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Abstract— In this work, we present two embedded soft optical
waveguide sensors designed for real-time onboard configuration
sensing in soft actuators for robotic locomotion. Extending
the contributions of our collaborators who employed external
camera systems to monitor the gaits of twisted-beam structures,
we strategically integrate our OptiGap sensor system into these
structures to monitor their dynamic behavior. The system
is validated through machine learning models that correlate
sensor data with camera-based motion tracking, achieving high
accuracy in predicting forward or reverse gaits and validating
its capability for real-time sensing. Our second sensor, consisting
of a square cross-section fiber pre-twisted to 360 degrees,
is designed to detect the chirality of reconfigurable twisted
beams. Experimental results confirm the sensor’s effectiveness
in capturing variations in light transmittance corresponding to
twist angle, serving as a reliable chirality sensor. The successful
integration of these sensors not only improves the adaptability
of soft robotic systems but also opens avenues for advanced
control algorithms.

I. INTRODUCTION

Soft robots need onboard configuration sensing that
doesn’t affect their overall mechanics. Mechanical trans-
parency is especially important in cases where the robot’s
function depends closely on its material properties. The first
application we explore in this paper (Fig. 1a) is a twisted
soft beam developed by our collaborators [1] that achieves
walking gaits at specific frequencies when vibrated by a
single-direction excitation. Gaits, however, depend on beam
loading, surface contact, and properties of the surrounding
environment such as viscosity and density – all of which may
change during run time. The second application we explore
in this paper are optically-sensed beams (Fig. 1b) having
reconfigurable left-handed or right-handed twist direction. In
the case of these reconfigurable twisted beams, feedback is
needed to verify that reconfiguration is complete. To monitor
the real-time dynamics (as in the first application) and the
static chirality (in the second application), sensors should
be small or at least unobtrusive enough that they don’t
interfere with motions. With self-sensing capability, these
robots will gain the ability to adapt to surroundings, for
example changing frequency when swimming in media with
varying density or flow velocity, and detecting collisions
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Fig. 1. Experimental setups. (a) Positions of the 3 OptiGap sensors.
Sensors 2 and 3 intersect in the middle on each side of the beam while
sensor 1 is placed along the top edge. (b) Overview of the chirality sensor.
The square fiber is initially pretwisted to 360 degrees which results in less
twist once the twisted beam rotates.

with objects. In both applications, the embedded sensors
need to report on motions at frequencies up to 100 Hz in
real time. In terms of specific needs for the materials, their
elastic properties should be similar to those of soft robotics
materials such as thermoplastic urethane (TPU) and silicone;
they should function in wet environments; they should be
sensitive to specific modes of deformation (bending, twist-
ing) at specific locations; they should also be immune to
the effects of temperature and drift, a common issue found
with traditional strain sensors. The OptiGap sensor system
[2] we recently introduced meets all these requirements for
use in these applications, which are part of a new class of
soft robots called Soft, Curved, Reconfigurable, Anisotropic
Mechanisms, or SCRAMs [1]–[7].

A. Machine Learning Techniques

In the first application, we focus on the twisted soft
beam’s real-time dynamics. To capture these dynamics, three
OptiGap sensors are strategically placed (Fig. 1a) on the
beam: one along the top edge, another across the front,
and the third across the back face at a 90-degree angle to
the front sensor. These placements are designed to capture
the beam’s vibrational characteristics as it interacts with its

2024 7th International Conference on Soft Robotics (RoboSoft)
San Diego, CA, USA. April 14-17, 2024

979-8-3503-8181-8/24/$31.00 ©2024 IEEE 139

20
24

 IE
EE

 7
th

 In
te

rn
at

io
na

l C
on

fe
re

nc
e 

on
 S

of
t R

ob
ot

ic
s (

Ro
bo

So
ft

) |
 9

79
-8

-3
50

3-
81

81
-8

/2
4/

$3
1.

