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 A B S T R A C T

Soft pneumatic actuators are widely used in soft robotics because of their compliance and ability to generate 
smooth, biomimetic motions. However, accurately modeling their highly nonlinear and deformable behavior, 
particularly under contact conditions, remains computationally intensive, limiting their integration into real-
time control and digital twin frameworks. This study presents a reduced-order surrogate modeling approach to 
enable a real-time-capable digital twin for soft pneumatic bending actuators. High-fidelity simulations based on 
finite element modeling (FEM) are first used to generate full-field response snapshots, which are reduced using 
proper orthogonal decomposition; radial basis function interpolation is then trained to map input parameters 
to the reduced coefficients, enabling rapid reconstruction of the full-field actuator response. The reconstructed 
responses are compared with FEM simulations for error analysis and validated against experiments on a custom-
fabricated pneumatic network actuator. Results demonstrate that, within the sampled operating domain, the 
proposed method enables accurate, near real-time (calculation time < 1 s) predictions of bending deformations, 
spatial stress and displacement distributions, and tip contact forces, thereby realizing a digital twin of the 
actuator. Furthermore, a digital twin of a multi-actuator grasping system is demonstrated, highlighting the 
effectiveness of the method in creating efficient digital twins for soft robotic systems with strong potential for 
closed-loop control, performance monitoring, and decision-making.
1. Introduction

Digital twins are an emerging paradigm across engineering disci-
plines, aiming to construct high-fidelity virtual representations that 
mirror and continuously synchronize with physical systems (Tao and 
Qi, 2019; Tao et al., 2022). By integrating predictive models with 
physical-state and sensor data through continuous information ex-
change with the physical system, digital twins enable condition moni-
toring, performance prediction, fault diagnosis, decision support, and 
ultimately design and operation optimization of mechanical systems
(Lai et al., 2023; He et al., 2025), making them increasingly important 
across industries such as aerospace, civil engineering, and smart manu-
facturing (Li et al., 2023; Liu et al., 2021). However, their application to 
soft robotics is still limited, mainly due to the challenge of developing 
models of soft actuators that are both accurate and computationally 
efficient for real-time use (Jin et al., 2020; Mengaldo et al., 2022).

Soft pneumatic actuators (SPAs) are fundamental components of 
soft robotics, valued for their intrinsic compliance, adaptability, and 
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safety in unstructured environments. Typically fabricated by embed-
ding fluidic channels within elastomeric matrices, SPAs are actuated by 
pressurizing internal pneumatic networks, enabling bending, twisting, 
and other complex deformations (Xavier et al., 2022). They have been 
widely deployed in soft grippers (Ilievski et al., 2011; Xie et al., 2020), 
crawling robots (Shepherd et al., 2011), and a range of other soft 
robotic systems (Gorissen et al., 2020; Pu et al., 2024). Despite their 
versatility, SPAs remain challenging to model and control due to their 
highly nonlinear, continuum-level deformation behavior, which arises 
from a complex interplay of actuator geometry, hyperelastic material 
properties, fluid–structure interactions, and environmental effects such 
as contact and friction (An et al., 2018). Analytical models, while 
computationally efficient, rely on simplifying assumptions that limit 
their predictive accuracy, particularly under large deformations or 
multi-point contact conditions (Wang et al., 2023; Gu et al., 2021; 
Zhong et al., 2021). Finite element modeling (FEM) offers a more 
https://doi.org/10.1016/j.ijsolstr.2026.114190
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data mining, AI training, and similar technologies. 
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comprehensive and physically accurate approach, enabling detailed 
predictions of stress distributions, full-field deformations, and nonlinear 
material responses (Moseley et al., 2016; Xavier et al., 2021). This 
accuracy, however, comes at a high computational cost, making FEM 
impractical for time-sensitive tasks such as closed-loop control, rapid 
design iteration, or integration into digital twin frameworks.

Surrogate modeling offers a promising approach to accelerate simu-
lations by learning data-driven mappings from simulation-based inputs 
to outputs. In this framework, high-fidelity FEM simulations are con-
ducted to generate paired input–output datasets, which are then used to 
construct surrogate models, including artificial neural network (ANN) 
models, radial basis functions (RBFs), Kriging, Gaussian process re-
gression, and Bayesian models. Once trained, these models can deliver 
near-instantaneous predictions of actuator performance, dramatically 
reducing FEM computation costs and enabling efficient design, opti-
mization, and control. These approaches have been widely used in 
data-driven soft robot modeling (Chen et al., 2024) and inverse de-
sign problems (Chen et al., 2026). However, most surrogate models 
used in soft robotic design are formulated as mappings between a 
small number of input parameters and low-dimensional outputs. For 
instance, Liu et al. (2022) trained an ANN-based surrogate model using 
simulation data from the Simulation Open Framework Architecture 
(SOFA) to map two geometric design parameters of a soft pneumatic 
finger to center-of-gravity offset and bending reaction force. Wang et al. 
(2024) employed Gaussian process surrogate models within the Fin-
Bayes framework to map eight geometric design variables of fin-ray 
fingers to two objectives, compliance and output force, for multi-
objective Bayesian optimization. Xiao et al. (2025) developed RBF and 
Kriging surrogate models for a vacuum-powered soft bending actuator 
to relate actuating pressure and chamber-wall thickness parameters 
to bending curvature for programmable shape matching. Zhang et al. 
(2022) developed a neural network-based joint surrogate model that 
maps pressure, two force components, and torque to the coordinates of 
ten centerline anchor points, enabling fast prediction of pneumatic joint 
deformation, although prediction errors can accumulate when multiple 
joints are assembled into a gripper system. Collectively, these studies 
demonstrate the efficiency of surrogate modeling for rapid performance 
evaluation and design exploration, but they remain largely limited to 
low- or moderate-dimensional outputs. They are therefore not directly 
applicable to full-field prediction tasks involving thousands of nodal 
displacements, stresses, or strains. Fast and accurate prediction of full-
field stress, strain, or deformation therefore requires an intermediate 
dimensionality-reduction strategy that retains the dominant mechanical 
information while avoiding direct mapping to thousands of nodal or 
elemental outputs.

Reduced-order modeling (ROM) provides such a strategy by extract-
ing dominant deformation modes from high-dimensional simulation 
data and representing system behavior in a compact, lower-dimensional 
subspace. ROM techniques thereby reduce the dataset size required for 
surrogate modeling while retaining key physical characteristics. Proper 
orthogonal decomposition (POD), one of the most widely used ROM 
techniques, has demonstrated effectiveness in diverse fields. A classic 
example is eigenfaces in facial recognition, where principal component 
analysis (PCA) compresses high-dimensional image data into a small 
number of orthogonal basis vectors, enabling efficient representation 
and recognition of human faces (Muller et al., 2004). In engineering 
over the past years, POD has been successfully applied to problems such 
as fluid flow (Taira et al., 2020), heat transfer (Wang et al., 2012), 
solid structural dynamics (Ayoub et al., 2022), and fluid–structure 
interactions (Liberge and Hamdouni, 2010). Specifically, recent studies 
have begun exploring the integration of ROM and surrogate modeling 
to develop digital twins for various mechanical systems. Aversano 
et al. (2019) combined PCA with Kriging to develop a ROM-surrogate 
modeling framework for combustion systems. This approach constructs 
accurate and computationally efficient ROMs from a limited set of 
high-fidelity computational fluid dynamics simulations, enabling rapid 
2 
parameter exploration and uncertainty quantification for digital twins. 
Lai et al. (2023) present a digital twin framework that combines load 
identification, multi-fidelity surrogate modeling, and online fatigue 
damage estimation, offering a promising approach for structural health 
monitoring, though its generalizability would benefit from validation 
across broader classes of structures. Yang et al. (2024) developed a dig-
ital twin for monitoring thermal stratification in pressurizer surge lines 
in nuclear engineering. By integrating POD with an artificial neural net-
work, they mapped a set of design parameters to the full-field thermal 
and stress distributions of the surge lines, enabling real-time predic-
tions of thermo-fluid–structure interaction under parametric variations. 
Collectively, these studies demonstrate the effectiveness of integrating 
ROM with surrogate models for achieving near real-time full-field state 
estimation of mechanical structures and systems.

