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Fig. 1 Framework of review on autonomous operation

technology of vision-based manipulator
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Fig. 2 Schematic diagram of position-based visual servo
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Fig.3 Schematic diagram of image-based visual servo
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Fig. 4 Schematic diagram of reinforcement learning

2.2 ETFUEBEIMNNMERET

BT WB 25 ST HLAE A VR 508 o0 A
SR 32 Bh 4R T 3 5 . 30 ok TR A 48 I 4% S LM A
BN, A AU 22, OR i 1ok 300 328 oy 2 AR 6 A5 51
PR LB . 35 VR B 2 2T I LA 2 1 0F 5% 32
FEAE R ARG L, AR IO A R TR, £ 4%
A 2D T TR 6 > 3 H (6 Degrees of Free-
dom, 6DOF ) [ HIUHC, 7 3 4 53] D3 P A4~ T 1 Jig IT
.
2.2.1 2D F&@IEK

F£ 2D ST AR5, 6D 14T A 25 1T LA
faifk Ry 3D Kz, B 2D 11 i A AR AL B LA K 1D Jie
BEF R DHCTUBURS I AT LB AL S 5 H bR kG 0 AH 2
B ] 5. 2D ST A B 3 240 45 3 T IO TE A
T v A TS AL T ik,

1) FETIBUEIAG AP Al T

FE 2D -1 4 AREURG I J5 3k v 38 oh T2 1
XU IE SEA T Ak T, H 07 ik R BT L4y S 3 F 4%
Iy TR A v AN TR A Oy k. e
REF T7 R I SCHR [ 36 ] Th % 5D (4R
LB (oy,0,h,w) 6 (o, y) FORPUREE 1.0
R ARKR 0 FRRFEIE e i h Al w 7RI
A PNA

ST 432 5 BN 25 43 28 25 XA 358 118 BTUBCHE 2
FroPAl | BB A TUBCHE . SCHR [ 36 ] 14 UK R 2
) FHFHUBE IO, SCHp 3 T8 s B ik, 42
H T AR B SR R G, 1 /N 1) i 22 T 45 4
RIGTEMIHETE | SR I ) 38 K1) 1 46 0o 288 ot VS 7 1Y)
FOE A THE , SR BSERTREIY 127 IR TE BRZS R 8L
Pt FHUS T R AF AR UM, 84 SCk [ 11,
37] 4.

ST IR p o — R B A W 7,
BV 245 BTIBHE 59 07 B S5, WnSCiik [ 38-39 1 19 T
YE. 5380, SCHR[ 40 ] FE PR R A m 3, R 25
P 2 Xof R ) B MR R AR B — A LUZAR R N
HL TR T A 11

H BRI S5 7E B bR IO I Ry A R )
12— RA ST H BRI A 5 245 BBk,
A T Ko JRR B 3 A T TCEOAS 0, 2 S ik [ 41 ] ) FH X
I A B 245 1) H Bk X8R, 28 5 R 3 T4 200
T S A R TUBUA B, 28 (U A SRR [ 42 %655
Hi, SCHR [ 43-44 ] W 3T Faster RCNN ) B8 41 %t
Faster RCNN H ARA I 315 v % 45 2% 18 H b AE A B2



AR 24 » 2 0 ARRIEID ,2021,13(3) :281-290

Journal of Nanjing University of Information Science & Technology ( Natural Science Edition) ,2021,13(3) :281-290

R TR, 70 S [ DS I s T A 2 15 2L

2) FETHUBCEA TR ITURAL LA T

TE 2D S B PTURCR  AUBC it n] LR — it <2
PP, — BRI TREERTT I, IR i A TR
PR B 28 A ATCIBC AT, 2 T3 e e 422 ) 2% X i 41
WS BB 1) T RE A T IPA. 40 Mahler 451 42
H T GQ-CNN AR T AXHUBL L AU Ey vl fE
HEATAR T 55 A6, SOk [ 45-46 ] T X5 3 2 1 AT
SRR, >R FH 424 FR R0 268 % A — MR R kAT
ARG THAT R ITUBOS D A AL 1, 2 17 AR 3 ME 3 ]
AT R
2.2.2 6DOF #RE

6DOF BYFMUHAL 22l 1% JE TR A4 77 1k
AN TR B 75 1 P TR 4 5 7 1 B R
ARV AR 5 A5 7R R 4 A PP R 4 AR S i A
TR J7 1 0 B AR S O A T TR
fr .

