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6D object pose estimation for low-quality rendering images

ZUO Guo-yu!, ZHANG Cheng-wei, LIU Hong-xing, GONG Dao-xiong

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2. Beijing Key
Laboratory of Computing Intelligence and Intelligent Systems, Beijing 100124, China)

Abstract: The 6D object pose obtained from single RGB image has broad applications such as robotic manipulation and
virtual reality. However, the deep learning-based pose estimation methods usually require a large amount of trainging
data to improve the generalization ability of the model, and in general, the common data generation methods have great
challenges in high cost of data collection and lack of 3D information. This paper proposes a 6D object pose estimation
network with low-quality rendering images. In this network, the feature extraction part takes a single RGB image as
the input of the network, and uses the residual network to extract the features of this image. The classification stream
of the pose estimation part predicts the category of the target object, and the regression stream returns the rotation
angle and translation vector of the target object in 3D space. Moreover, the domain randomization method is used to
establish a large-scale low-quality rendering images with the 3D spatial position information in a low collection cost. The
experimental results on the established Pose6DDR dataset and the public LineMod dataset verify the superiority of the
proposed pose estimation method and the effectiveness of the established large-scale simulation dataset.

Keywords: 6D pose estimation; domain randomization; low-quality rendering; RGB image; Pose6DDR
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H13% 3 11 5 cm 5° AL SR T I, BB 1) 8 X &
- #4 1 #f % Lk Deep6DPose 15 £ 3.3 %, Deep6DPose
tt Brachmann & 27.5 %, Deep6DPose #fl Lt T BB8
A1 Brachmann 5 i 2 5. 18 7E M0 &, ALK
5cm 5° 45 31 151 Lt Deep6DPose i ik — L&, {H Lt
Brachmann /5 12.3 %. b4k, 75 A SC 5 0 45 R, B
BU T 5 K FE 5 T Deep6DPose F11 BBS, U1 HS & £ 1
W B R 92.5 %. A SC 7 VEAE G 1 RS B S P R
R 2 R T BBS. AT &, A S VEAE IR
AKX G B AR BRSO e 22, Y72 5 AR A8 S 3
P 2 18] () 22 ot izs 8 i 1 FE 48 5. 5 Deep6DPose AH
Ee, T BUE A SO EAE ek FIE B R E .

F 448 ADD JZ EFa bR T 8 X R A4 Ak
145 5. 0T LU 3, Deep6DPose 77 7% 1) 24 A 14 E
BB8 i 22.9 %, A% 3 J7 V% 7E BB8 1 Brachmann J; 1] 1t
PR FR I AT, H S /K T Deep6DPose. 37 7E Fi A /7
T R R A T AT, (A ST TV 49.0% B HAh

JIEE R BRI S, A SO 4G T RA S W
HER R 45 R, ££ ADD J&E 8T (145 3 b H At U7 vk S A
SE. I E R B TR A R R HE O
i — L8 TE, IR HARYI AR S 1 ARG R 3Rk
37 Eem A RS L. S R B, 18 ] LineMod %X
38 S U 5% W 2% 45 74 EL A3 ] Pose6DDR #4848 2 4E
WH LA, HJa & B Em ke, K5y
LineMod ¥ £ _E 84> H bR 445 G 2 il 1 ) &5
EN

&5 LineMod B{iEER G TMILLER
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A B E F: KR EE AR B ARk 6D &S 4t 141

4 &

AP T —F0 T MK RGB B H 3k H
BRI 6D o7 25 1) X 4% 235 K4y 1% W9 28 S5 46 AT DL B3
HAl T E T e ) FE AN S5 Ok &, v H EAS 2 T4
BLIR 6D A7 4 Z 40 BAb, SR AR 0T & R 3 FVE e 4R
4 37 Pose6DDR KU 1 FLALHE 48, i 404 42 HA
1480000 5K P15, H B BUAAR. i 1 175 1 4 4=
ZroD LA TH 2%, R T HAR A A R, 5 HAR
55T RGB EZ ) 6D WA S 2 Ak v 7 15 B X)L 45
BN, BT O VEE R ik B B B AR 2R 4R
T, 7 H IR S LR . 2 TR SR B A, A AN ]
HIJTIEY TR R 4R, FE 0808 90 26 b B 58 &2 2 37 5 1
Bt Bt RE.

