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Abstract

To address the challenge of 6DoF pose estimation from a single RGB image in the presence of se-
vere occlusion and texture-less objects, this paper proposes a real-time 6DoF pose estimation ap-
proach via pixel-level XYZ coordinates mapping. We introduce a joint coordinates-confidence loss
function to directly regress the spatial coordinates of the 3D model to effectively handle tex-
ture-less objects and occluded in cluttered scenes. Meanwhile, we consider the problems caused
by 2D object detection errors and introduce a dynamic scaling strategy to improve the perfor-
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mance of the algorithm. Experiments show that our method outperforms the existing baseline
methods in terms of evaluation metrics under Occlusion LINEMOD and T-LESS datasets.
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¥ 2D HARKLII#S AT 6DOF AL THARIAE R — BRI ZRN 28, (B TAES AN, B TH 2% 18 5
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Figure 1. Sample synthetic images for 6DoF pose estimation
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Table 1. Statistical information on the Occlusion LINEMOD (LM-O) dataset and the T-LESS dataset
% 1. %F Occlusion LINEMOD (LM-O)#(#E 51 T-LESS BiBEMNZIHER

WIZRFEA L

BACEES LULUS BN T A FEARSE 1%
HE BIK

LM-O 8 - 50,000 1214 9038

T-LESS 30 37,584 50,000 10,080 67,308
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Figure 2. Overview of 6DoF pose estimation network architecture
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Figure 3. XYZ spatial coordinates of the 3D model
B 3. 3D fREUHY XYZ Z=[E) AR
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Figure 4. 3D-2D correspondence points
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4. SCIGHER
4.1. BIE&E

Occlusion LINEMOD [10]%(#5 £ 2 LINEMOD ##58:1— N4, & 3 EZh R HUAEEA RIFR L)
IEPSTE LT 6DoF MMAR S fhivH I v RE .

T-LESS [11]15E4E R 242 F T VPG S 6DoF 24T aE. B8 T KENATILAH
KEAEFIA S, X EG B BRI AL, PR T 2N se i, 523 2 P A S i 5

4.2. TEEIgHR
YR 6DoF LA FALI R RN A 4 x 4 5FHFE:

o
P= @)
0 1
Fr, R N3 <3 MINEFEAERE, T3 <1 P&,

XtF Occlusion LINEMOD #i#545, — RIS R N JEXTFRYIAR ) 3D #18 f5-F- 1415 2 (ADD) [3]
FIXT TR AR 1 3 B A0 S BE B (ADD-S) [4]. 45 BAHMIEREAERE R AP &E T, DAL THE R iess
FEFE R AP T, RS fR bR A R (8). (9):

Cpp =2V (Rx+T)—(1’éx+7A") (8)
Capp.s = a}vA%ilzlein (Rx, +T)—(IA2x2 +]A") 9

He, MERNIDEARENES. WRMATFESMEEREZ NS <10%-d (d A1k 3D ALY
BAR), Ay DL il v R 283 o TR 1

T 5 PVNet AT LA, RATERA T 2D H5E =48 hR, BE A B LA A K14 3D 15
B R EG . W R EBEABRTI S B IR 72 <5 px, WIRT DAYCRAL T HRES 2 IR .

FATA T-LESS #HE£E 5] N T BOP Challenge [12][iFAlifabr. 28— AME&RZE R ECN W] WAR IR ZE
(VSD), & RE YRR WAy, W Toi X o LSRN E LR B AR IRZERECN BRI FRIE
AR AEE B (MSSD), BT e TR R W 2, B iZ R B S P2 ARG, =4
B RERECN RIS TR IR B (MSPD), ‘B %18 1 A& RV RRIE,  IF DU KR B U3 1H
DAFZ Ennt A% TH AR AR & . BT MSPD ANVEAS HTARALGHI(Z Bl AR 15 00, D& ml ik n ) 22
S, e SRS N A K, &S H TS T RGB BRI 7.

gt LR = ANEERZE R, T-LESS B4 FIPEA 845 /2 B T35 1 Al 26 (AR ) K1 &= 1«

AR

AR = ARvsp + AR

+AR

MSSD

MSPD 10
3 (10)

4.3. SCIN4EY

NTIREINERGEMNE, RO T AR EUEATE . S s asi ek 7. thah, A
il i 7 A 2B 0 7 B BE LA A R SR AU RS 5 0l . FEV R FE T, WA I N 1x107, #LEK/NA
4. BATRH RMSProp ME(2=0.99, o =1x10")# AT, ZEALSILIIZG T 200 NEAR, & 50 4ik
RIS ] 2B DL 100 ALFRFRAZEIR I AT A1 #0525 Z-Buffer 15 1.
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4.4. EMLER

M55 T RGB B4 1) 6DoF L&A 11777347 T HL#E, a4 2.2 3 A w o XF T Occlusion LINEMOD
HAREE, BATRITIEATE L EPIE T BIFrtEae. 8 H 20 A48 5U(DS) 5 g 7Y 45 5 Lu 3 F BB
FAE(BBs) )45 B0 NI .