1) TRk

X Hh P rh 2R AR B HTCBORT e o DC R )
iR Ry R = 5 B AR B 2 v AR R AT LI
PEMIFFE] 6DOF PR %, AT ZEXH AT Ak T
X AR F AR BPIR, AT AL THIH 6D %35 (2
Je i T 24 A H bR xRS 80 2 B AN e 4 i
[, BT LA AT DL a2 >0 O H A5 -5 R0 e s R A
XN G R A BT

2) AEETHRITTIE

TEARZAR O T I B & 18 BB R e 12 | 2
RRRL B 7 12 2 SR, T AN ik TS AL (1 Jy ik ] L) P 4
FRBUPTIRAL LS | s — ol 5 DRyl HH (4 77 9%, DRI 8 32 56
T A TR R 05 2] LU o s i S = 8 2 H
PRESAGTH A7 IEAF BT 2.

JRyER 5z AT IR AR AL SR R A B R s =
B AAG T 6DOF JUBE . — M7 52 2 T R
7 T A SR B T A STV 4 i 32 , R X 4TUHR
fREIEIEAT 43 IS BP9 B e A A UL 2214 7
Hb, AT B AR i B HEAR I 4 A JR B 2 A
28 ISR 51 ) A AE 50 F G fith i 2 e 2 1)
PRI ZE.

FEHA Y 6D WAL 22T LA R 52 TR 1
iR, —SBHTFE N B H AR E AT Al LR THIT
WA R R0 A, e R H b L AT AR A A
P ZEAG VT RIDRG B 5 T 0, A7 BRI SN T
MR = 5 RGB-D R s & iy F R iy

285

JUfIAR , ST X IR A BEA T A

2.3 ETFERMREBEINNWERES

TC B s Ak 2 2] 7 IR A HUUE E 5 IR kA T
ZH R A E2F AT X IR T A
AN Z 5. H A a Ak 27 > Bk FE 1T HLAR
B A AR A A BT 32 ZE AL TS B B O AR ok
A7 AR G B R RN SR N W g 4 BT B B 9
SR . AR 22 MUARE 1 VI 25 20 5% B HK AL R
PESREUE B SRR b2 T RS A
SHUHUAE s 7 3B 7 vk I G R P ELSCR
BT AR S Bt v 2 P LA B8 H AR
SR GIRA IR, G A& 5 3@ v A7
2.3.1 RAmBihla B sk

155 TIRBE 2% 2] XF IS () M GE 7, 1R 2 Bif
N DU TR BE 5 2] BB N 25 3 i Ak 2= ST AT 45 2 5
W FEREH

SO R AL AT S R A2 2 S0 2k
LA B S I H AR AL AN T SO A 2 A 1
07 AT RN PUMUE AR H AR A 8145 B, R 5
KBS R TR 2 SN 20 Zuo 5 155
i1 Encoder-Decoder [ 46 X HLAHE 14 07 48 2E 17 il
T, SR s Ak 2% >0 B 7 vk A T R X AT vk h
TG B i Ak 27 ) 3o R R B e LA B 45 ) 1L 5
T ORI RRE R R 2 ) Ak 2E 2 SR 2
g5 E IR RS TARAE A RRAE R, 4 STk [ 66-
671, & A H AR5 2 H bR e R th 07
ORI X E AR BT ) R Stk A7 RRAE 1 AR 15 2 R
A ) 2, 2 TR FH 58 A0 2 2T B8 32 8 AR 41T ] 2 B S
AU A BIAE , Uk, i SCHR[ 68 . Rl Hb , 55
TR s Ak A 2T 0 e R AR I AE BL AR Y 4 ol
B

A IBIEFE N 512k HTH 2 RS R 0 5
RIR 4 A5 AR 28 I 405 44 R R 114 P14 Bt Bt A HTCHRL 1Y)
PO AR PRI B AR & AR5 R s 30
SEAR MR T AT AN Zeng 25 RN HIREE
SEEREE R Q 48 3K A I GRATUBCRN 4 31 1) 2
1B, HEE2 RGB-D AHHLAYULIAE R A, FIH Q
D 28 45 BT LA B e s & g 4 00 J JF 8 — 1
LA EAE R BT B SR AL T kA SR
[70-73].3X— 2807 vk hom Ak 2% > 1) o B AR B A8 R
JZ T b AU 285 B A 3 22 2 1 it G 5 08 T IR
FE2E 2T 0 77 2 ARG b e A7 FICHC S R I ) TR 2

9

S



W23, A5 SRS LIS [ 1B ZRIE.

