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Abstract—Soft robotic systems are known for their flexibility
and adaptability, but traditional physics-based models strug-
gle to capture their complex, nonlinear behaviors. This study
explores a data-driven approach to modeling the volume-flow-
pressure relationship in hydraulic soft actuators, focusing on low-
complexity models with high accuracy. We perform regression
analysis on a stacked balloon actuator system using exponential,
polynomial, and neural network models with or without autore-
gressive inputs. The results demonstrate that simpler models,
particularly multivariate polynomials, effectively predict pressure
dynamics with fewer parameters. This research offers a practical
solution for real-time soft robotics applications, balancing model
complexity and computational efficiency. Moreover, the approach
may benefit various techniques that require explicit analytical
models.

Index Terms—Soft robotics, nonlinear dynamics, regression
analysis, system identification, and proprioceptive sensing

I. INTRODUCTION

SOFT robotic technologies have gained increasing interest
over the past decade, leading to more adaptable, safe, and

resilient robotic devices [1]. Recent studies provide compelling
evidence that a deeper understanding and integration of high-
order dynamics and internal state variables in soft robots
can significantly broaden their functionality and range of
applications [2], enabling a shift from kinematics and quasi-
statics to kinetics and dynamics [3]. However, these aspects
have often been neglected due to challenges in observing and
utilizing them. Unlike rigid robotics, where a standard equa-
tion of motion exists, there is no gold-standard mathematical
framework for soft robotic behavior, which typically involves
hysteresis, elastic deformation, and fluid dynamics [4].

Sensor integration is essential not only for accurate mod-
eling and control but also for robust, real-time dynamic
operation of soft robots [5]. However, integrating sensors in
soft robots is challenging as they undergo large, continuous,
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and nonlinear deformations that require a theoretically infinite
number of measurement points and hinder reliable sensor
attachment [6]. Even with high-resolution measurements from
a limited number of sensors, their dynamic properties remain
inherently undersampled. Thus, it can be critical to augment
the observability of a soft robot’s dynamics by leveraging
intrinsic measurements from its fundamental subsystems such
as actuation unit, beyond solely relying integrated sensors.

Among the actuation techniques for soft robots, fluidic actu-
ation has been widely employed because of their large strokes,
fast response, and high force transmission efficiency [7]. There
are two main classes of fluidic actuators: elastomeric and
sheet-based designs. Elastomeric fluid actuators achieve mo-
tion through stretching of their constituent materials, following
the work input from a fluidic source that often reaches to high
actuation pressures (i.e., hundreds of kPa) [8]. Sheet-based
fluidic actuators, by contrast, are fabricated by selectively
adhering thin, less-extensible films, and achieve motion via
the geometric unfolding of these layers at much lower fluidic
pressures (i.e., tens of kPa) [9].

A prominent example of the sheet-based approach is the
stacked balloon actuator (SBA) [10]. SBAs are built from
thin sheet materials so they occupy almost no volume when
deflated but produce large, pre-programmed strokes when
inflated. By integrating multiple SBA stacks in parallel, multi-
directional bending is achievable for applications ranging from
beating-heart surgery [11], to dexterous manipulation [12], to
reconfigurable robot locomotion [13].

To describe the frequency-dependent behavior of a single
soft fluidic actuator, Mosadegh et al. introduced an analytic
framework based on volume–pressure curves (V–P curves;
denoted PV curves in the original article) [14]. The V–P curve
shows a unique profile for each actuator design, actuation
condition, and environment. Due to pressure uniformity in the
actuation fluid, the pressure can be measured remotely (e.g., in
the fluidic supply line) without interfering the soft actuator’s
behavior. Since the pressure reflects changes in stroke and
velocity, it can be used as a primary indicator of the actuator’s
dynamic state.

In conventional rigid-body robotics, system dynamics and
mechanical impedance are analyzed by quantifying how twist
and its time derivatives correlate with wrench. In fluidically
actuated soft systems, an analogous framework can be built on
fluid volume and its time derivatives to capture motion, and
on pressure to capture force. This approach not only leverages
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established analytical tools in robotics but also establishes
a foundation for the effective control and performance op-
timization of soft robots. However, the nonlinear nature of the
soft material combined with fluid dynamics complicates es-
tablishing such relationship using simple physics-based laws.
Moreover, factors such as fabrication defects or air pockets
in hydraulic channels introduce actuator-specific variability,
which underscores the need for adaptive, data-driven model-
ing.

In this study, we introduce a modeling approach to achieve
the (fluidic-)actuation-to-pressure relationship in an inflatable
soft actuator that balances prediction accuracy and model
complexity. Taking a three-degree-of-freedom (3-DoF) SBA
(Fig. 1(a)) based on [11] as a benchmark platform to collect
datasets, three types of models, physics-inspired exponential,
neural network, and multivariate polynomial models, were
proposed and navigated. After identifying the model that offers
the optimal balance between accuracy and complexity, we used
it to tackle three key challenges associated with inflatable
soft robots: dynamic characterization of SBAs to detect the
presence of air pockets, differentiation of SBAs varying in
size and design through tailored characterization, and proprio-
ceptive estimation of external forces. Along with the potential
to expand soft robotic analysis toward dynamics using the pro-
posed modeling techniques, we also share important findings
used throughout the study, such as the fact that fluid volume
and flow rate (without acceleration) dominantly governs the
pressure change and that the prediction performance can be
improved by involving previous step terms.

II. MODELING VOLUME-FLOW-PRESSURE RELATION

To investigate the volume-flow-pressure relationship, a 3-
DoF SBA based on the design introduced in [11] was selected
as the benchmark SBA. The SBA actuation system and ex-
perimental setup for the 3-DoF SBA are shown in Fig. 1(b).
For actuating the three chambers of the SBA, we used three
actuation units, one per chamber. Each unit consisted of a
stepper motor (NEMA 11, STEPPERONLINE), lead screw,
medical-grade syringe (7649-01, Hamilton), and pressure sen-
sor (P-7100, Nidec Components). Directly attached to each
motor shaft, the lead screw stages were connected to the
plunger of the syringe with a 2 mm diameter tube. The syringe
volumes were controlled with a precision of 0.04 mm3 mm per
step, following the motors’ specifications. Hydraulic actuation
was used throughout the study. The data were collected by
injecting and withdrawing water from 0 mm3 to 550 mm3

while varying the volume flow rate up to 100 mm3/s. Beyond
this volume or flow rate, the SBA may rupture due to over-
pressurization [10]. The data points were sampled at 25 Hz.
Minimum 20 inflation/deflation cycles were recorded for each
experimental condition (e.g., inflation volume, flow rate, and
acceleration) to account for hysteresis in the V–P profile.

