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Grasp generation method based on multiscale features
fusion and grasp quality assessment

Gao Xiang, Xie Haisheng,Zhu Bo,Xu Guozheng

(College of Automation & College of Artificial Intelligence, Nanjing University of Posts and Telecommunications, Nanjing 210046, China)

Abstract : In unstructured environments, the 6-DoF object grasp is a highly challenging task in the field of intelligent service robotics. In
such scenarios, robots need to deal with interferences from objects of different sizes and shapes, as well as environmental noise, making
it difficult to generate accurate grasp poses. To address this problem, this article proposes a grasp generation method based on multi-
scale features fusion and grasp quality evaluation. Firstly, an adaptive radius query method is introduced to solve the issue of key points
query anomalies caused by uneven point cloud sampling in real environments. Secondly, a grasp generation network is designed to fuse
multi-scale features and grasp quality assessment, which enable the generation of rich 6-DoF grasp candidates. Finally a grasp quality
assessment method is defined, which includes force closure score, contact surface flatness, edge analysis, and centroid score. These
criteria are applied to generate new grasp confidence score labels on a standard dataset and incorporated into the grasp generation
network. Compared with the current state-of-the-art method FGC-GraspNet, the experimental results show that the described method
improves the average accuracy by 5.9% , the success rate of single-object grasp by 5.8% , and the success rate of multi-object scene
grasp by 1. 1%. In summary, the proposed method has effectiveness and feasibility, which has good adaptability in single-object scenes
and multi-object scenes.
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Fig. 1 The overall framework of the grasp generation method
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Fig.2 Local features extraction module
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Fig.3 Multi-scale features fusion module
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SCER[ 170 73 B ¢ 41.33 40.23 24.12 31.79 28.95 13.83 23.22 11.52 3.21
AR AR a 44. 01 40. 11 25.81 33.36 30.17 13.30 24.73 12.28 4.59
4 BER AR R £ ) Kinect, GQA 7R 4TV L P4
4.3 HBESRIE Fim. HR2ALUB/H, ZREMRFMEMABER. B

N TR A SR B I A 3 B AR A ) AU
JoHE VA R B A 22 IUJE AR AR il 5 L B A 2 b, AR 3
Bt T RA A H RS . R SRS R ANER 2

T L~ A 2 ) T ik DL S AU B PP A A R 2 2 X AR
SCHR M Y 0 2 45 RY 7 A TE T R 52 R L R W O AR I
WK

F2 HEXRBER

Table 2 Ablation experiment results

%

‘ L AEA PNl
ik
mAP APO. 4 APO. 8 mAP APO. 4 APO. 8 mAP APO. 4 APO. 8
AT (e Gk ) 40.31 37.24 24.73 31.32 26.34 13.12 24.37 10.29 2.87
AP ( HEPHEISIE)  42.63 39.47 22.24 32.11 28.92 13.97 23.12 11. 44 2,91
ARSI (AEF GQA) 40.07 38.31 23.34 31.26 27.37 12.95 24.32 10. 58 3.42
AR T 44. 01 40.11 25.81 33.36 30.17 13.30 24.73 12.28 4.59

4.4  EYERI7 S HTEL LIS

R T WRUEAR SCI T BB A B vk B R, 1
HEAT T 4E X B — W PR BB S5 . [RIR Ry T PRl AR AL A
H % B 24058 T i, AR SOREBUES 540 5113 B R
SEE W S AR I B, AR, R 6 R TE
LAY 5 R T 25 SRS, IR SE R L W)
A4 IR ARSI B 7 B AR R Y 2245, AR a b ATl ¢
Xof ELSCER A TR AN 3 FTn , A R MBUL 25 A 1 40 %o
FLEE RN 5 frn. A SR A A i HTCER e S 31 — 43 5
1, Bl 5 W R T PR AT, BG4 SRR, 7E G
B RMFZET ARSI N 45 SUBOS 2 BRI T
H B ek B AL s 7R 5 R IR, M 45 Bk R B
TR B . (EUR U & K R I IR 2 R A I,
JER PRI 9 & KA 1) i I, %3 5 P B2 B R R A
Tk oK E R E LS5 &K A, BLAK B R84k
KRV R K —FR 5, FBAMBUR DI F T . A
THERITE T R ANA T SR T 0 IR T 3R AR
PR b e SRR TE 14. 0% 5. 8% .

4.5 ZWEHRIMEEE

HRAUEA ST B A8 22 W) AR 5 5 T B HTUHCR 28k, it
17 203 T RIS, 35 Mg, 80
S 4 AR IE LU PR TG 8 10 em AR 991
BUR BHIbRE . S8 b BNt #5710 IR, &
UM i B 7 B AN AN o AUl A i 40 4>
P, TR YRR ITUBURII 3R, S F T INACF- 21 77
KA ZGFRIBOR R, #F—ZFT 10 Kilik
FRTBU I A BB N 1% 57 B ITUBUR I % . 3 Bl
BURNS L SEHR A5 SR ANR 4 FT7R , AR HE A T 1S B9
BRI 6 FrR . ¥ HESE R BN, A 3BT B o) 445
RATE 2 W) vh SRR 2 i , AR TR b e
IrERETE 2. 9% (1. 1% o PR R AR S A I 454 2 7 i X
FHEFERTENH B T 2RFEE, R T A5 A K
ARG, T 2 T U 55 55K . BR B Wik e
B RIR AU S 7R o
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x3 BYEGRMELHER
Table 3 Results of single-object scene grasp experiment
Wik 4R AR IKHR BE BT YERIK VR
ot a b c a b c a b c a b c a b c a b c
THEERShRE 21 19 20 19 18 19 20 19 20 22 20 21 19 17 19 22 17 19
AERBSIKRE. 20 17 19 19 17 17 18 15 17 19 16 16 17 15 19 17 15 15

