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McKibben-type pneumatic artificial muscles (PAMs) are lightweight and flexible soft actuators with a high
power-to-weight ratio, and have been widely applied to rehabilitation devices, power-assist systems, and soft
robotic mechanisms. By integrating sensing functions into PAMs, their usability and controllability can be
enhanced, enabling the development of more practical and advanced soft mechanisms. We previously proposed a
smart artificial muscle (SAM) by integrating an optical fiber into the braided sleeve of a McKibben-type PAM,
which enables displacement estimation by measuring optical bending loss. The SAM is compatible with con-
ventional PAM fabrication processes; however, the sensor output exhibits strong nonlinearity and time de-
pendency. In this study, an LSTM-based state estimation framework is extended from a single SAM to a three-
degree-of-freedom soft mechanism composed of multiple SAMs, where strong nonlinear coupling and mutual
interference arise among actuators. In the proposed framework, the LSTM model jointly processes time-series
data of multi-channel optical sensor outputs and applied pressures of the three SAMs, along with past esti-
mated states as inputs. This structure enables the model to capture nonlinear coupling, hysteresis, and time-
dependent behavior, allowing estimation of the tip position of the soft mechanism. Experimental results
demonstrate that the proposed method accurately captures complex nonlinear dynamics and mutual mechanical
interference among multiple SAMs, achieving accurate tip position estimation. These results indicate that SAMs
with integrated sensing and actuation capabilities, combined with machine-learning-based estimation, provide
an effective approach for state estimation of multi-DOF soft robotic mechanisms.

1. Introduction practice. By analogy, artificial muscles equipped with integrated sensing

functions would significantly enhance the controllability and practi-

McKibben-type pneumatic artificial muscles (PAMs) are soft actua-
tors characterized by flexibility, lightweight, and a high power-to-
weight ratio [1-6]. Owing to their simple structure, PAMs, including
McKibben-type and bending-type, have been widely applied in reha-
bilitation devices, power-assist systems, robotic manipulators and
grippers [7-12]. However, the nonlinear mechanical properties and
viscoelasticity of elastomer materials, as well as frictional forces be-
tween fibers, result in complex output characteristics. These factors
make accurate estimation of displacement and output force a significant
challenge.

Conventional rigid robotic mechanisms, such as articulated robotic
arms, are typically driven by electromagnetic motors equipped with
encoders, which play a crucial role in achieving high controllability. The
integration of motors and encoders is a well-established engineering
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cality of soft mechanisms, while maintaining their simple configuration
and fabrication process. Such sensor-integrated artificial muscles can
eliminate the need for external sensing systems. Accordingly, various
studies have investigated soft actuators and soft robots with embedded
or integrated sensors [13-20], and state estimation and data-driven
modeling by machine learning [21-25].

The authors previously developed a Smart Artificial Muscle (SAM) by
integrating an optical fiber into the braided sleeve of a McKibben-type
PAM. By measuring the optical loss induced in the optical fiber, the
contraction of the muscle was estimated [26]. Because the sensing signal
is optical, it is inherently resistant to electromagnetic noise from the
surrounding environment. In addition, this approach offers a
manufacturing advantage: optical fibers can be installed in the braiding
machine in place of conventional fibers, allowing SAMs to be fabricated
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Fig. 1. Configuration of a McKibben-type pneumatic artificial muscle (PAM).
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Fig. 2. Propagation of light in an optical fiber: (a) total internal reflection, (b)
bending loss.
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Fig. 3. Optical fiber composite smart artificial muscle (SAM): (a) schematic
diagram, (b) photograph.

using the same process as standard PAMs without any other embedding
steps.

Experimental results, however, revealed that the optical sensor
output shows non-linearity and time dependency, and depends not only
on displacement of the muscle but also on internal pressure and external
loads. To address these complex sensor characteristics, machine-
learning-based estimation was introduced. In particular, a Long Short-
Term Memory (LSTM) network was applied to estimate the muscle
length using time-series data of applied pressure and optical sensor
output. The results demonstrated that machine learning can effectively
compensate for the complex and nonlinear sensing characteristics of
SAMs [26].