286 YANG Xuewen, et al.Review on autonomous operation technology of vision-based manipulator.

I AE S P& T B Bk Oy R IR AR A AR, AN
SR TAE S5 BN L, HOR AR R R T B AT R
TR A B R AR AL B i B ROR K
T AL AR A2 | 75— L6 e B 415 3w 1Y TR JiE
F BB SRR R I E .
2.3.2 SREB|SmEgIEH Ok

i 38 i 4 42 ) D7 o PR B Sl A ) A WS
BRIV e PR v SR A B 1 R AR IR A o 4 i I
PGSR MU 1 — 2L g, SC il A LR
JUAF T3 — SRR LA 1) 4 1 0k 77 i
By Hoh AR 1922 SCHR [ 76 ] Y QT-Opt
4.4 Kalashnikov 257 fE 52 W) 6 FASCT HLAVE Xt
PR RIS, 25 B BEHLOL AL 1Y 7 B % DON #E4 7
etk AR T DON X i 22 Bl 1 25 8] 10 4b 317 ¥ X
ol R B S A 1) 4 W S 1 428 o D7 vk S s 24 L TR
Az ] 7 0 v R S ) R A B T
FREFEE T T 12, 31X B 3l 25 DA B | 42 ) O RE AR R )
T G IBREHE BT L) LB B s T RAE R
B

2.4 ETFHBIRSVHEE R RBZS K

1525 TAEE7KF- A BB T+ L) B S o 45
R WE A | 3 T 50808 3K 3 A HLARUE B 35 45 TR
BT RRM R, R T B KA.

BET W 2 o] B ) DD I PRV sl R B T 44
153 e A UL, 22 AT PIVHRL, i B T IR B i 48
W 26 B R P B BURE 7, T DA BV AR, B E R
1) BARIEATHRAE , SR X — 207 ¥ v AR 72 LR
FI AT IR T L P8 R A 1 I Rt 48 ok 4
f4). E T 8 FH A 508 4 10 R 2% JR K2 1 JiE 4% /K
PUBCECHE AL 2SR AT A 50 a0 45 8 T DL 5 20
BRIEATAE B ARRAT 55 19 S B 5 B 1L 1 o 2, ket
B T AN TARE M F2, W Pinto 250 75 80 & WL
AE#R 700 h SEJK 50 000 YRATH 2. 75 sk o 4
KA 8 BHME AL TR 2 A4 H AT ] >R 4E 800 000 K
PR AR 33 P R B A K dl SR 2 S AR 5 )
.

FET IR 2 S W AR 0 2 ML A B 5
WEEIAT2C 0, NIRER 5 &3 2= 2] | i LA
YN —MEN—FER KM, 3 Fh 7 0] DL S B A
ELEF AL EREE S B M 1A T4 ], AL AR
L b T B ) IR BE. B AR X R Oy A AR ARG A Ak 19
Soh RS T E R B A 5 KR
FAPE—SE PR ot PR A 3 AR AR AR

FIAE R HATINZRNY, 40 Gazebo | V-rep 5. —N A
ek FHE SE R HUE 1045 5 IR B b AT T B dfE L) &
P, B 5 0 NS HUME A B i it &, 73 oh— I A
SEAUBRE 0 1l i A TEAE LB AH R 7 HAR R S
HSABERANR 14, 7805 IR U 2R A B A A —
EBE BN T H SR 5 A7 BLPR 5 3 B S0 3R
R A% 2 — A SBR[, A 7R 5 R BE Y 52 L
AR AL AR O E Ay, EAE
M S AU * KM =7 > B0 IR AENURUE 9 B 24
A il Dl A R R L 4, A A ) 2l
PR E IR 2R A RIBESE.

3 FERBFRSEHENGE IR

LI SIAUAE ARl R BT FEXIAR 2222 3 1)
PUSHR BAT T B A B S PRI, A Tl AR R
S SHU S AR AU L B TP T A 5 R 4B A, DAL
SR [E NS B )2 T i Bk A A SR
827 AN ) B8 R 47 F 2 Ao SR s LAV A 32
VRNV AE M S AN AT ML W TR ), F2 b J2
B P e Lo ] A X i R 54 A 5 i P . B AR H
A5 TR SE S S AL 1 £ ARk i O 55 iR 2
G5B T A B H A S (HR AR A T i
P ) BRIE A7 0 AR — Se GUsh A A B
Y SR BR A, T BT 0 AR St AT HAR BT, ORI
A SR M

oI TEH M (P =K T 2 Ash =
LSEIRSIHURE B AR, DY L3 X A
Sl SR PR AT 23 BT T PR PR B AN [R] T il s A B
EALEE R BN H AT TG R R H R Xt
TEPE TR AR T S 5 0] T T Wl 2 77 02 1) 0k A, 522 )
TOKE BB HURE AT T 5 A . T T % 5 B
LR BEAT 73 4T

