Modeling and Simulation E#L5{5 K, 2023, 12(6), 5196-5206 Hans X
Published Online November 2023 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2023.126473

ETGR-CNNEu# RN FE R E

#ueie, LHE, +EF, BE%
TR R WL TR, TR T EA

Weks H i 20234E8H31H; FAHHM: 2023%F11A3H; KA HM: 2023411 H13H

R

FETENMERRR, TBUNENS A ESRIRE T2 SA, DA RIS 7 5 A2 X IR
FRFHMELI AP EN . RIEEIR. ZHARAEFHE. GR-CNNFIEMR T AT ek P HIEFF7E
RI—L2 R, (R AT IBUERT AL BN AR N S ENERIFB . S0 X —HE, Wiz
FEBATIERAL . I\ CBAME R LA B AR A 0 4 R B p T2 IR /5 2, TSR B 9
EX T (R . FFEEROSTR R 0 B0 = BT IRAE, i8] Gazebo 5 Movelt L A15 5, £ URS
FUBRBEX ST L BEALICE (O TURR T R B AE %, TR T RIATI86%, KM R BuE
SRS BUEE R TR, Yk 5T IR G54 5 24 B AR AT LA 2T

KA
BRI, HERAPHIEL, ROS, Gazebo, Movelt!

Improved Grasping Detection Algorithm and
Simulation Based on GR-CNN

Xiaoheng Lou, Pengjun Mao, Xinyu Niu, Yuntao Duan

School of Mechanical and Electrical Engineering, Henan University of Science and Technology, Luoyang Henan

Received: Aug. 31%, 2023; accepted: Nov. 3", 2023; published: Nov. 13", 2023

Abstract

With the development of computer vision, grasp detection has been widely used in the field of ro-
bot vision. The previous grasp detection methods have some problems, such as not paying enough
attention to grasp-related feature learning, low detection accuracy and poor generalization ability.
The GR-CNN algorithm solves some problems existing in the previous detection algorithms, but
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the position and Angle of the grab frame predicted by the algorithm are sometimes inaccurate. To
solve this problem, the algorithm is improved and optimized. By adding CBAM attention mechan-
ism module, the network mainly focuses on learning the information that can be captured, so as to
improve the accuracy of grasping prediction. The improved algorithm was verified in ROS envi-
ronment through Gazebo and Movelt! Jointly, the UR5 robot arm is used to carry out the grasping
simulation task of four types of objects randomly placed on the table, and the average grasping
success rate reaches 86%. The experimental results show that the improved algorithm has
stronger adaptability to the grasping frame, and can effectively grasp both regular objects and ob-
jects with complex shapes and structures.
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Figure 1. Gripper grasp representation
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Figure 2. Detection module
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Figure 3. CBAM network structure diagram
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Figure 4. Channel attention module (CAM) and Spatial attention module (SAM) network structure
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Figure 5. The residual convolutional neural network model is added to the attention mechanism module
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Figure 6. Visualization of grasping prediction before improvement
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Figure 7. Visualization of grasping prediction after improvement
[ 7. psuidt i R HUER T AT AR AL 3R

CACHE i P LI HCECAE £ IR Aoz BB Al % #7120 S I P S s B PG, TN R B 1 BRI b
1o 2B IZ I A ST X ICBORS: I i ABUT AR G PO T4 R - i Ja (K 53 ] DA 28 B v
FRCTRI E B 5

4, L5
4.1. fhR¥E

LRTHLAE N RAEFAS T, EE SN T R AR SR — N a1 & R fd A, s (5 AT
PLRRAR TR B peAS, InbRIF & B 3. A SZI&7E Ubuntu £45 18.04 Melodic iR A< ROS1 ¥R #E4T 1,
£ Gazebo /i A URS HLBRE 07 ELANEL AR IE 50 & GR-CNN SR A 21

ROS & MNPV AT G, B EEMRmEE S A, &4 4@ Topic. Service. Action
7 AT IEAS, SR THURE I A2 5 54T 4. ROS A W E I & T A Gazebo 1 Rviz. Gazebo
Je—K 3D BISHMLE, W LR — AN R RIS . A AT DL LR NIz, e aT LG
FARRARBAE, T DLHERG . S SO LS ATE TAEMREE R RS . B AR, RIGHR. 24tk
L Rviz 2 =4Ev AL TR, H TSR, BERER. PLa ORE. MRS LR
Bl ReR R T R

PUME REAYE A URS MM, URS HA Sk R RBUSE R, e, FEHEIEHE T ROS #%
Hil# . URS S8 1478 R R0 R M i 5 FOABBORER R, AT S 3L H A I AN 52 2% (1 T T: 55
B Y% )ik A Robotiq 2F-85 45K, IR FZAHHLIEH RealSense D435i, FHLH) Z%E 77 Ak HIRET |

DOI: 10.12677/mos.2023.126473 5203 e RSE TR


https://doi.org/10.12677/mos.2023.126473

LelE &%

1775, 15 8 J9fE Gazebo HHISEIGY 5, {E Gazebo " T PIANE T, 0 I TEIE URS HUBE A
BRI, TR EECE 1R ROV R 0T 8. BRmE, HUME A E 17—
AR TTHE, FI B ITBGE R 14