In Fig. 1(c), volume-pressure profiles for five flow rates
from 20 mm3/s to 100 mm3/s are shown. To evaluate the
extent to which pressure P (t), fluid volume v(t) and its time
derivatives are linearly associated, we first computed Pearson

Fig. 1. Overview of the experimental setup with a 3-DoF SBA. (a) Fully
deflated, partially inflated, and fully inflated 3-DoF SBA used in experiments.
(b) Schematic overview of the actuation system for 3-DoF SBA. (c) V–P plot
for a benchmark SBA across multiple inflation and deflation cycles at different
|v̇|. The shaded areas cover the range of actual trajectories for each flow rate,
while the solid lines represent the average trajectory.

correlation coefficients1 between synchronized samples of
P (t) and v(t), P (t) and v̇(t), and P (t) and v̈(t). The three
correlations were: corr(P, v) = 0.8029, corr(P, v̇) = 0.4496,
and corr(P, v̈) = 0.0965. Considering the components used
in hydraulic actuation such as tubing, these results indicate
that the dynamics are primarily governed by elastic contribu-
tion v(t) and viscous contribution v̇(t), with little contribution
from inertial term v̈(t).

Principal Component Analysis (PCA) was also performed
with the dataset. The dataset was defined as:

X =




v(t1) v̇(t1) v̈(t1) P (t1)
v(t2) v̇(t2) v̈(t2) P (t2)

...
...

...
...

v(tN ) v̇(tN ) v̈(tN ) P (tN )


 (1)

1corr(X,Y ) = cov(X,Y )/σXσY , where cov(X,Y ) is the covariance
between X and Y , and σX and σY are the standard deviations of X and Y ,
respectively.
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TABLE I
PRELIMINARY ANALYSIS: PCA RESULTS

PC1 PC2 PC3 PC4

V

v(t) 0.61 -0.31 -0.38 -0.62
v̇(t) 0.34 0.70 -0.53 -0.35
v̈(t) -0.13 0.64 0.75 0.02
P (t) 0.70 0.05 0.06 0.71

λ⃗norm 0.48 0.26 0.24 0.02

where X ∈ RN×4 consisting of columns [v, v̇, v̈, P ] over N
time points, with each row representing the corresponding
values of volume v(t), volumetric flow rate v̇(t), volumetric
acceleration v̈(t), and pressure P (t) at a specific t = ti.
PCA was performed on the normalized data matrix X ′ =
(X−µ)/σ, where µ and σ as the mean and standard deviation
of each column of X , respectively. The eigenvectors V and
normalized eigenvalues λ⃗norm were computed according to(

1
N−1X

′TX ′
)
V = ΛV and λ⃗norm = λ⃗

tr(Λ) , where N is

the number of observations, Λ = diag(λ⃗) is the matrix of
eigenvalues, and V is the matrix of eigenvectors.

Table I summarizes the PCA results, reporting both the
loadings and the variance explained by each component.
PC1 (48%) exhibits large loadings for P (t) (0.70) and for
v(t) (0.61), along with a moderate loading for v̇(t) (0.34).
PC2 (26%) and PC3 (24%) show large loadings for v̇(t) and
v̈(t) but near-zero loadings for P (t) (0.05 and 0.06, respec-
tively), indicating that these components do not account for
variation in pressure. PC4 (2%) displays notable loadings for
P (t) (0.71) and v(t) (-0.62), but given its minimal contribution
to the overall variance, it is considered negligible and not used
to draw conclusions.

These PCA findings are consistent with the Pearson corre-
lation coefficients. Pressure co-varies primarily with volume
and flow rate, with little association to acceleration. These
results motivate the inclusion of higher-degree cross terms,
such as v(t) · v̇(t), to better capture the underlying nonlinear
dynamics since the dominant components of P (t) arose from
combinations of v(t) and v̇(t). This insight justify the need to

investigate more complex models to fully capture the system’s
dynamics.

Based on these PCA results, we modeled P (t) using v(t)
and v̇(t), excluding v̈(t). The mathematical form of the models
used in the following sections are summarized in Table II.

A. Physics-Inspired Exponential Model

From a physical standpoint, two dominant behaviors govern
the pressure inside a soft robotic system. First, the hyper-
elastic properties of the material drive a nonlinear expansion
as the internal volume changes [15]. Second, the fluid flow
through the tubing can be assumed to be governed by Ha-
gen–Poiseuille’s law, indicating that the flow rate influences
the fluid pressure [16]. We model these two effects as addi-
tive contributions: one term addressing the chamber’s elastic
response, and another accounting for the flow resistance.

Numerous analytic basis functions can serve to approximate
the complex and nonlinear nature of soft robotic materials.
In this section, we focused on exponential terms in volume,
deferring a polynomial model description to Section II-C. The
sum of exponential terms was used to capture the elastic
expansion of the SBA chamber as a representation of the
hyper-elastic relationship, while the affine term in v̇ addresses
the Hagen–Poiseuille’s law.

By analyzing the impact of numbers of exponential terms,
this model was used to assess the best achievable fit accuracy
without volume-flow interaction terms.

B. Neural Network Model

1) Baseline Neural Network Model: Neural network mod-
els were introduced to investigate whether allowing greater
modeling flexibility could lead to improved regression perfor-
mance, without imposing an explicit analytical relationship be-
tween v(t) and v̇(t). While large and complex neural networks
may yield higher accuracy, we constrained the number of
parameters to be of the same order of magnitude as those of the
other models to ensure model simplicity. These baseline neural
networks used fully connected hidden layers with a fixed width

TABLE II
PRESSURE ESTIMATION MODELS

Models Equations

Physics-inspired
exponential model

P̂exp(t) =
k∑

i=1

αi · exp(βiv(t)) + γv̇(t) + δ,

k: the number of exponential terms; αi, βi, γ, δ: model parameters determined from data.

Neural network model
(baseline and expanded)

P̂NN(t) = fNN

(
v(t), v̇(t); θNN

)
,

fNN: a neural network with two inputs {v(t), v̇(t)} and one scalar output P̂NN(t);
θNN: the parameter vector including trained weights and biases.

Autoregressive
neural network model

P̂NN AR(t) = fNN AR

(
{v(t−∆ti), v̇(t−∆ti)}i=0...p; θNN AR

)
fNN AR extends fNN to include p previous time steps v(t−∆ti), v̇(t−∆ti)i=0...p, with ∆t0 = 0.

Multivariate
polynomial model

P̂poly(t) =

n∑
i=0

m∑
j=0

αi,j

(
v(t)

)i(
v̇(t)

)j
n,m: the highest degrees of v and v̇, respectively; αi,j : a parameter to be determined from experimental data.