Inspired by these advances, this work investigates a framework 
that combines POD-based ROM with surrogate modeling for SPAs, a 
field that has received relatively little attention. Goury and Duriez 
(2018), Goury et al. (2021) made the first attempt to integrate ROM 
with real-time FEM simulations using SOFA. While SOFA enables fast, 
interactive simulations (Schegg et al., 2023), its accuracy is inherently 
limited by the trade-off between real-time performance and physical 
fidelity (Ferrentino et al., 2022; Liu et al., 2022). High-speed, in-
teractive simulations may sacrifice detail in material behavior, mesh 
resolution, contact handling, and actuation physics, making them less 
accurate than high-fidelity FEM tools like Abaqus. In contrast, Abaqus 
is an industry-grade, general-purpose FEM solver known for its robust-
ness and extensive material library, enabling high-fidelity modeling 
of nonlinear deformations, hyperelasticity, and complex contact con-
ditions (Polygerinos et al., 2015; Wang et al., 2016). To the best of 
our knowledge, this is the first work to integrate ROM and surrogate 
modeling with high-fidelity Abaqus simulations for SPAs, combining 
engineering-grade accuracy with real-time predictive capability. By 
deriving reduced-order and surrogate models directly from Abaqus 
simulations, our approach preserves engineering-grade accuracy while 
achieving real-time capability, bridging the gap between interactive 
control frameworks and industrially validated predictive models. The 
proposed method delivers computationally efficient, high-fidelity mod-
els for real-time full-field deformation prediction, thereby supporting 
predictive digital twin capabilities for soft robotic systems. Because the 
surrogate is trained from a finite set of FEM simulations, this predictive 
capability should be interpreted within the sampled training domain 
rather than as unrestricted extrapolation to arbitrary unseen conditions. 
Nevertheless, by enabling real-time full-field reconstruction from high-
fidelity FEM data, the framework can serve as a basis for soft-robot 
digital twins that could be extended beyond the training domain in the 
future. Using a classical pneumatic networks (PneuNets) actuator and 
gripper as examples, this paper details the development of a digital 
twin by integrating ROM and surrogate models, with experimental 
validation showing good agreement between predictions and measured 
performance.

Fig.  1 illustrates the soft robotic digital twin concept. Physical sen-
sors measure the actuation pressure and the distance from the actuator 
to the ground, and these parameters are fed into the digital twin to 
compute real-time deformation and contact behavior. A visualization 
system reconstructs stress, strain, and displacement at each node and 
element in real time, yielding a FEM-like representation of the physical 
system with real-time performance. The method can be summarized in 
four steps: (i) develop a high-fidelity FEM model of the actuator; (ii) 
perform extensive parametric studies to collect deformation data under 
varying pressures and distances; (iii) apply POD to extract principal 
components, reducing the high-dimensional FEM data (coordinates, 
displacements, stress, strains, contact forces, etc.) into a small set of 
POD parameters and corresponding eigenmodes that capture full-field 
deformation; and (iv) construct a surrogate model mapping physical 
inputs, such as pressure and distance, to the POD parameters, which 



Y. Pu et al. International Journal of Solids and Structures 339 (2026) 114190 
Fig. 1. Flowchart of the proposed ROM-surrogate modeling framework for developing a digital twin of SPAs. Actuation pressure measured by a sensor is fed into 
the digital twin to predict real-time bending and contact deformations. The full-field response is reconstructed and visualized in a FEM-like representation. The 
framework comprises four steps: (i) FEM simulation, (ii) parametric studies, (iii) POD-based reduced-order modeling, and (iv) RBF-based surrogate modeling.
can then be used to reconstruct the full-field deformation for real-time 
prediction and visualization.

The paper is organized as follows. Section 2 details the geometry 
and fabrication of SPAs, along with the FEM techniques and experi-
mental methods used to characterize their bending deformations and 
contact forces. Section 3 introduces the theory of POD, RBFs, and 
the POD–RBF hybrid modeling strategy. Section 4 presents the error 
analysis and several validation examples to demonstrate the accuracy 
and efficiency of the proposed method as a digital twin for SPAs, 
followed by a multi-actuator grasping case as a demonstration. Finally, 
Section 5 summarizes the key findings and outlines directions for future 
work.

2. Soft pneumatic actuators

This section introduces the SPA and presents the development and 
validation of a FEM model that captures its deformation and contact 
behavior under internal pressure. This validated high-fidelity model 
provides the foundation for the subsequent reduced-order and surrogate 
modeling.

2.1. Design

The SPA considered in this work follows the classical PneuNets 
design of Mosadegh et al. (2014), which has been extensively studied 
since. It is used here as a representative example to demonstrate 
the development of a digital twin for soft actuators using reduced-
order and surrogate modeling approaches. Fig.  2 illustrates the design, 
fabrication, and deformation behavior of the PneuNets actuator. Fig. 
2(A) shows two actuators grasping an object. Each actuator consists 
3 
of a soft elastomeric body with embedded pneumatic channels and 
an inextensible, strain-limiting layer formed by embedding a sheet of 
paper within the elastomer, as shown in Fig.  2(B). Upon pressurization 
by pumping fluid into the internal channels, the chambers expand, 
and adjacent channel walls come into contact, causing the actuator 
to bend, as depicted in Fig.  2(C). The grasping performance of the 
gripper depends on the contact interaction between each actuator 
and the object, including the normal contact interaction and frictional 
resistance at the contact interface. Therefore, the design of a PneuNets 
actuator must account for both its bending behavior and its contact 
interaction with the target object, the latter being strongly influenced 
by the initial distance between the actuator and the object (Zou et al., 
2024), as shown in Fig.  2(D).

2.2. Experiment

The actuator considered in this study was fabricated using an in-
jection molding process. The body was cast from silicone elastomer 
(Ecoflex Sil-950 A and B, Smooth-On, USA). Molds for both the main 
body and bottom layer were produced using 3D-printed resin (8200Pro, 
Wenext Technology, China). Ecoflex Sil-950 A and B were measured 
and mixed at a 1∶10 ratio in a clean container. To fabricate the main 
body, the mixture was poured into the mold and cured in a vacuum 
oven. For the bottom layer, the mold was half-filled with the mixture 
and partially cured to form a half-thickness layer. A sheet of standard 
printing paper, cut to size, was then placed on top of this partially cured 
layer as a strain-limiting element. The remaining mixture was poured to 
complete the layer, and the cured main body was positioned on top. The 
components were then cured and bonded to form the complete SPA. 
Uniaxial tensile tests were performed to characterize the hyperelastic 
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Fig. 2. Design, fabrication, and actuation of SPAs. (A) Two SPAs functioning as a soft gripper for grasping. (B) Geometric design of the pneumatic network with 
dimensions. The actuator consists of a soft elastomeric body with embedded pneumatic channels and an inextensible, strain-limiting layer formed by embedding 
paper within the elastomer. (C) Pressurization of the pneumatic channels with air or fluid causes the chambers to expand, resulting in actuator bending. (D) 
Schematic illustration of the actuator’s bending and contact behavior under pressurization.
behavior of the elastomer. Details of the actuator fabrication process 
and material characterization are provided in an earlier study by the 
authors (Lu et al., 2026); these details are omitted here for brevity.

