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Research on Robot Grasping Strategy Integrating Multimodal Perception

YU Xinyi, HE Wei,OU Linlin
( College of Information Engineering ,Zhejiang University of Technology , Hangzhou 310023, China)

Abstract : Object grasping is a basic skill of the robot, while achieving versatile manipulation in complex scenarios remains a challeng-
ing task. This paper proposes a task-adaptive multimodal perception fusion framework to address cognitive limitations and dynamic
scenario adaptability challenges in robotic grasping systems for complex manipulation tasks. First,a multi-modal information perception
model is constructed by integrating the image comprehension and semantic reasoning capabilities of vision-language models with the
detection and recognition functions of image segmentation models, thereby achieving textual-visual reasoning and object identification
in task scenarios. Subsequently, a dynamic task chain decomposition mechanism is developed through the fusion of linguistic and visual
prompts, which enables real-time adjustment of operational step decomposition according to scenario complexity while enhancing the
visual comprehension of image objects by the perception model. To address the requirement for parallel grippers at robotic end-effec-
tors to adapt to diverse grasping tasks across scenarios,a visually-guided grasping pose optimization network is proposed. This network
incorporates a 2 x2 grid strategy for grasp point prediction and an encoder-decoder architecture-based pose optimization network to
jointly enhance geometric precision and physical feasibility of grasping postures. Finally, for rapid adaptation to zero-shot generaliza-
tion tasks involving novel tools or objects in varying scenarios, a policy optimization architecture is established. This architecture com-
prehensively considers subtask completion, trajectory smoothness, and temporal efficiency through a multi-dimensional reward function
design, enabling robotic systems to dynamically adjust strategies while adapting to environmental changes. Experimental evaluations
conducted in complex manipulation scenarios demonstrate that the proposed framework exhibits scalable operational performance
across diverse applications, achieving robust generalization capabilities and adaptability to intricate grasping tasks.

Keywords : multimodal perception ;robotic grasp ;policy optimization ; grasp pose optimization
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Mousavian!®! 76.7 173.3 70.0 70.0 76.7 73.3
GraspNet[¥! 83.3 86.7 87.7 73.3 70.0 76.7
Our 93.3 93.3 90.0 90.0 93.3 93.3

AT RN AR R EE R L NARELFET 83 Bin
YHAIBUE 55 RO RE. ME 9 Bim, A ETMHIEBESTHLS %
B LBTHE” JFRE3 FLBHR, 2515 3.6.10
AR H WA, R S5 X R BARYA DL AR 46
5 BT AR, SR EHAT 30 LK, FHH M 3 MR
5 VLGH Jr g3t AT v B B

DESEN R EXRREE—RELBINPUES$, =
IRER YR DT s 7 B9 $ B 3 RS IR B AR 4, i
25 R AR 55 IR B o IR LA

2) SRR - M 55 B S TR B R 3K

3) SRR : £ 55 R ZH 89 P2 WE R R M BIAE 54 R 3
DIER AR TE 7S A RE S, Bt R BAE 4558 BRSS9 FE T

B9 MBI TAEINMELE

Fig.9 Stacking environment tool grasping experiment
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PRBURBLL B B [ SR 22, X R TRRRELFHRF,
BT ESZ 2R R TER JRRR M, N ir B
DA B ARBILZR BB R 5% F MR )

x3 BBHRIBELEER

Table 3 Experimental results of stacking environment

DiREE BRBRIIE(%) PR EL SEFERT (5)
VLGI|Qur VLG I|Qur VLG I|Qur
3 86.7193.3 1.3911.14 11.1819.23

6 83.3186.7 2.1311.56 25.34114.76

10 66.7176.7 3.6212.39 61.75131.33

AT RIENSEATRREER SR T LRI A K
#, BT THRBHRIBE S T AR RIEESHE SN
LRGR, WA 10 Fin. f Bis TR BEEY B EHE S
F1%9 3.6.10 WA R HEATMBRARGLEI L EH AR
BE RS RRGRAZNAT” URHIREHERER,
Wi BAn RS B2 A F B TR, il ABRMET RAEIMM
ZALG RN B TR BRI S HAT 30 KRG/
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o
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Fig.10 Mixed scene grasping experiment

LRGERINE 4 P, SREGRBIBEOLAR , P4
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Table 4 Experimental results of mixed environment

Ptk TEHUR BRI THRIR  AE55ER
BE BHEG%) (%) FERT(s) FERT(s)
3 93.3 92.9 10.1 34.7
6 86.7 88.5 14.5 38.2
10 73.3 81.8 29.8 54.3

BJE,0 TRIESMES RE Rk RER B R , B
BCIR B R G AT W BRI IR B0, DL 8 (a) A
B, 824t 5 Fh T EI #4730 LR, KWBERMK S Fim. §
STHRTTEML, BIR S EABAE R & B TR
FITRI ) RTH 2 M T 205 B2 AE 45 R B R TR S

&S5 HELE

Table 5 Ablation experiment

TERY TITHRES (%R £EF7ER

REBEE  SEEE R ()
=ML 28/30 25/28 23/25 16.7
BRBSER N 7/30 4/7 53.2
BRERTRE 1430 11/14 7/11 20.5
BRESMHE 27730 12/27 9/12 15.3
BRERLL 28730 26/28 6/26 23.2

BT ERFI R T fEI BAE 552 R A F I Fem 3 T
3.8s, X2 1 TGN T RLEY XS M ML B HE RXE BE , (R B2
TEBIMBURINBEER. Y35 PR SMALPIZE w, AR E %t T
ELERAIFIE S B9 BRI 52 R, (B 2 T A RN A BE =R (B 3%
TRE. AR LSRR BR SR T R RS BUE
55 B R B E A

4 LRE

ZICHR H— R W E AR RIS ARG RHT
R, B SESBARMES S BMANHRBEERTEDN
WHSENERR. BT RIEIE SRS EGRE 5 bR
B MRS ESE BB, SSRX RIE SRR
FEHERRAT s 32 tH BV AL S B LA B2 IE F- R R 5 42
AT SR , 45 B R A IR B B AT PATRAE P51
ErXT MBS AL AR, Bt BT 2 x 2 MR LS| 5
W% , 38 SRS AS- A RS AR SRR & LT AR S M A TR, 5C
BN B RS MR, BE— P S YRR
)RR, RRAE 552 RE B30 R M R R R &
RRHLE SR LRFRELRMBESFZAH. SRR
B, %07 B TR BRAE  RiB R AL G R P A E R
IRBERE, o pLas AR BERAE R T AT R EREX 5
ARER].
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