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Robotic Grasp Pose Detection in Cluttered Scenes with
Multi-scale Object Stacking

Guo Wanjin'?  Wang Chenyang' Ye Zhouwen' Xu Mingkun' Dang Jinhu' Liang Peidong’ Zhang Lei'
(1. Institute of Smart Manufacturing Systems, Chang’an University, Xi’an 710064 , China
2. Yangize River Delta HIT Robot Technology Research Institute, Wuhu 241007, China
3. Fujian ( Quanzhouw) Institute of Advanced Manufacturing Technology, Quanzhou 362000, China)

Abstract; Robotic grasp pose detection in cluttered scenes with multi-scale objects remains challenging
due to severe occlusion and ambiguous object boundaries, which often leads to unstable grasp
predictions. To address this problem, a robotic stable grasp pose detection method was proposed based on
multi-scale feature fusion. Firstly, a two-stage point cloud preprocessing strategy combining KD — tree-
accelerated Euclidean clustering and Gaussian sampling was designed to extract stable grasp target points
while effectively suppressing environmental noise. This preprocessing step improved the reliability of
candidate grasp points in cluttered and stacked scenes. Secondly, local geometric features around grasp
centers were extracted through multi-scale cylindrical sampling combined with positional encoding,
enabling the representation of grasp-relevant geometry under different spatial scales. On this basis, a
multi-head self-attention mechanism was introduced to capture global contextual features among grasp
candidates, which further enhanced grasp stability and improved grasp pose detection accuracy under
occlusion. Finally, extensive experiments were conducted on the GraspNet — 1Billion dataset to evaluate
grasp pose accuracy, along with real-world grasping experiments on a URI10 robotic platform.
Experimental results showed that the proposed method achieved average precision ( AP) values of
73.46% , 65.64% , and 26.29% on the Seen, Similar, and Novel subsets, respectively. In real-world
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experiments, the robot attained an average grasp success rate of 85.71% in random cluttered scenes and

81.40% in three-layer stacked scenarios. These results demonstrated the effectiveness of the proposed

method for stable grasp pose detection in cluttered scenes with multi-scale objects.

Key words: robot grasping; grasping pose detection; multi-scale feature fusion; attention mechanism
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Fig. 1 Overall framework of proposed grasp pose detection method
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RealSense T4 #E47 , GraspNet — 1Billion (4% £ /& H
ATEF X 22 L oE B & T 6 — DoF JMBUR SR I 1Y &=
TR AL R 2 — o g AT A AR 12 1k
RE 1, DK 46 1 R 23 Sy © R W 1A (Seen ) (AR BL 4 4
(Similar) FIH7 ¥ K (Novel ) 3 A7 I £ . 52 46 3T
i & GSNet fRAR HE 6 br, T 248 br 4 45 A [) JBE 452
ZAF T B9 250K B (Average precision, AP) , H 1 i
BB BRBEEE N [0.2,1.0], 0 5 GE it AP,
AP, HTAP, o 7EEARSTILANTY I, 45 AR F A
SCHR H Y P B B 25 AL B 5, S MR 15 000 A
e R A S A o B S, 280 X {0 1 O B
1024 > g g PG, I B BB Y 300 >3 07
) 12 AT P e 5 A B DL B 4 A 432 30 TR B v i A
AWM S 8, BEALEE T PyTorch HE 42 #5 4,
Jf-#£ NVIDIA RTX 3080GPU L 17l %k, bR
M Adam, Il 2k & JH W] (Epoch) S 12, 4t % K/
(Batch size) & 2, Wl 45 2+ 2 R K 0.001, H & 4
Epoch (1) 38 1 3 1 % 0. 95 , % T 14 5 40, 4% A, .
Ay A Ay B A 435 10,15 .10 (10 F1 100,
3.2 XBERE5HH

T B UEAR SCHR 1 T B TE 22 RUEE W) A 2 L
T st T By R I Pk B, A SCAE GraspNet —
1Billion % J& £E i) RealSense T4 |- 947 %) b 52 56,
giRmE 1 pR,

