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Artificial Neural Network for Stable Robotic Grasping
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Abstract: The optimal grasping point of the object varies depending on the shape of the object, such
as the weight, the material, the grasping contact with the robot hand, and the grasping force. In order to
derive the optimal grasping points for each object by a three fingered robot hand, optimal point and
posture have been derived based on the geometry of the object and the hand using the artificial neural
network. The optimal grasping cost function has been derived by constructing the cost function based
on the probability density function of the normal distribution. Considering the characteristics of the
object and the robot hand, the optimum height and width have been set to grasp the object by the robot
hand. The resultant force between the contact area of the robot finger and the object has been estimated
from the grasping force of the robot finger and the gravitational force of the object. In addition to
these, the geometrical and gravitational center points of the object have been considered in obtaining
the optimum grasping position of the robot finger and the object using the artificial neural network. To
show the effectiveness of the proposed algorithm, the friction cone for the stable grasping operation

has been modeled through the grasping experiments.
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[Table 1] 10 types of grasped objects

(19)

shape size[mm]
width : 60
Regular
depth : 60
hexahedron height : 60
width : 60
Rectangle depth : 40
height : 120
Pentagonal diameter : 60
prism height : 80
. diameter : 60
Cylinder height : 140
Quadrangular lower base : 70
pyramid height : 80
Polyhedron upper base : 40
hexahedron lower base : 70
X height : 60
C diameter : 70
one height : 80
Sphere diameter : 70
Hemisphere diameter : 70
. width : 80
Ellipse height : 60
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[Fig. 9] Optimal grasp height graph of quadrangular pyramid
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[Fig.10] Optimal grasp height graph of cone
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[Fig. 11] Optimal grasp width and center of shape&mass graph
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[Table 2] Top 10 coordinate pairs of rectangle

[Table 4] Top 10 coordinate pairs of quadrangular pyramid

z n hy T, Yo hy Total Cost @ n hy T, Yo h, Total Cost
0.5 -3 6.2 -1 3 59 4.39992 2 2.8 1.6 | 24 | 22 | 251 429958
0.5 3 58 | 03 -3 5.8 4.37507 28 | 26 | 1.6 | -2.6 | -2.1 | 2.06 427521
-06 | -3 6 0.4 3 6.5 4.36273 26 | -1.7 | 206 | -3 28 | 1.14 425820
0.9 -3 55 | 09 3 5.5 4.35853 02 | 28 1.6 | 0.1 | -2.6 | 2.06 4.17246
0.8 -3 53 | 0.7 3 5.7 4.33542 2.8 | 2.1 1.6 | 23 | -14 | 2.74 4.14331
0.5 -3 59 | -0.6 3 5.2 4.33079 -1 26 | 206 | -1 =25 1229 4.13056

-1 3 57 | 0.6 -3 6.5 4.32972 03 | 251|206 | -1 29 | 1.37 4.12642
0.9 3 52 -1 -3 5.5 4.32217 21 | -1.6 | 32 | -32 | 2.7 | 0.69 4.12556

-1 -3 48 | 05 3 5 427118 27124 18| 28 | -1.8 | 1.6 4.12143

-1 -3 63 | -0.8 3 53 4.25739 23| 26 | 206 | -24 | 29 | 1.37 4.10084

[Table 3] Top 10 coordinate pairs of cylinder [Table 5] Top 10 coordinate pairs of quadrangular cone