Figure 8. Gazebo simulation experiment scene
8. Gazeho A ESLIIH=

4.2. BRI

fE ROS &4t , ACiEiL URDF L XML A% Ak URS HUBE . AHAL. Jo/R. Hrasaity,
il ROS 1 C++ A B RS URDF #eaeslirT ALY, Jf7E Gazebo P& HIAHG, iEid Movelt!sk
B URS Blas Nig a4zl . A7 Hhs i 248 H 3 Python. C++1E S

PRSI EERE . MB e . FRIH DL R AT AT AL 2 B[ 16] 0 477 FEHTUSE B I 72 53
6 MBIR: 1) 7E Gazebo H @M BT, 2) ik RGBD AHMLIREUAFHIUN RIAE 4 %15 & 3) GR-CNN
TRV IINECLA o 4) ALbREEH . B) HUME IR IKI . 6) JEUIAAT - 7£ Gazebo ' Hi RealSenseD435i
FENLR SR IR BE UG AE ., RIS 200 RS B DAE R 7 =R AT ok, HURE 3T R A O
13 BIHUHCHE F O s R R A AR, I AL bR 4, 19 BIPUILE bR SZENLAS N AL bR R N IIALE, AR5 AT
RIAHL o

PATIHUE 5538 75 242 57 Gazebo 1 Movelt! Z [ (E, FEF|A Follow Joint Trajectory. Joint
Trajectory Controller. Joint State Controller iX =4~ ROS #idt 47 %4 22 FL[17]. WUBE 5214541954 5 th
Movelt! 47T HRI, BRI G 815 BB Action 230K #i oK, Gazebo S2USCEdE I8 328 B
FELE RATRILAE R 3, it S 55 A UE A7 B ] IR Sh #4512 50

A SCAE A URS AU % s 17 E s (0 DU R WA AT I, MBS AR an ] 9 Bizm. 1] 9(a)~(d) 73 Ak
WEDE . T FE. SREERNIMBCIRE . B ER T HUE UG RS TR . 9
BUBCE RS . WU MAIEEIRZSIZ 330 B AR S 4T IR, JURE AR, ARG G JI, IR E KT
BB AR T8CE B8 i MR AE

4.3. SKREERSHT

ASCAE Gazebo PR35 URS HUbE . RealsenseD435i ¥ AHHL. Robotiq 2F-85 —& J¢ IR AL,
HA R BRI TR AR A A B, B G AE BN e IO e I Ao FH DU 848 3% A s L i 44

DOI: 10.12677/m0s.2023.126473 5204 RS () 3T


https://doi.org/10.12677/mos.2023.126473

Lela &%

PERIREU R, X DY AR BEALHESIE AT 0, A AW R RO i B 2 il h 4 5
FEITCR I o

XX VU IAREAT 30 RAMHUSES:, 4% 1 9 URS AU X DU SRR ITICSE IR JE S RISt 45 2R, 4
USRI ZTH4E 86% /e Aottt Jm M SREA T LA AR ALBEALA 2 5t R Uik, 9%, FE4MHGE R b 77
FEUBURICI T O, A N SR SR B i 1, AELENURE S 3 i BT V& s oL, B K2 e

T I IR P R A AE i %2

Figure 9. Gazebo simulates the grasp process
9. Gazebo TAEMELL 2

Table 1. Grasp experimental statistics

= 1 RS Git4ER

GES BSETV:V0U € PRI KL 1T %(%)
IRV 30 26 86.7
wF 30 25 83.3
EHE 30 26 86.7
VEuA 30 27 90.0
5. &ARiG

T R GR-CNN UL FHIIAE R A% 10 8, A< 2% GR-CNN B HEAT iodk, 76 AN 2% JF 000 R T
PR, MW inA CBAM v & Jy it Sk gt T A o s 15 20tk i i R 48 32 AR R T2 ST RIS B

DOI: 10.12677/m0s.2023.126473 5205 RS () 3T


https://doi.org/10.12677/mos.2023.126473

e

R T TINME WAL B, &53T ROS #5747 Movelt!-Gazebo B4 E ik P4, 7F Gazebo Hfdi
URS AU X DU 25 I AR AT 0 TR, NBUSIh P Y7 86% /2 47, SRR &5 R 1ZH V&
NPT R, R A 5 TR 5 7 B A% AR AT DA RLHTEL

E&WE

15 FH TR B K £ 10(2101018A) .

SE

(1]
(2]
(3]
(4]
(5]
(6]
[7]
(8]
(9]

[10]

[11]

[12]

[13]

[14]

[15]
[16]
[17]

Caldera, S., Rassau, A. and Chai, D. (2018) Review of Deep Learning Methods in Robotic Grasp Detection. Multi-
modal Technologies and Interaction, 2, 57. https://doi.org/10.3390/mti2030057

Ye, L., Xia, X., Chai, B., et al. (2021) Application of Deep Learning in Workpiece Defect Detection. Procedia Com-
puter Science, 183, 267-273. https://doi.org/10.1016/j.procs.2021.02.058

K, G, SSD R X HEAENU TR R G S I, A PR S B s ein THR, 2020, 556(6):
67-70.

