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Abstract

The rapid development and continuing breakthroughs in artificial intelligence technology have
greatly improved the grasping capabilities of intelligent robots. Grasp estimation is critical for
robots to perform grasping tasks, which directly affects subsequent grasping planning and control
systems. Unlike traditional approaches requiring step-by-step target localization and pose
estimation, end-to-end grasping strategies directly learn and output grasping information from input
data. We review vision-based end-to-end strategic grasping estimation methods, covering planar-
level and spatial-level grasping methods. Planar-level grasping methods are categorized into estima-
ling grasping contact points and estimating oriented rectangles. Spatial-level grasping methods are
also divided into two categories: object-oriented and scene-oriented approaches. In addition, we
introduce relevant datasets and grasping evaluation metrics and highlights the challenges and future

directions in vision-based end-to-end grasping estimation for robots.
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Fig.1  The robotic grasping detection system
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Fig.3 A research framework for end-to-end grasping
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Tab.l Summary and comparison of planar-level grasping estimation methods
G s 7k pAGTES R iy AR
ZENG %1 Elle S eiE 96.7% 640 x 430
Mg CALZ V-REP #4541 94% -
i Bt
?%ﬁilm DO 51 UMD TS AR 3% 244 x 244
PR ImageNet FUBUEHELE (1IT-AFF) 79%
ARDON % 21 A R 5 84% -
EUR % T
LENZ 2113 Cornell MECE P4 92.0% 640 x 480
VMRD J1UEL% 98. 6%
fpe[17] R %&}E% ’ 320 x 320
PARK 4 Cornell JIEUEHR4E 74.2%
Zhou 2:118) Cornell UECECRAE 97.74% 96.61% 320 x 320
CHU %! Cornell JMEBEIE 4 89.0% 227 x227
orne o X
96. 0% 96. 1%
WANG 2] Cornell MECE P4 94.429% 91.02% 400 x 400
ZRils ABHMSYm BAfESYsw
ZHANG %[22] VMRD ifﬂﬁ@ﬂlﬁ% TE‘ ZI‘?’ F iﬁﬂﬁl‘? AR E_ZI‘? _
PEAf 90. 6% 71.4% 59.4%
M VOHRA £ s7S! 88. 16% 77.03% -
e ZHANG %124 VMRD I3 42 67. 1%
& —
86.0% 88. 8%
VMRD #E 842 76.4%
PARK %) ’ 360 x 360
Cornell JINBCEELE 98. 6% 97.2%
DEPIERRE 2452 Jacquard U4 85.74% 320 x 320
Cornell HECERAE 97.7% 94. 6%
KUMRA %27 ’ ’ 640 x 480
Jacquard US4 94. 6%
Cornell #MHE 95.4%
CHENG %! ome %ﬂ(ﬂx%}%‘% ’ 448 x 448
Jacquard EBCEHE & 91.8%

T - TR



376 T LS ) 54 %

MAETHEMR R I, ZE RO D S IR A 25,
{7 TSRS P 25 ) 28 %F RGB [EG  AMMG 2 4 1T
PIBUT 7= BT, 3 5 00 o 1) 550 SR 3l 7 VA AE
W H AT LR B A L R T
T3 AT DAIE 32 45 3 A VA e B fih a5 A TR AL
Bt m i I R R G S A T e A IR fih o5
DO & H—Fp i F 22 3 4% ——AffordanceNet, fEfE
M RGB B4 [ i Al 22 4> % 5 RO R 7R, B
A% (A s ] A7 150 ms' ™', ARDON 7 Affordan-
ceNet [ 25 (5L Aih b, {1 FH 5 JR 7] SR 32 4 1) 45 1) 4
W SN [AE SCE PR R R B, X A5 2 IUBOR:
M7 Bz AR A

iRTr i, ZENG (R R AR R O S
ATEF RN i o] RAAS 204 & i IO o %, B
SR 2 FL s BT AR CAL (R4 PR
PUBFEA 2548 T A #; DO Fi ARDON [ 45 714 T
050 0] i BT (R 2 AR ), IR TR B~ > 1)
AT fid 5 1) 72 AR 1) T e PR RE I R
TESEEES , (HACA & 5 1303 67 R A o DI 2%k
PEA AR 0 S S A IR X S [ 2 B AT AT L
RAEFNRA R, SEEL T S TR I 8, %)
B KT P 2 A A e
1.2 FitEmERNFAE

FLTE 2011 48 JTANG gt & Y82 1S 8 1) 2E0E
K F R PUHLAR BL & (gripper configuration) , %77 1%
WG RE R AT, SR PO BRI A AR
16 5 48 2 A5 ), POl i 2R AR >R RS ) %k B
o T 1 A TR 3, TR 2 3] 5
BRIy 3 25, BIEE 4028 IR . X 2E Ty
PR TP NI 5 A SEORMHTBCLE AT 5
fith, BIDXTGRA7 BARAR . e fA B R T AE RO, 3R
ANH(x, y, 0, h, w), HTXMERAGEX A
PG e, H AT GAGIIAE K BE bt ] A4 e
Fean I SEE, R B A S8 h BIEIEEIA ¢
(IO , iRk (x, v, 6, h, w),
121 EFHEWFE

i FH I T 43 28 10 7 U R A 2R 2R PP A e 4
WHTE I, 755 A A5 o055 e 10 2 1) W 23 ik
i, LENZ 2 PRI T — AN GIRBE R, 5 — A
2 AT DIEHIE, s T, HAEME A A B
ANATRERIGEETI ;5 A M2 BLAT A8 2 O HRAE , 18
rtg, AW DB Em A Fistt. REZM
KRB TR ARG, AR AL %1,
EEXTHIBCR , 385 w1 A VR AR T 28k, B