Autoregressive multivariate
polynomial model

P̂poly AR(t) =

n∑
i=0

m∑
j=0

αi,j

(
v(t)

)i(
v̇(t)

)j
+

p∑
k=1

(
βk,1v(t−∆tk) + βk,2v̇(t−∆tk)

)
αi,j , βk,1, βk,2: parameters to be determined from experimental data.

This article has been accepted for publication in IEEE Robotics & Automation Magazine. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/MRA.2025.3642670

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



4

of two neurons, and the network depth was varied from one to
fifteen layers. This architectural choice was informed by phys-
ical insights derived from preliminary correlation analysis and
principal component analysis (PCA). Training was conducted
in MATLAB using fitnet with the Levenberg–Marquardt
(LM) optimizer and a rectified linear unit (ReLU) activation
function. The dataset was internally partitioned into training,
validation, and test sets with a 70:15:15 split. A maximum
of 3,000 epochs and a learning rate of 1 · 10−7 were used as
stopping criteria.

Neural network models with autoregressive inputs were also
explored to assess whether incorporating short-term memory
of state changes could enhance estimation performance, partic-
ularly in the presence of temporal factors such as measurement
delays. Up to five autoregressive terms (corresponding to
0.2 s) were appended to the input vector to address potential
signal-level delays without substantially increasing the model’s
degrees of freedom. To maintain consistency in network ar-
chitecture and training, the number of hidden layer nodes was
proportionally scaled to match the expanded input dimension.

2) Expanded Neural Network Model: The neural network
search space across architecture and training parameters were
systematically expanded to examine how much predictive
performance could be gained by relaxing model constraints.
The hyperparameter search space is summarized in Table III,
and a total of 200 optimization trials were performed—100
using random search and 100 using Bayesian optimization
with Gaussian process priors. Random search was performed
manually in MATLAB, while Bayesian optimization was con-
ducted using MATLAB’s bayesopt function.

Another variation was explored by incorporating Long
Short-Term Memory (LSTM) layers. As a type of recurrent
neural network, LSTMs are commonly employed to handle
time-series datasets. These models were used to cross-validate
the performance of neural network models with autoregressive
inputs by expanding the temporal window used to predict
the current state. Total 50 trainings were performed, using
MATLAB’s trainNetwork function.

C. Multivariate Polynomial Model
Based on insights from the results of physics-inspired ex-

ponential and neural network models, multivariate polynomial
models were introduced to explore the effect of higher-degree
cross-terms of v and v̇(t), while retaining an explicit analytical
form. Compared to the physics-inspired exponential model,
the way we capture hyper-elastic behavior was changed from
using exponential terms to using polynomial terms of v and
v̇.

Multivariate polynomial models with autoregressive terms
were also evaluated. Rather than considering all possible
combinations of v, v̇, and their previous terms, only linear
autoregressive terms were included. This choice kept the
number of terms below 20 while still accounting for temporal
effects from the previous terms.

D. Model Evaluation Criteria
To assess both the predictive accuracy and the complexity of

the candidate models, we employed the following four metrics:

TABLE III
HYPERPARAMETER SEARCH SPACE FOR EXPANDED NEURAL NETWORK

MODELS

Hyperparameter Range
number of hidden layers 1 to 9

first-layer width 2 to 10
width tapering ratio between layers 0.4 to 1.0

learning rate 10−4 to 10−2

mini-batch size 25 to 210

L2-regularization coefficient 10−6 to 10−2

dropout rate 0 to 0.5
maximum number of training epochs 60 to 250

activation functions∗ ReLU, leakyReLU, tanh,
sigmoid, swish, ELU, GELU

∗ReLU: max(0, x); leakyReLU: max(0.01x, x); tanh: tanh(x);
sigmoid: σ(x) = 1/(1 + e−x); swish: xσ(x);

ELU:

{
x x > 0

ex − 1 x ≤ 0
;

GELU: xΦ(x) where Φ(x) is the standard normal cumulative distribu-
tion function (CDF).

• Root Mean Squared Error (RMSE). This measures the
typical magnitude of the prediction error:

RMSE =

√√√√ 1

N

N∑
i=1

(
P (ti)− P̂ (ti)

)2

, (2)

where P̂ denotes the predicted value, and N is the total
number of data points. A lower RMSE indicates smaller
residuals on average.

• Adjusted R2. Unlike the standard R2 value, the adjusted
R2 penalizes model complexity. For a model with k
predictors fit to N data samples, the adjusted R2 is
defined as:

R2
adj = 1−

∑N
i=1(P (ti)− P̂ (ti))

2∑N
i=1(P (ti)− P̄ )2

· N − 1

N − k − 1
, (3)

where P̄ =
∑N

i=1 P (ti)/N . The adjusted R2 increases
only if a newly added predictor improves the model more
than would be expected by chance.

• Corrected Akaike Information Criterion (AICc). As
a model selection tool, the Akaike information criterion
(AIC) estimates the prediction error to compare the rela-
tive quality of candidate models for a given dataset [17].
It balances the goodness of fit against model simplicity,
addressing both overfitting and underfitting. The standard
form can be written as AIC = 2ν − 2 ln(L), where
ν is the number of estimated parameters and ln(L) is
the log-likelihood of the model. Under the assumption
of Gaussian regression, the log-likelihood term ln(L) is
approximated by the following equation [18]:

ln(L) ≈ −N

2

[
ln

2π

N

N∑
i=1

(
P (ti)− P̂ (ti)

)2

+ 1
]
. (4)

In this work, we employed the AICc to more strongly
penalize model complexity [17]. For finite sample sizes,
the AICc introduces an additional penalty term:

AICc = AIC +
2ν(ν + 1)

N − ν − 1
. (5)
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Lower values of AICc indicate a better trade-off between
fit quality and parameter count, especially when N is not
significantly larger than ν. Aside from AICc, there have
been several studies that utilized the Bayesian information
criterion (BIC), given by BIC = ν ln(N) − 2 ln(L), for
model optimization. BIC generally emphasizes more on
larger values of N than AICc. However, for our datasets,
the absolute values of AICc and BIC tended to be nearly
identical, while AICc showed higher sensitivity to ν. This
difference can be shown with their partial derivatives:

∂AICc

∂ν
= 2 +

(4ν + 2)(n− ν − 1) + 2ν(ν + 1)

(n− ν − 1)2
(6)

and
∂BIC

∂ν
= ln(N). (7)

Thus, AICc was more appropriate in our case.
• Time Complexity. For real-time state estimation and

control of systems, optimizing computation efficiency
is important. Given the number of data points N , the
number of parameters ν, the data matrix X ∈ RN×ν , and
the regression vector y ∈ RN , the time complexity for
all the physics-based exponential models and multivariate
polynomial models is estimated as O(N · ν2) due to
computation of least squares parameters (XTX)−1XT y.
On the other hand, the time complexity for the neural
network model can be written as O(epochs ·N ·ν) where
the number of parameters ν equals the number of network
weights, which grows with neurons and layers. For refer-
ence, all computations in this work were performed on a
single desktop PC equipped with an Intel Xeon E5-1660
CPU (3.30 GHz)2, 64 GB RAM, and a GeForce GTX
1080 GPU, using MATLAB R2024b on Windows 10.