Table 2. Comparison of 2D projection metrics between our method and the baseline method on the Occlusion LINEMOD
dataset (Objects annotated with * possess symmetric pose ambiguity)

= 2. FABNF7IEFIE LR 5 7E7E Occlusion LINEMOD ##E 68 _E#9 2D R AEHREL B (S B BB FRAVES B 1)

- ik Tekin [5] POSFLLC]NN Obeirl\;lizger PVNet [6] Ours
w/o DS w/DS w/BBs
ape 7.01 34.6 69.6 69.14 71.45 73.29 75.43
can 11.20 15.1 82.6 86.09 84.88 85.96 88.89
cat 3.62 10.4 65.1 65.12 69.36 71.25 72.42
duck 5.07 31.8 61.4 61.44 64.14 65.12 67.50
driller 1.40 7.4 73.8 73.06 75.44 77.21 79.67
eggbos’ - 1.9 13.1 8.43 9.33 9.96 10.89
glue* 4.70 13.8 54.9 55.37 46.29 48.67 51.29
holepuncher 8.26 23.1 66.4 69.84 80.01 82.11 84.50
mean 6.16 17.2 60.9 61.06 62.61 64.20 66.32

Table 3. Comparison of ADD(-S) metrics between our method and the baseline method on the Occlusion LINEMOD dataset
(Ob-jects annotated with * possess symmetric pose ambiguity)

%< 3. BAM T EMEL /5 7A7E Occlusion LINEMOD ##E5 E#) ADD(-S)IEFRELE (R S IR B BRI E S

X))
ik . PoseCNN  Oberweger : Ours

S Tekin [5] PVNet [6]
Hil 4] [13] w/o DS w/DS w/BBs
ape 2.48 9.6 17.6 15.81 20.57 23.87 25.71
can 17.48 452 53.9 63.30 62.81 62.64 64.32
cat 0.67 0.93 3.31 16.68 23.98 24.45 25.15
duck 1.14 19.6 19.2 25.24 60.00 61.98 64.05
driller 7.66 414 62.4 65.65 4222 42.56 42.78
eggbos’ 22 25.9 50.17 37.78 41.55 45.56
glue* 10.08 38.5 39.6 49.62 65.71 66.03 66.43
holepuncher 5.45 22.1 213 39.67 41.00 42.22 44.50
mean 6.42 249 30.4 40.77 44.26 45.66 47.31
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UEAh, BTG E MR RS PVNet HEAT ELER, EAFIREE BB TS T, BATRI %4 72 NE
M ANE LI 5)o XFTA ™ B4, PVNet AEFERE BRI UAZ, EATT 752 7] DAAE ok
RKAE DL o

FAIEMG PVNet Ours (w/DS) Ours (w/BBs) Ground Truth

Figure 5. Visualization of results on the Occlusion LINEMOD dataset (The upper left corner of the bounding box is the ob-
ject’s label and confidence respectively)

[& 5. Occlusion LINEMOD ##&£& ERIER T AFIENEZ LB DA EMERREMEREE)

X T-LESS $iitk, BAVES 4 BRI 15 SIE R 723037 7. A=, 7
SR [ R AR R T T, BATIFE T RGB (7774 34 T RGB-D [ 5 152 Y 4.43% . BATTE 2 M 45 3 5 EPOS
BEATHLER, il 6 Frn, MECEEE RKkE, TR0 07 iE B A T i S s AT AR 1

EPERETT T, FAVEH TGRSR SRR & R A s sk 8. nsk 5 FIE 7 R,
B I LSRR T BT R AR PR REEA 20 10% M3 . R 7 T, 4Rk Sk v R R Y
8 ms, Ml 6DoF ZA&AlTHM 4% 75 2 20 ms. FRATHI /7 75AE NVIDIA RTX 2060 &R 12174 35 ms, HEAH
BT SER B .

Table 4. System resulting data of standard experiment

= 4. FRERIE RGEEREE

7 Sundermeyer [§] Ours
o DPOD [7] EPOS [14]
fRb5 RGB RGB-D wlo DS w/DS w/BBs
AR, - - - - 4234 4272 43.87
AR ys5p - - - - 46.89 47.67 48.12
AR o, 13.9 50.4 514 63.5 68.32 69.13 70.52
AR 8.1 30.4 48.7 47.6 52.52 53.13 54.17
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Figure 6. Visualization of results on the T-LESS dataset (The upper left corner of the bounding box is the object’s label and

confidence respectively)
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Figure 7. Accuracy-threshold curves under different training samples
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Table 5. 6DoF pose estimation metrics under different training samples

= 5. EARINGHFEARTH 6DoF 275k itats

izt afi & i EIE +HLEMG
2D #5 36.98 4633
ADD(-S) 49.63 59.54

AR 44.42 52.52

AR A7 ) 6DoF 2S5 A1) 3D BAEZLE] RGB BIHE LA 8), CLREWS I HL a5 A I
Sl 7 A S AT

Figure 8. Example results of our method on Occlusion LINEMOD (first row) and T-LESS (second row)
8. FAIB9F5SE7E Occlusion LINEMOD (5 —1T)#1 T-LESS (88 —1T) L BILE R~ 15

5. &hig

AT, AR T — A28 6DoF Bttt S HESE, IR WA XYZ ALFRIR I 14T 6DoF
AT, X0 DA RO A B RS S A TC SR R . [, R T E) 2D B FRA XS 6DoF A1)
oM, AT TGN T shaB e HURIE R IR et . BATEL 5O ML 7737 w2 & B Pl
PAV T L. LI RERH, KT 36U 5 P R RS AERIA, BAT B TR L k. TERkK
M TAES, FRATPKET 2 AT 552 )R R IR R 2% 254, DLBE v i PE AN R fd b
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