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Abstract—This paper explores system identification techniques
within the domain of soft robotics, focusing specifically on a
tendon-actuated soft manipulator. The primary goal is to perform
system identification for this manipulator using two distinct
mathematical models: ARX (Auto-Regressive with eXogenous
input) and ARMAX (Auto-Regressive Moving Average with
eXogenous input). The manipulator system is driven by three
motors, and the piecewise constant curvature parameters, 0
and ¢, are considered as outputs. The comparative analysis
reveals that the effectiveness of these identification methods varies
according to system dynamics. The ARX model performs well
with simpler dynamics like those of ¢, while the ARMAX model
proves superior for more complex or noisy systems like 6, owing
to its inclusion of moving average components that capture
additional dynamics. These findings underscore the importance
of selecting the appropriate model based on specific system
characteristics for accurate modeling and prediction.

Index Terms—Soft robots; system identification; polynomial
methods; multivariable systems; soft manipulator.

I. INTRODUCTION

Soft robotics has emerged as a promising field by utilizing
flexible and adaptable materials to design robotic systems
capable of interacting safely and effectively with dynamic
environments and humans. However, the inherent complexity
of soft systems poses significant challenges in identifying and
modeling their behavior, which is crucial for the effective de-
sign and control of these robots. According to (8), developing
a mathematical model that accurately describes deformation
configurations is a significant obstacle in this field. In this
context, system identification provides essential insights into
the dynamic and static characteristics of soft systems.

Various approaches, ranging from detailed physical models
to data-based methods and machine learning techniques, were
employed to study the existing research and construct the
methodology for this investigation. (9) offers an alternative
model for the dynamics of multi-session soft manipulators
using a discrete Cosserat approach. Additionally, (1) discusses
a data-driven method to identify models of soft manipulators,
enabling consistent control under varying load conditions.

(10) compares two methods using a data-based model
relying solely on mechanical feedback for stable control of
the flexible robotic manipulator. Another notable contribution
is made by (2), which presents a closed-loop controller based
on a neural network trained with a deep reinforcement learning
algorithm known as Trust Region Policy Optimization.

The primary objective of this work is to identify a math-
ematical model that can infer the position of a soft ma-
nipulator’s tip based on motor actuation. To achieve this,
two polynomial system identification algorithms—ARX and
ARMAX—were employed. Additionally, this work aims to
analyze the optimal function identified and gain insights into
its behavior.

II. BACKGROUND STUDY

A. Soft Manipulator

Unlike conventional robots with predictable movements,
soft robots can deform in complex ways, complicating their
control (12). Developers use advanced strategies, including
adaptive control systems and machine learning, to manage
their infinite degrees of freedom and non-linear behavior (11).

Phenomenological models of soft robots use physical and
mathematical models to represent systems. This approach es-
tablishes relationships between inputs, such as actuator move-
ment, and outputs like movements or deformations (13). While
phenomenological methods streamline prediction and control
of soft robotics, they often leave gaps in representation of
complex dynamics. Empirical models simplify model creation,
particularly when the physics are not well understood. When
frequently updated, these models can estimate parametric
variations.

System identification techniques such as AutoRegressive
with eXogenous inputs (ARX) and AutoRegressive Moving
Average with eXogenous inputs (ARMAX) are examples of
empirical models. These models use input-output data to
predict dynamic systems behavior, aiding in the creation of
control strategies that adjust to real-time feedback and envi-
ronmental changes, thereby enhancing soft robots functionality
and adaptability.

B. ARMAX

The ARMAX model enhances the ARMA framework by
integrating exogenous variables into time series analysis and
forecasting (7). It combines autoregressive terms with moving
averages and external factors, capturing both historical de-
pendencies and the impact of external variables for improved
prediction accuracy and insight (4).

The mathematical structure of the ARMAX model is cap-
tured in the following equations (6):
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Where equation (1) defines the relationship between the

output y(t), the controllable input u(t — np) with a delay ny,

and the error term e(t). The polynomials A(q), B(q), and
C(q) are defined as:
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Here, the coefficients a;, b;, and ¢; are model parameters
that are estimated from time series data. The operator ¢!
represents a one-time unit delay, introducing a temporal di-
mension in the modeling of dynamic relationships.