00
 ©

20
24

 IE
EE

 |
 D

O
I: 

10
.1

10
9/

RO
BO

SO
FT

60
06

5.
20

24
.1

05
21

93
8

Authorized licensed use limited to: University of Louisville. Downloaded on May 20,2024 at 15:58:07 UTC from IEEE Xplore.  Restrictions apply. 



environment. As the beam vibrates within the 1Hz to 45Hz
range, the sensors record optical intensity data, which is then
correlated with position data of the beam’s tip captured by a
precise motion tracking system. This dataset, comprising x,
y, z tip positions and optical intensity readings from the three
sensors, serves as the foundation for our machine learning
approach. By training machine learning models on this data,
we aim to predict the direction of the beam’s motion (forward
or backward) at its point of contact, offering a unique
method for real-time bend sensing in flexible structures.
Our collaborators determine the direction of motion using
a commercial camera-based motion tracking system as well
as direct observation on a test platform.

Machine learning techniques have become important in the
classification of real-time sensor data across many domains
[8]–[13]. Tan et al. [8] introduce a modified Long Short-
Term Memory (LSTM) network for detecting heel strikes and
toe offs in gait cycles. When tested against the Movement
Analysis in Real-world Environments using Accelerometers
(MAREA) database, this method shows improved results
compared to six other gait event detection algorithms. Other
techniques include Vu et al.’s development of the Expo-
nentially Delayed Fully Connected Neural Network (ED-
FNN) for gait cycle percentage prediction [9], Khandelwal
et al.’s DK-TiFA methodology for Initial Contact event
estimation from accelerometers [10], and Su et al.’s use of
the Deep Convolutional Neural Network (DCNN) for gait
cycle segmentation with IMU data [12].

Logistic regression and random forest are both popular
machine learning algorithms used for binary classification
tasks due to their simplicity when compared to the afore-
mentioned neural network approaches. Logistic regression
is a linear model that estimates the probability of a binary
outcome based on one or more predictor variables [14]. On
the other hand, random forest is an ensemble learning method
that constructs multiple decision trees during training and
outputs the mode of the classes (classification) of the individ-
ual trees for prediction. It effectively addresses the overfitting
problem seen in individual decision trees by averaging out
biases and capturing the underlying patterns in the data
[15]. While logistic regression assumes a linear relationship
between predictors and the log odds of the outcome, random
forest makes no such assumption, allowing it to capture
complex, non-linear relationships in the data. Bahel et al. in
[16] provide a comparison of binary classification algorithms,
highlighting the extreme effectiveness of the random forest
classifier.

B. Embedded Optical Sensing

In the second application, the focus shifts to directly
sensing the chirality of a reconfigurable twisted beam, an im-
portant factor affecting the trajectory of the beam’s endpoint.
Inspired by natural examples such as twisting animal muscles
[17] and shape-morphing plant seeds [18], researchers have
developed reconfigurable twisting beams with applications
in robotic manipulation and locomotion. Driving methods
include cables [19] and inflatable chambers [17], liquid

crystal elastomers [20], and shape memory alloy wires [21].
In these works, the focus is on inducing and controlling
twist rather than self shape-sensing, and bistable examples
are scarce. In [22], a carbon fiber composite beam is given
bistable twisting states by inserting strain. Pre-curved strips
are straightened for attachment to the edges of the beam. The
stored strain energy is relieved when the beam twists in either
a left- or right-handed direction, with transitions over an 80
degree range demonstrated using piezoelectric actuators. In
the present work, however, a 180 degree transition range is
required and the materials must be soft enough to match
the properties of the 3D printed fixed-twist structures. These
requirements are met by using axial tension to create twist
in a thin polycarbonate skeleton that can compress along the
center but not along its edges, and the tension spring provides
a path for an embedded optical twist sensor.