To experimentally characterize the response of the pneumatic ac-
tuator, a test setup was developed to measure both its bending and 
contact behavior under pressurization. As shown in Fig.  3(A), a syringe 
pump (LSP01-3A, LongerPump, UK) was used to deliver fluid into the 
actuator at a controlled rate of 125 mL/min. The internal pressure 
was monitored using a digital pressure gauge (YK-120B, Shelok, China) 
connected to a computer for data acquisition. A digital camera (SONY 
𝛼6000) was positioned in front of the actuator to capture its defor-
mation during inflation. Bending behavior was measured in a water 
tank to eliminate gravitational effects, with water used as the working 
fluid. In contrast, contact force measurements were conducted in air, 
where the actuator was inflated pneumatically. A load cell (ZNZV6-T1-
485, CHINOSENSOR, China) was placed parallel to the actuator at a 
fixed distance 𝐻 , enabling continuous monitoring of the reaction force 
exerted by the air-pressurized actuator under combined gravitational 
4 
and pneumatic loading conditions. We note that this experimental 
setup has also been used in a previous study (Lu et al., 2026) to 
investigate the effect of elastomer viscosity on the bending behavior of 
the actuator. In the present work, the same setup is used to characterize 
the actuator response while focusing on its hyperelastic behavior.

2.3. FEM model

To compute the bending and contact mechanics of SPAs, high-
fidelity 3D FEM models were developed using Abaqus 2020. Fig.  3(B) 
shows the FEM model with its mesh representation and boundary 
conditions. The actuator body was discretized using 10-node quadratic 
tetrahedral hybrid elements (C3D10H), while the embedded paper 
layer was modeled with 3-node quadratic triangular shell elements 
(STRI65). To capture the actuator-plate contact behavior and facil-
itate extraction of reaction forces on the load cell, a rigid plate was 
positioned parallel to the actuator with an initial gap 𝛥𝐻 . The plate 
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Fig. 3. Experimental setup, FEM model, and validation of the SPA. (A) Experimental setup for inflation tests, showing components used to measure bending 
angle and contact force versus internal pressure: (1) syringe pump; (2) digital pressure gauge; (3) water tank; (4) soft actuator; (5) digital camera; (6) load cell. 
Bending was measured in water to remove gravity; contact behavior was measured in air. (B) FEM mesh in the uninflated state; a rigid plate beneath measures 
contact forces. (C) Bending snapshots in water (gravity neglected). (D) Bending angle versus inflation pressure (0–0.09 MPa). (E) Bending and contact snapshots 
in air (gravity included). (F) Contact force versus pressure (0–0.09 MPa); contact begins above 0.013 MPa. (G) Parametric study of the effect of 𝛥𝐻 on the contact 
force versus inflation pressure response, obtained from FEM simulations. (H) Due to initial bending under gravity, each 𝛥𝐻 corresponds a particular pressure 
threshold 𝑃𝑐 for the onset of contact. The system behavior is then divided into two regimes: regime I (no contact) and regime II (contact).
was meshed using reduced-integration 20-node hexahedral elements 
(C3D20R) and defined as a rigid body using the Abaqus Interaction 
module. A mesh-convergence study showed that key outputs – defor-
mation, stress distribution, and reaction forces – were insensitive to 
further mesh refinement, resulting in a discretization with a total of 
15744 elements and 25022 nodes for the actuator model. The left 
side of the actuator body was fully constrained, and the rigid plate 
was kinematically coupled to a fully fixed reference point, enabling 
the extraction of reaction forces at the reference point. Contact was 
modeled as self-contact on cavity walls and surface-to-surface interac-
tion between the actuator and plate, with hard contact in the normal 
direction and frictionless tangential behavior.

The elastomer was modeled using the incompressible Gent hyper-
elastic material model (Gent, 1996), with the following strain–energy 
density function: 

𝑊 = −
𝜇𝐽𝑚 ln

(

1 −
𝐼1 − 3

)

, (1)

2 𝐽𝑚

5 
where 𝜇 is the small-strain shear modulus, 𝐽𝑚 is a material parameter 
associated with limiting stretch, and 𝐼1 = tr(𝐅𝑇𝐅), with 𝐅 denoting 
the deformation gradient. The uniaxial tensile response of Ecoflex Sil-
950 was experimentally characterized and fitted to this model, yielding 
parameters (𝜇, 𝐽𝑚) = (0.8 MPa, 6.0). The embedded paper layer was 
represented as a linear elastic material with density 𝜌 = 750 kg∕m3, 
Young’s modulus 𝐸 = 6.5 GPa, and Poisson’s ratio 𝜈 = 0.2. The plate 
was treated as a rigid body to represent structural steel, whose stiffness 
exceeds that of the soft actuator by several orders of magnitude. Gravity 
was applied in the negative 𝑧-direction with 𝑔 = 9.81 m∕s2; simulations 
performed in a water tank omitted gravitational loading. The internal 
pneumatic cavity was modeled as a fluid-filled chamber (the Fluid 
Cavity option in Abaqus) containing either air (𝜌air = 1.225 kg∕m3) or 
water (𝜌water = 1000 kg∕m3). Actuation was simulated by applying a 
prescribed cavity pressure 𝑃  to drive inflation. All simulations were 
performed using the *Static General procedure in Abaqus, with 
geometric nonlinearity enabled. A custom Python script was developed 
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to extract nodal coordinates (𝑋, 𝑌 ,𝑍), von Mises stress 𝑆, displacement 
magnitude 𝑈 , and contact force 𝐹  at each pressure increment. The 
extracted data were systematically stored to facilitate the development 
of the digital twin of the actuator.

2.4. Validation

Before constructing the digital twin, the FEM model was vali-
dated against experimental measurements of both bending and contact 
behavior. Fig.  3(C) shows bending snapshots of the actuator from 
experiments and FEM simulations. In the water tank, buoyancy com-
pensates for gravity, allowing the actuator’s weight to be neglected. Fig. 
3(D) compares the bending angle as a function of inflation pressure, 
showing good overall agreement and supporting the accuracy of the 
FEM model in predicting the actuator’s bending deformation over the 
main deformation range. The initial flat region in the experimental 
bending-angle curve at very low pressure is not fully reproduced by 
the FEM model. This discrepancy is mainly attributed to experimental 
pressure-transmission and measurement effects during the early infla-
tion stage, including tubing compliance, local chamber filling, small 
trapped bubbles, and pressure-gauge resolution. In contrast, the FEM 
model applies an idealized uniform cavity pressure directly to the 
internal chamber surfaces, so the simulated actuator responds immedi-
ately to the prescribed pressure. This discrepancy is therefore mainly 
associated with the experimental pressure-delivery process at early 
inflation and does not affect the model’s ability to capture the dominant 
bending and contact response at moderate and high pressures. Fig. 
3(E) presents bending and contact snapshots of the actuator at various 
inflation pressures in air, where gravity is considered. At zero inflation, 
the actuator exhibits a slight initial bend. As air is pumped into the 
channels, the actuator bends further until its tip contacts the load 
cell, which then measures the contact force. Fig.  3(F) compares the 
contact force as a function of inflation pressure. Contact occurs at an 
inflation pressure of approximately 0.013 MPa, and both experimental 
measurements and FEM predictions show excellent agreement.

It should be noted that for a given actuator design, the contact force 
depends not only on the inflation pressure but also on the initial gap 
distance between the actuator and the plate, 𝛥𝐻 . FEM simulations were 
performed to investigate the effect of 𝛥𝐻 on the contact force versus 
inflation pressure response, as summarized in Fig.  3(G). The results 
indicate that, due to the actuator’s bending under gravity, the initial 
sag of the actuator tip is approximately 27.6 mm. For 𝛥𝐻 < 27.6 mm, 
the actuator contacts the plate even before inflation. For 27.6 mm <
𝛥𝐻 < 70 mm, contact occurs only after the inflation pressure reaches 
a threshold pressure 𝑃𝑐 . For 𝛥𝐻 > 70 mm, no contact occurs even at 
maximum bending, as the plate is positioned too far from the actuator 
tip. In the contact cases, the contact force increases rapidly once contact 
occurs and pressure continues to rise. This behavior can be divided 
into two regimes, denoted as Regime I and Regime II in Fig.  3(H). 
For a given 𝛥𝐻 , Regime I corresponds to pressures below 𝑃𝑐 , where 
no contact takes place, whereas Regime II corresponds to pressures 
above 𝑃𝑐 , where contact is established. These regimes should be treated 
separately when constructing the actuator digital twin, as contact in-
troduces highly nonlinear behavior that significantly influences the 
system’s response.