1) F1XH L SR ShALARE 1 B ARk i 7F 5 A
FERAEBAR A A PR R 2EAT 1Y, X T X A ] E A
Yseh U SR S ALARE A 35 /Rl T LABRORS B4 1Y
GER AHRAK T X MAES M S 5 T
SMERTEIE bk 2228k Sh AR LECR JdE, B
SRS U F AR AL ATS SR T I 2 R B .

2) HAITAR 2 H AR A {7 BB p A7 52 4
NZRE, Anfal A 25T 3% 2K T LS A HLARE Hh ik
11 B B i — 5T

3) KT EEM G RER SRR R
— A EA PR A L K T 5 T A B



AR 24 » 2 0 ARRIEID ,2021,13(3) :281-290

Journal of Nanjing University of Information Science & Technology ( Natural Science Edition) ,2021,13(3) :281-290

FRRIR T Bifi b b 7 — 635 4 sl H RO B8 2 0
FIOK NS, AR EEARMLAE , I K T 5 h iR
B E BRI — K s

4) ABIEERE BT i ) B A0S IR shALWE B 3
YEMVBIFGE Y, W00 — A~ S R 22, AR T K g
WA BB A5 DR 28 R S e R 4 B A KR [BIHG  f
AR, X T 3 AR R

5) X ZR M AR EE 5 I H AR ) 2 ARk
BB RN DL ST B U Rk TR E 2
Pl B B[] 1 FH LA 384 55 Xt o1 S 3R 858 A9 JB T, G #R
LIS SR L K T IR A Al 2 A Jk
A B AT A 5 A R A A A

4 Mg

15y ZA

RS ML T LT B3 0 5 ) R T SR IR BN
RIS 7 160 2R RSB E 11l WL A
WSS 2. 1 J6 A 48 T AR I1 7 1 o JEL 0 S8 1
55T PR LIRS 1507 v R 0 BRI 3 R L OF43
HFHE TR )43 4 77 3 o 47 7 10 1) . B I 1 e R
T i N T 1 0 5 1 R 5 743
B 5itie.

S 3Tk

References

[ 1] Zhao B L,Zhang H B,Lan X G,et al. REGNet; REgion-
based Grasp Network for single-shot grasp detection in
point clouds[ J].arXiv,e-print,2020.arXiv;2002. 12647

Mahler J, Liang J,Niyaz S, et al.Dex-net 2. 0:deep learn-

ing to plan robust grasps with synthetic point clouds and

[2]

analytic grasp metrics [ C ] // Robotics: Science and
Systems XII[.Robotics : Science and Systems Foundation,
2017.DOI; 10. 15607 /1ss.2017.xiii.058

Borst C,Ott C, Wimbock T, et al. A humanoid upper body
system for two-handed manipulation [ C] // Proceedings
2007 IEEE International Conference on Robotics and Au-
tomation. April 10— 14,2007, Rome, ltaly. IEEE, 2007 .
2766-2767

Hodson R.How robots are grasping the art of gripping
[J].Nature,2018,557(7704) :S23-S25

K% . el BaE LA N (1) BR K5 B
RO B EE R TR (AR R) ,2013,5
(1).1-19

SONG Aiguo.Force telepresence telerobot (1) ;review of
the history and development[ J ].Journal of Nanjing Uni-
versity of Information Science & Technology ( Natural
Science Edition) ,2013,5(1) :1-19

Weisz J, Allen P K. Pose error robust grasping from
contact wrench space metrics| C | //2012 IEEE Interna-
tional Conference on Robotics and Automation, 2012

557-562

(7]

(8]

[11]

[21]

[22]

287

Bohg J,Morales A, Asfour T, et al.Data-driven grasp syn-
thesis: a survey [ J ]. IEEE Transactions on Robotics,
2014,30(2) :289-309

Shirai Y, Inoue H.Guiding a robot by visual feedback in
assembling tasks [ J ]. Pattern Recognition, 1973,5(2) .
99-108