E. Model Optimization

For each model, the optimal parameters were determined
by minimizing a joint cost function that linearly combines the
evaluation criteria introduced in the previous section:

θ∗ = argmin
θ

[
w1RMSE + w2(1−R2

adj) + w3AICc
]

(8)

where w1, w2, w3 are weights balancing the relative impor-
tance of predictive error and model complexity. Note that
one’s complement of the term R2

adj, 1 − R2
adj was used for

minimization consistency. In many cases, reducing RMSE
simultaneously lowered (1 − R2

adj) and AICc, and encour-
aged the removal of unnecessary components (e.g., dropping
negligible terms or neurons) when possible. Throughout this
procedure, the model reduction was performed without harm-
ing the model’s general form (i.e. the number of exponential
terms or highest exponents of v(t) and v̇).

2Commercially available embedded systems operate at frequencies range
from 16 MHz.

TABLE IV
SUMMARY OF REGRESSION PERFORMANCES

Physics-inspired exponential model
k ν RMSE R2

adj AICc
1 4 1.2986 0.9934 2.7573e+5
2 6 1.1100 0.9952 2.4999e+5
3∗ 8 1.0998 0.9952 2.4849e+5
4 10 1.0998 0.9952 2.4848e+5
5 12 1.0997 0.9952 2.4847e+5

Baseline neural network model
d ν RMSE R2

adj AICc
1 5 4.4011 0.9239 4.7604e+5
2 9 0.7067 0.9980 1.7591e+5

. . .
7 29 0.4292 0.9993 9.4124e+4
8∗ 33 0.3213 0.9996 4.6604e+4
9 37 0.3150 0.9996 4.3371e+4

. . .
14 57 0.2947 0.9997 3.2574e+4
15 61 0.2945 0.9997 3.2335e+4

Autoregressive neural network model
(p, d) ν RMSE R2

adj AICc
(0, 8) 33 0.3319 0.9995 2.6367e+4
(1, 8) 41 0.3324 0.9995 2.6649e+4
(2, 8) 57 0.3302 0.9995 2.6027e+4
(3, 8) 73 0.3304 0.9995 2.6020e+4
(4, 8) 89 0.3330 0.9995 2.6616e+4
(5, 8)∗ 105 0.3321 0.9995 2.6321e+4

Multivariate polynomial model
(n, m) ν RMSE R2

adj AICc
(2, 1) 6 1.4291 0.9920 2.9146e+5
(2, 2) 9 1.2165 0.9942 2.6503e+5
(2, 3) 12 1.4097 0.9922 2.8922e+5
(3, 1) 8 1.0644 0.9955 2.4312e+5
(3, 2)∗ 12 0.6884 0.9981 1.7160e+5
(3, 3) 16 1.1861 0.9945 2.6090e+5
(4, 1) 10 2.6945 0.9715 3.9554e+5
(4, 2) 15 2.6926 0.9715 3.9542e+5

Autoregressive multivariate polynomial model
(p, n, m) ν RMSE R2

adj AICc
(0, 3, 2) 12 0.4603 0.9990 5.4029e+4
(1, 3, 2) 14 0.4521 0.9991 5.2339e+4
(2, 3, 2) 16 0.4450 0.9991 5.0829e+4
(3, 3, 2) 18 0.4388 0.9991 4.9480e+4
(4, 3, 2) 20 0.4332 0.9992 4.8242e+4
(5, 3, 2)∗ 22 0.4280 0.9992 4.7063e+4

k: number of exponential terms; ν: degree(s) of freedom or number
of parameters; d: depth of fully connected neural network; p: order of
autoregressive model; n: maximum exponent of volume; m: maximum
exponent of volume change rate.
a Models with ∗ are pseudo-optimal sets within each model type.
b AICc scores can be compared within each model type.
c All the metrics are in-sample (from the full dataset) performances.

III. MODEL EVALUATION

In this section, we evaluate and discuss the fitting perfor-
mance of each model. RMSE was the primary goodness-of-fit
metric, and AICc values were plotted together to visualize
relative model parsimony within each model category for
visualization. The R2

adj values and error bars were omitted for
clarity. The evaluation scores are summarized in Tables IV and
V3.

3Detailed statistical metrics are provided in the Supplementary Material;
see the Data and Code Availability section for access.
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Fig. 2. Regression performances using a physics-inspired exponential
model. The bar plot shows the RMSE values, while the red stars indicate the
corresponding AICc values for varying numbers of exponential terms (k).

A. Physics-Inspired Exponential Model

Fig. 2 shows results for physics-inspired exponential models
with up to five exponential terms (k = 1, . . . , 5). The estima-
tion performance showed only a minor improvement (∆RMSE
< 0.01) beyond one exponential term. Including more than five
exponential terms did not lead to significant improvement in
performance (∆RMSE < 0.0001). AICc values followed the
trend of RMSE values, which may result from the increase
in model complexity being canceled out by the decrease in
error. Using three exponential terms showed the best balance
of accuracy and simplicity (eight parameters, RMSE of 1.0998,
R2

adj of 0.9952, and AICc of 2.4849e+5).
Since the term v̇(t) was constrained to an affine form,

increasing the number of exponential terms only increased the
complexity in the v(t) component of the model. This result
indicated that a more intricate coupling of v(t) and v̇(t) is
needed, as hinted by the PCA study.

B. Neural Network Model

1) Baseline Neural Network Model: The baseline neural
network models were evaluated by varying the number of
layers up to 15 (d = 1, . . . , 15; Fig. 3(a)). A drastic decrease in
the RMSE from 4.40 to 0.71 was observed after increasing the
depth beyond one, as the network began to differentiate from
a least-squares model of v and v̇ with a nonlinear activation
function. The performance gradually improved until a depth of
eight (RMSE of 0.71 with depth two and RMSE of 0.23 with
depth eight), after which the performance saturated. Overall,
the neural network models achieved better performance (lower
RMSE and AICc) than the physics-inspired exponential mod-
els. As for the physics-inspired exponential models, the AICc
values followed a similar trend to the RMSE values, showing
a drastic improvement after depth seven (AICc of 1.7591e+5
with depth two and AICc of 4.6604e+4 with depth eight).

