BHSRE

Control and Decision

DS NI T EAR BB TR
Mk, FHTRE, BREVE, MR, BRNG

FIHASC:
XN, E e, kK0, 5. HLEs AHTIBURIN B2 A f R 78 SRR #8153, 2020, 35(12): 2817-2828.

TEZRIR]IE View online: https://doi.org/10.13195/) kzyjc.2019.1145

FRTT BRI A SRR

Articles you may be interested in

— Rl DCCE ) 22 SR AN M PR A J SR
A high matching layered costmap generation algorithm

Pl S5, 2020, 35(12): 2883-2888  https://doi.org/10.13195/j.kzyjc.2018.0721
(AL 5 AR, & (A e 3

Convex optimization and A-star algorithm combined path planning and obstacle avoidance algorithm

P 5P 2020, 35(12): 2907-2914  https://doi.org/10.13195/j.kzyjc.2019.0351

BTG AL T AcrobotZi Mk F PTG E

Robust stabilization of planar Acrobot using linear active disturbance rejection control with immune optimization

Pl 5 H K. 2020, 35(12): 3053-3058  hitps://doi.org/10.13195/j kzyjc.2019.0289
SRR E R ZEQ-7 T AR T 542 il

Q-learning optimal state estimation and control for discrete systems with unknown parameters

PR 5P, 2020, 35(12): 2889-2897  https:/doi.org/10.13195/1.kzyjc.2019.0180

T LA T B0 S IR ARAS D5
Real-time fall detection algorithm based on pose estimation

P 53, 2020, 35(11): 2761-2766  https://doi.org/10.13195/;.kzyjc.2019.0382


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1145
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.0721
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0351
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0289
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0180
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0382

¥35% 55128 = % 5 xR Vol.35 No.12
20204F 12 H Control and  Decision Dec. 2020

28 AATHUE N S AR IR 5T IR

X I fRI2, ML B EMLZ Ay B A L2

(1. W ZRIE T K2 (8 AR5 g TR0, LR JE0E 264209;

2. BHET LA N SR Reds & o 7B, 1L 2R g 264209)
B OE: NN T RS R Ecw R SERESNE, LA A B EINCE 2512 B N AT 5, T4k
FEN GG LS T T B I ST, SR 1, FE AR S5 MR EE M T R T RS I HERR IR 4R /& — TR AT PRt A
FMEROTETE. g AAEES K 34> 5B 05 T K6 I« FURIANSZ . A 5 125, 66 A4 I A R, 28 2 B ShAE
IRTEE, 47 Bh T 5 S HTURLEE A2 1 BRI ARSI A (0 S B 4 b, DARS I A 5 AT SCHR SRR, A M i 2 56
YRR 7 T A AR U AR, MR 75 B U P S 56 KR 1) £ FE T R, 48 38 40 iR L A AR R0 SR S A 1)
PV, 3 208 A ) P BTCHR H A - 28 B 65 149 S R TCHROARG, U 7 v o AR S o5 5 S L A AT
FAR MR R T7 1), AR iRt — e 5%
FEERIA: MLAs N UGG, 583k, Rk RE%3
FEDHS: TP18] XERFRERD: A
DOI: 10.13195/j.kzyjc.2019.1145
SIRAET: W AR, T 40, ok 0, &5, BLAS A HIUHUR 2 A AR 7 0K [3]. 451 55 15K, 2020, 35 (12): 2817-2828.

Recent researches on robot autonomous grasp technology

LIU Ya-xin'?, WANG Si-yaol, YAO Yu-fengu, YANG Xi', ZHONG Mingl’Tr

(1. School of Naval Architecture and Ocean Engineering, Harbin Institute of Technology, Weihai 264209, China;
2. Industrial Research Institute of Robotics and Intelligent Equipment at Weihai, Weihai 264209, China)

Abstract: As the most common and basic robotic movement in environment such as factory and household, the
autonomous grasping has various application prospect. Although researchers have paid higher attention to the robot
autonomous grasping in recent decades, grasping arbitrary objects accurately with arbitrary poses in non-structural
environment is still a challenging and complex study. The robot grasping involves three main aspects: sensing, planning
and controlling. The first step is detecting the targeted object and generating the grasping pose. It is the precondition
of the successful grasp that helps achieve the grasp path planning and the entire grasp movement. The literature review
in this study is mainly based on sensing. Firstly, the grasping technology is introduced from two aspects: analytical
method and empirical method, and the empirical method is divided into the grasping of known objects and unknown
objects from the perspective of whether there is prior knowledge of grasping objects. Moreover, the typical grasping
methods and their related features contained in each category of unknown object grasping is detailly described. Finally,
the development direction of robotic grasp detection technology is prospected with the aim of providing references for
the relevant researchers.

Keywords: robot; grasp detection; empirical method; unknown object; deep learning
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