S E 3 fk (References)

[1] Correll N, Bekris K E, Berenson D, et al. Analysis
and observations from the first Amazon picking
challenge[J]. IEEE Transactions on Automation Science
and Engineering, 2016, 15(1): 172-188.

[2] Lepetit V, Fua P. Monocular model-based 3D tracking
of rigid objects: A survey[J]. Foundations and Trends in
Computer Graphics and Vision, 2005, 1(1): 1-89.

[3] Rothganger F, Lazebnik S, Schmid C, et al. 3D object
modeling and recognition using local affine-invariant
image descriptors and multi-view spatial constraints[J].
International Journal of Computer Vision, 2006, 66(3):
231-259.

[4] Wagner D, Reitmayr G, Mulloni A, et al. Pose tracking
from natural features on mobile phones[C]. The 7th
IEEE/ACM International Symposium on Mixed and
Augmented Reality. Cambridge, 2008: 125-134.

[5S] Rad M, Lepetit V. BB8: A scalable, accurate, robust
to partial occlusion method for predicting the 3D poses
of challenging objects without using depth[C]. IEEE
International Conference on Computer Vision. Venice,
2017: 3848-3856.

[6] Tekin B, Sinha S N, Fua P. Real-time seamless single
shot 6D object pose prediction[C]. IEEE Conference on
Computer Vision and Pattern Recognition. Salt Lake City,
2018: 292-301.

[71 Peng S D, Liu Y, Huang Q X, et al. PVNet: Pixel-wise
voting network for 6DoF pose estimation[C]. IEEE

Conference on Computer Vision and Pattern Recognition.
Long Beach, 2019: 4556-4565.

[8] Cutler M, How J P. Efficient reinforcement learning
for robots using informative simulated priors[C].
International Conference on Robotics and Automation.
Seattle, 2015: 2605-2612.

[9]1 Kolter J Z, Ng A Y. Learning omnidirectional path
following using dimensionality reduction[C]. Robotics:
Science and Systems III. Robotics: Science and Systems
Foundation, 2007: 27-30.

[10] Movshovitz-Attias Y, Kanade T, Sheih Y. How useful
is photo-realistic rendering for visual learning?[C].
European Conference on Computer Vision. Cham: IEEE,
2016: 202-217.

[11] Tobin J, Biewald L, Duan R, et al. Domain
randomization and generative models for robotic
grasping[C]. International Conference on Intelligent
Robots and Systems. Madrid, 2018: 3482-3489.

[12] Xiang Y, Schmidt T, Narayanan V, et al. Posecnn:
A convolutional neural network for 6D object
pose estimation in cluttered scenes[J]. 2017, arXiv:
1711.00199.

[13] Do Thanh-Toan, Cai Ming, Pham T, et al. Deep-6dpose:
Recovering 6d object pose from a single rgb image[J].
2018, arXiv: 1802.10367.

[14] Hinterstoisser S, Lepetit V, UiC S, et al. Model based
training, detection and pose estimation of texture-less
3D objects in heavily cluttered scenes[J]. Computer
Vision-ACCV, DOI: 10.1007/978-3-642-37331-2_42.

[15] BrachmannE, Michel F, Krull A, et al. Uncertainty-driven
6D pose estimation of objects and scenes from a single

RGB image[C]. IEEE Conference on Computer Vision
and Pattern Recognition. Berlin: IEEE, 2016: 3364-3372.

fEE®EN

EHEE 1971-), 5, B, 4, WEHLE A fH] L Hlas
NZEX] BT E ST, E-mail: zuoguoyu @bjut.edu.cn;

TREUEL (1996—), 55, A2, MHHLASHLGE L IR B 2
FIHF 4T, E-mail: ZCW0356 @emails.bjut.edu.cn;

XUEE (1996—), T3, fil-LA:, IFEHLAALH . HLEE AN
FIEIHF 7L, E-mail: xingl @emails.bjut.edu.cn;

SEIEME (1968—), T, HoZ, ML BRENLES A
#1077, E-mail: gongdx @bjut.edu.cn.

(FrtEmit: )