Recent advancements in soft robotics emphasize the inte-
gration of such soft sensors to improve real-time feedback
and adaptability [23]–[30]. Al Jaber et al. [28] introduce
a method for registering the shape and orientation of soft
robots using segmented optical fibers, a camera, and a
calibration algorithm, demonstrating its potential for accurate
shape reconstruction of continuum soft robots. Another work
[23] presents stretchable optical waveguides as strain sensors
for prosthetics, underscoring their potential in improving sen-
sory capabilities in soft robotic systems. Next, Galloway et
al. [30] integrates a fiber optic shape sensor into soft robotic
systems, offering high-resolution shape information, while
Every et al. [27] introduces a proprioceptive soft actuator
using electrical impedance tomography for shape sensing. A
roughness tuning strategy for fabricating multi-modal soft
optical sensors is also presented [25], emphasizing their
utility in soft robot controllability. Finally, [24], [26], [31]
further explore optical, electro-conductive yarn, and piezo-
electric sensing mechanisms, respectively, in applications
ranging from wearable sensing technologies to minimally
invasive surgery. These works underscore the the importance
of real-time soft sensing for feedback and adaptability.

In this application, a soft optical sensor is developed,
shown in Fig. 1b, that uses a pre-twisted square cross-
section silicone fiber (waveguide) threaded through a tube
along the central axis of a beam. The transmittance of this
waveguide has an inverse relationship to the amount of twist
in the waveguide, which can be used to sense the chirality
of the beam. This sensing capability is especially useful in
bistable twisted structures where the same limb can produce
different foot motions (e.g. forward vs backwards) depending
on its chirality when oscillated at a constant frequency.
This sensor’s broader applications can extend to monitoring
device configuration during reconfiguration and detecting
unintended chirality shifts during high-amplitude motions
or collisions, highlighting its role in improving real-time
feedback and adaptability in soft robotic systems.
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Fig. 2. Photographs of (a,b) vibrating beam with sensors using the same test
setup from [1] showing the translational stage, rigid foot, optical tracking
markers, and 50 g mass, and (c) reconfigurable twisted beam in its two
stable states. Scale bars are 1 cm.

II. MATERIALS AND METHODS

A. Determining Contact Direction

1) Real-time Classification: The first application employs
500 um Polymethyl methacrylate (PMMA) optical fiber sen-
sors integrated into the OptiGap system. Three fibers, fea-
turing small air gaps enclosed by a flexible sleeve as core
sensing elements, are strategically placed on the surface of
the twisted soft beam. As first introduced [2], the OptiGap
system uses these air gaps in flexible optical light pipes
to create coded segments for bend localization, but in this
application, the OptiGap system captures dynamic behavior
and vibrations in the beam, particularly when oscillated
horizontally at frequencies ranging from 1 Hz to 40 Hz.

The main objective is to construct a real-time binary
classification model capable of determining the direction
of motion at the point of contact (with the two classes
being ”forward” and ”backward”) for the beam, utilizing data
from the three OptiGap sensors. Logistic regression (LR)
serves as the baseline model, providing a straightforward yet
effective starting point for classification. This is followed by
the implementation of a random forest (RF) model, which
offers a more effective approach to capturing complex data
patterns. Given the sequential nature of the data, temporal
features need to be extracted from the data which in this
case is achieved by calculating a moving average (eq. 1)
with a window of 5

MA(si, t, w) =
1

w

t∑
j=t−w+1

si,j (1)

where si is a sensor reading and w is the window size, and
calculating the gradient using the central difference at each
time step (eq. 2)

g(i) =
x(i+ 1)− x(i− 1)

2
g(0) = x(1)− x(0)

(2)

where g(i) is the gradient index at i and x is the input data
array. Data preprocessing steps also involve normalization
and partitioning of the data into training, validation, and test
sets. Finally, another random forest model is evaluated that

Spandex fabric

Polycarbonate

Twisted
silicone

fiber
Extension spring

Silicone in
teflon tubing

Spring is inserted into 
polycarbonate envelope

Fig. 3. Construction of a reconfigurable-chirality twisted beam with
embedded twist sensor. The spring is inserted inside the polycarbonate
skeleton causing it to distort and be under tension.

uses a time-lagged input (TL RF) from the raw sensor data

X = [x1, x2, . . . , xN ] , where each xi ∈ R15

xi = [s1(ti), . . . , s1(ti+4), s2(ti), . . . , s3(ti+4)]

where each input feature vector X is a concatenation of
5 sequential data points from the three sensors. xi is the
ith feature vector, comprised of sequential data points from
sensors s1, s2, and s3.