Fig. 3(b) shows the results from the neural network models
with autoregressive inputs. Models with up to eight layers and
autoregressive order p up to five were evaluated. Incorporating
at least one previous time step significantly improved perfor-
mance (reducing the RMSE up to 36%, when increasing the
AR order p from 0 to 1). Adding more than one autoregressive
input did not lead to a substantial improvement (RMSE of
0.3324 with AR order one and 0.3321 with AR order five).

Two key insights were drawn from the results of the neural
network models. First, including at least one prior time step is
important for pressure estimation. Second, a regression model

Fig. 3. Regression performances using neural network models. (a) The bar
plot shows the RMSE values, while the red stars indicate the corresponding
AICc values for varying numbers of neural network depths, d, without
autoregressive inputs. (b) The bar plot displays the RMSE values, while the red
stars represent the corresponding AICc values for varying network depths, d,
and autoregressive orders, p. The gray bars (p = 0) represent the performance
of the neural network models without autoregressive inputs shown in (a).

can be established without using more than 100 parameters
(i.e., the simple neural network model with depth of 15 showed
RMSE of 0.2945, R2

adj of 0.9997, and AICc of 3.2335e+4,
which was the best performance compared to all the other
models).

2) Expanded Neural Network Model: The prediction per-
formance of the expanded neural network models is summa-
rized in Table V. The network architectures obtained through
optimization techniques (e.g., random search and Bayesian
optimization) exhibited greater degrees of freedom compared
to the baseline neural network models. In these cases, the
AICc values were mostly undefined because the number
of parameters exceeded the limit imposed by the data size
(N −ν−1 ≤ 0). The top-performing models using ReLU and
tanh activation functions achieved RMSE values between 0.34
and 0.35, which is comparable to the baseline neural network
models of depth greater than eight, where RMSE values fell
below 0.33. When compared with baseline neural network
models incorporating autoregressive inputs, both RMSE and
R2

adj remained similar, at approximately 0.33 and 0.9995,
respectively.

The LSTM models exhibited performance trends similar to
the physics-inspired exponential models, with RMSE values
exceeding 1.0801 and R2

adj values below 0.9954. Overall,
the LSTM models performed worse than the baseline neural
network models with autoregressive inputs. This inferior per-
formance likely stems from a mismatch between the LSTM
architecture and the characteristics of the dataset: the limited
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TABLE V
SUMMARY OF REGRESSION PERFORMANCES OF EXPANDED NEURAL

NETWORK MODELS

Architecture∗ ν† RMSE R2
adj

[1024, 909, 794] ReLU 1.6581e+06 0.3407 0.9995
[128, 122, 116] ReLU 30,507 0.3420 0.9995

[128] ReLU 513 0.3494 0.9995
[1024, 801] tanh 8.249e+05 0.3528 0.9994

[1024, 941, 858] ReLU 1.7767e+06 0.3571 0.9994
[256, 213, 170] tanh 92,060 0.3839 0.9994

[256] tanh 741 0.3937 0.9993
. . .

[1024, 1000, 976,
952, 928, 904, 880,] leakyReLU 6.2107e+06 0.4584 0.9991

[128, 107, 85] swish 23,453 0.6079 0.9983
. . .

[32, 30, 28, 26,
24, 22, 20] GELU 4,387 2.3917 0.9741

[128, 120]
biLSTM‡

5.3069e+5 1.0801 0.9954
[64, 60, 57] 2.3360e+5 1.3609 0.9927
[256, 225] 2.1100e+6 1.3637 0.9927

∗Bracketed list shows hidden-layer widths from input to output; the scalar
output layer is omitted.
†AICc is not reported since the term is mostly undefined in these models

(∵ N − ν − 1 ≤ 0).
‡biLSTM incorporated both sigmoid and tanh.

sequence length and relatively small data size reduce the
benefits of temporal modeling while increasing the risk of
overfitting due to the larger number of trainable parameters.
Consequently, the LSTM models could not generalize as
effectively as simpler autoregressive neural networks in this
setting.

C. Multivariate Polynomial Model

The multivariate polynomial models were evaluated by
varying both the maximum exponents for v(t) and v̇(t) from
one up to seven for each (n = 1, 2, ..., 7 and m = 1, 2, ..., 7),
as shown in Fig. 4(a). The highest-degree term’s coefficients
were constrained to be nonzero to prevent degenerate solutions
(producing a reduced-degree model). A drastic decrease in
performance (increase in both RMSE and AICc values; around
138% increase in RMSE) was observed after including terms
with more than degree five.

Using a degree of three for v(t) and a degree of two for v̇(t)
(n = 3,m = 2) yielded significantly better performance than
all the other polynomial models. Notably, this model’s RMSE
was 35% to 74% lower than that of models with nearby degree
combinations (n = 2,m = 1 through n = 4,m = 3). This
result suggests that beyond a certain complexity, increasing
the degree does not significantly improve the model’s ability
to describe the system’s behavior. It also points to the potential
for simpler models that still capture the essential dynamics of
the system effectively.

To further investigate the identified optimal model (n =
3,m = 2), the performance was evaluated after excluding
one or more terms based on their contributions to the model,
which were assessed by the magnitude of the coefficients and
p-values from a two-sided t-statistic, with the null hypothesis
that each coefficient is zero. The results are summarized in
Table VI. In all cases, excluding a term degraded performance.
The exclusion of terms was extended to adjacent models with

Fig. 4. Regression performances using multivariate polynomial models.
(a) The bar plot shows the RMSE values, while the red stars represent
the corresponding AICc values for varying maximum exponents of volume,
n, and maximum exponents of volume change rate, m. The purple bar
(n = 3,m = 2) indicates the best results among the adjacent models.
(b) Regression performances using multivariate polynomial models with
autoregressive inputs, where the maximum exponent of volume is three and
the maximum exponent of volume change rate is two (n = 3,m = 2).
The bar plot displays the RMSE values, while the red stars represent the
corresponding AICc values for varying autoregressive orders, p. The purple
bar (p = 0) shows the best performance multivariate polynomial model
without autoregressive inputs.

different complexities, but no model outperformed the original
model. Even when a parameter’s magnitude is very small
(< 10−10), it can be concluded that all the terms remained
essential for accurately representing the dataset.