In this study, as an application of SAMs, a three-degree-of-freedom
(3-DOF) soft mechanism is developed. The mechanism consists of
three SAMs arranged in parallel and enables bending motion. The LSTM
network is extended and applied to the proposed soft mechanism. By
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jointly processing time-series data including optical sensor outputs and
applied pneumatic pressures of the three SAMs, the tip position of the
mechanism is estimated. This approach addresses the strong non-
linearities, temporal dependencies and mutual mechanical interactions
inherent in multi-DOF soft mechanism, enabling a high-accuracy and
robust state estimation system suitable for practical applications. The
results indicate that SAMs integrating sensing and actuation capabilities
are effective components for constructing soft robotic systems.

2. Configuration of 3-DOF mechanism
2.1. McKibben-type PAM

The McKibben-type PAM is a lightweight and highly flexible soft
actuator composed of an inner elastic tube and an outer braided fiber
sleeve. A schematic model of the McKibben-type PAM is shown in Fig. 1.
When pressurized, the braided fibers function as a pantograph mecha-
nism, causing the PAM to expand radially and contract axially. The
resulting contraction force and displacement are utilized as the driving
source for various soft robotic systems.

Focusing on the geometric deformation of the fibers within the
sleeve, it is known that the radius of curvature of the helical fibers R
varies depending on the muscle length. This relationship can be
expressed by Eq. (1), assuming an initial diameter ry, an initial length [y,
and an initial braid angle 6, as constants [27].

R= fo eH)

2
sinfp4 /1 — (%) €0s26,

2.2. Optical fiber

The structure of the optical fiber is shown in Fig. 2(a). The fiber
consists of two layers: a central core and a surrounding cladding. The
cladding is designed to have a lower refractive index than the core.
When light is incident on the interface between the core and cladding at
an angle exceeding the critical angle, it becomes confined within the
core and propagates through the fiber by total internal reflection.

However, when the fiber is bent, as illustrated in Fig. 2(b), portions
of the incident light fall below the critical angle, causing part of the
optical signal to leak out of the fiber. This phenomenon, known as
macro-bending loss [28,29], increases as the bending radius decreases,
resulting in reduced transmitted light intensity. In addition, when
localized pressure is applied to the surface of the optical fiber, small
deformations occur, leading to micro-bending loss [30], in which light
leaks from the deformed segments.

The total amount of light transmitted through the optical fiber is
therefore determined by the combined effects of macro-bending and
micro-bending losses.

2.3. Configuration of SAM with optical fiber

As shown in Fig. 3, the SAM incorporates a 0.5-mm-diameter optical
fiber as one of its structural elements. The actuator can be fabricated
easily using a braiding machine [27]. The actuator section has a total
length of 100 mm and a diameter of 5 mm. As illustrated in Fig. 3(a), the
rubber tube is covered by several synthetic fibers together with a single
optical fiber that is folded back at its tip. A fabricated example is shown
in Fig. 3(b).

To realize the sensing functionality, the optical fiber requires a light-
emitting device and a photodetector at its two ends in general. These
components are used to measure variations in the optical intensity
transmitted through the fiber. Both the light source and the photode-
tector are integrated on the root side of the SAM, which greatly sim-
plifies wiring and component placement when embedding the actuator
into robotic mechanisms. For this reason, the optical fiber is folded back
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Fig. 5. Relationship between contraction ratio and sensor output of the SAM.
at the tip of the actuator. As the light- emitting and receiving devices, an
LED (Cree LED, model: C503B-GAN-CBOF0791) and a photo IC diode

(Hamamatsu Photonics, model: S13948-01SB) are used. These elec-
tronic components are mounted on a 3D-printed connector and shielded

(a)

Optical fiber

3-DOF soft mechanisms with SAMs
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with aluminum tape to suppress external optical noise.

To evaluate the actuation characteristics, the applied pressure was
increased from 0 kPa to 300 kPa over 30 s and then decreased back to
0 kPa over the subsequent 30 s. This cycle was repeated five times while
measuring the applied pressure, contraction ratio, and sensor output.
The relationship between the applied pressure and the contraction ratio
is shown in Fig. 4, and the relationship between the contraction ratio
and the sensor output is shown in Fig. 5.

From Fig. 4, the maximum contraction ratio of the SAM is approxi-
mately 16.5%. Hysteresis is observed, which is a well-known phenom-
enon inherent to this class of soft actuators. Furthermore, as shown in
Fig. 5, the sensor output decreases with increasing contraction ratio due
to bending loss in the optical fiber. These results indicate the nonlinear
characteristics of the SAM in both actuation and sensing.