x m h, x, Yy hy Total Cost x, Yy h, Ty Yy hy Total_Cost

2851 1.65| 72 | 295 |-1.55| 6.7 4.55551 -16 | -1.6 | 424 | -1.3 | -1.8 | 4.39 3.95487
-0.65(-325| 79 |-0.65| 325 | 59 4.45419 -0.7 | 2.1 | 441 | 0.7 | 24 | 343 3.94919
-0.65|325| 6.6 |-1.45]-295]| 6.7 4.37616 221 05 | 426 22 | 04 | 433 3.94354
3151 015 | 62 |-325|-035| 84 4.37081 -0.8 | -26 | 2,67 | -0.7 | 23 | 3.76 3.91232
-235(-215| 74 | 235 | 2.15 8 4.36726 0 28 | 24 0 24 | 3.77 3.90512
305 | 125 | 62 |-285|-1.75| 5.4 4.36345 1.8 | -1.6 | 3.74 | 1.8 14 | 418 3.89845
-235(-215| 83 | 265 | 1.95 6 4.35218 -14 | 21 | 335 | -1.7 | 1.9 | 3.26 3.89315
325 (-075| 7.5 |-275| 1.85 | 59 4.34161 02 | 24 |374] -09 | -2 | 448 3.87444
215|255 | 64 |-1.85]-275] 55 4.33520 22| -02 | 443 | 22 | 05 | 426 3.86845
0.65 [-3.15| 6 |-135|285| 7.6 4.33102 1.7 | -1.4 | 445 | -1.7 | 1.2 | 4.87 3.85087
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[Fig. 12] Retention candidate and operation of rectangle

[Fig. 13] Retention candidate and operation of quadrangular
pyramid
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[Table 6] Comparison of grasping success rate

pud

. Grasping success rate(%o)
Objects
Force closure SG-ANN

Rectangle 80 95

Cylinder 85 95
Quadrangular pyramid 70 80
Cone 65 75

ato] &A1) A FAS 3 A9, 2A FolollA = A

o] AV FeE frAl a4 Sakal
o] LERAL SG-ANNS] H A5} 3] &

aloiT) wak ApzbEal Jua Y 51Xl =

ol = SG-ANNOJ 4] &=

S YA HFES

247} ol vl neiA) = @a



102 =3:5t3) =584 4147 423 (2019.6)

Fesl7] 918te], 34| i =A1E AGakaL, 9] tid =419
e} robot hand®] 5433, 94| 7hsdk H A9 o)} &
EAo] FAH T2 7I81et4 ] AR E o] &alo] HAjlr|
-3}l neural network & -3 310 4] €] 914 91X & =g

ot EAE 107H4] R e = E5shal, AA B35
5= S A2k gxﬂ E% 77} robot hand 5 &g+ 4
Al 9] A2 AL, ARbeE dare]E 7Sl ARS-
)= upa S ] wahol E}]/\E 319t} 3% robot hand 2] 34
3] W7} friction cone WF-oll =485 neural network 2]
parameter S 3 =9 A|oJ3}o] auto tuningdl= *HHl| Tt
AT gt ool

References

[1]1 Z. Li and S. Sasty, “Task-Oriented Optimal Grasping by
Multifingered Robot Hands,” 1987 I[EEE International
Conference on Robotics and Automation, Raleigh, NC, USA,
1988, DOI: 10.1109/ROBOT.1987.1087852.

[2] N. Daoud, J.P. Gazeau, S. Zeghloul, and M. Arsicault, “A
real-time strategy for dexterous manipulation: Fingertips motion
planning, force sensing and grasp stability,” Robotics and
Autonomous Systems, vol. 60, no. 3, pp. 377-386, 2011.

[3] F. Ikhwantri, N. Habibie, A. R. Syulistyo, Aprinaldi, and W.
Jatmiko, “Learning Semantic Segmentation Score in Weakly
Supervised Convolutional Neural Network,” 2015 International
Conference on Computers, Communications, and Systems
(ICCCS), Kanyakumari, India, 2016, DOI: 10.1109/CCOMS.201
5.7562845.

[4] D. Rao, Q. V. Le, T. Phoka, M. Quigley, A. Sudsang, and A. Y.
Ng, “Grasping Novel Objects with Depth Segmentation,” 2010
IEEE/RSJ International Conference on Intelligent Robots and
Systems, Taipei, Taiwan, 2010, DOIL: 10.1109/IR0S.2010.5650493.

[5] D. Guo, F. Sun, B. Fang, C. Yang, and N. Xi, “Robotic grasping
using visual and tactile sensing,” Information Sciences, vol. 417,
pp. 274-286, Nov., 2017.

[6] K-W. Lim, S.-H. Kim, K.-B. Sim, and H.-T. Jeon, ‘“Force
Controller of the Robot Gripper using Fuzzy-Neural Fusion,” The
Institute, Electronics and Information Engineers, pp. 861-865,
1991.