PARK ] T —Fh 25 4% 2 (] A5 4 28 W 2% ( STN) 453
K7 1 RES g 5 48 IR 2 Y o 1) 25 BB (PRI Aiz
B ) SRR E RS R T,
% JEINON 45 5 5 Wi 2 6] 3 J 6 R HIHLAS AT
BUT%— BEA PRIk, ZHANG #2473 F H bz
DX 3 LA A ATUBOAS: I ( ROI-GD)) i Fi Bl X
ST A A7 5 v RS SRR AT, e e &
i FWAE T A A . % BGE i R
USEERAE X BB, TTR T — D 20 MU
4, BARHBIE KT Comell YUK, iRy
Wi, LENZ (RS py s J , TR RE v, (HIB 4T
HES ; PARK J5 kR STN 25 REAS X 7543
PEEMG AT SRR, FEOR TR m AR I % 5 ZHANG
2 1 ROT-GD %3k 22 7 s A aof G 9 | 45 i g
PEIREGRIN S AR Y o 337 R LA & T 45
() RGB-D 41 A, FERF S T | MER R4
75, AEBAGE T AR 008
122 EFRNUMAZE

SR 04 77 v A B AE (SRR AE ) 5 B AR R,
FISEAG 3 PE BT o S5 6 FAAE , XA
T R B, T S O IRE (75 T, 3@
35 AT ATIBOR. T 9 5 96 240 3R 5k Ak [a] 09 i)
B XA XS RE: ZHOU 3l 55| AKE 1]
BRI R 10 202, 5 [0 B AE ML A A8 R SR FH — A
BEHES ZAN D1, iARR 2 RO B 58 8 He i 2
FHE, MRS )5 1 SO AT #1832 90 4% o)
THREE AN E B HHER) S A AT — T
BTG o CHU 42 H 17— B8 T A 1o e 4
LAGITE TR R FStn b 1 A O] e AT R il
A g DX SR A 7 Tl 232 Pl BB AL, 7 Tl 432
A S IRTT A543, DRI 22 190 246 [ e F50 04 o] 14
{E R BT 11942 26484> " . DEPIERRE & ZHOU
LR 51— A4 5% R SRS i 1 1
AT A M I, 2B DA T AT Ok
FETT &, J7 1 b2 R e B, By ik
i, ZHOU Jr 3R FH A E 17 G ATE R DC J5C 5% W 8 244 B %
PR HLAE A DIUBORS BEARA i R, MR 4% 07 T 1k i
#HLT CHU; DEPIERRE 42 H 14 9 45 Z it i 7 5 |
INGEGES 3 eV 4= I (2R i [EOP- STl yiic et
A
123 EFEEAMAE

T[] 05 B S 7 R — R BT R,
Al PE G, T2 B B AMBOR X7
VA I I, R A A R 4 A E  1 HY



33 SRBE, A JETUURE AL S 2 i SR TR, T2 0d 377

JURS %, KUMRA $i H} 14 A sk 26 1465 Bl 28 ) 45
i A——GR-ConvNet B MU 18 14 %5 A B B R
SN G A I 1 39 UK (antipodal grasps) 7 o %
TRAICAREIR, WA G5 s P R 30T
B, AEAES R, VOHRA 21 T —FR Pl 1156
W, AT AR P R R AR, AR R
AP 2, BRI A A TUBURE I A A o
SRRERS L PR s 2 B B TR o 32 SR %o
SATCRPY AR FBAR T @, FFRETUIN A &Y
POBACE, ELAS 5 2 SCBAY JIURAC & AR AL AP 3R,
AR e o X2 EL R T I A
FeZAE55 I, HLAS AT A IUBO G0 75 A7 1E HE B
AT/ o ZHANG 3 F ORI 48, fd ]
ROI-GD PIUHURE I 530 35 MU ARRALE o] S TR S B
I B 2 RN Z U ZE L, 43900 5 53 2E UR)

TRRRAE ] PUBCRS T Ak I o R 4B, fifk
e B W ARt D (ARG T 5 0 i s O ZR 4 B
AL A TR . A2 R, PARK i 80— 41 4%
TREE 2 2% | S 1t J5 A B e TR RE SE L T H AR X
SRRSO 24 B0 A
AR i S T 1T 0y 1 i 5 4 i ) 248 A
[ I AT LAY/ —Se R 5T AT, BT AR R B
TERMET . EiRJikd, KUMRA #8 H #i e fb
PR R G 7E Cornell Hds4E b, IUBUK D) & F
HEegrk, HHEEG 55X 5 00 B 28T
PARK J5i%; 76 VMRD BB R4 |, PARK ® 4%
AR PTBCE A R B2 w5 T ZHANG T4 Hi 9 ROI-GD 1R
BRI 4%

222 23 BN H . IS FF0 ) BR A ot 4 —
V- G i B S B 7 6T T X EE

2 PG EEX o

Tab.2 Comparative analysis of planar-level grasping methods
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Fig.5 Timeline for development of spatial-level grasping estimation methods based on end-to-end strategy
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Tab.5 Summary and comparison of scene-oriented grasping approaches
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Fig.6 Comparative analysis of spatial-level grasping methods
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