2.4. Configuration of 3-DOF soft mechanism

The 3-DOF soft mechanism developed in this study is shown in Fig. 6,
and its actuation principle is illustrated in Fig. 7. The mechanism con-
sists of three SAMs —SAM 1, SAM 2, and SAM 3—arranged evenly
around the circumference and connected by a common base and end
cap. By independently actuating each SAM, the mechanism can achieve
arbitrary tip positions within a three-dimensional workspace. A

Fig. 7. Geometric configuration of the 3-DOF soft mechanism composed of
three circumferentially arranged SAMs.
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Fig. 6. Structure of the 3-DOF soft mechanism: (a) schematic diagram, (b) photograph.
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Fig. 8. Fundamental experiment conditions: (a) applied pressure pattern, (b)
bending motion of the mechanism.

dedicated housing is fabricated to protect and secure the light-emitting
and light-receiving devices integrated into each SAM.

As depicted in the geometric model in Fig. 7, the independent pres-
surization and resulting contraction of each SAM determine both the
bending direction and bending magnitude of the mechanism according
to the contraction ratios of the three actuators.

In this study, the geometric coordinate system of the 3-DOF soft
mechanism is defined such that the radial plane corresponds to the x-y
plane, and the axial direction corresponds to the z axis.

2.5. Fundamental characteristics of 3-DOF soft mechanism

As a fundamental actuation experiment, the pneumatic command
inputs shown in Fig. 8(a) were applied to each electro-pneumatic
regulator to evaluate the motion of the 3-DOF soft mechanism. Fig. 8
(b) shows the mechanism during actuation, and Fig. 9 illustrates (a) the
relationship between the optical fiber sensor outputs of SAM 1, SAM 2,
and SAM 3 and the corresponding tip-position coordinates, and (b) the
time-series changes in the sensor signals of each muscle.

From Fig. 8, pressurizing a specific SAM causes that actuator to
contract, resulting in bending of the entire soft mechanism toward the
direction of the contracted SAM. Specifically, when pressure was applied
to SAM 1 at t = 10 s, the mechanism bent toward the SAM 1 direction,
whereas at t = 35 s and t = 60 s, it bent toward the SAM 2 and SAM 3
directions, respectively. Fig. 9(a) shows that the sensor output corre-
sponding to the bending direction decreases, indicating that the optical
fiber sensor reflects the deformation behavior of the soft mechanism.
Although this soft mechanism can generate diverse motions by inde-
pendently actuating each SAM, mechanical coupling among the SAMs
introduces complex characteristics into the sensing behavior. First,
because each SAM is composed of compliant materials, pronounced
nonlinearities and hysteresis exist in the displacement and sensor
output. In addition, the sensor output depends not only on the SAM
length but also on applied pressure and external loads. This is due to
localized high-stress regions that arise from pressurized rubber defor-
mation or external tensile forces, thereby increasing micro-bending loss
in the optical fiber [31]. Moreover, when pressure is applied to one SAM,
tensile or compressive forces are transmitted to the other SAMs, influ-
encing their sensor outputs as well. Consequently, the sensor outputs
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cannot be described by a single variable, but instead exhibit interde-
pendent relationships across the three SAMs.

Indeed, Fig. 9(b) illustrates the temporal evolution of each sensor
output from t = 0-25 s. During this period, pressure was applied only to
SAM 1. However, not only the sensor output of SAM 1 but also those of
SAM 2 and SAM 3 changed. The sensor signals exhibit temporal- and
hysteresis-dependent behavior with complex time-series characteristics.
Taken together, the sensing outputs of this soft mechanism are influ-
enced by the SAM lengths, applied pressures, external loads, and inter-
SAM mechanical interactions, resulting in strong nonlinearity, hystere-
sis, and temporal dependency. These factors make the construction of an
analytical mathematical model highly challenging.

The maximum applied pressure for each SAM is set to 300 kPa based
on safe operation limits, and the maximum curvature was found to be
14 m™'. The maximum payload was evaluated experimentally by grad-
ually increasing the mass attached to the tip in increments of 100 g. It
was observed that at 500 g, the motion range became extremely limited.
Therefore, the maximum payload is defined as 400 g in this study.

3. Machine learning for tip position estimation
3.1. Machine learning setup

Because the sensor characteristics exhibit nonlinearity, hysteresis,
temporal behavior, and mutual interference among SAMs, a powerful
recurrent neural network based on Long Short-Term Memory (LSTM) is
employed [31]. The LSTM-based model enables accurate estimation
even under fluctuating complex sensor outputs [25,26].