2) Dynamic Chirality Sensing: A different approach is
used to detect a beam’s chirality in experiments with bistable
reconfigurable twisted structures. Square cross-section sil-
icone fiber waveguides of 3 cm length are created from
silicone (Solaris, Smooth-On Inc) molded in a square glass
capillary (Vitrocom, Inc., USA). These segments are pre-
twisted and inserted through a tube along the central axis
of the beam. The pre-twisted fiber is fed by Solaris silicone
in 2mm diameter Teflon tubing. Further twisting decreases
light transmission by causing light to encounter sidewalls at
sharper angles than the critical angle for total internal reflec-
tion, while untwisting increases transmission. This feature is
useful for monitoring bistable twisted structures, where the
same limb can produce different foot motions depending on
its chirality when oscillated at a constant frequency.

B. Experimental Setup

1) Single Beam Contact Test: This experiment follows the
methodology used in [1] to show how the output trajectory
of a soft twisted beam can be influenced by the driving
frequency. The same hardware and experimental setup is
used, with a 50 g weight. The beam is set to oscillate
horizontally and the OptiTrak Prime optical motion tracking
system captures the position data of the tip of the beam,
which is then correlated with the OptiGap sensor readings.
The main data outputs consist of x, y, z tip positions and
three optical intensity readings at each sample point. These
are recorded as the beam vibrates at frequencies ranging from
1 to 40 Hz.
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Fig. 4. Vibrating beam results: (a) The correlation between the position displacement and sensor intensity over 6 cycles at selected frequencies. (b)
The 10-fold cross validation results show the TL random forest model as the best performer with a much tighter distribution than the rest. (c) The area
under the curve (AUC) quantifies the models overall performance, with the TL random forest model showing the best performance of the three. Bistable
twisted beam results: (d) COMSOL simulation results showing a reduction in optical transmittance as a square fiber is twisted. (e) Experimental results
of twisting a square cross-section silicone fiber showing an attenuation of the signal with an increase in twist angle.

2) Bistable Twisted Limb and Gait Reconfiguration: The
motivation behind using a bistable twisted limb is to explore
gait reconfiguration. The limb, when oscillated horizontally
at a constant frequency by a shaker, produces different foot
motions depending on its chirality. This is captured by a
camera and analyzed to understand the impact of chirality
on the walking gaits of the robotic system.

III. RESULTS AND DISCUSSION

A. Vibrating Beam

The single beam contact test reveals distinct end-point
trajectories at selected frequencies, as illustrated in Fig.
5, which mimic the trajectories presented in [1]. Arrows
indicate the direction of motion at the contact point, pro-
viding insights into how the twisted beam interacts with the
ground. This data is further substantiated by Fig. 6, which
presents a Fourier transform analysis of the optical intensity
readings from the OptiGap sensors. The dominant frequen-
cies align well with the system input frequencies, validating
the sensor’s capability to accurately capture the vibrational
characteristics of the twisted beams. This frequency analysis
further supports the reliability of the OptiGap system in real-
time sensing applications. Fig. 7 integrates the normalized
optical intensities from the three OptiGap sensors with the
endpoint trajectories at selected input frequencies.

The antagonistic placement of sensors 2 and 3 reveals
insightful behavior of the beam’s motion, offering a better
understanding of how sensor placement can influence useful-
ness of the data. Fig. 4a presents a cycle analysis, plotting
six cycles for the y and z positions, and normalized optical
intensity. This figure reveals a strong correlation between
each sensor’s optical intensity and the beam’s positional data,

TABLE I
PERFORMANCE METRICS

Metric Formula

Accuracy TP + TN
TP + TN + FP + FN

Precision TP
TP + FP

Recall TP
TP +FN

providing a temporal dimension to the sensor’s capabilities.
This cycle analysis not only validates the sensor’s real-time
performance but also opens the door for advanced control
algorithms that can adapt to dynamic changes in the robot’s
environment or operational parameters.