% 1 GraspNet — 1Billion ( RealSense) #{#ZB Xtk LI & R

Tab.1 GraspNet — 1Billion ( RealSense) dataset comparison experiment results %
Seen Similar Novel
ik

AP AP, AP, , AP AP, AP, AP AP, AP, ,

PointNetGPD'?! 25.96 33.01 15.37 22.68 29. 15 20.76 9.23 9. 89 2.74

GraspNetm] 27.56 33.43 16. 95 26. 11 34. 18 14.23 10. 55 11.25 3.98

Parallel Graph Network ' 50. 12 59.28 42.34 43.90 53.17 35.58 16. 94 20. 36 8.37
GSNet! ' 65.70 76.25 61.08 53.75 65. 04 45.97 23.98 29.93 14. 05
MTGrasp %! 70. 57 81.43 65. 89 61.29 73.29 53.54 27.79 34.57 15.79
AR CTT 73.46 83. 08 67.96 65. 64 78. 60 57.94 26.29 33.98 14. 16
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S g R, R SCIT IR HE Seen, Similar 7
Novel 3 A~ i 7 4 M) 4 W48 45 ¥ L T
PointNetGPD , GraspNet 45 B ] 5 v 56 9F 7 Fr #2410
S, 46 D 7 1A 22 N W A 25 L M 8 1) R A
=Y R A S B

7 Similar (AHALY A ) DK Hh AR SO ik R B
SR I REAE SR BURE 7, AP (AP, (FI AP, , 43 5] 35 B
65.64% 78.60% F1 57.94% ,FA%E T SCwk[ 18] iy
MTGrasp J5 0 M & T+ T 4.35.5.31.4.40 ~H 47
A5 [ I 5 T GSNet [y 53.75% . 65.04% Fil
45.97% . X2 F Similar {38 4R i) 4 1 A 3R 1R
0 5 JUAar %8 B b LB, {EAE R F R e 48 L it
R A LA s A TR fih X 35 465 ) 25 40 V7 )2 I A7
ZEH o BRI T A L 2 RE R
TR IE AT 45 5 25 0] B R SCE B, AR T
P45 RUBE A A6 6T b 0 40 530 0 1 3, BB % o R
H R A FAUICH A5 5, T2 & T Similar 74 19
PICIBCAS: 000 K5

A 8 Seen (2 HIPAR) T A, AR SCT5 1
AP K 3| 73.46% , /3 5 & T MTGrasp (70.57% ) #
GSNet (65.70% ) , R WIE A LA 2509 5 7, A&
SCT7 VA B8 R IR BT 26 A TN 7 g B2 5 A Pk 5 A
Novel (R HWiR) FHE, AL kB IKERS
GSNet MTGrasp 4§ 3 it J7 35 4b T [F] — 7K, R PIA
SCT7 I A TR A L LA g5 R B B & — E iz 1k
WA

SR, X HE R 1 B di e B, AR SC 5 27 Novel %%
HEAE I (9 AP K 26.29% , AP, K 33.98% , AP, , K
14.16% FEIUI DA 78 45 T B AR T MTGrasp, % M
GG A SR e ST AL 38 8 B SR A A O,
W22 B R T A 2 RO W R R LM & 1 =
RE A% A 80 T 8 5 M T SR AR IR AR DX I, DT 42
FHAEARL S © R 3 5 R 0 9 A% 1 5 (F L AE
A3 AT FE MR T ) TR B LA R0 KR B —
FEEE L5540 T XA 2k AR s Bl 38 58 A8 X i) 3=
iko BT XS XA 6 — DoF HIUBUAT: 55 AR 11 X b ¢
S8 T i) 22 A AR 224 T80 X L AT 45 4 2 S 9 K ) R
YA 2V 7T B 52 e 40 8 HICHUCAT 35 90 1R, DT
Novel 4 I (kP g 7= A= — 2 52 1l o

SFAEBIAE GraspNet — 1Billion %45 5 | i) 9B A7
BT R IEAT T ol 4k, W& 3 iR Bl 3a SR
I RGB B4, I8l 3b Ry A7 2 T IRk 45 L, FICHL AL
2 R ATUBC o SRR 2 285 2 [R] A i, HTCHBRC 0 R
SE PRI 25 [ o7 B, VRO 25 o e T3 [ 53 1) 5 e
L2y W (IR TS 1= 9 71 TN | TN
A e X Gl T, O 4R b AE AR L JC Al R Y X R