3. POD–RBF hybrid strategy

Having validated the accuracy of the FEM model, we next de-
velop the POD–RBF framework used to construct the actuator digital 
twin. The water-tank bending tests were used to validate the gravity-
free bending response of the FEM model, whereas the subsequent 
POD–RBF digital-twin construction is based on the air-contact configu-
ration, because this setting captures both gravity-induced deformation 
and actuator–object contact forces. This section describes how high-
dimensional FEM outputs are reduced into compact POD coefficients 
6 
and how an RBF surrogate model is trained to map physical input 
parameters to these coefficients. The resulting POD–RBF model en-
ables rapid reconstruction of full-field displacement, stress, strain, and 
contact responses for new operating conditions.

3.1. POD

The initial stage of the POD procedure involves constructing a 
snapshot matrix from simulation data generated through parametric 
FEM analyses. As discussed in Fig.  3(H), in Regime I, where no contact 
occurs, the inflation pressure 𝑃  serves as the sole input parameter. 
In Regime II, where contact with the plate is present and influenced 
by both the inflation pressure and the initial gap distance 𝛥𝐻 , the 
parameter pair (𝑃 , 𝛥𝐻) constitutes a two-dimensional input vector. 
For each sampled input, the FEM model computes full-field nodal re-
sponses across the discretized actuator domain. The recorded variables 
include five quantities at each node: nodal coordinates (𝑋, 𝑌 ,𝑍), von 
Mises stress 𝑆, and displacement magnitude 𝑈 . Since the FEM model 
contains 25,022 nodes, each input parameter set corresponds to a 
snapshot vector with 125,110 entries. Therefore, the surrogate problem 
is not a trivial interpolation of scalar outputs; it requires mapping low-
dimensional physical inputs to a high-dimensional full-field mechanical 
response. POD is introduced to reduce the order of the snapshot matrix 
before surrogate modeling, so that the RBF network predicts a compact 
set of modal coefficients rather than the original high-dimensional 
response vector. These snapshot vectors are assembled into the matrix 
𝐘snap, which serves as the foundation for POD-based model reduction: 

𝐘snap =
[

𝐘(𝐱1) 𝐘(𝐱2) ⋯ 𝐘(𝐱𝑚)
]

∈ R𝑛×𝑚, (2)

where 𝐘snap is the snapshot matrix, 𝑛 = 125, 110 is the length of each 
snapshot vector based on the extracted nodal quantities, and 𝑚 is the 
total number of simulation cases.

To reduce the dimensionality of the output data, we apply singular 
value decomposition (SVD) to the snapshot matrix: 
𝐘snap = ΦΣ𝐕T, (3)

where the terms are defined as follows:

• Φ ∈ R𝑛×𝑛 contains the left singular vectors (POD modes),
• Σ = diag(𝜎1,… , 𝜎𝑞) ∈ R𝑞×𝑞 is the diagonal matrix of singular 
values, with 𝑞 = min(𝑛, 𝑚),

• 𝐕 ∈ R𝑚×𝑚 contains the right singular vectors.

A truncated POD basis Φ̂ ∈ R𝑛×𝓁 is formed by retaining only the 
first 𝓁 modes, which can be selected according to a relative truncation 
error criterion: 

𝜀(𝓁) = 1 −

∑𝓁
𝑗=1 𝜎

2
𝑗

∑𝑞
𝑗=1 𝜎

2
𝑗

, (4)

where 𝜎𝑗 is the 𝑗th singular value. The minimum 𝓁 is chosen such that 
𝜀(𝓁) ≤ 0.01, ensuring that the reduced-order representation captures at 
least 99% of the original data’s variance.

Using the truncated POD basis Φ̂, each high-dimensional FEM snap-
shot 𝐘(𝐱𝑖) ∈ R𝑛×1 is projected onto a reduced-order subspace, yielding 
a low-dimensional representation of size 𝓁: 
𝐀(𝐱𝑖) = Φ̂T𝐘(𝐱𝑖) ∈ R𝓁×1, (5)

The reduced-order dataset is assembled as 
𝐀 =

[

𝐀(𝐱1) 𝐀(𝐱2) ⋯ 𝐀(𝐱𝑚)
]

∈ R𝓁×𝑚. (6)

This projection reduces the dimensionality of each output snapshot 
from 𝑛 to 𝓁, while preserving most of the system’s essential features. 
The reduced coefficients in 𝐀 are the POD coordinates (modal ampli-
tudes) that encode the dominant deformation, stress, and displacement 
characteristics of the system. The RBF surrogate model can then be 
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trained to map the parameter space 𝐱 ↦ 𝐀(𝐱). Once trained, this 
surrogate predicts the reduced coefficients 𝐀∗ for any new input pa-
rameter set 𝐱∗. The full-field solution is subsequently reconstructed in 
the original high-dimensional space using the truncated POD basis: 
𝐘∗ = Φ̂𝐀∗. (7)

The reconstructed full-field response is then visualized using the post-
processing software Tecplot. This workflow achieves significant com-
putational efficiency by performing learning and prediction in a low-
dimensional latent space while retaining the accuracy necessary for 
high-fidelity reconstruction.

3.2. RBF neural networks

The RBF neural network is employed to establish a mapping be-
tween the input parameter vector 𝐱𝑖 and the corresponding POD coef-
ficient vector 𝐀(𝐱𝑖) using a set of radial basis functions: 

𝐀(𝐱𝑖) ≈
𝑚
∑

𝑘=1
𝛼𝑘 𝑔𝑘(𝐱𝑖), (8)

where 𝛼𝑘 are weighting coefficients and 𝑔𝑘(𝐱𝑖) are the selected basis 
functions.

Using the linear spline RBF 𝑔𝑘(𝐱𝑖) = ‖𝐱𝑘 − 𝐱𝑖‖, we define the 
hidden-layer column vector 
𝐆𝑖 =

[

𝑔1(𝐱𝑖), 𝑔2(𝐱𝑖),… , 𝑔𝑚(𝐱𝑖)
]T ∈ R𝑚×1. (9)

Stacking these for all training samples yields the square interpolation 
matrix 
𝐆 =

[

𝐆1,𝐆2,… ,𝐆𝑚
]

∈ R𝑚×𝑚. (10)

The mapping can be expressed in matrix form as 
𝐀(𝐱𝑖) ≈ 𝐁𝐆𝑖, (11)

where 𝐁 ∈ R𝓁×𝑚 contains the coefficients of the linear combina-
tions. Since the POD coefficients 𝐀(𝐱𝑖) are obtained from high-fidelity 
simulations, 𝐁 is determined as 
𝐁 = 𝐀𝐆−1. (12)

For a new parameter input 𝐱∗, we first construct 
𝐆∗ =

[

𝑔1(𝐱∗), 𝑔2(𝐱∗),… , 𝑔𝑚(𝐱∗)
]T, (13)

and then compute the predicted POD coefficient vector as 
𝐀∗ = 𝐁𝐆∗. (14)

This framework provides an efficient mapping 𝐱𝑖 ↦ 𝐀(𝐱𝑖), enabling 
rapid prediction of low-dimensional POD representations from input 
parameters.

3.3. Training and prediction workflow

The POD–RBF training and prediction workflow for the SPA, as 
illustrated in Fig.  4, is summarized as follows:

(i) Sample the parameter space using Latin hypercube sampling to 
provide a space-filling distribution of input parameters 𝐱. Recall 
that there are two regimes depending on whether contact occurs. 
In Regime I, only one parameter, 𝑃 , is varied from 0 to 0.09 
MPa, generating a total of 19 samples, with 17 used for training 
and 2 for testing. In Regime II, two parameters are considered: 
𝑃  varies from 0 to 0.09 MPa, and 𝛥𝐻 varies from 10 to 50 mm, 
generating 87 samples, with 85 used for training and 2 for 
testing. The sufficiency of these training datasets is evaluated 
in Section 4.1 by reducing the number of training samples and 
examining the resulting prediction error.
7 
(ii) For each sampled parameter set, perform high-fidelity FEM sim-
ulations. Extract the field variables at each node and assem-
ble the full-order snapshot matrix 𝐘snap for training and the 
test snapshot matrix 𝐘̂ for testing, respectively, as described in 
Eq. (2).