Jonschkowski R, Eppner C, Hofer S, et al. Probabilistic
multi-class  segmentation for the Amazon
Challenge [ C'] // 2016 IEEE/RS]
Conference on Intelligent Robots and Systems (TROS).
October 9 - 14, 2016, Daejeon, Korea ( South).IEEE,
2016:1-7

Zeng A, Yu K T, Song S R, et al. Multi-view self-
supervised deep learning for 6D pose estimation in the
Amazon Picking Challenge [ C ] // 2017 IEEE
International Conference on Robotics and Automation
(ICRA).May 29 -June 3,2017, Singapore. IEEE, 2017 ;
1383-1386

Pinto L, Gupta A.Supersizing self-supervision ; learning to
grasp from 50K tries and 700 robot hours [ C ] // 2016
IEEE International Conference on Robotics and
Automation (ICRA).May 16-21,2016, Stockholm , Swe-
den.TEEE,2016;3406-3413

Hill J.Real time control of a robot with a mobile camera
[ C] //9th International Symposium on Industrial Robots,
1979.233-246

Chaumette F, Hutchinson S, Corke P. Visual servoing
[ M ]. Cham; Springer International Publishing, 2016
841-866

Hutchinson S,Hager G D, Corke P 1. A tutorial on visual
servo control[ J ] .IEEE Transactions on Robotics and Au-
tomation, 1996,12(5) :651-670

Malis E, Chaumette F,Boudet S.2 1/2 D visual servoing
[J].IEEE Transactions on Robotics and Automation,
1999,15(2) :238-250

Dhome M, Richetin M, Lapreste J T, et al. Determination

Picking

International

of the attitude of 3D objects from a single perspective
view[ J ].IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence,1989,11(12) ;1265-1278

Dementhon D F, Davis L. S.Model-based object pose in
25 lines of code [ J].International Journal of Computer
Vision, 1995,15(1/2) :123-141

Larouche B P,Zhu Z H. Autonomous robotic capture of
non-cooperative target using visual servoing and motion
predictive control[ J].Autonomous Robots,2014,37(2) .
157-167

Shauri R L A, Nonami K.Assembly manipulation of small
objects by dual-arm manipulator[ J ]. Assembly Automa-
tion,2011,31(3) :263-274

Lippiello V, Siciliano B, Villani L. Position-based visual
servoing in industrial multirobot cells using a hybrid cam-
era configuration [ J ]. IEEE Transactions on Robotics,
2007,23(1) :73-86

Dong G Q,Zhu Z H.Position-based visual servo control of
autonomous robotic manipulators[ J ]. Acta Astronautica,
2015,115.291-302

PRI S TR S5 B s ARG R H AR
P ZEAEHITIE [ T] AR 5 R 58, 2019,38(7) + 32-



288

[25]

[26]

(28]

[29]

[30]

[31]

[32]

[33]

[35]

[36]

[37]

[38]

W23, A5 SRS LIS [ 1B ZRIE.

YANG Xuewen, et al.Review on autonomous operation technology of vision-based manipulator.

34,38

LI Shuchun, ZHANG Jing, ZHANG Hua, et al. Object
pose estimation method for robot grasping process [ J].
Transducer and Microsystem Technologies,2019,38(7) :
32-34,38

Chaumette F.Image moments:a general and useful set of
features for visual servoing[ J ].IEEE Transactions on Ro-
botics,2004,20(4) :713-723

Hosoda K, Asada M. Versatile visual servoing without
knowledge of true Jacobian|[ C ] // Proceedings of IEEE/
RSJ International Conference on Intelligent Robots and
Systems ( IROS'94 ). September 12 - 16, 1994, Munich,
Germany.IEEE ;1994 .186-193

Yoshimi B H, Allen P K.Alignment using an uncalibrated
camera system [ J |. IEEE Transactions on Robotics and
Automation, 1995,11(4) :516-521

Piepmeier J A, Lipkin H.Uncalibrated eye-in-hand visual
servoing[ J ]. The International Journal of Robotics Re-
search,2003,22(10/11) .805-819

Malis E, Chaumette F.2 1/2 D visual servoing with
respect to unknown objects through a new estimation
scheme of camera displacement| J ].International Journal
of Computer Vision,2000,37(1) :79-97

Haviland J, Dayoub F,Corke P.Predicting target feature
configuration of non-stationary objects for grasping with
image-based visual servoing[ J].CoRR 2020
Arulkumaran K, Deisenroth M P, Brundage M, et al. A
brief survey of deep reinforcement learning[ J ].IEEE Sig-
nal Processing Magazine, 2017, 34 (6).DOI. 10. 1109/
MSP.2017. 2743240

