSER R4 X 0 R A4 X FR Al
AL SR . RS B S S R4 38,000 RS, A 20 AM%5t 10,000 FRIREE . $idESE
()73 #22 3 B2 1 400 x 400, 1900 x 1900 A1 720 x 540 %, 1MiZER4ELLIZ HFR. R, 5. L4
O RRAAH LSRR R R EE L —. R EA T LA ERE IR R EEE. o
Doumanoglou &5 A [28]#& i T TV BEAF A K EIR AN s 0 8die 4, w3k 8 M EARN %R, fE—REE A+
A LA L ] — X R AN Y 2 A 5049]. Siléane R 4E[29]3E L 8 N H bR 4R, (HZFAX 54 300
i A TR, 130 S R AR T3 S IR BE 2 2] ik R Imim NS 1Y), NILAE Bin-Picking [30]()
AR R I 3 0 B B A SRS ION T ST Tl R (A R R A AR T Siléane AT T
1, (EIRENEE TR E S S 7%

Table 1. Datasets for pose estimation
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itk el HoE FLE R S Eilik7 Fo
LINEMOD LA 15 18,000/20,000 Yes No 2012
Occlusion LINEMOD H 8 1214/- Yes Yes 2014
BigBIRD LA 100 6000/- No No 2014
YCB Model Set =< 88 52,800/- No No 2015
YCB % 21 133,827/- Yes Yes 2018
T-LESS % 30 48,000/77,000 Yes Yes 2018
Doumanoglou % 8 536/- Yes Yes 2016
Siléane EZ 8 678/1922 Yes Yes 2017
Bin-Picking % 10 8000/198,000 Yes Yes 2019
NOCS Z 6 8000/300,000 Yes Yes 2019
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Figure 1. Image examples of commonly used datasets
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Figure 2. Image examples of commonly used datasets
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Table 2. Performance of RGB-based pose estimation methods on mainstream datasets

2. BT RGB (iR A EAE T RBIRSE LHRI

AE7E Fik oy et LTI 2D #5 ADD(-S) 55 cm
SCHiR[25] 2017 IEEZ37S RGB 70.2 62.7 19.4
SCHR[33] 2017 R R RGB 89.3 62.7 69.0
SCHR[34] 2018 R Rk RGB 90.37 55.95
SCHR[36] 2019 SR vk RGB 99.00 86.27
LINEMOD
SCHR[37] 2020 SR Tk RGB - 91.30
SCHR[39] 2019 AL RGB 98.10 89.86 94.31
SCHR[40] 2019 VLA RGB - 72.4
SCHR[41] 2020 EaE UL RGB - 82.98
SCRHR[18] 2017 Bk RGB 17.2 24.9
SCHR[34] 2018 R Rk RGB 6.16 6.42
SCHR[36] 2019 A Sk RGB 61.06 40.77
Occlusion SCHR[37] 2020 A RGB - 475
LINEMOD  xg(3s) 2018 JeH I RGB 60.9 30.4
SCHR[40] 2019 AL RGB - 32.0
SCHR[41] 2020 BARILAD RGB - 32.79
SCHR[44] 2018 AL RGB 56.6 55.5 30.9
SCHR[18] 2017 IR0 RGB 3.7 21.3 61.3
SCHR[36] 2019 A R RGB 47.4 - 73.4
YCB SCHR[35] 2018 A R RGB 39.4 - 72.8
SCHR[44] 2018 AR RGB - - 81.9
SCHR[45] 2020 AR RGB - 89.8
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Figure 3. Image examples of commonly used datasets
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Table 3. Performance of RGBD-based pose estimation methods on main-
stream datasets

= 3. £T RGBD & it AT REIEE LRI

e 7k HA TN ADD(-S)

SCHR[46] A SE RGB-D 99.4

SCHR[48] A Sk RGB-D 99.7

SCHR[A7] SR Rk RGB-D 98.4

LINEMOD SCHR[49] PSR RGB-D 99.7
SCHR[50] oAl RGB-D 94.3

SCHR[53] FHopth RGB-D 98.7

SCHR[54] A R RGB-D 98.9

SCHR[46] A RV RGB-D 63.2

Oeclsion ke LA RGBD 662
SCHR[54] A I RGB-D 65.4

SCHR[46] PSR RGB-D 95.5

SCHR[48] P JavrS RGB-D 97.0

veB SCHR[49] A S RGB-D 97.0
SCHR[50] HAth RGB-D 96.8

SCHR[51] Hopth RGB-D 95.7

SCHR[53] HoA RGB-D 92.4
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