(iii) Perform SVD on the full-order training snapshot matrix 𝐘snap, ex-
tract the truncated POD basis Φ̂, and compute the reduced-order 
POD coordinates matrix 𝐀 using Eqs. (3)–(5).

(iv) Construct the RBF surrogate model by forming the interpola-
tion matrix 𝐆 from the training inputs 𝐱 and solving for the 
coefficient matrix 𝐁 using Eq.  (12).

(v) For validation, the testing inputs 𝐱̂ are used to calculate the 
POD coordinates 𝐀̂∗ via Eq. (14), and the predicted full-order 
response 𝐘̂∗ is subsequently reconstructed using Eq. (7). The 
predicted 𝐘̂∗ is then compared with the FEM-calculated results 𝐘̂
to assess the accuracy of the proposed method. Additionally, the 
mean-squared error (MSE) on the test set is employed to validate 
the truncation order 𝓁: although the POD relative truncation 
error 𝜀(𝓁) < 0.01 provides an initial guideline, the final choice of 
𝓁 is made to minimize the test-set MSE.

(vi) Upon receiving a new input 𝐱∗, the reduced-order POD coeffi-
cients 𝐀∗ are predicted using the RBF-based surrogate model via 
Eq. (14). The truncated POD basis Φ̂ is then used to reconstruct 
the full-order data matrix 𝐘∗ via Eq. (7), which is subsequently 
visualized using the post-processing software Tecplot.

This POD–RBF hybrid framework produces a compact surrogate 
that (i) substantially reduces the dimensionality of the FEM outputs, 
(ii) provides an inexpensive, continuous mapping from input param-
eters to reduced states, and (iii) enables accurate reconstruction and 
visualization of full-field quantities for digital twin applications.

4. Results and discussion

4.1. Error analysis

We begin by analyzing the prediction error between the POD–RBF 
surrogate and the FEM-calculated results. These errors arise from two 
primary sources: the truncation error introduced during the POD pro-
cess and the prediction error of the RBF surrogate model. As discussed 
in Eq. (4), the POD truncation error 𝜀(𝓁) can be controlled to remain 
below 0.01 by selecting a sufficiently large number of POD modes 𝓁
for representing the high-dimensional snapshot matrix. However, once 
combined with the RBF surrogate, additional errors are introduced, 
necessitating a direct comparison between the POD–RBF-reconstructed 
high-dimensional snapshot matrix 𝐘∗ and the FEM-calculated matrix 𝐘
to assess the overall accuracy of the hybrid method.

To this end, an MSE metric is defined to quantify the discrep-
ancy between the FEM-calculated test snapshot matrix 𝐘̂ and the 
POD–RBF-reconstructed test snapshot matrix 𝐘̂∗ over all test cases: 

MSE = 1
𝑛test

𝑛test
∑

𝑘=1

1
𝑛

𝑛
∑

𝑗=1

‖

‖

‖

𝐘̂∗
𝑗,𝑘 − 𝐘̂𝑗,𝑘

‖

‖

‖

2
, (15)

where 𝑛test is the number of test cases, 𝑛 is the dimension of each 
snapshot vector, 𝐘̂𝑗,𝑘 denotes the FEM-calculated value of the 𝑗th 
quantity in the 𝑘th test case, and 𝐘̂∗

𝑗,𝑘 is the corresponding POD–
RBF prediction. This formulation provides a global error metric for 
evaluating the overall accuracy of the POD–RBF hybrid method.

Fig.  5 shows that as the number of POD modes used for dimen-
sionality reduction increases, both the POD truncation error and the 
POD–RBF MSE decrease. For Regime I (non-contact cases), the number 
of POD modes is selected as 𝓁 = 4 based on the combined trends in 
POD truncation error and test-set MSE, with the POD relative error 
approximately 1.0 × 10−12 and the POD–RBF MSE around 3.56 × 10−4. 
For Regime II (contact cases), where the nonlinearity is more significant 
due to contact interactions, 𝓁 = 6 is selected, yielding a POD relative 



Y. Pu et al. International Journal of Solids and Structures 339 (2026) 114190 
Fig. 4. Schematic illustration of the POD–RBF hybrid modeling framework used to develop a digital twin for the soft actuator.
error of 1.0×10−6 and a POD–RBF MSE of approximately 4.18×10−3. In 
addition, Fig.  5(C,F) evaluates the influence of the number of training 
samples on the prediction accuracy of the POD–RBF surrogate. For 
Regime I, the MSE generally decreases as the number of training 
samples increases from 3 to 17, with a pronounced reduction when 
the training size increases from 6 to 9. This sharp decrease occurs 
because one of the additional training samples is located close to a 
testing point, indicating that the MSE can be sensitive to the spatial 
distribution of the training samples when the test set is limited. For 
Regime II, increasing the number of training samples from 20 to 85 
leads to a monotonic reduction in the MSE, confirming that broader 
coverage of the two-dimensional (𝑃 , 𝛥𝐻) parameter space improves the 
overall prediction accuracy. These results show that both the number 
and the distribution of training samples are important for constructing 
an accurate reduced-order surrogate model.

The retained POD modes were visualized using the Tecplot post-
processing code. Physically, each high-dimensional deformation snap-
shot can be represented as a linear combination of the POD modes, 
meaning that the full-field deformation at all nodes is effectively re-
duced to a small set of POD coordinates. In Fig.  6, the four leading POD 
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modes for Regime I (non-contact cases) and the six leading POD modes 
for Regime II (contact cases) are shown; these modes are subsequently 
used to reconstruct the full-field deformation snapshots of the actuator.

4.2. Verification and validation

As described in Section 3.1, the POD–RBF surrogate maps low-
dimensional physical inputs to high-dimensional full-field mechani-
cal responses. This section verifies the reconstructed fields against 
independent FEM testing samples in both Regime I and Regime II, 
while additional checks on extrapolation behavior and nearest-sample 
substitution are provided in the appendices.

Fig.  7 presents a comparison between the FEM results and POD–
RBF predictions for two testing samples from Regime I, where no 
contact occurs. Fig.  7(A) shows the FEM results and POD–RBF predicted 
stress and displacement fields for test Case A (𝑃 = 1.44 × 10−2 MPa), 
along with the spatial distribution of the relative error in the deformed 
configuration. The relative error between the FEM results and the 
POD–RBF predictions is used to quantify the accuracy of the POD–RBF 
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Fig. 5. Error analysis of the POD–RBF hybrid strategy. Evolution of the (A) POD truncation error and (B) POD–RBF MSE as a function of the number of truncated 
POD modes for Regime I (non-contact cases). (C) POD–RBF MSE as a function of the number of training samples for Regime I. Evolution of the (D) POD truncation 
error and (E) POD–RBF MSE as a function of the number of truncated POD modes for Regime II (contact cases). (F) POD–RBF MSE as a function of the number 
of training samples for Regime II.
method and is defined as the absolute difference normalized by the FEM 
results, with FEM considered as the ground truth: 
|𝑆 − 𝑆∗

|

|𝑆|
× 100%,

|𝑈 − 𝑈∗
|

|𝑈 |

× 100%. (16)

Fig.  7(B) provides the same comparison for test Case B (𝑃 = 6.74 ×
10−2 MPa). The results indicate that, for both test cases, the POD–
RBF method predicts stress with relative errors within 0.4% and dis-
placement with relative errors within 0.2%. All computations were 
performed in the Windows environment on a computer equipped with 
two AMD EPYC 9454 48-Core Processors. The reported FEM simu-
lation time includes both the Abaqus simulation and the subsequent 
post-processing/data-extraction procedure used to assemble the snap-
shot vectors. In Regime I, one FEM simulation requires approximately 
30 min; therefore, generating the 17 Regime I training simulations 
requires approximately 8.5 h of offline FEM computation. After the 
Regime I FEM database is generated, the POD–RBF training code for 
Regime I requires 66.02 s on the same computer. Once trained, the 
POD–RBF model predicts and reconstructs the full-field response for 
a new pressure input in 0.94 s. The excellent agreement between the 
POD–RBF predictions and the FEM reference results demonstrates that 
the hybrid strategy is both accurate and highly efficient for repeated 
online digital-twin evaluations.