III. METHODOLOGY

Data collection was performed using ArUco (3) markers.
This data was then represented in the format of piecewise
constant curvature (PCC) (5). Finally, the data was filtered,
a study of the correlation between inputs and outputs was
conducted, and system identification was performed.

A. ArUco Dataset

For the development of this work the authors collected
three data sets. The dataset was compiled by recording the
position coordinates and orientation of the flexible manipulator
in its dynamic behavior, which was fed with the tendon
lengths produced by a signal of Amplitude Modulated Pseudo-
Random Bit Sequences (APRBS). This data was colected with
a frequency of 25 Hz.

The ArUco tags provide position and orientation data for
each spring in the manipulator structure, captured by a mono
camera. Data were collected regarding three flexible manip-
ulators, which have, respectively, 1, 3, and 5 springs. These
devices feature a single session of operation and three motors
responsible for regulating the length of three tendons. Figure
1 displays the application of ArUco tags on the five mentioned
manipulators.
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Fig. 1: Configurations of the manipulator with flexible struc-
tures, containing 5, 3 and 1 springs.

The data contained in the dataset cover the length of the
three cables (expressed in meters), as well as the position (x,
y, z) and orientation (quaternion, roll, pitch, yaw) information
of both the base and each spring present in the manipulator.

For the manipulator containing one spring, the dataset consists
of 4049 samples. The dataset for the manipulator with three
springs contains 3603 samples; and for the manipulator with
five springs, the dataset is comprised of 3227 samples.

B. Piecewise Constant Curvature Model

After collecting data in spatial coordinates (X, y, z), they
were converted into the Piecewise Constant Curvature (PCC)
representation (5). A schematic of this model is represented
in Figure 2. Each segment is then modeled as a curve with
constant curvature described by two parameters: 6 and ¢. 6
represents the bending curvature of the segment, analogous
to the angle of curvature in classical geometry. ¢ captures
the twisting curvature, reflecting the amount of rotation along
the segment’s longitudinal axis. This approach simplifies the
model by reducing the manipulator’s infinite degrees of free-
dom to a finite set of curvature pairs (6;, ¢;) for each segment
i.
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Fig. 2: Constant curvature diagram

C. Filter design

The development of systems identification required the
implementation of a finite impulse response (FIR) low-pass
filter to reduce noise of the obtained data. The FIR filter was
selected for its ability to maintain the linear phase of signals,
for preserving the temporal integrity of the original data. By
setting the cutoff at 0.2 Hz, as showed in Figure 3, the filter
attenuates higher frequencies, including noise while preserving
important lower frequency components below 0.2 Hz.
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Fig. 3: Fast fourrier transform spectrum of the singnal with a
spring

This filter was applied to all the datasets collected to support
the training and validation of the system identification process.



D. Correlation analysis

The correlation results for robotic manipulators with one,
three, and five springs are presented in Figure 4. These correla-
tions were computed using the Pearson correlation coefficient,
defined as:
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where z; and y; are the input (cable tension) and output
(angle ¢ or 6 signals, respectively, and n is the number of
data points.

To provide a comprehensive assessment of the temporal
relationship between input tensions and output angles, the
correlation functions were computed over a wide lag window,
extending up to 20,000 samples in some cases. This range was
selected to ensure that both immediate and delayed dependen-
cies could be fully observed, especially given the differing
dynamic responses of each manipulator configuration. The
differences in the x-axes (lag values) among Figures 4a, 4b,
and 4c reflect the unique physical properties and time constants
of each manipulator. For example, manipulators with more
springs and greater structural complexity tend to exhibit longer
response times, requiring a broader lag window to capture the
full extent of their input-output correlations. Consequently, the
lag range for each plot was tailored to the specific system to
accurately represent its dynamic behavior and avoid truncation
of relevant correlation information.

In the case of the one-spring manipulator (Figure 4a),
the correlation curves between cable tensions and the output
angles exhibit a nearly symmetric triangular pattern around
the central lag. This indicates a strong and temporally aligned
linear relationship between the actuation and the resulting
motion.