[7] B.-H. Kim, B.-J. Yi, S.-R. Oh, and 1. H. Suh, “Optimal Grasp
Planning of Object Based on Weighted Composite Grasp Index,”
Journal of Control, Automation, and Systems Engineering, vol. 6,
no. 11, pp. 1003-1012, 2000.

[8] P.-C. Huang, J Lehman, A. K. Mok, R. miikkulainen, and L.
Sentis, “Grasping Novel Objects with a Dexterous Robotic Hand

2014 IEEE  Symposium on
Computational Intelligence in Control and Automation (CICA),
Orlando, FL, USA, 2014, DOI: 10.1109/CICA.2014.7013242.

[9] M. R. CUTKOSKY, “On Grasp Choice, Grasp Models, and the
Design of Hands for Manufacturing Tasks,” IEEE Transactions on
Robotics and Automation, vol. 5, no. 3. pp. 269-279, Jun., 1989

[10] T. Yoshikawa, “Multifingered robot hands: Control for grasping

through  Neuroevolution,”

and manipulation,” Annual Reviews in Control, vol. 34, no. 2, pp.
199-208, Dec., 2010.

[11] M. Li, K. Hang, D. Kragic, and A. Billard, “Dexterous grasping
under shape uncertainty,” Robotics and Autonomous Systems, vol.
75, Part B, pp. 352-364, Jan., 2016.

[12] J. Mahler, F. T. Pokorny, B. Hou, M. Roderick, M. Laskey, M.
Aubry, K. Kohlhoff, T. Kroger, J. Kuffner, and K. Goldberg,
“Dex-Net 1.0: A Cloud-Based Network of 3D Objects for Robust
Grasp Planning Using a Multi-Armed Bandit Model with
Correlated Rewards,” 2016 IEEE International Conference on
Robotics and Automation (ICRA), Stockholm, Sweden, 2016,
DOI: 10.1109/ICRA.2016.7487342.

[13] M.-Y. Park, J.-S. Yang, Y.-M. Koo, B.-K. Shim, Y.-K. Jeong,
E.-U. Kang, and S.-H. Han, “A Study on Gripping Control of
Robotic Hand with Ten Joints for Cooperative Working,” 2014
14th International Conference on Control, Automation and
Systems (ICCAS 2014), Seoul, South Korea, 2014, DOI:
10.1109/ICCAS.2014.6988009.

[14] D.-J. Park, D.-E. Kim, J.-H. Park, and J.-M. Lee, “Singularity
and Collision Avoidance Path Planning based upon Artificial
Potencial Field and Manipulability Measure,” Journal of The
Institute of Electronics and Information Engineers, vol. 55, no. 5,
pp- 89-96, May, 2018.

[15] H. Wakamatsu, S. Hirai, and K. Iwata, “Static Analysis of
Deformable Object Grasping Based on Bounded Force Closure,”
IEEE International Conference on Robotics and Automation,
Minneapolis, MN, USA, 1996, DOI: 10.1109/ROBOT.1996.509
219.



g7 M
2017 el )e sk vplE =Y A~
| FolaFD

2017~ FefekaL eistel 47)943 %
Bl AR Bt A et

+
ARk WAl HaY, EX Ao

4 s o

2015 QIAhE L AR s 2 E-F T FEAD
2017 Fkosha sk A7) R A7 E 3
S AR F SN F A

. 2017-3A) SbeistaL cistel W71

£

> §

‘@‘

WOk Al s 25 A28 A B Ao, Al Alo], nlo]azZe
A 3-8

B B8 st A Al 5

b

H

b B Sy
2014 Fo|o)sl Arlala (2]
2017~3A] FAIN S thekel 7)1
B TR A A Afsk 5

A
Lo][1

TR A T2 EA2E A 2 Ao], 2 Alo], T2, nlo|ZR =T
2AA &

of & d
1980 Agtheha ks slaEsAt)
- 1082 A2 istL vhekel At AL
78 FSD
. = 1990 Computer Engineering, University of
‘ ) 4 L Southem California(F-8F2FA}
1992~AA FA¥ehsta w4
BTk AeZRAIEE AA| 9 Alo], vlo| a2 Z2A|M 3-8,
£ 317 Navigation and Localization