Fig.  8 presents a comparison between the FEM results and POD–
RBF predictions for two testing samples from Regime II, where contact 
occurs. Fig.  8(A) shows the FEM results and POD–RBF-predicted de-
formations, stress, and displacement fields for test Case C (𝑃 = 3.52 ×
10−2 MPa, 𝛥𝐻 = 35.76 mm), together with the spatial distribution of 
relative errors. In this case, the stress prediction errors are below 2%, 
while the displacement errors are within 0.24%. Because accurately 
predicting the detailed distribution of contact forces is challenging, we 
focus instead on the total contact force between the actuator and the 
rigid plate, which is treated as one separate output parameter. The 
RBF surrogate is trained to directly predict this total contact force 
9 
for varying pressures and gap distances. A comparison between the 
FEM-calculated and RBF-predicted total contact forces is also shown 
in the figure, with a relative error, defined as the difference between 
them normalized by the FEM-calculated ground truth, ||

|

𝐹 − 𝐹 ∗|
|

|

∕ ||
|

𝐹 |

|

|

×

100%, of 3.42%. Fig.  8(B) presents the same comparison of FEM re-
sults and POD–RBF predictions for test Case D from Regime II (𝑃 =
7.05 × 10−2 MPa, 𝛥𝐻 = 29.74 mm), including deformations, stress and 
displacement fields, and total contact force, along with the spatial 
distribution of their relative errors. In this case, the relative errors in 
stress and displacement are within 1% and 0.44%, respectively, while 
the total contact force exhibits a relative error of 2.21%. These results 
further demonstrate the strong agreement between POD–RBF predic-
tions and FEM reference data, even under the increased nonlinearity 
introduced by contact. Each FEM simulation in Regime II requires an 
average computation time of approximately 40 min, including both the 
Abaqus simulation and the subsequent post-processing/data-extraction 
procedure; therefore, generating the 85 Regime II training simulations 
corresponds to approximately 56.7 h of offline FEM computation. After 
the Regime II FEM database is generated, the POD–RBF training code 
for Regime II requires 69.47 s on the same computer. Once trained, 
the surrogate predicts and reconstructs the full-field response for a new 
pressure-gap-distance input in 0.96 s, highlighting its advantage for 
real-time digital-twin applications that require repeated evaluations.

Beyond the direct FEM validation shown in Figs.  7 and 8, two 
additional checks were included to clarify the applicability and neces-
sity of the POD–RBF surrogate. Appendix  A examines near-boundary 
extrapolation outside the sampled training domain, demonstrating that 
the surrogate should be regarded as a training-bound predictive model 
rather than an unrestricted extrapolative model. Appendix  B compares 
the POD–RBF predictions with the closest available FEM training sam-
ples in the Regime II parameter space. This comparison shows that 
nearest-sample substitution is insufficient for the contact regime, where 
small changes in pressure and gap distance can significantly alter the 
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Fig. 6. POD modes used to reconstruct the deformation snapshots of the actuator. The four leading modes for Regime I (non-contact cases) showing (A) stress 
distribution and (B) displacement distribution projected onto the deformed geometric configuration. The six leading modes for Regime II (contact cases) showing 
(C) stress distribution and (D) displacement distribution projected onto the deformed geometric configuration.
contact state, contact area, stress localization, and total contact force, 
thereby necessitating a continuous interpolation strategy.

4.3. Digital twin simulation and demonstration

Having verified the accuracy and efficiency of the POD–RBF hy-
brid method, this section demonstrates its use for real-time full-field 
reconstruction of the soft actuator response. Three representative cases 
are considered: non-contact deformation, transition from non-contact 
to contact, and initial contact, as summarized in Fig.  9.

Fig.  9(A) shows the experiment and the corresponding digital twin 
for 𝛥𝐻 = 80 mm. In this case, the actuator bends without contacting 
the plate throughout the loading process; therefore, the POD–RBF 
model trained for Regime I is used to construct the digital twin. 
The actuator is inflated from rest at a flow rate of 125 mL∕min un-
til 𝑃 = 0.07 MPa. Real-time pressure readings from a digital pres-
sure gauge are fed into the model, which outputs nodal coordinates, 
displacement, and stress, with the reconstructed fields visualized in
Tecplot. During the experiment, image snapshots were captured at 
𝑃 = 0.01, 0.025, 0.04, 0.055, and 0.07 MPa; the corresponding digital 
twin deformations, stress, and displacement fields are presented for 
comparison.

Fig.  9(B) presents the experiment and digital twin for 𝛥𝐻 = 40 mm. 
In this case, the actuator initially does not contact the plate but bends to 
make contact as inflation progresses; therefore, both the trained POD–
RBF models for Regimes I and II are used to construct the digital twin. 
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The actuator is inflated at 125 mL∕min up to 𝑃 = 0.07 MPa. From Fig. 
3(H), a critical pressure 𝑃C1 = 0.01352 MPa is identified: for 𝑃 ∈ [0, 𝑃C1], 
no contact occurs (Regime I applies); for 𝑃 ∈ (𝑃C1, 0.07 MPa], contact 
occurs (Regime II applies). Accordingly, the digital twin switches be-
tween the two ROM–surrogate models: Regime I is used for 𝑃 ≤ 𝑃C1
and Regime II for 𝑃 > 𝑃C1. The model inputs are the real-time pressure 
readings, and the outputs—nodal coordinates 𝑋, 𝑌 , 𝑍, displacement 𝑈 , 
stress 𝑆, and contact force 𝐹—are visualized in Tecplot. Experimental 
images at 𝑃 = 0.01, 0.025, 0.04, 0.055, and 0.07 MPa are compared with 
the corresponding digital twin fields.

Fig.  9(C) presents the experiment and corresponding digital twin 
prediction for 𝛥𝐻 = 15 mm. In this scenario, the actuator is already in 
contact with the plate at the initial state due to gravity. The trained 
POD–RBF model for Regime II is used to construct the digital twin. 
The actuator is inflated at a rate of 125 mL∕min up to 𝑃 = 0.07 MPa. 
As before, real-time pressure readings serve as inputs to the ROM–
surrogate model, while the outputs (𝑋, 𝑌 , 𝑍, 𝑈 , 𝑆, 𝐹 ) are visualized 
in Tecplot. Snapshots at selected pressure levels are extracted and 
compared with the corresponding digital twin predictions.

Finally, a soft gripper composed of two actuators is used to demon-
strate how the proposed method can support real-time assessment 
during object grasping. As shown in Fig.  10, both actuators were 
simultaneously inflated with gas to grasp a cubic block. Because the 
actuator orientation in the gripper differs from that in the previous 
single-actuator cases, while gravity remains aligned with the vertical 
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Fig. 7. Comparison of FEM results, POD–RBF predictions, and their differences for two testing samples in Regime I (non-contact cases), showing stress and 
displacement distributions on the deformed configurations. (A) FEM and POD–RBF predicted deformations, stress, and displacement fields for test Case A 
(𝑃 = 1.44 × 10−2 MPa), along with the spatial distribution of the relative error. (B) Same comparison for test Case B (𝑃 = 6.74 × 10−2 MPa), including the 
spatial distribution of the relative error.
direction, a separate FEM training database was generated for this con-
figuration. Specifically, 32 FEM training simulations were conducted 
for the prescribed gap distance of 𝛥𝐻 = 20 mm and used to retrain 
the surrogate model. The POD–RBF model efficiently reconstructed 
the deformation, stress distribution, displacement field, and contact 
force during the grasping process. The digital twin predicted that, at 
𝑃 = 0.079 MPa, each actuator exerted a contact force of 0.58 N on 
the block. Assuming a typical friction coefficient (𝑓 > 0.2), the two 
contact interfaces provide sufficient frictional resistance to support the 
weight of the 17 g object. The real-time prediction therefore enables 
assessment of grasping sufficiency and identification of an appropriate 
stopping point for inflation. Although this is a simple example, it 
demonstrates how digital twins can support future real-time control 
by providing critical information on contact force, deformation, and 
grasping effectiveness.