For the three-spring configuration (Figure 4b), the cor-
relation curves from different cables begin to overlap, and
the triangular shape becomes sharper and more centralized.
This suggests a higher degree of predictability and a stronger
linear dependence between inputs and outputs, reinforcing the
deterministic nature of the system’s behavior.

In contrast, the five-spring manipulator (Figure 4c) exhibits
more complex correlation profiles. While the curves still show
a clear linear trend around the zero-lag region, the intertwining
among the signals becomes more pronounced. This is likely
due to the increased structural complexity—comprising mul-
tiple springs connected by rigid elements—which introduces
additional dynamic interactions. Nevertheless, the persistence
of high correlation near zero lag confirms that the system
retains a predominantly linear character.

Overall, the results suggest that as the number of springs
increases, the correlations between cable tensions and angu-
lar displacements become more complex, but the underlying
linear relationship remains evident. This is characteristic of
systems with multiple degrees of freedom, where the actuation
of individual cables produces interdependent effects due to
mechanical coupling.
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Fig. 4: Correlation for manipulators.

E. System identification

To work with system identification, the curvature model
generated two models: one focused on predicting 6, and
another aimed at solving ¢. In both systems, the input is the
rotation of the motors that operate the manipulator

To carry out system identification, MATLAB software was



used. Its libraries for system identification and filter design
were utilized. To find the best parameters for the ARX and
ARMAX models, loop structures were used to test all possible
combinations from first to tenth order in each parameter. The
model with the best fit was then selected.

The computer chosen for this development had the follow-
ing specifications: Windows 10 operating system, 12th Gen
Intel(R) Core(TM) i5-12450H processor, and 8GB RAM.

IV. RESULTS

The comparative analysis of system identification tech-
niques for single-spring systems labeled ¢ and € in 5 reveals
distinctive modeling dynamics. The ¢ system showed in 5b
demonstrates minimal variance between the ARX and AR-
MAX methodologies, with the fits being 58.38% and 58.74%,
respectively. This negligible difference suggests that the in-
clusion of the moving average process in the ARMAX model
does not significantly benefit the ¢ system’s identification.

In this work, the term “fit” refers to the quantitative measure
used to evaluate how accurately the identified models repro-
duce the system’s output. The fit percentage is calculated as
follows:

Fit (%) = 100 x (1 — Hy - 3{” (6)
where y represents the measured o%tpu%, y is the output
predicted by the model, and ¥ is the mean of the measured
output. A fit of 100% indicates perfect agreement between the
model and the measured data, while lower values represent
increasing deviation. This metric provides a standardized way
to compare model performance across different identification
algorithms and system configurations.

In contrast, the 6 system’s, visualized in Figure 5a, results
are strikingly different, with the ARX model attaining a
59.8% fit while the ARMAX model exhibits a superior fit
of 71.72%. This increment highlights the ARMAX model’s
enhanced capability in capturing the underlying processes of
the 6 system, suggesting that the moving average parameters
are instrumental in accounting for the noise or unmodeled
dynamics present within this particular system.

These outcomes emphasize the importance of model selec-
tion in system identification. While the ARX model suffices
for the ¢ system, the 6 system benefits from the additional
complexity provided by the ARMAX model, underscoring the
need for a tailored approach based on the specific character-
istics and responses of the system in question.

The system identification processes for the Figure 6 ¢ and 6
systems, each incorporating a trio of springs, present intriguing
contrasts in model fidelity. In the case of the image 6b ¢
system, the ARMAX model, imbued with both autoregressive
and moving average elements, showcases a markedly superior
fit of 83.94% compared to the simpler ARX model’s 73.01%.
This pronounced disparity underscores the ARMAX model’s
enhanced capability to embody the more complex dynamics
inherent in the ¢ system.

The 6 system’s, seen in 6a, modeling outcomes narrate a
different story. Here, the ARX model’s fit stands at 84.29%,
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Fig. 5: Comparison of simulated response for one spring

with the ARMAX model offering a marginally improved fit of
84.89%. This subtle difference intimates that for the 6 system,
the additional complexity introduced by the ARMAX model
may not be as critical to capturing the system’s behavior.