Taking insight from the neural network model with autore-
gressive inputs, multivariate polynomial models with linear
autoregressive terms up to a degree of five were inspected
for the optimal case (n = 3,m = 2). The results are
shown in Fig. 4(b). Unlike the autoregressive neural network
models (Fig. 3(b)), here RMSE and AICc kept improving as
the autoregressive order increased. Models with more autore-
gressive terms were not considered due to concerns about
overfitting and a long initial transient.

D. Comparative Performance Review

Throughout our results, the number of parameters used
in the physics-inspired exponential models and multivariate
polynomial models was equal to or less than 22 (ν ≤ 22). On
the other hand, the baseline neural network models involved
a larger number of parameters (ν ≤ 105) and required up
to 3,000 training epochs to converge. The expanded neural
network models involved even more parameters (ν ≥ 500),
implying a higher capacity to address complex nonlinearities.
The actual computational time for inspecting all the possible
models within each model category (e.g., physics-inspired ex-
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TABLE VI
COEFFICIENTS OF THE OPTIMAL MULTIVARIATE POLYNOMIAL MODEL

AND REGRESSION PERFORMANCES OF REDUCED VARIANTS

Multivariate polynomial model: (n = 3,m = 2)
term coeff. term coeff. term coeff.

1 0 v̇ 1.7660e-1 v̇2 2.3010e-4
v 1.2695e-2 vv̇ -1.3896e-4 vv̇2 -3.0150e-6
v2 -8.0664e-5 v2v̇ 6.6527e-7 v2v̇2 1.3800e-8
v3 4.1269e-7 v3v̇ -7.3542e-10 v3v̇2 -1.3773e-11

Reduced multivariate polynomial models
excluded term(s) ν RMSE R2

adj AICc
vv̇ 11 0.6934 0.9981 1.7279e5
v3v̇ 11 0.6943 0.9981 1.7301e5

vv̇, v2v̇ 10 0.6971 0.9981 1.7367e5
vv̇, v3v̇ 10 0.6943 0.9981 1.7301e5
vv̇, v3v̇ 10 0.6943 0.9981 1.7301e5
v2v̇, v3v̇ 10 0.6962 0.9981 1.7345e5

The least-contributing terms among the 12 terms of the multivariate
polynomial model (n = 3,m = 2) were selectively excluded based on
the p-value of the t-statistic for a two-sided test with the null hypothesis
that the coefficient is zero.

ponential model, neural network model, and multivariate poly-
nomial model) matched the time complexity analysis in the
previous section (O(N · ν2) for the physics-inspired exponen-
tial models and multivariate polynomial models; O(epochs ·
N · ν) for the neural network models). The physics-inspired
exponential models required 2.31 s to optimize models up to
10 exponential terms, and multivariate polynomial models took
13.03 s to optimize 49 models with the maximum degrees
of v(t) and v̇(t) ranging from one to seven, respectively. In
the case of baseline neural network models, 225.38 s were
required to optimize models with network depths up to 15.
Training a single expanded neural network model required
at least 500 s under the same computational conditions,
exceeding the total optimization time required by all other
model categories. Considering an average time for optimizing
one model from each category, the neural network models
required more time than the physics-inspired exponential and
multivariate polynomial models because of the many training
epochs required to achieve an accurate prediction of P (t).

The accuracy in the pressure prediction for each model
category was also assessed, excluding the expanded neural
network models due to excessive degrees of freedom. For com-
parison, one benchmark (pseudo-optimal) model was selected
from each model category that compromises between pressure
estimation performance and model complexity. The selected
benchmark models were marked with ∗ in Table IV and listed
below:

1) exp: A physics-inspired exponential model with three
exponential terms of v(t) (k = 3)

2) NN: A baseline neural network model with eight fully
connected layers (d = 8)

3) NN-AR: An autoregressive neural network model with
an autoregressive order of five and eight fully connected
layers (p = 5, d = 8)

4) poly: A multivariate polynomial model with a maximum
exponent of three for v(t) and a maximum exponent of
two for v̇(t) (n = 3,m = 2)

5) poly-AR: An autoregressive multivariate polynomial

Fig. 5. True vs. estimated residual plots. (a) Scatter plot of errors vs.
volume, for the optimal models of each model type. (b) Error distributions
for optimal models in each model type.

model with an autoregressive order of five, a maximum
exponent of three for v(t), and a maximum exponent of
two for v̇(t) (p = 5, n = 3,m = 2)

In Fig. 5(a), errors are scatter-plotted with respect to v(t)
for each benchmark model. The physics-inspired exponential
model exhibited greater errors in the larger volume regions
with a maximum error of 6.84 kPa. The average and stan-
dard deviation of absolute errors were 0.76 ± 0.81 kPa. For
volumes greater than 300 mm3, the hyper-elastic behavior has
a greater influence than the fluid dynamics, and the model’s
limited number of parameters cannot capture this behavior. In
contrast, the baseline neural network (0.22 ± 0.23 kPa) and
multivariate polynomial models (0.52± 0.45 kPa) displayed a
more even error distribution across volumes, with the neural
network model generally producing lower errors. In both cases,
models that included autoregressive terms provided lower
errors (0.21 ± 0.25 kPa in NN AR and 0.33 ± 0.28 kPa in
poly AR). This is presumably due to better handling of mea-
surement noise and delays by using previous-state information.
In Fig. 5(b), error distribution plots for the benchmark models
are shown. The frequency of errors was obtained by generating
histograms with a bin size of 0.05 kPa. Notably, the errors from
the neural network models were closer to a normal distribution,
whereas the other models exhibited more model-specific error
variations distributed across different regions.

IV. PRACTICAL MODEL UTILIZATION CASES

We demonstrate three practical use cases to illustrate how
our model contributes to extending soft robots into dynamic
regimes. We focused on the benchmark multivariate polyno-
mial model because its mathematical form made the forth-
coming analyses convenient. For example, the multivariate
polynomial model in Table II can be rewritten in the form
below:

P (t) =
n∑

i=0

m∑
j=0

αi,j

(
v(t)

)i(
v̇(t)

)j

=
( n∑
i=0

m∑
j=1

αi,j

(
v(t)

)i(
v̇(t)

)j−1
)
v̇(t) +

n∑
i=0

αi,0

(
v(t)

)i

= C
(
v(t), v̇(t)

)
v̇(t) +K

(
v(t)

)
,

(9)

which shows a clear connection to a standard equation of
motion with negligible inertia. Moreover, conventional math-

This article has been accepted for publication in IEEE Robotics & Automation Magazine. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/MRA.2025.3642670

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



9

ematical procedures, such as taking partial derivatives with
respect to v(t) or v̇(t), can be easily performed since the
equation explicitly includes polynomial (cross-)terms.