This grasping example is intended to demonstrate the POD–RBF 
training strategy for a prescribed actuator–object configuration, rather 
than to claim direct prediction for arbitrary objects using the same 
training data. Interactions with objects of different shapes, contact 
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locations, stiffnesses, or frictional properties would require additional 
simulations or experiments that include these variables in the input 
space. The contribution of the present work is therefore the reduced-
order surrogate framework itself, in which high-fidelity FEM response 
fields are compressed by POD and linked to physical input parameters 
through an RBF surrogate. More complex grasping scenarios could 
be addressed by enriching the training database with object geome-
try, compliance, contact position, and sensing information, but such 
extensions remain future work.

5. Conclusion and future work

SPAs offer intrinsic compliance and safe interaction, making them 
attractive for soft robotics, biomedical devices, and adaptive mechani-
cal systems. However, their strongly nonlinear material behavior, large 
deformations, and complex contact interactions pose significant chal-
lenges for accurate modeling and real-time prediction. To address this 
challenge, this work proposed a reduced-order surrogate modeling 
framework that integrates POD with an RBF surrogate model. The FEM 
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Fig. 8. Comparison of FEM results, POD–RBF predictions, and their differences for two testing samples in Regime II (contact cases), showing stress and 
displacement distributions on the deformed configurations, along with total contact force. (A) FEM and POD–RBF predicted deformations, stress, and displacement 
fields for test Case C (𝑃 = 3.52 × 10−2 MPa, 𝛥𝐻 = 35.76 mm), including spatial distributions of the relative errors, as well as contact force and associated errors. 
(B) Same comparison for test Case D (𝑃 = 7.05 × 10−2 MPa, 𝛥𝐻 = 29.74 mm), showing FEM and POD–RBF predicted deformations, stress, and displacement fields, 
the spatial distribution of relative errors, and contact force with errors.
model was first validated against experimental measurements of bend-
ing deformation and contact force, providing a reliable high-fidelity 
database for training. Full-field FEM responses were then projected 
onto a low-dimensional POD subspace, and the RBF surrogate was 
trained to map physical inputs to the reduced coordinates. The re-
constructed responses were decoded to recover full-field displacement, 
stress, and contact quantities for new operating conditions.

The proposed framework achieved accurate full-field predictions in 
both non-contact and contact deformation regimes. For the indepen-
dent Regime I testing cases, stress and displacement errors remained 
within 0.4% and 0.2%, respectively. For the independent Regime II test-
ing cases, stress errors were below 2%, displacement errors were within 
0.44%, and total contact-force errors were within 3.42%. The offline 
cost was dominated by generating the FEM training databases, which 
required approximately 8.5 h for Regime I and 56.7 h for Regime II 
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when Abaqus simulation and post-processing/data extraction were in-
cluded. Once the databases were generated, POD–RBF training required 
66.02 s for Regime I and 69.47 s for Regime II. The trained surrogate 
then required only 0.94 s and 0.96 s for online prediction and full-
field reconstruction in Regime I and Regime II, respectively, compared 
with approximately 30–40 min for one high-fidelity FEM simulation. 
The method was further demonstrated on a two-actuator soft gripper, 
showing its potential for real-time assessment of deformation, contact 
force, and grasping sufficiency.

The present framework should be interpreted within its sampled 
and experimentally validated operating envelope. It provides an in-
terpolative surrogate of high-fidelity FEM simulations rather than an 
unrestricted extrapolative predictor for arbitrary unseen environments. 
Additional results show that the model is most reliable for accurate 
prediction within the sampled domain, without extrapolation, and 
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Fig. 9. Digital-twin demonstrations of the SPA under three representative gap distances. The vertical gradient arrow indicates the decrease in gap distance 
𝛥𝐻 from 80 mm to 15 mm. The actuator is inflated from rest at a flow rate of 125 mL∕min until the pressure reaches 𝑃 = 0.07 MPa. Experimental snapshots 
and POD–RBF-predicted full-field stress and displacement distributions are shown at selected pressure levels of 𝑃 = 0.01, 0.025, 0.04, 0.055, and 0.07 MPa. (A) 
Digital-twin prediction for 𝛥𝐻 = 80 mm, where the actuator bends without contacting the plate throughout the loading process. (B) Digital-twin prediction for 
𝛥𝐻 = 40 mm, where the actuator initially does not contact the plate but transitions into contact as inflation progresses. (C) Digital-twin prediction for 𝛥𝐻 = 15 mm, 
where the actuator is already in contact with the plate at the initial state due to gravity. For the contact cases, the predicted total contact force is also shown.
that a continuous POD–RBF surrogate is necessary because nearest-
sample replacement cannot adequately capture contact-driven changes 
in deformation, stress localization, and contact force. Accordingly, 
this work should be viewed as a stepping stone toward a true soft-
robot digital twin with predictive capacity beyond the training bounds. 
Several directions remain for future work. The current snapshot ma-
trix construction assumes a fixed nodal topology, which limits di-
rect treatment of geometric variations such as changes in actuator 
length, width, or height. Background grid methods and inverse dis-
tance weighting, which enforce a consistent computational grid across 
varying geometries, offer a promising route to incorporate geometric 
parametrization within POD-based frameworks (Yang et al., 2024). 
13 
Reliable prediction outside the training domain will also require ad-
ditional developments, such as physics-informed constraints, adaptive 
sampling, and uncertainty-aware surrogate models. In addition, inte-
grating multi-sensor feedback, sensor fusion, and online model updat-
ing would improve prediction accuracy and robustness under unseen 
loading, contact, or environmental conditions, while coupling the dig-
ital twin with active control strategies could support autonomous and 
adaptive manipulation.

In summary, the POD–RBF hybrid strategy provides an efficient 
framework for constructing FEM-based digital twins of SPAs. By achiev-
ing near-real-time prediction while preserving high-fidelity full-field 
mechanical information, the proposed approach offers a practical route 
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Fig. 10. Experimental setup and corresponding digital twin prediction for a soft robotic gripper composed of two actuators grasping an object at a gap distance 
of 𝛥𝐻 = 20 mm.
toward digital twins for soft robotic systems. Addressing the remaining 
challenges related to geometric parametrization, extrapolation capa-
bility, and sensor integration will further improve the scalability and 
reliability of this framework for real-time and safety–critical applica-
tions.
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Appendix A. Near-boundary extrapolation outside the sampled 
domain

This appendix examines the predictive behavior of the POD–RBF 
surrogate for input parameters located outside the sampled training 
domain. The objective is not to establish unrestricted extrapolation ca-
pability, but to quantify the practical operating boundary of the present 
data-driven digital twin. This assessment is relevant because digital-
twin queries may occur near the limits of the prescribed operating 
envelope. Since the actuator response is separated into two mechan-
ically distinct regimes, the extrapolation assessment was conducted 
separately for Regime I, where no contact occurs and pressure 𝑃  is the 
only input, and Regime II, where contact occurs and both pressure 𝑃
and gap distance 𝛥𝐻 are inputs.