Watkins C J C H.Learning from delayed rewards[ M ].
Cambridge : University of Cambridge, 1989

Watkins C J C H, Dayan P.Q-learning [ J ]. Machine
Learning, 1992,8(3/4) :279-292

Rummery G A, Niranjan M.On-line Q-learning using con-
nectionist systems [ M ]. Cambridge, UK University of
Cambridge , 1994

Sutton R S.Generalization in reinforcement learning ; suc-
cessful examples using sparse coarse coding[ C] // Ad-
vances in Neural Information Processing Systems, 1996
1038-1044

Thomas P S, Brunskill E.Policy gradient methods for re-
inforcement learning with function approximation and ac-
tion-dependent baselines [ J |. arXiv, e-print, 2017.
arXiv; 1706. 06643

Lillicrap T P,Hunt J J, Pritzel A, et al.Continuous control
with deep reinforcement learning [ J ]. arXiv, e-print,
2015.arXiv; 1509. 02971

Lenz I,Lee H, Saxena A.Deep learning for detecting ro-
botic grasps [ J |. The International Journal of Robotics
Research,2015,34(4/5) .705-724

Park D, Chun S Y. Classification based grasp detection
using spatial transformer network [ J ]. arXiv, e-print,
2018.arXiv;1803. 01356

Redmon J, Angelova A.Real-time grasp detection using
convolutional neural networks[ C] //2015 IEEE Interna-
tional Conference on Robotics and Automation (ICRA).

May 26 - 30, 2015, Seattle, WA, USA. IEEE, 2015;

[39]

[44]

[47]

1316-1322
Kumra S, Kanan C. Robotic grasp detection using deep
convolutional neural networks[ C] //2017 IEEE/RSJ In-
ternational Conference on Intelligent Robots and Systems
(IROS ). September 24 — 28, 2017, Vancouver, BC,
Canada.lEEE ,2017.769-776

Kumra S, Joshi S, Sahin F. Antipodal robotic grasping
using generative residual convolutional neural network
[C] //2020 IEEE/RS]J International Conference on Intel-
ligent Robots and Systems (TROS).October 24— January
24,2021 ,Las Vegas,NV ,USA.IEEE,2021:9626-9633
Chu F J,Xu R N, Vela P A.Real-world multiobject, mul-
tigrasp detection[ J].IEEE Robotics and Automation Let-
ters,2018,3(4) :3355-3362

Zhang H B, Lan X G,Bai S T, et al. ROI-based robotic
grasp detection for object overlapping scenes[ C] /2019
IEEE/RS] International Conference on Intelligent Robots
and Systems ( IROS). November 3 - 8, 2019, Macao,
China.IEEE,2019.4768-4775

Zhou X W, Lan X G, Zhang H B, et al. Fully
convolutional grasp detection network with oriented
anchor box [ C] // 2018 IEEE/RSJ International
Conference on Intelligent Robots and Systems (TROS).
October 1 - 5, 2018, Madrid, Spain. IEEE, 2018.
7223-7230

Guo D, Sun F C, Liu H P, et al. A hybrid deep
architecture for robotic grasp detection[ C ] //2017 1EEE
International Conference on Robotics and Automation
(ICRA).May 29 -June 3,2017, Singapore. IEEE, 2017 ;
1609-1614

Zeng A,Song S R, Yu K T, et al.Robotic pick-and-place
of novel objects in clutter with multi-affordance grasping
and cross-domain image matching[ C] /2018 IEEE In-
ternational Conference on Robotics and Automation
(ICRA).May 21-25,2018, Brishane, QLD, Australia.
IEEE,2018.3750-3757

Cai J H,Cheng H,Zhang Z P et al. MetaGrasp: data effi-
cient grasping by affordance interpreter network [ C] //
2019 International Conference on Robotics and
Automation (ICRA).May 20-24,2019, Montreal, QC,
Canada.IEEE ;2019 :4960-4966

Tian H, Wang C B, Manocha D, et al.Transferring grasp
configurations using active learning and local replanning
[C] // 2019 International Conference on Robotics and
Automation (ICRA).May 20-24,2019, Montreal, QC,
Canada.lEEE,2019.1622-1628

Patten T, Park K, Vincze M. DGCM-net:

geometrical correspondence matching network for incre-

dense

mental experience-based robotic grasping[ J].Frontiers in
Robotics and AI, 2020, 7. 120. DOI. 10.3389/
frobt.2020. 00120

Ten Pas A, Gualtieri M, Saenko K, et al. Grasp pose de-
tection in point clouds [ J].The International Journal of
Robotics Research,2017,36(13/14) :1455-1473

Liang H Z,Ma X ], Li S, et al.PointNetGPD : detecting
grasp configurations from point sets[ C] /2019 Interna-
tional Conference on Robotics and Automation (ICRA).

