Self-supervised 6d object pose estimation for robot
manipulation
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OVERVIEW

We propose a novel self-supervised 6D pose Self-supervised Learning
estimation system for robot manipulation:

Grasping

= Based on [1], the pose initialization module
accurately estimates the objects’ poses.

* The pose tracking module tracks the
objects’ poses in different viewpoints.

= The robot interaction module controls robot
to interact with the objects to generate new

scenes.

* The self-supervised training module fine- Pose Initialization Rabsst tahetion
tunes the deep neural networks to boost the Multiview Pose Tracking & Data Collection
performance.

[1] Deng, Xinke, et al. "PoseRBPF: A Rao-Blackwellized Particle Filter for 6D Object Pose Tracking.”
In Robotics: Science and Systems (RSS) 2019
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The Pose Initialization Module

IHRESMEITRIZ | image-->mask-->pose-->refine-->varify

RGB-D inputs Segmentation & detection PDseRBPF
'- S |

2D view 2D view
E Encoder H - I Bk — Good
- - ot
E—

ﬁ Encod H . Evaluation
Rol Code Likelihood
Filtering K steps

Sample
particles

3D view 3D view

SDF-based pose

Bad
refinement

I Change the viewpoint and reinitialize I

For each object

I FREFNRGB-DEIR, BEEBEXNBIMYEAYIE#ITOEFIRG) . XHEMPoseCNNAE, RIMUSEIRERSIHIHE,
MEMAXYOLO. SSDELURENE BT OAER, EREUWIEMImaskis, £ PoseRGPF&ITRHIT, AS(EMA



Signed Distance Function(SDF){{tLRFT.
n _n 1 _
(t,R) =argmin »  [SDFu;(pi,t,R)| + Agllt = t)|?
t.R
' Pi €P gy

HBRR, TZE, £6YAEEERRGBDERE R, MV ERESESLE R XfLt, ERGBHMdepthZEa a3t &EIRZE, M
RIRET K, IAApose fHitLM, EFEITVAMALZR, EiHELRED, AFRNELRBHEMmask (ZREMEGITHEHZEESE)
REIEREMELEBImaskEB2M T encoder, IREUFHE, REMFHERZM T cosinBEBIITHE, EAMITEEHIRE.
encoderZB 3 AT LAEFCNNRFHIER, thillvggls, alexNetEEDEE,

Cooro> . Comtarmrsan

Renderer [+

Depth Depth
3Dmodel  Synthetic RGB-D Depth eror Real RGB-D

The Pose Tracking Module
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The Robot Interaction Module
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The Self-Supervised Training Module
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+20% | +40% | +60% | +80% | +100%
Model Synth. Real Real Real Real Real
master_chef_can 69.3 88.7 92.8 91.9 91.6 93.9
cracker_box 84.7 92.8 93.0 93.4 93.0 934
sugar_box 83.0 92.0 92.0 924 92.5 92.6
tomato_soup_can 83.6 90.2 90.5 90.8 91.2 914
mustard_bottle 83.9 92.5 93.3 93.3 93.9 94.2
tuna_fish_can 42.3 90.1 90.2 91.7 91.7 01.6
pudding_box 61.6 85.7 84.6 85.9 87.1 87.0

gelatin_box 66.6 83.6 | 832 | 83.7 | 82.0 84.6
potted_meat_can | 62.9 84.1 854 | 864 | B86.6 88.6
banana 79.8 87.3 88.2 | 89.0 | 89.0 89.3

pitcher_base 51.5 863 | 843 | 88.0 | 89.7 89.6
bleach_cleanser 57.9 8903 | 92.1 | 933 | 90.2 934

bowl 69.8 904 | 925 | 932 | 945 95.4
mug 69.2 903 | 909 | 914 | 92.0 91.0
power_drill 66.1 844 | 873 88.0 | 87.5 88.5
wood_block 64.2 826 | 80.2 | 85.1 86.0 86.1
SCISSOrS 36.3 719 | 758 | 774 | 715 78.9

large_marker 555 | 738 | 756 | 762 | 754 77.1
extra_large_clamp | 15.5 763 | 76.0 | 79.1 | 717.1 79.1
foam_brick 122 | 865 | 86.7 | 87.6 | 86.6 88.9
MEAN 60.8 | 859 | 86.7 | 879 | 878 88.7
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Experiments
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Success | Avg. imtialization Avg. grasp
rate [%] | time per object [s] | duration [s]
synthetic data only 46.70 10.04 (std: 15.98) 21.27
synthetic + real data 86.70 4.48 (std: 5.71) 15.47
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