For Regime I, the surrogate was trained over 0 ≤ 𝑃 ≤ 0.09 MPa. To 
assess near-boundary extrapolation, two pressures outside this range 
were considered: 𝑃 = 9.2 × 10−2 MPa and 𝑃 = 0.1 MPa, denoted 
as Cases E and F, respectively. As shown in Fig.  A.11, the POD–RBF 
model reproduces the overall deformation pattern and displacement 
field for Case E, which is only slightly outside the training range. 
The maximum plotted relative errors for this case are approximately 
28.5% in stress and 4.4% in displacement. For the farther out-of-
domain Case F, the maximum plotted errors increase to approximately 
42.9% and 15.0%, respectively, with the largest discrepancies localized 
near stress concentrations around the chamber walls. These errors are 
substantially larger than those obtained for the independent Regime I 
testing cases within the sampled domain in Fig.  7, where the stress and 
displacement errors remain within 0.4% and 0.2%, respectively.

For Regime II, the surrogate was trained over 0 ≤ 𝑃 ≤ 0.09 MPa
and 10 ≤ 𝛥𝐻 ≤ 50 mm. To assess extrapolation in the two-dimensional 
contact regime, two out-of-domain cases were considered: Case G with 
𝑃 = 9.2 × 10−2 MPa and 𝛥𝐻 = 8 mm, and Case H with 𝑃 = 0.1 MPa
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Fig. A.11. Extrapolation assessment of the POD–RBF model for Regime I (non-contact cases). The model was trained within 0 ≤ 𝑃 ≤ 0.09 MPa and tested at 
two pressures outside this range: (A) Case E, 𝑃 = 9.2 × 10−2 MPa, and (B) Case F, 𝑃 = 0.1 MPa. FEM-calculated stress and displacement fields are compared with 
the POD–RBF predictions, and the spatial distributions of relative errors are shown. The results indicate that near-boundary extrapolation preserves the overall 
deformation pattern, while local stress and displacement errors increase as the pressure moves farther outside the training range.
and 𝛥𝐻 = 55 mm. As shown in Fig.  A.12, Case G is outside but 
close to the sampled domain and retains reasonable agreement for 
the total contact force, with a relative force error of 2.28% (0.942 N
predicted by POD–RBF versus 0.964 N calculated by FEM). However, 
the maximum plotted field errors reach approximately 30% for stress 
and 15% for displacement. For the farther out-of-domain Case H, the 
contact-force error increases to 14.23% (0.741 N predicted by POD–
RBF versus 0.864 N calculated by FEM), while the maximum plotted 
stress and displacement errors reach approximately 40% and 20%, 
respectively. These errors are substantially larger than those obtained 
for the independent Regime II testing cases in Fig.  8, where the stress 
errors are below 2%, the displacement errors are within 0.44%, and the 
total contact-force errors are within 3.42%.

Together, these quantitative comparisons demonstrate that extrap-
olation produces substantially larger errors than interpolation within 
the validated training domain. The POD–RBF surrogate can retain 
useful predictive accuracy for out-of-domain inputs close to the sam-
pled boundary, but should be regarded as a training-bound predictive 
model rather than an unrestricted extrapolative model. This limitation 
15 
is particularly evident in the contact regime, where changes in pres-
sure and gap distance can alter the contact area, contact force, stress 
localization, and overall deformation state.

Appendix B. Nearest-sample replacement within the sampled do-
main

This appendix evaluates whether the desired actuator response can 
be approximated by simply selecting the closest available FEM train-
ing sample. This nearest-sample baseline provides a direct test of 
whether the interpolation task addressed in this work is merely a 
lookup problem over a discrete simulation database, or whether a con-
tinuous reduced-order surrogate is needed. The analysis is performed 
for Regime II because contact introduces stronger nonlinearity, and 
small changes in pressure 𝑃  or gap distance 𝛥𝐻 can modify the contact 
state, stress localization, deformation field, and total contact force.

The Regime II surrogate was trained over 0 ≤ 𝑃 ≤ 0.09 MPa and 
10 ≤ 𝛥𝐻 ≤ 50 mm. In the present model, each input corresponds 
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Fig. A.12. Extrapolation assessment of the POD–RBF model for Regime II (contact cases). The model was trained within 0 ≤ 𝑃 ≤ 0.09 MPa and 10 ≤ 𝛥𝐻 ≤ 50 mm, 
and tested at two parameter sets outside this domain: (A) Case G, 𝑃 = 9.2 × 10−2 MPa and 𝛥𝐻 = 8 mm, and (B) Case H, 𝑃 = 0.1 MPa and 𝛥𝐻 = 55 mm. 
FEM-calculated stress, displacement, and total contact force are compared with the POD–RBF predictions. The relative error in total contact force is 2.28% for 
Case G and 14.23% for Case H, showing that the model remains useful close to the training boundary but becomes less reliable when extrapolating farther outside 
the pressure–gap-distance domain.
to a full-field FEM snapshot with 125,110 entries; nearest-sample re-
placement therefore substitutes an entire discrete FEM state rather than 
interpolating the reduced coordinates.

The selected target cases and their closest training samples are 
shown in Fig.  B.13, and the corresponding field comparisons are shown 
in Fig.  B.14. For the first comparison, the target case is 𝑃 = 3.52 ×
10−2 MPa and 𝛥𝐻 = 35.76 mm, while the closest sample is 𝑃 = 3.23 ×
10−2 MPa and 𝛥𝐻 = 38.58 mm. Nearest-sample replacement gives a rela-
tive total-contact-force error of 22.6% (0.113 N versus 0.146 N), whereas 
the POD–RBF prediction error is 3.42% (Fig.  8(A)). The maximum 
plotted stress and displacement differences caused by nearest-sample 
replacement are approximately 2% and 8%, respectively, compared 
with POD–RBF stress and displacement errors below 2% and within 
0.24%, respectively.

For the second comparison, the target case is 𝑃 = 7.05 × 10−2 MPa
and 𝛥𝐻 = 29.74 mm, while the closest sample is 𝑃 = 7.82 × 10−2 MPa
and 𝛥𝐻 = 31.44 mm. Nearest-sample replacement gives a contact-
force error of 15.4% (0.628 N versus 0.544 N), whereas the POD–RBF 
prediction error is 2.21% (Fig.  8(B)). The corresponding maximum 
plotted stress and displacement differences are approximately 5% and 
7.5%, respectively, compared with POD–RBF errors within 1% and 
0.44%, respectively.

These comparisons show that nearest-sample replacement is insuffi-
cient even when neighboring points appear close in parameter space. In 
16 
Fig. B.13. Distribution of the Latin hypercube samples in the Regime II 
parameter space. Red circles denote the training samples within the pressure-
gap-distance domain. The blue markers denote two target test cases and 
their corresponding closest training samples, which are used to evaluate 
whether nearest-sample replacement can approximate the target full-field FEM 
response.
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Fig. B.14. Comparison between the target test cases and their closest training samples in Regime II. (A) Target case with 𝑃 = 3.52×10−2 MPa and 𝛥𝐻 = 35.76 mm, 
compared with the closest training sample with 𝑃 = 3.23×10−2 MPa and 𝛥𝐻 = 38.58 mm. (B) Target case with 𝑃 = 7.05×10−2 MPa and 𝛥𝐻 = 29.74 mm, compared 
with the closest training sample with 𝑃 = 7.82 × 10−2 MPa and 𝛥𝐻 = 31.44 mm. The differences in stress, displacement, and contact force show that selecting a 
nearby discrete simulation cannot replace a continuous reduced-order surrogate for full-field digital-twin prediction.
Regime II, small changes in 𝑃  and 𝛥𝐻 can alter the contact state, con-
tact area, deformation field, stress distribution, and total contact force. 
The POD–RBF framework avoids this piecewise-constant approximation 
by constructing a continuous reduced-order mapping for full-field FEM 
reconstruction.
17 
Data availability

The source code for reproducing the digital twin simulations works 
presented in the paper can be downloaded from https://github.com/
SCU-An-Group/DT4SoRo.

https://github.com/SCU-An-Group/DT4SoRo
https://github.com/SCU-An-Group/DT4SoRo
https://github.com/SCU-An-Group/DT4SoRo
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