=R
PRI 84 76 80 76 72 76 80 76 80 88 80 84 76 68 76 88 68 76
BEH %
i B T
= ﬁ;fjﬁi < 80 68 76 76 68 68 72 60 68 76 64 64 68 60 76 68 60 60
Z (0]

Model a Model » Model a Model b
(a) i1 (b) P2
(a) Object 1 (b) Object 2

IR/ S 775 =% W e
Fig.5 Single object grasp experiment

F4 SUEHRMALELER
Table 4 Results of multi-object scene grasp experiment

Yis's Y1 Yigt 2 g3 Yt 4 E575 )
(WRHS) (1.2.3.4) (12.13.14.15) (3.4.5.6) (5.6.7.8) (1,9.10.11)
FERY a b c a b c a b c a b c a b c

T RMBULIR/% 80.5 78.5 78.5 8.3 79.5 81.3 8.3 785 79.5 80.5 785 8L5 825 79.8 8L5
AERIMBULIE/% 78.3 76.8 71.5 81.8 78.8 8.3 79.3 78.3 80.5 80.0 77.5 785 79.3 71.8 78.3

x5 YHEESIHEXER 4.6 MBS #XF EL SEI6

Table 5 Object number correspondence g T ARR I 43RS S BRI R 22 8, A SO
D Py 44K D W) YRR R T TR, R —I A TR
1 UIEa73 9 KB (EHEF) [F B, AR AT 10 Y (IR E TR TR Y
2 EHEZ 10 S P EAEZ) , AR R B B A MBOE RS . Fl
3 EE 11 e Lo FRZIMBCE ST S BRI A 45, I 5 0l 3 Bt 47
4 LT 12 EiiEiis LR, 45 RNk 6 Fin .
5 WK A 13 ¥ 4.7 EFINELSCIS
5 Thretiort ¢ L T UE B AR SC TR H EG TR A 5 P 4% A 0 L 5
7 el 13 g B B RBURRE , AR SR KE IR N B B TE B R LA
8 Vi BE TR . AR 3 MERK/DEARH
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(a) HFt1

(a) Scene 1

(b) FF2
(b) Scene 2

Bl 6 ZUikg st

Fig. 6 Multi-object grasp scene experiments

R 6 BN HxfLb 058

Table 6 Grasp score comparative experiment

x7T EHMEBKEER
Table 7 Occlusion grasp test results

IR AR PR Rt
SRR B 10 10
fitlp g ealic) 0.444 3 0.492 6
HILA R 0.4212 0.522 4

A AR, 7 B BB T 2 3HCE 25 FhoR [E B AL
BSRE, R B & 0 BT T UK o)
K, B RLERME 7 Fiw, LEREIEMER 7 PR,
GRFWHETE EMBE T W REE /N, ¥
DIt s B i, A2 Z R BB AU KEREK
R

(o) MEERE
(c) Bread packaging box

(a) Apple (b) Potachips

B 7 IR

Fig. 7 Occlusion grasp test results

LN 3R WEERF HuaRs
SEI KA 25 25 25
HEE - IMBURTI /% 88 84 92
HEE T INBUR I/ % 80 76 80
5 45 it

AP T — e T 2 U RHERl-& AR s 2 3
T BT B4 o 1% 4% B TE AU ALAR A TE T A [
RN TR AR LA B 3 S5 8 7 45 0 PR 3R, X LA A
HERR BSOS 2 Y TR R 2 0 288 P 22 RUBE P il 5 A6
Ben] LU R B RN AT AR AR R, TR e 22 RUBE
E Rl AR YIRS PR RS & T LA R DR 353
WER AT 7R IR AR AN B S IRIE vh HEA T S
BiE , U] T AT M 48 BT ATz ALRE T, O
REAS LI 3 58 BN 3 v R D AR AR DI A A A 55 52
W25 R UE T AR SO R 7R A [RI SR8 AR ) 1k i) 4542
PN A

L8 LTI, AR SCHR 5 T 22 RUBE RRAE Bl & AT
JCERE Al AU ST T ARG 58 BATUUE 55 B
JEARSCIT 4 H BT AR 8 4 268 1) T 2 9 Adapteony 1
RBURIRAE L, o T 75 ZH 50 0 i B B I 2 4R
M B BAEE , FEAL B R AR 5 2 I T BE 2 R EUBUA M Y
WHRERE., FRHEESHERASHELE A,
AR T, SCB R A TR O K
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