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A multi-scale robotic grasp detection method based
on depth-guided mechanisms
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Abstract: To enhance the performance of 4-DoF grasp detection, this paper improves the grasp representation and proposes
a depth-guided multi-scale grasp detection framework (DGM-Grasp) for robotic manipulators. Built upon an encoder - de-
coder architecture, the framework integrates a multi-scale cross-spatial attention down-sampling module to better focus on
grasp-relevant features. To extract semantic information at different scales, a progressive multi-scale feature fusion and de-
coding module is designed. In addition, a depth-guided grasp filtering module is introduced to address collision problems
during the grasping process. Experimental results show that DGM-Grasp achieves accuracies of 98.6% and 95.25% on the
Cornell and Jacquard single-object datasets, respectively, while reducing detection time to 21 ms. The method also performs
effectively on multi-object datasets, achieving a 96% success rate in ablation and real-world grasping experiments. These
results demonstrate the superior generalization ability and performance of DGM-Grasp.
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Tab.1 Performance comparison of different methods

on the Cornell dataset

HER/ % FHE
W ow /ms

ik A

SAE[ 4] RGB-D 7390 75.60 1350.0
GG-CNN[ 6] D 73.00 69.00 19.0
ResNet-50x2[ 28] RGB-D  89.21 88.96 103.0

GraspNet[ 29 ] RGB-D  90.20 90.60 24.0
FCGN,
RGB-D  97.70 96.61 117.0
ResNet-101[ 30 ]
GR-CNN[ 7] RGB-D  97.70 96.70 20.0

TF-Grasp[ 17 ]
DSC-GraspNet[ 31 ]
A SCE

RGB-D 97.99  96.70 41.6
RGB-D  98.30  97.70 14.0
RGB-D  98.60  98.00 21.0

H 1 A) UL AR SO AR A 23 D7 TG T HoAth
L, E IW L3k E T 98.60%, fE OW L3k T
98.00% , Frilk 7 AN SCHIE RAF R AL o [R) st Az )
FARFIRE] T 21 ms, it 2 HLAE STUBE: 55 19 592 i 1

Jacquard B 4L 5.4%10* 41 RGB-D E%,
Horh 90% T Ik, 109% -0, Sy 7 03 7 4
T PERE , 5 UM R MR i kAT i, EAT IR
Jacquard £HR AR FAHER AN 2 R, A SCHEE
WS T 95.25% M HERG %, UL T HAB I %

R2 AREFEE Jacquard HIEE LR EREITLE

Tab.2  Accuracy comparison of different methods

on the Jacquard dataset

ERTS iy AR HERR A/ %
Jacquard[ 27] RGB-D 74.20
GG-CNN[ 6] D 84.00
FCGN, ResNet-101[ 28] RGB-D 91.80
GR-CNN[ 7] RGB-D 94.60
TF-Grasp[ 17] RGB-D 94.60
DSC-GraspNet[ 31 ] RGB-D 94.70
AR RGB-D 95.25

3.4 ZHERMEAIZER

R T 20 B UE T R TR W 5 32 A ot
4 97 41 RGB-D £ Y Multi-Object ' Flfd
£ 505 20 RGB-D HZ 1 clutter ™ B4~ 22 H A1 B
SR PP T L W PERE , o T 0 (8 Lk, R I 2
H ARSI #1125 GG-CNN, GR-CNN #l DGM-Grasp,
B TR RSN 2ok B G 58 . X Clutter 2035
£ 3 PR PR E AT B AL B 2 1710, JF 4%
AN Jacavard BAFEMRE R, MRZE R h 2D
A 3 AN VAL T8 B 1T 28 BBk DA Sy A 00 v
1,3 Bl 2 (0 v Al S RIS R A 3% 3 B

®3 AEFEESBREIEE FH Mt
Tab.3  Performance comparison of different methods

on the multi-target dataset

Multi-Object Clutter
Sk R R Rk AR
/% /ms /% /ms
GG-CNN[ 6] 80 15 42.57 14
GR_CNN[ 7] 85 19 69.31 17
AR 95 24 81.19 21