The benchmark multivariate polynomial model was further
assessed for computational efficiency and data dependency.
The prediction process over a total of 100,000 data points,
randomly selected from the modeling dataset, required 0.32 s
on a standard computational environment. This corresponds to
an average of 3.2 µs per prediction, demonstrating the model’s
compatibility with real-time applications and its deployability
on conventional embedded systems. The model’s sensitivity
to dataset size was also examined by analyzing performance
across varying numbers of inflation/deflation cycles. The
results showed that prediction performance saturated after
approximately three full cycles (≈ 38,000 data points), with
additional data yielding marginal improvements. Leveraging
these features, we explore three direct applications.

A. Stiffness/Damping Analysis with Air Pocket

Because of water’s incompressibility, hydraulic actuation
offers precise control, high load-bearing capacity, and fast re-
sponse. However, maintaining a completely watertight system
is difficult, and over time air infiltration can alter the actuator’s
dynamic properties. An air pocket within the hydraulic actua-
tion tubing may reduce the stiffness and damping of actuation
due to its compressibility (Fig. 6(a)). If the presence of air
pockets can be diagnosed and identified in real time, the model
and control system can be optimally adjusted.

For a quantitative study, data were collected by injecting
different amounts of air into the syringe using the same 3-DoF
SBA from the modeling experiments, as shown in Fig. 6(b).
First, we computed partial derivatives of the multivariate poly-
nomial model in Table II with respect to v(t) and v̇(t) at each
data point as ki = ∂P

∂v

∣∣
(v(ti),v̇(ti))

and ci = ∂P
∂v̇

∣∣
(v(ti),v̇(ti))

,
which we interpret as instantaneous stiffness ki and damping
ci. Then, average stiffness, k̄, and damping, c̄, values were
computed as k̄ = 1

N

∑N
i=1 ki and c̄ = 1

N

∑N
i=1 ci. These

averaged stiffness and damping were also computed separately
for the inflation and deflation phases. Fig. 6(c) plots these
average k and c for different air volumes, and Fig. 6(d) shows
the distribution of pointwise ki and ci. Both plots show that
larger air pockets result in lower overall stiffness and damping.
These results not only demonstrated that air infiltration can be
detected and managed by observing the actuation-to-pressure
relationship but also that system dynamics can be monitored
in real time through high-resolution measurements of stiffness
and damping.

B. Identification of Different SBA Designs

SBAs can vary widely in geometry, materials, fabrication,
and size, which may lead to distinct dynamic behaviors.
Characteristic SBA design parameters are depicted in Fig. 7(a).
To assess volume-flow-pressure modeling performance across
different SBAs, we fabricated four distinct 3-DoF SBAs
(Fig. 7(b)) and collected data for each to cross-validate the
model. The design parameters of the four SBAs are listed in
Table VII. We collected data over multiple inflation/deflation

TABLE VII
DESIGN PARAMETERS OF DIFFERENT SBAS

No. chamber
do

dc h
max. max. main

shape (dc1, dc2) vol. press. material
1 reniform 14 7.4, 4.3 30 550 80 TPE
2 circular 12 5.3 32 450 70 TPU
3 reniform 11.3 6.2, 2.4 20 200 35 TPE
4 circular 48 23.5 120 7000 40 TPU

mm mm mm mm3 kPa
do: outer width; dc: chamber diameter (dc1 and dc2 in the reniform cases);
h maximum expandable height.

cycles at various flow rates (Fig. 7(c)). The maximum volume
and flow rate for each SBA were selected to remain within safe
operating limits. For validation, all 49 multivariate polynomial
models with maximum exponents for v(t) and v̇(t) from one
to seven, respectively, were optimized on the dataset from each
SBA. The combination n = 3 and m = 2 exhibited the best
performance in all four cases, with each model containing
12 coefficients. Since all models share the same structure,
averaged stiffness and damping values could be computed con-
sistently across trajectories. The results including evaluation
performances and averaged stiffness/damping coefficients are
shown in Table VIII.

In addition to evaluating regression performance, the Chow
test was applied to every combination of two models from
different SBAs. The Chow test assesses whether two regression
models are statistically different [19] or not. The analysis
involves computing F-statistics based on the ratio of covari-
ances from an integrated model to those from two independent
models. Since all four SBAs were modeled using the same
set of basis functions (e.g., the multivariate polynomial model
with n = 3 and m = 2), each model is represented by its
corresponding 12 coefficients. Rather than simply differenti-
ating the models using these coefficients, the Chow test was
employed to quantitatively evaluate the ability to distinguish
between datasets from different SBAs. With a clear distinction
between models from different SBAs, it becomes possible to
identify a specific SBA even from a small dataset. The results
are shown in Table IX. All pairwise tests between models from
SBA1 through SBA4 produced significant differences, with p-
values less than 10−7, thereby rejecting the hypothesis that any
two models are identical. To further illustrate the significance,
the F-statistics are listed in Table IX. Since even the smallest
F-statistic value (F = 1118.32) was greater than the critical
value of 5.9 at a significance level of α = 0.0005, the null
hypothesis that any two models are identical was decisively
rejected.

These results support the expanded applicability of the
proposed volume-flow-pressure modeling approach, enabling
cross-comparison among different SBAs using a single math-
ematical model form. Moreover, the results suggest a link
between the multivariate polynomial model with n = 3
and m = 2 and the underlying complex nonlinear physics
governing SBA actuation.
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Fig. 6. Stiffness and damping analysis with different volume of air pockets. (a) Schematic of an air pocket inside the actuation syringe. The air pocket
functions as a spring-damper. (b) V–P plots for different volumes of air in a chamber across multiple inflation and deflation cycles. The left plot includes
trials with |v̇| = 20 mm3, and the right plot includes trials with |v̇| = 100 mm3. (c) The plot displays the averaged equivalent stiffness (k̄) and damping
coefficients (c̄) for different volumes of air in a chamber. The red and blue triangles represent equivalent stiffness and damping coefficients achieved only
across inflation and deflation cycles, respectively. (d) Distribution of pointwise ki and ci for different air volumes in a chamber.

Fig. 7. Different characteristics of four SBAs. (a) Geometric parameters of
SBA. (b) Four different SBAs tested in this study. As a reference, M4×10 mm
hex screw was placed next to each SBA. (c) V–P curves of the four different
SBAs.