Fig. 10 illustrates the overall architecture of the neural network, and
Table 1 summarizes the main hyperparameters used for training. The
model is a time-series regression model composed of three LSTM layers
with a dropout layer for preventing overfitting [32], and a final fully
connected output layer. The model input consists of nine channels: the
applied pressures to the three SAMs (Py;, P, Ps:), the three-channel
outputs of the optical fiber sensors embedded in each SAM (Sy;, Sa,

S3:), and the estimated tip position of the mechanism at the previous
time step (X;_1, Y1, 2:t_1), where t denotes the time step. This model
reflects the nonlinear and interactive characteristics of the sensors and
incorporates temporal dependencies by feeding back the previous
output as input [33].

To further capture the time- and history-dependent behavior, a look-
back window of 30 consecutive time steps was employed. The model
outputs the three-dimensional tip position (X;, ¥:, 2.), and its perfor-
mance was quantitatively evaluated by computing the root mean square
error (RMSE) with respect to the measured positions obtained from a
motion-capture system.

For stable training, Min—Max scaling was applied to all inputs, and
noise-reduction preprocessing was performed on the time-series sensor
data. In addition, early stopping with a patience of 50 was introduced to
prevent overfitting during training. Through these preprocessing and
training strategies, a stable and high-accuracy learning model capable of
reproducing the complex motion of a multi-DOF soft mechanism was
successfully constructed.

3.2. Experimental setup

Fig. 11 illustrates the experimental system constructed for collecting
the machine-learning dataset of the 3-DOF soft mechanism. In this sys-
tem, each SAM is independently controlled from a PC through multiple
electro-pneumatic (E/P) regulators, allowing individual assignment of
arbitrary pressure inputs (Py;, Pa;, P3;). To monitor the actual pressure
applied to each SAM, three pneumatic pressure gauges are installed
independently. The three-channel outputs obtained from the optical
fiber sensors embedded in each SAM are acquired via photodiode ICs
and transferred to the PC. Additionally, a motion-capture system is
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Fig. 9. Fundamental characteristics of the 3-DOF soft mechanism: (a) relationship between sensor outputs of SAM 1, SAM 2, and SAM 3 and the tip position, (b) time-

series changes of sensor outputs of SAM 1, SAM 2, and SAM 3.
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Fig. 10. LSTM-based neural network architecture for tip position estimation.

externally deployed to non-contact and accurately measure the tip mo-
tion of the mechanism.

All applied pressures, sensor outputs, and the measured tip position
of the mechanism obtained from the motion-capture system are recor-
ded on the PC as time-synchronized time-series data. These data

Table 1
Hyperparameters of the LSTM-based neural network model.

Parameter Setting Value and Name
LSTM layers 3

LSTM layer neurons 200

Epochs 1000

Batch size 128

Data split rate 0.9

Look-back window 30

Learning rate 0.0001

Optimization algorithm Adam

Loss function Mean Squared Error

constitute the dataset used to learn the complex multi-input-multi-
output characteristics of the 3-DOF soft mechanism.

3.3. Results

Independently controlled pressures ( Py, Py, P3) were randomly
applied to the three SAMs (SAM 1, SAM 2, SAM 3) within the range of
0-300 kPa, with a sampling frequency of 100 Hz. During the experi-
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Table 2
Tip position estimation error (MAE of Euclidean distance) for each
model.
Model MAE of Euclidean Distance [mm]
LSTM 0.25
MLR 17
MLP 6.9
Table 3

Tip position estimation error (MAE of Euclidean distance) of the LSTM model
for different tip masses.

Tip Weight [g] MAE of Euclidean Distance [mm]

0 0.25

100 0.33

200 0.27

300 0.26

400 0.19
-20

-40 )
e Estimated ‘
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Fig. 12. Tracking performance of the tip position estimation using the
LSTM model.

ments, the tip mass was fixed at one of five values (0, 100, 200, 300, or
400 g).

To assess generalization performance, the training dataset included
only the 0 g, 200 g, and 400 g mass conditions, while the 100 g and
300 g conditions were excluded from training and used solely for
evaluation.

The estimation accuracy was quantified using the Euclidean distance
error between the LSTM model output and the ground-truth tip position
measured by the motion-capture system. The Euclidean distance error e,
at time t is defined as

e =/~ %)+ 0~ 9 + (5 — 2 @

where (x;, y:, 2 ) denotes the ground truth and (X;, ¥, 2:) denotes
the predicted position. The mean absolute error (MAE), calculated as the
average of e; over all samples, was used as the primary evaluation
metric, as it represents the average magnitude of the estimation error.