TABLE II
CLASSIFICATION RESULTS

Metric Logistic Regression Random Forest TL Random Forest

Accuracy 75% 90% 95%
Precision 75% 90% 96%

Recall 74% 90% 95%

1) Binary Classification: The evaluation of the three mod-
els reveals varying levels of performance. The classification
report in Table II indicates that the logistic regression model
achieves an accuracy of 75%, precision of 75%, and recall
of 74%. In contrast, the random forest model demonstrates
an accuracy of 90%, precision of 90%, and recall of 90%.
The TL RF model outperforms both, with an accuracy of
95%, precision of 96%, and recall of 95%. In a 10-fold
cross-validation assessment shown in Fig. 4(b), the logistic
regression model yields a mean accuracy of 81.82% with
a standard deviation of 13.16%. The random forest model’s
mean accuracy stands at 73.56% with a standard deviation of
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Fig. 5. Single beam contact test results. End point trajectories for selected
frequencies with arrows showing the direction of motion at the contact point.

22.88%, while the TL RF model achieves a mean accuracy of
88.86% with a standard deviation of 11.63%. The ROC curve
analysis in Fig. 4(c) further substantiates these findings, with
the AUC values being 0.82 for logistic regression, 0.96 for
random forest, and an impressive 0.99 for the TL RF model.

B. Embedded Chirality Sensing

Fig. 4d displays a COMSOL simulation of a square fiber
subjected to twist, indicating a decrease in light transmit-
tance with increasing twist angle. This data supports the
underlying operational theory of the sensor. Fig. 4e provides
experimental validation of the simulation, featuring a similar
twisted fiber setup and its corresponding angle vs normalized
optical intensity graph. Experimental data centered around a
starting twist of 360◦ qualitatively confirms the simulation
but has greater sensitivity to twisting than expected, pos-
sibly due to molding imperfections and elastic instability-
driven wrinkling known to emerge during twisting of soft
materials [32]. Fig. 8 demonstrates a practical application
of the sensor, showing that a change in the chirality of a
reconfigurable twisted beam results in a change in rotation
direction. Taken together with earlier results, this confirms
that a twisted waveguide threaded down the center of the
beam can accurately provide information about its chirality
and, consequently, the direction of motion.

C. Application

One application for both sensors aligns with the frequency-
controlled robot by Jiang et al. discussed earlier in this
work [1]. These sensors can enable the robot to operate in
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and Sensor 3 (Green), especially showing the effects of the antagonistic
placement of sensors 2 and 3.

both fixed and variable-frequency modes with programmable
gaits and real-time feedback. In the variable-frequency mode,
OptiGap can integrate into a control loop to ensure the
desired motion direction is maintained, regardless of the
surface’s material characteristics, by monitoring each leg’s
contact direction. Conversely, in the fixed frequency mode,
the legs’ chirality can be dynamically altered, for instance,
through temporary SMA actuation, thereby adjusting the
robot’s direction and monitored using the proposed internal
chirality sensor.

IV. CONCLUSION

We successfully demonstrated and validated the OptiGap
sensor’s effectiveness in monitoring twisted beam dynamics
while being mechanically transparent and leveraged basic
machine learning techniques for distinguishing between for-
ward and reverse gaits. The time-lagged random forest model
excelled in binary classification, outperforming logistic re-
gression (which struggled with the non-linearity of the data),
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Fig. 8. Bistable twisted beam trajectories. The direction of motion of
the twisted limb (a,b) reverses when the chirality is flipped. The reversal of
the trajectory results in a change of direction at the contact point with the
ground.

and standard random forest model (which exhibited potential
over-fitting). The pre-twisted waveguide results confirm the
effectiveness of soft optical sensors in detecting beam chiral-
ity. The experimental data validate the sensor’s capability to
capture variations in light transmittance with respect to twist
angle, for a lightweight and flexible means of monitoring the
state of twisted beams in reconfigurable systems.
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