P 3d i 31 o TS 2, IO 255 SO e VA
— s ] e A 1) S S T 2 R TR H AR YY)
PR 8 777 1 1] e (3 7 16) ) ARSI IO 48 I P o 7 14
BEEF-Ta , 18] 3d %R H W 7R AR SO U O o AR A S
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Fig.3 Grasping pose visualization

3.3 HEiI

R 56 IE BT 4 Hh 22 RS AR AR Rl U 2546 I 7
i R BE ( Gaussian sampling, GS) £ R & R £
(Multi-scale sampling, MSS) | £ 3k H £ & 771 ¥l il
(Multi-head self-attention, MHSA ) 7£ £ ! & ¥ { 24 L
W& G5t T HIA/ERT, 78 GraspNet — 1Billion 44 |
TFREIH Al S5, S 45 R AN 3R 2 PR, BRI
£ 5w TR (2 R RAE 23k BRI HLE, H
RS AE LR b B2 5] O A BT T
T2 08 HICIBCRGE 0 P B 114 52 i

F2 HEXBWER

Tab.2 Ablation results %
AP

GS MSS MHSA

Seen Similar Novel

67.12 53.75 24.31
Vv 70. 37 63.03 24. 49
Vv Vv 70. 64 63. 56 24.35
vV vV VvV 73.46 65. 64 26.29

VT RR A T

YRR W] A TR 75, 5 R A
J& ,BIRITE Seen Similar JZ Novel 3 />F4E I () REY
AT, FEHJEAE Similar (AL 44 3L 4
AP 1 53.75% 42T+ % 63.03% , R & RAETEZ R
FE R 2R TLHE B 5 5 rh e 8 AT S R S 50T
=S RN 3 e R 7/ L N S N N TR =
SRAFFAF SR HR A B RS A PO 3 1 40 A s B A Z R
FEAE RAE G BRI AE Seen 55 Similar F4E 91 g
ARSEHR T, UL 22 KU Jay R AR AE AT Bl T 20 18 AN [] )R
WHRTEME S SR A T R REB L 22 551 A2k
BRI HLEG BAE 3 4R TR A B R
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Fig.4 Robotic experimental platform
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Fig.5 Target objects
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4.2.1 iFHrdRbR

HEAEA ST EAE 2 REY IR TLHEZ 5 5T
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(2) F23 H AR« 1 55 42 1 26 i i 5 A ST 2 %
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B2 5 456 TIRARE 15 2 1 AHPL AL b5 R S HL AR A
R bR FR B O F LRI P T O AR AR BB A SR
g S TP ¥ sl 2 H s i b7, # A e U] ) &
PP — B,y BE MR Sh VR il 45
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SR Wik a3, B 2 V588 3h 2 R I
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Fig.6 Grasp experiment process

k% WA e 22 R MR 4 ELHE B 1 5 N I TR
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Tab.3 Comparison of grasping experimental

results in real random cluttered scenes

GSNet AT
B Wj it SR/ CR/ %t SR/ CR/
HEuw e w wm % %

Yl 5 31 87.10 80.64 29 93.10 86.21
a2 5 33 84.85 75.76 30 86.67 83.33
3 6 39 82.05 76.92 35 91.43 85.71
E4 6 41 80.49 73.17 36 91.67 83.33
Y5 s 7 49 77.55 171.43 39 94.87 89.74
76 7 47 80.85 74.47 41 90.24 85.37
SE- 6 40 81.67 75.00 35 91.43 85.71

%3 U R HLA AR %7 50T [ 6
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BE T 89.74% , Kk 1T 2 R AL Bl A 7 1k
TEH I BEHLAS TL 5 T H A R A FIUBCRR 2 1R 5 9T
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Fig.7 Grasp posture comparison
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Fig.8 Multi-scale object stacking experimental scenes
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Fig. 9 Example of grasp execution process in

stacking scene 7
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Fig. 10 Grasp failure cases in stacking scene 8
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