C. External Force Estimation

The models presented so far were based solely on intrinsic
measurements from actuating SBAs, without any influence

TABLE VIII
REGRESSION PERFORMANCES FOR DIFFERENT SBAS USING

MULTIVARIATE POLYNOMIAL MODEL

No. RMSE R2
adj AICc k̄ c̄

1 1.4230 0.9943 3.5669e5 0.1561 0.1750
2 3.8981 0.9783 1.5228e4 0.1774 0.2308
3 0.5837 0.9974 2.0698e4 0.2305 0.5345
4 7.1198 0.9440 7.4670e3 0.0003 0.9176

kPa/mm3 kPa · s/mm3

TABLE IX
CHOW TEST RESULTS

SBA1 SBA2 SBA3 SBA4
SBA1 - 12301.55 6052.92 1118.32
SBA2 12301.55 - 18891.99 6527.82
SBA3 6052.92 18891.99 - 2477.83
SBA4 1118.32 6527.82 2477.83 -

The noted values are F-statistics, and the critical values for each case were
5.9 (at significance level of α = 0.0005).

from external forces. However, the pressure measurement will
be affected by external forces. A force sensor is typically re-
quired to decouple actuation-induced pressure from externally
induced pressure, but sensing integration is challenging due to
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Fig. 8. Proprioceptive external force estimation based on pressure.
(a) Measured and estimated pressure in each of the three chamber. (b) Exper-
iment for estimating the net external force applied to the SBA. (c) The plot
displays the measured and estimated net force applied to the SBA over time.

the SBA’s form factor, material properties, and operating con-
ditions. Since the optimized models were proven to accurately
predict the actuation-induced pressure, the difference between
the estimated and measured pressures can be correlated to an
external force. Based on this hypothesis, we proposed a sen-
sorless (or “proprioceptive”) external force estimation method.
Assuming our model gives the true pressure in the absence
of an external load, the pressure residual in each chamber is
integrated to calculate the magnitude of the external force.

Using the procedure reported in Section IV-B, we identified
a volume-flow-pressure model for each of the 3-DoF SBA’s
three chambers. We then inflated the SBA with 500 mm3 of
water. A robot arm (UR5e, UNIVERSAL ROBOTS) equipped
with a force sensor (9105-TW-NANO17-E, ATI) was con-
trolled to dynamically push the tip of the SBA 10 mm
repeatedly at a rate of 1 Hz. The real-time pressure mea-
surements and estimations based on individualized models for
each chamber are shown in Fig. 8(a). The force from the
robot arm induced an asymmetric compression in the three
chambers (Fig. 8(b)), leading to a different pressure in each
of them. The magnitude of the external force was calculated
by multiplying the pressure differences by the effective cross-
sectional area (22 mm2 for each chamber) and summing the
results. The estimation performance was evaluated against the
force sensor measurements, yielding a mean error of 1.60 mN
and a standard deviation of 7.50 mN. Across repeated trials
with varying initial configurations (i.e., distance and pose
between the SBA and the robot arm), the mean estimation error
remained at approximately 6.40 mN, with a standard deviation
of 5.50 mN. Although only the magnitude of the force could
be estimated, the method demonstrated high precision without
the need for an additional sensor.

V. DISCUSSION AND CONCLUSION

Inflatable soft actuators, like most soft robots, exhibit
complex, nonlinear behavior due to their inherent material
properties. Despite its advantages based on the incompress-
ibility, hydraulic actuation adds complex dynamics throughout
the actuation chain. The inflatable soft actuators’ behaviors
become further complicated by the two practical issues fre-
quently addressed in the field of soft robotics: fabrication
inconsistencies (and/or defects) and difficulties in complete
removal of air in the fluidic actuation chain. These challenges
inevitably necessitates continuous empirical tuning of the
control system. This is further exacerbated by the difficulty
of integrating sensors for measuring such characteristics.

In this study, we introduced an approach to address these
challenges by establishing a model that relates between the
intrinsic measurements. The input fluidic volume (v(t)) and
its time derivatives (v̇(t), v̈(t), ...) as well as pressure (P (t))
are the most fundamental measurements that can be measured
from the fluidic actuation chain without interfering the soft
robotic behavior. Our preliminary investigation revealed that
the system’s pressure dynamics are primarily governed by
elastic contributions from v(t) and viscous contributions from
v̇(t), which helped constrain the model’s degrees of freedom.

The actuation-to-pressure model was established by testing
three types of models (e.g., physics-inspired exponential, neu-
ral network, and multivariate polynomial models) with incor-
poration of a model-selection criterion Eq. (8) that balances
between the prediction accuracy and model complexity. The
two key findings from the preliminary study were that second-
(and-higher-)order time derivatives of volume impose negligi-
ble effect on pressure dynamics, whereas cross-terms between
v(t) and v̇(t) play a critical role. Based on these features, op-
timal (R2 > 0.99) yet simple (ν < 105) models were achieved
in each model type. The most notable outcome was that the
multivariate polynomial model with a maximum exponent of
three for v(t) and a maximum exponent of two for v̇(t) showed
optimal prediction performance compared to all the adjacent
combinations, with only twelve coefficients. This directly lead
to that the model is realizable and can be implemented on
deployable, resource-limited embedded systems (e.g., Arduino
or Raspberry Pi), enabling real-time operation without the
need for intensive computational resources. Furthermore, as
the model consists of explicit polynomials of v(t) and v̇(t),
this framework accepts conventional robotics techniques—
from Kalman filtering to Koopman operator theory [20]. This
intuition was shown with Eq. 9.

Since the optimal multivariate polynomial model (n =
3,m = 2) obtained with the benchmark SBA also yielded
the highest pressure prediction performance across different
SBAs, variations in SBA characteristics could be captured
through system identification process while maintaining the
same model structure. Owing to its simple form, real-time,
continuous model identification was feasible, as demonstrated
in the air-pocket diagnosis and SBA differentiation studies.
We envision that additional functionalities, such as fault de-
tection and tracking time-varying degradation, can be realized
through an extended modeling framework that builds upon
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this foundational approach, potentially incorporating transfer
learning to generalize across devices or conditions. A follow-
up study will systematically address robustness and sensitivity
across actuator designs, environmental conditions, and oper-
ational scenarios. Furthermore, the model’s accurate pressure
predictions enabled precise characterization of internal kinet-
ics, thereby enabling precise proprioceptive force estimation
without integrating a sensor.

In conclusion, we emphasize that the potential of this study
is not limited to a specific form factor—SBA. Since our
models accommodate a range of nonlinearities such as hyper-
elastic behavior, hysteresis effects, and measurement delays,
they can be applied to elastomeric soft actuators and more
complex soft robotic systems. Building on this analytical
framework, future work will focus on designing model-based
dynamic controllers.

DATA AND CODE AVAILABILITY

All datasets and code used in this study are publicly avail-
able at https://github.com/Sangyoep/SBA VQP modeling.
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