May 20-24, 2019, Montreal, QC, Canada. IEEE, 2019.



> 12 4 < 7 ]
A 2L 24 FF HRCHRBIERR) ,2021,13(3) :281-290
Journal of Nanjing University of Information Science & Technology ( Natural Science Edition) ,2021,13(3) :281-290

[51]

[52]

[55]

[56]

[59]

[60]

[61]

[62]

3629-3635

Mousavian A, Eppner C, Fox D.6-DOF GraspNet: varia-
tional grasp generation for object manipulation [ C] //
2019 IEEE/CVF International Conference on Computer
Vision (ICCV). October 27 — November 2,2019, Seoul ,
Korea (South).IEEE,2019:2901-2910

Wong ] M,Kee V,Le T, et al.SeglCP :integrated deep se-
mantic segmentation and pose estimation [ C ] // 2017
IEEE/RS] International Conference on Intelligent Robots
and Systems ( IROS ). September 24 - 28, 2017,
Vancouver, BC, Canada.IEEE ,2017 ;5784-5789

Wang C,Xu D F,Zhu Y K, et al.DenseFusion:6D object
pose estimation by iterative dense fusion [ C ] // 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition ( CVPR) . June 15-20,2019, Long Beach,
CA,USA.IEEE,2019.3338-3347

Varley J, DeChant C, Richardson A, et al. Shape
completion enabled robotic grasping[ C] /2017 IEEE/
RSJ International Conference on Intelligent Robots and
Systems ( TROS). September 24 -28,2017, Vancouver,
BC, Canada.IEEE,2017 :2442-2447

Lundell J, Verdoja F,Kyrki V.Robust grasp planning over
uncertain shape completions [ C ] // 2019 TEEE/RS] In-
ternational Conference on Intelligent Robots and Systems
(TROS) .November 3—8,2019.Macao, China.IEEE,2019.
DOI:10. 1109/TR0S40897. 2019. 8967816
Watkins-Valls D, Varley J, Allen P. Multi-modal
geometric learning for grasping and manipulation[ C] //
2019 International Conference on Robotics and
Automation (ICRA).May 20-24,2019, Montreal, QC,
Canada.IEEE,2019,7339-7345

Tosun T, Yang D, Eisner B, et al. Robotic grasping
through combined image-based grasp proposal and 3D re-
construction[ J ] .arXiv, e-print,, 2020.arXiv;2003. 01649
Mark V, Lu
continuous 3D reconstructions for geometrically aware
grasping[ C] /2020 IEEE International Conference on
Robotics and Automation (ICRA).May 31— August 31,
2020, Paris, France.IEEE,2020.11516-11522

Wang S X,Wu J J,Sun X Y, et al.3D shape perception
from monocular vision, touch, and shape priors [ C] //
2018 IEEE/RS] International Conference on Intelligent
Robots and Systems ( IROS). October 1 -5, 2018,
Madrid , Spain.IEEE,2018 : 1606-1613

Yan X C, Hsu J, Khansari M, et al. Learning 6-DOF
grasping interaction via deep geometry-aware 3D repre-
sentations[ C] /2018 IEEE International Conference on
Robotics and Automation (ICRA).May 21-25, 2018,
Brisbane , QLD , Australia.IEEE, 2018 :3766-3773

Sajjan S,Moore M,Pan M K, et al.Clear grasp:3D shape
estimation of transparent objects for manipulation[ C] //
2020 IEEE International Conference on Robotics and Au-
tomation ( ICRA ). May 31 — August 31, 2020, Paris,
France.IEEE,2020:3634-364

Mahmood A R, Korenkevych D, Vasan G, et al. Bench-
marking reinforcement learning algorithms on real-world
robots[ C ] // 2nd Conference on Robot Learning, 2018 ;
561-591

Q, Sundaralingam B, et al. Learning

[63]

[64]

[66]

[70]

[71]

[72]