For comparison, two baseline models were implemented: a multi-
variate linear regression (MLR) model and a multilayer perceptron
(MLP) model. For simplicity, the predicted variables are denoted as (X,
Y:, ;) for all models.

In the MLR model, the optical fiber sensor outputs (S1¢, Sa¢, S3r )
and the applied pressures (Py¢, P2, P3; ) were used as explanatory
variables, and the tip position of the mechanism was estimated through
linear regression.

The relationship between the input vector #, and the estimated tip
position @, is expressed as

o, = W§, 3
where

o =[x ¥, z], B.=[1 Su Su Su Pu Px Py]" @

The regression coefficient matrix Wis given by

ap, a; ap; as bl b2 b3
W= |C € C2 C3 dl dz d3 (5)
e e e e fi fo fi

The same linear structure was applied independently to all three
coordinates, forming a baseline model based on simple linear relation-
ships between the SAM inputs and the tip position.

The MLP model consisted solely of fully connected layers and per-
formed nonlinear mapping from inputs to outputs. Because the MLP
does not incorporate temporal dependencies, its prediction at each time
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Fig. 13. Time-series tracking performance of the estimated and measured tip positions along each axis.

step relies only on information available at that time step. The inclusion
of this model enables evaluation of the effect of explicitly modeling
temporal dynamics in comparison with the LSTM approach.

Table 2 summarizes the tip-position MAE of the LSTM, MLP, and
MLR models under the 0 g tip-mass condition. As shown, the LSTM
model achieved the smallest error under all driving conditions,
demonstrating the highest estimation performance. In contrast, the MLR
model yielded the largest errors due to the inherent limitations of linear
approximation in capturing highly nonlinear behaviors. The MLP model
achieved moderate accuracy but lacked the ability to retain temporal
information, resulting in larger errors than those of the LSTM. The LSTM
is concluded to be a suitable model for estimating the three-dimensional
tip position of the soft mechanism.

Table 3 summarizes the MAE of the LSTM model for tip masses of 0,
100, 200, 300, and 400 g. For the test datasets corresponding to the mass
conditions used during training (0, 200, and 400 g), the MAE remained
below 0.3 mm, indicating that the model achieved consistently high
accuracy regardless of the applied load. Furthermore, for the unseen
mass conditions of 100 g and 300 g, which were not included in the
training dataset, the estimation errors also fell within a comparable
range. These results demonstrate that the proposed model exhibits
generalization capability.

Fig. 12 shows the three-dimensional trajectories of the estimated and
ground truth over 120 s under the 0 g tip-mass condition. The estimated
trajectory closely follows the ground truth.

The inference time of the LSTM model is approximately 5 ms, and the
data acquisition sampling interval is 10 ms. Therefore, the overall end-
to-end latency of the system is estimated to be approximately 15 ms.
Fig. 13 shows the temporal response of the system. This figure corre-
sponds to the experiment shown in Fig. 12 and presents the behavior
along each axis from the start of estimation up to 30s. The results
confirm that the estimated values dynamically track the actual motion of
the soft mechanism.

4. Conclusions

In this study, the 3-DOF soft mechanism using SAMs with the inte-
grated optical fibers was developed and the LSTM model was applied for
estimating the motion states of the mechanism. The experimental results
showed that the LSTM model successfully learned the complex charac-
teristics of the mechanism and achieved highly accurate tip position
estimation.

The MAE, used as an index of estimation accuracy, was consistently
smaller than those of the MLR and MLP models. In addition, the LSTM
model indicated high generalization performance.

This work also confirmed the practicality of SAMs as actuators for
constructing soft mechanisms. A notable advantage of SAMs is that
sensing elements can be integrated directly into the actuators during
fabrication, eliminating the need for additional external sensors when
building the mechanism. This feature suggests that SAMs can function
analogously to encoder-equipped motors in conventional mechatronic

systems.

While previous studies have shown that LSTM-based estimation is
effective for a single SAM, the present study verifies that LSTM remains
effective even in a coupled multi-actuator soft mechanism. These find-
ings indicate that LSTM-based modeling will be valuable for further
development of soft mechanisms utilizing SAMs. Optical fiber-based
sensing was achieved for the proposed mechanism by experimentally
adjusting the LED input voltage in this study. Optical loss in the fiber is
influenced by multiple factors, and a detailed analysis of its relationship
with the applicable mechanism length remains as future work.
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