3PN R AN 7 R, TEZ B
5t DGM-Grasp HAT 22 RUBEREAE @il F1 i 72 1 4L
il , BEAE AT R0 U TUBCRRAE | 51 5 (&1L 5 ) 412
R, £ BE N S8 UER . GG-CNN HRAEHEHURE T A FR
MLV 2 X YA R 5. GR-CNN R85 Hed 4k
5 (R TARS TR ME RERE A
56 4 RARYNHUREE | 1 52 RN 98 B2 WERf B — . [RIAT,
TR TR I 25 2R vh | A7 AR TS B ATURC A HTUR
745, 1 Result & I8 (0 B ZE IR BB o, B AT TR e 48
FEIEANTEAA S SRR P A I S8 558 1 B/
TREEAE W S 55 T80/ N T e s [B] 1 S /N BEAEL, 78
PBGEFE I 48 25 5 Py iR il 1, S SO R g, i
DGM-Grasp 7E DGGS 1Y i ik HHEAE T, AR A 1
Tk — UM AT DX 35 P 4308 1 2 AR A I AT A7
B AR R T TURCRELAS R 00, DR TR R AT ol
Tre I ITTB 2 S BRATUB ) B AR B2 4
3.5 HREKIR

R T BEE R X) DGM-Grasp Y 5Tk , 48 3C
PEAT TIH RS . A DGM-Grasp i FH 538 [ oRAE
Rl EMA 1753 111 DGGS J R U4 Ay S LR AR Y |
DAL 7E Jacquard ZHE 5 AT, 35645
THALE I TR I 2R MERfR R K] 8 BiR , 225 R
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Fig.7 Detection results of different methods

on the multi-target dataset
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Tab.4 DGM-Grasp ablation experiment results

A PRI A

=]

R AT
i FLLEMORM MCAD AMFFD DGGS /%  /ms

1 vV X X X 93.19 55
2 vV vV x X 9448 56
3 % x V X 9466 56
4 vV x x V.o 9332 55
5 vV vV V x 9514 57
6 vV vV x V.o 9469 56
7 VvV x % V. 9481 57
8 vV vV vV V. 9525 58

MF 4 0] MCAD Fl1 AMFFD X} FIF 4 05 4 1 v
BT o 38 AMFFD 95 20K FREEFI R %
R BOMAERT, T MCAD F1 DGGS XA I FH B i) 17
AN, —IFF A MCAD  AMFFD 1 DGGS H#MHRL
K 7 v HERR R IR B T 95.25% , B AR AG I P el d
K IREIT 58 ms, (AT RE LR IE LR HTUBAT: 55 1) 52
A

0.70
— A
0.65 ———— HL A+ MCAD+AMFFD
; — HLBA+MCAD
LR
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Fig.8 Accuracy of training with various ablation methods
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Fig.9 Ablation study on grasp detection performance
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Fig.10  Baxter robot grasping experiment platform

and targets
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Fig.11  Real-world grasping experiment results
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Tab.5 Comparison of real-world grasping success

rates with different methods

Irik SRR B SRR AL IR %
SAE[4] 89/100 89.0
GG-CNN[ 6] 110/120 92.0
GR-CNN[7] 334/350 95.4
TF-Grasp[ 17] 152/165 92.1
DGM-Grasp 193/200 96.5

SERHEAT S 200 AT, DGM-Grasp #TUHUK
DGR EN T 96.5% , W] b i T HAWITBCAS I J7 i
I g = % i DR S T %8 3 A B B A 8
LNV ST LY/ N R S NN 2T

5 ZERiE

A SR Y DGM-Grasp RE % 5 £ 1 14 1 41U
FPAE 8 S HTUBCRELAS: YA b 5000 ) 552 B T A TR
745 05 FAREOE 4R A 22 H AR B 41 E AR IRAS 1
L5 IIPERE . DGM-Grasp 78 H SR 55 #145% ik
s, Sk 7 HAERE ANz e, AR H B AR SE I
PR B TR S 2 BRI ST T 1] QR AT
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