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Self-supervised learning base target picking system for dual-arm robot
considering object instance occlusion
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Recently, robots are introduced to warehouses and factories for automation and are expected to execute dual
arm manipulation as human does. We focus on target picking task in the cluttered environment and aim to realize
a robot picking system which the robot selects and executes proper grasping motion from single-arm and dual-arm
motion. In this paper, we propose a self-supervised learning based target picking system with selective dual-arm
grasping. In our system, a robot first learns how to grasp and how to distinguish items with synthesized dataset.
The robot then executes and collects grasp trial experiences in the real world and retrains grasping model with
the collected trial experiences. Finally, We also propose the learning based target picking system with selective

dual-arm grasping and evaluate picking task experiments in the cluttered environment such as warehouse.
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’ Graspable category Object names ‘

Single-arm graspable || DVD, Toilet brush, Brown sponges
White binder, Green notebook
Ice cube tray, White socks,

Aluminum foil, Pink table cloth

Dual-arm graspable

Both graspable

7.2 Mask-RCNN % TIC L 2 BERFRHETIVICEL D
WikA > 24 Y A 0R - EREIE D EIER

Mask-RCNN #% JGIZ U 72 JERE S 772 & 2 IR pE 4y
EIDOFAE U T, 7T AR EYEEER mAP, 75 A4
SEYIREIR D FIRSTE mSQ, 7T ARPEYIA VAR Y ARG
mRQ, 77 APEYIA Y AR Y AGES D EREE mPQ D4
FEI% [Wada 18] % FHHWTEMii%Z 7> 72, AFTTY /) 57—Y3a v
U =8 —& 2y MU CTEifiz 7o 22 25, £2 I
BHIRTHEENEL N, HEERT -4ty N TH¥HEL-EF
IVTE Y T AR REIR S RS mSQ 1% 0.503 & @M EZE
RUTWBZENhnd. £7/2K2 FEEIATTY /) F—va
VU THERL -2 ET -2y h 2 VT EEL - €
TONOFHIFERTHY , ABERT -2y N TEHL €T
Ve KEBVFERE L THY 27 5 AR B mSQ
£ 0.004 721 @MEZE R E WD KERMAES 7.

7% 2: Mask-RCNN % JGIZ U 72 #ERF S Pl E 7 VIZ & % Wik
VAR AT BRI 43 A R

‘ Model H mAP ‘ mSQ ‘ mRQ ‘ mPQ ‘
Trained with 0.491 | 0.503 | 0.449 | 0.240
synthesized dataset (Ours)
Trained with 0.606 | 0.499 | 0.329 | 0.169
human annotated dataset
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