These insights accentuate the nuanced nature of system
identification. They bring to light that the optimal choice
between ARX and ARMAX models is not merely a function of
model sophistication but is closely tied to the unique dynamics
of each system. While the ¢ system evidently benefits from
the ARMAX model’s structure, the 6 system does not exhibit
a significant preference, suggesting that simpler models could
suffice in certain contexts.

The dynamics of the ¢ and 6 systems in Figure 7, each
integrating five springs, have been meticulously modeled using
ARX and ARMAX identification methods. For the Figure 7b
(¢) system, the analysis revealed that the ARMAX model
achieved a marginally superior fit of 78.65% compared to the
ARX model’s 76.39%. This indicates a modest enhancement
in capturing the system’s response, hinting at the potential
benefits of the moving average component inherent in the
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Fig. 6: Comparison of simulated response for three springs

ARMAX model.

The modeling of the 6 system uncovered a pronounced di-
vergence between the two methods, that can be seen in Figure
7a, with the ARMAX model significantly eclipsing the ARX
model by exhibiting a fit of 87.66%, in contrast to 74.31%.
Such a distinct improvement accentuates the ARMAX model’s
robustness in assimilating the system’s behavior, possibly due
to its more sophisticated structure which encompasses both
autoregressive and moving average mechanisms.

These insights underline the pivotal role of model selection
in the realm of system identification. They demonstrate that
while the ARX model offers a commendable baseline for
system approximation, the ARMAX model emerges as a more
potent tool, especially in scenarios where the system dynamics
are considerably complex.

A. System analisys

For the study of the system, the model featuring a three-
spring configuration was chosen to analyze the ¢ parameter.
This particular setup of the three-spring manipulator was
selected due to its superior response in predictive models.
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The ¢ curvature parameter was specifically chosen due to its
complex relationship with various input cables.
The parameters of the ARMAX algorithm can be observed

in the following equations:
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In the ARMAX model framework for systems with multiple
inputs, the parameters are outlined by a series of polynomial
equations. The autoregressive component is represented by
A(q) (Equation 7), which indicates how past outputs influence
current outputs. Each input’s effect on the system is modeled
by the polynomials Bj(q), Ba(q), and Bs(q) (Equations 8,
9, and 10), detailing the specific influences of the three
different input motors. The moving average component, C(q)
(Equation 11), captures the noise or random shocks affecting
the system’s output. These equations collectively provide a
structure for analyzing and predicting the system behavior
under the influence of multiple inputs.

The pole-zero map delineated in Figure 8 portrays the
dynamic properties of the ¢ system, equipped with three
springs. Each panel corresponds to distinct input channels (ul,
u2, and u3), for each cable input, and showcases the system’s
poles and zeros—a reflection of its vibrational characteristics
and stability.

As depicted in Figure 8, the left half-plane concentration of
poles for inputs ul and u3 signifies a stable system response,
with the natural decay of vibrations assured by their negative
real parts. In contrast, the poles and zeros associated with input
u2 are confined within the unit circle in the complex plane,
indicating a discrete-time stability criterion and potential res-
onant behavior. The layout of zeros, particularly for input u3,
suggests distinct influences on the system’s transfer function,
emphasizing the importance of pole-zero placement in control
system design and precision response tuning.
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Fig. 8: Pole-zero map for the ¢ system with three springs.

V. CONCLUSION

This work presents techniques of system identification in the
context of soft robots. The main objective was to produce a
system identification of a soft manipulator actuate by tendons.
For this development it was used two algorithms of system
identification, ARX and ARMAX, to compare the results.
And the system to identify it was a soft manipulator with

three motors as inputs, and the piecewise constant curvature
constants, 6 and ¢ as output.

The analysis demonstrates that the effectiveness of ARX and
ARMAX system identification methods varies significantly
depending on the system dynamics. In systems like ¢, where
the dynamics are less complex, the ARX model generally
provides adequate results. However, in more complex or noisy
systems like 8, the ARMAX model proves more effective due
to its ability to incorporate moving average components and
capture additional dynamics. This emphasizes the necessity
of selecting the appropriate model based on the specific
characteristics of each system to ensure accurate modeling and
prediction.
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