Redmon, J. and Angelova, A. (2015) Real-Time Grasp Detection Using Convolutional Neural Networks. 2015 IEEE
International Conference on Robotics and Automation (ICRA), Seattle, 26-30 May 2015, 1316-1322.
https://doi.org/10.1109/ICRA.2015.7139361

XK, FHEE, ghEig, & Flas NI AR B R BRI #2615 95K, 2020, 35(12): 2817-2828

MR, FMARLL. BT YOLOVS (14 FEARAL IR I B v AL [J/OL]. BN TAE 5 M A, 1-9.
http://kns.cnki.net/kcms/detail/11.2127.tp.20230118.1624.007.html, 2023-06-07.

Asif, U., Tang, J. and Harrer, S. (2018) EnsembleNet: Improving Grasp Detection Using an Ensemble of Convolution-
al Neural Networks. BMVC, 10, 1-12.

Lenz, I., Lee, H. and Saxena, A. (2015) Deep Learning for Detecting Robotic Grasps. The International Journal of
Robotics Research, 34, 705-724. https://doi.org/10.1177/0278364914549607

Gariépy, A., Ruel, J.C., Chaib-Draa, B., et al. (2019) Gg-stn: Optimizing One-Shot Grasp Detection Based on Robust-
ness Classifier. 2019 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), Macau, 3-8 No-
vember 2019, 3996-4003. https://doi.org/10.1109/IROS40897.2019.8967785

Morrison, D., Corke, P. and Leitner, J. (2020) Learning Robust, Real-Time, Reactive Robotic Grasping. The Interna-
tional Journal of Robotics Research, 39, 183-201. https://doi.org/10.1177/0278364919859066

Yu, H., Lai, Q., et al. (2019) A Cascaded Deep Learning Framework for Real-Time and Robust Grasp Planning. In
Proceedings of the 2019 IEEE International Conference on Robotics and Biomimetics (ROBIO), Dali, 6-8 December
2019, 1380-1386. https://doi.org/10.1109/ROB1049542.2019.8961531

Wang, S., Jiang, X., Zhao, J., et al. (2019) Efficient Fully Convolution Neural Network for Generating Pixel Wise Ro-
botic Grasps with High Resolution Images. In Proceedings of the 2019 IEEE International Conference on Robotics
and Biomimetics (ROBIO), Dali, 6-8 December 2019, 474-480.

https://doi.org/10.1109/ROBI049542.2019.8961711

Kumra, S., Joshi, S. and Sahin, F. (2020) Antipodal Roboticgrasping Using Generative Residual Convolutional Neural
Network. 2020 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), Las Vegas, 24 October
2020-24 January 2021, 9626-9633. https://doi.org/10.1109/IROS45743.2020.9340777

Fu, H., Song, G. and Wang, Y. (2021) Improved YOLOv4 Marine Target Detection Combined with CBAM. Symme-
try, 13, 623. https://doi.org/10.3390/sym13040623

RILL, B, Wi, T 508 SAETH IR I L[], THENL TR SN, 2022, 58(4): 267-274
Mg, FT RGB-D R FIPNBU IR B 2 S SET 7T [D]: [t 220018 50). BeE: B TR K2, 2021.

Jung, H., Kim, M., Chen, Y., et al. (2020) Implementation of a Unified Simulation for Robot Arm Control with Object
Detection Based on ROS and Gazebo. 2020 17th International Conference on Ubiquitous Robots (UR), Kyoto, 22-26
June 2020, 368-372. https://doi.org/10.1109/UR49135.2020.9144984

DOI: 10.12677/mo0s.2023.126473 5206 jé

[

S


https://doi.org/10.12677/mos.2023.126473
https://doi.org/10.3390/mti2030057
https://doi.org/10.1016/j.procs.2021.02.058
https://doi.org/10.1109/ICRA.2015.7139361
http://kns.cnki.net/kcms/detail/11.2127.tp.20230118.1624.007.html
https://doi.org/10.1177/0278364914549607
https://doi.org/10.1109/IROS40897.2019.8967785
https://doi.org/10.1177/0278364919859066
https://doi.org/10.1109/ROBIO49542.2019.8961531
https://doi.org/10.1109/ROBIO49542.2019.8961711
https://doi.org/10.1109/IROS45743.2020.9340777
https://doi.org/10.3390/sym13040623
https://doi.org/10.1109/UR49135.2020.9144984

	基于GR-CNN改进的抓取检测算法及仿真
	摘  要
	关键词
	Improved Grasping Detection Algorithm and Simulation Based on GR-CNN
	Abstract
	Keywords
	1. 引言
	2. 抓取姿态表示
	3. GR-CNN算法研究
	3.1. GR-CNN算法概述
	3.2. GR-CNN算法改进
	3.3. 预测评估指标
	3.4. 算法验证

	4. 实验与分析
	4.1. 仿真平台
	4.2. 仿真实现
	4.3. 实验结果分析

	5. 结束语
	基金项目
	参考文献