289

Andrychowicz M, Wolski F,Ray A, et al. Hindsight expe-
rience replay[ J].arXiv,e-print,2017.arXiv; 1707. 01495
Nair A, McGrew B, Andrychowicz M, et al. Overcoming
exploration in reinforcement learning with demonstrations
[C]//2018 IEEE International Conference on Robotics
and Automation (ICRA).May 21-25,2018, Brishane,
QLD, Australia.TEEE, 2018 :6292-6299

Zuo Y M,Qiu W C,Xie L X, et al. CRAVES: controlling
robotic arm with a vision-based economic system[ C] //
2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition ( CVPR). June 15-20, 2019, Long
Beach,CA ,USA.IEEE,2019:4209-4218

Kiatos M, Malassiotis S.Robust object grasping in clutter
via singulation [ C ] // 2019 TInternational Conference on
Robotics and Automation ( ICRA).May 20-24, 2019,
Montreal , QC, Canada.IEEE,2019:1596-1600
Sarantopoulos I, Kiatos M, Doulgeri Z, et al. Split deep
Q-learning for robust object singulation[ C]//2020 TEEE
International Conference on Robotics and Automation
(ICRA) .May 31-August 31,2020, Paris, France.IEEE,
2020.6225-6231

Kim T,Park Y,Park Y, et al.Acceleration of actor-critic
deep reinforcement learning for visual grasping in clutter
by state representation learning based on disentanglement
of a rtaw input image [ J ]. arXiv, e-print, 2020.
arXiv:2002. 11903

Zeng A ,Song S R, Welker S, et al.Learning synergies be-
tween pushing and grasping with self-supervised deep re-
inforcement learning[ C] //2018 IEEE/RS] International
Conference on Intelligent Robots and Systems (IROS).
October 1 - 5, 2018, Madrid, Spain. IEEE, 2018.
4238-4245

Berscheid L, Meifiner P, Kroger T.Robot learning of shift-
ing objects for grasping in cluttered environments [ J].
2019 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS) ,2019.612-618

Zhang ] H,Zhang W ,Song R, et al.Grasp for stacking via
// 2020 1IEEE
International Conference on Robotics and Automation
(ICRA) .May 31—-August 31,2020, Paris, France.IEEE ,
2020.2543-2549

Song S R, Zeng A, Lee J, et al. Grasping in the wild:

deep reinforcement learning [ C ]

learning 6Dok" closed-loop grasping from low-cost demon-
strations [ J ]. IEEE Robotics and Automation Letters
2020,5(3) :4978-4985

Yang Y, Liang H Y, Choi C.A deep learning approach to
grasping the invisible[ J ] .IEEE Robotics and Automation
Letters,2020,5(2) :2232-2239

Zhang F Y, Leitner J, Milford M, et al. Towards vision-
based deep reinforcement learning for robotic motion con-
trol[ J].arXiv,e-print,2015.arXiv; 1511. 03791

Quillen D, Jang E, Nachum O, et al. Deep reinforcement
learning for vision-based robotic grasping: a simulated
comparative evaluation of off-policy methods[ C7] /2018
IEEE International ~Conference on Robotics and
Automation (ICRA).May 21-25,2018, Brisbane, QLD,
Australia. IEEE ;2018 :6284-6291

Kalashnikov D, Irpan A,Pastor P, et al. QT-Opt:scalable



b3, 4 ORI LI 1 AR SR,

290 YANG Xuewen, et al.Review on autonomous operation technology of vision-based manipulator.
deep reinforcement learning for vision-based robotic ma- eye coordination for robotic grasping with deep learning
nipulation[ J ].arXiv, e-print,2018.arXiv; 1806. 10293 and large-scale data collection [ J ]. The International

[77] Levine S, Pastor P, Krizhevsky A, et al. Learning hand- Journal of Robotics Research,2018,37(4/5) :421-436

Review on autonomous operation technology of vision-based manipulator

YANG Xuewen' WANG Nan'
1 College of Information Science and Engineering,Ocean University of China,Qingdao 266100

Abstract Autonomous operation of vision-based manipulator is of great significance in many fields such as indus-
trial production,aerospace and deep-sea exploration.Here we summarize the autonomous operation technology of vi-
sion-based manipulator in light of their control schemes : geometric driven control and data driven control.The control
principles as well as related work are introduced,then strengths of and challenges faced by each category are ana-
lyzed.Finally, key issues and challenges for autonomous control of vision-based manipulator in fields of ocean devel-
opment and exploration are summarized.

Key words manipulator;vision driven ;autonomous operation



