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A Preliminary Study on Softness Optimization Using Machine Learning
for the Digital Twin of Soft Robots
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Abstract: This study presents a machine learning-based approach for optimizing Young’s modulus, a critical physical parameter of
soft robots. Instead of directly utilizing conventional material property data, the method predicts Young's modulus based on positional
coordinate data measured from key points on the deformed soft robot. The research consists of simulation and experimental phases. In
the simulation phase, the convergence of the Young’s modulus estimation framework is first validated through gradient descent
optimization. Subsequently, random forest and neural network models are trained using coordinate data collected over a Young’s
modulus range of 10>-10'° Pa. The random forest model exhibits the lowest RMSE for predicting specific Young’s modulus values
(10°¢ and 108 Pa), demonstrating optimal performance. In the experimental phase, deformation data from a TPU-based 3D-printed soft
robot are applied to the optimized random forest model to predict Young’s modulus in real-world conditions. The proposed method
provides realistic predictions compared to publicly available modulus values. These findings confirm that simulation-trained machine
learning models can be effectively applied to optimize soft robot design and control, enhancing the reliability of digital twins and soft

robot engineering.

Keywords: young’s modulus, nvidia isaacsim, soft robot, machine learning
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Fig. 3. A 3D-printed soft robot made of TPU: (a) Front view, (b)
Side view, and (c) Top view. The printing parameters were
set to a layer height of 0.2 mm, an infill density of 75 %, and
agrid infill pattern.
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Table 3. Young’s modulus prediction of the soft robot in real-world
environment.

Predicted Young’s Modulus (Pa)
115,823,134

Random Forest

s]

V. 22 2 8% o7
T valeg Ve R AEdelHE 28
= 23l FAT EelA el D of
welFln), 3, Aol A uit F)
glo 1 1E Ay Bk oA, WA V) g8
ool 759 o

ol
R
r

m{u w9
g
lm

3

1

i

oft [m & by ety

fo e

>4

< Jin)

m o
i1t
2
et
oﬁ
E
)
£°
:|:1

>
o o
32 8
-Q‘ ){E
H |
o
kY
)
5 D
TR
I it lm
ol ;J
OE Ly
- e
ol é
ol
o g
3 I &
o
32 o2 r_rg ﬂllo
Tlow o
> g
oo e
2L

oy BN
9
>
=
i)
H:l
L,
>
Ul
rl
pod
=l
td
o,
o
i)
X
=
>
k
Hir
32 rlo of o 2

2
952 wolr] 7] 3] B4 maA=A FEAS W
o W, el ESITE JTHOR B 0AES Yo
o, delele] Hael Skt FAvk o Baked A
so] AR e S woF T, B ATl ©
S3 AN RSk AR delEAe noR Aol
AR W, 7 NEAALS Y FsHE 914
o AFIAE 2k

i

21
-
(o
>
s
Lo

= ] pi =

ol S0l S1a A1 A4 e s g
% 328 Aol oleld AT ATE 2R 3§ o}
M 7P FF HAsE & 9 v SHAa, g
& 25 58 okl &8 7Fed M8 &S Ast

REFERENCES

[1] H.Nguyen and H. La, “Review of deep reinforcement learning
for robot manipulation,” IEEE, pp.590-595, 2019.

[2] N.Rudin, D. Hoeller, P. Reist, and M. Hutter, “Learning to walk
in minutes using massively parallel deep reinforcement learning,”
PMLR, pp.91-100, 2022.

[3] D.Kim, S.Kim, T. Kim, B. B. Kang, M. Lee, W. Park, S. Ku, D.
Kim, J. Kwon, and H. Lee, “Review of machine learning methods
in soft robotics,” Plos one, Public Library of Science San
Francisco, vol. 16, no. 2, 2021.

[4] K. Kim, C. W. Sung, G. H. Kim, and A. Y. Hong, “Development
of the gripping system for moving objects using a soft gripper,”

Institute of Control, Robotics and Systems (in Korean), pp. 522—

523,2023.

[5] B. Frank, R. Schmedding, C. Stachniss, M. Teschner, and W.
Burgard, “Learning the elasticity parameters of deformable
objects with a manipulation robot,” IEEE, pp.1877-1883, 2010.

[6] S.Bishnoi, S. Singh, R. Ravinder, M. Bauchy, N. N. Gosvami, H.
Kodamana, and N. A. Krishnan, “Predicting Young's modulus of
oxide glasses with sparse datasets using machine learning,” J.Non

Cryst.Solids, 2019.

[71 H. Khakurel, M. Taufique, A. Roy, G. Balasubramanian, G.
Ouyang, J. Cui, D. D. Johnson, and R. Devanathan, “Machine
learning assisted prediction of the Young’s modulus of

compositionally complex alloys,” Scientific reports, Nature
Publishing Group vol. 11, no. 1, pp.17149, 2021.

[8] 1. Joo, J. Ha, and J. Kang, “Prediction of ground reaction forces
and joint torque through squatting motion with deep learning
algorithm,” Journal of Institute of Control, Robotics and Systems
(in korean), pp. 123-124, 2024

[9] A.Georgopoulou, B. Vanderborght, and F. Clemens, ‘Fabrication
of a soft robotic gripper with integrated strain sensing elements
using multi-material additive manufacturing,” Frontiers in
Robotics and Al Frontiers Media SA, vol. 8,2021.

[10] L. Grinsztajn, E. Oyallon, and G. Varoquaux., “Why do tree-
based models still outperform deep learning on typical tabular

data?,” Advances in Neural Information Processing Systems, vol.
35, pp. 507-520, 2022.

[11] B. Adrover-Monserrat, J. Lluma, R. Jerez-Mesa, and J. A.
Travieso-Rodriguez, “Study of the influence of the manufacturing
parameters on tensile properties of thermoplastic elastomers,”
Polymers, MDPI, vol. 14, no. 3, pp.576, 2022.

[12] D. M. Haid, O. Duncan, J. Hart, and L. Foster, ‘“Characterisation
of thermoplastic polyurethane (TPU) for additive manufacturing,”
Tagungsband zum, vol.14, pp.85-88, 2022.

HE| =

20233 sl HAAkee) €
2043-87) BTt dlo]Ejrtolel
2 gt Al As . Bl
= AlEElelA, Hale.

ofd

4z

=]
= H-

B A

20113 Kanazawa University 17F7] A3
8t} (8FA}). 2013 University of
California, San Diego 7 +7E] %83} (4
AP). 20221 University of Tuebingen 3%
Bl ek} (BL/\]_) 20243~ A 7:1—‘9—1:]] 13
o gloJEAlo] A AtshY g A
o= Ao, HA g, i—i‘.



	유연 로봇의 디지털 트윈을 위한 머신러닝 기반 Softness 최적화 기초 연구
	Abstract
	I. 서론
	II. 연구 방법론
	III. 실험 결과 및 고찰
	IV. 결론 및 향후 연구
	REFERENCES


