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Abstract— Shape estimation is crucial for precise control of
soft robots. However, soft robot shape estimation and propri-
oception are challenging due to their complex deformation
behaviors and infinite degrees of freedom. Their continu-
ously deforming bodies complicate integrating rigid sensors
and reliably estimating its shape. In this work, we present
Proprioceptive Omnidirectional End-effector (POE), a tendon-
driven soft robot with six embedded microphones. We first
introduce novel applications of 3D reconstruction methods to
acoustic signals from the microphones for soft robot shape
proprioception. To improve the proprioception pipeline’s train-
ing efficiency and model prediction consistency, we present
POE-M. POE-M predicts key point positions from acoustic
signal observations and uses an energy-minimization method
to reconstruct a physically admissible high-resolution mesh
of POE. We evaluate mesh reconstruction on simulated data
and the POE-M pipeline with real-world experiments. Ablation
studies suggest POE-M’s guidance of the key points during the
mesh reconstruction process provides robustness and stability to
the pipeline. POE-M reduced the maximum Chamfer distance
error by 23.1 % compared to the state-of-the-art end-to-end
soft robot proprioception models and achieved 4.91 mm aver-
age Chamfer distance error during evaluation. Supplemental
materials, experiment data, and visualizations are available at
sites.google.com/view/acoustic—poe.

I. INTRODUCTION

Soft robots have advantages in applications such as fruit
harvesting [1, 2], food packaging [3], minimally invasive
surgery [4, 5], contact-rich human-robot interactions [6],
and human-wearable robot interactions [7, 8]. Soft robots’
constituent deformable and elastic material make them well-
suited for handling delicate objects and preventing harmful
interactions [9]. Furthermore, recent works demonstrated that
their compliance makes soft robots more robust in contact-
rich control tasks [10, 11].

Soft robotic shape representation and estimation, or pro-
prioception, is fundamental to many manipulation tasks but
has challenges rooted in soft robots’ inherent deformability
and under-actuation [12, 13]. Observing the robot’s state
externally, which is a common alternative to proprioception,
limits the robot’s workspace to the external sensor’s field of
perception and is subject to occlusion [14, 15]. Prior research
often fit low degree-of-freedom shape primitives, such as
constant-curvature curves to represent the centerline of the
robot [16, 17]. Such approaches, however, filter out complex
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Fig. 1. Overview of the proposed pipeline for Proprioceptive Omnidirec-
tional End-effector (POE) acoustic soft robotic proprioception. We obtain
acoustic signals from our novel tendon-driven soft robot POE with six
embedded microphones (left). We then feed the extracted acoustic features
into our proprioception modules that can reconstruct a high degree of
freedom shape of POE (right).

deformation behaviors by reducing the independent degrees
of freedom [13].

Internally embedded cameras can capture complex de-
formation behavior if the soft robot’s internal lighting
and spatial conditions allow for vision-based propriocep-
tion [13, 18]. In these applications, vision provides rich
observations of surface deformations [13]. However, vision-
based approaches require specially designed robots with a
sufficiently large cavity to limit self-occlusion. Furthermore,
these methods generally use vision models that require large
training datasets of image-shape pairs.

Acoustic sensing is an attractive alternative for soft robot
proprioception because microphones can be small, scaled
to an arbitrary array size, and be installed with few steps.
Thus, we propose acoustically Proprioceptive Omnidirec-
tional End-effector (POE). POE has an array of embedded
microphones to observe changes in the acoustic propaga-
tion properties of the soft robot with deformation. We test
with baseline reconstruction pipelines based on K-nearest
neighbors (KNN) and an encoder-decoder network inspired
by DeepSoRoNet [12, 13] that signals from embedded mi-
crophone arrays can reconstruct the robot shape reliably in
diverse loading conditions. Furthermore, we introduce POE-
M, a pipeline that predicts key points that guide a mesh
reconstruction module toward full POE shape estimation. In
real-world experiments, POE-M reconstructs the state of the
soft robot with 23.1 % lower maximum Chamfer distance
error compared to learning to directly reconstruct a point
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Fig. 2. POE is a tendon-driven soft robot fabricated with a single molding
step. Left column: The three-part mold is assembled with four metal rods
(B) before the uncured silicone is poured in to create channels for tendons
routing. The last part of the mold is then inserted to make the central conical
cavity (C). After curing, the mold is disassembled to get the POE finger.
Middle column: the finger secured into the rest of POE assembly with
two servo motors for tendon actuation. Right column: each servo controls
POE movement in its perpendicular plane of bending, enabling POE to bend
toward any direction.

1) Design and evaluation of a tendon-driven soft robot with
embedded microphones and an active sound source,

2) POE-KNN and POE-DeepSoRo baseline pipelines that
demonstrate the efficacy of using acoustic signals for
soft robot proprioception,

3) POE-M pipeline which approximates key points from
acoustic signals and reconstructs a watertight mesh of
the deformed robot with a physics-inspired energy-
minimization method,

4) Acoustic-shape dataset for POE with an evaluation of
the proposed pipelines,

5) Demonstration of using the POE-M pipeline for shape
feedback control.

II. RELATED WORK
A. Soft Robotic Manipulators

Design and development of soft-robotic manipulators are
active fields of research with growing interest [19, 20].
The mode of actuation for soft robots varies widely from
dielectric artificial muscle to pneumatic. Pneumatically ac-
tuated and tendon-driven soft robots generally only require
readily available materials [16, 21]. The relative fabrication
simplicity of pneumatic and tendon-driven soft robots have
made them popular choices [22].

B. Soft Robotic Proprioception

To address challenges in soft robot state estimation and
proprioception, researchers have proposed various methods
to directly measure deformations [23]. A popular approach
embeds flexible and elastic strain sensors along the robot
length [24-26]. However, implementing these direct strain
sensing methods can be difficult and expensive since they can
require specialized sensors, hardware, and domain expertise
to fabricate [25, 27]. Furthermore, the complexity of soft
robot design grows substantially with an increasing number
of these sensing elements, requiring robot-specific sensor

Speaker

Deformed POE
Point Cloud

Fig. 3. Spectogram visualizations from the six embedded microphones
in two different shape configurations. The signal magnitudes change from
one shape to another as we observe from the two rows of spectrograms.
Time-varying features are ignored in the presented pipelines by averaging
over the recording.

placement optimization [28]. These works have also focused
on simplifying to the limited degree of freedom represen-
tations [24]. To capture soft robots’ complex deformation
behaviors, we propose POE pipelines that represent shapes
with dense point clouds.

Indirect methods of soft robotic proprioceptive sensing
do not measure local strain and deformation directly. A
popular approach embeds a camera inside the soft robot to
observe internal surface deformation and infer the external
shape [12, 13, 29, 30]. Because vision provides rich ob-
servations of the robot’s state, some previous works were
compatible with high degree-of-freedom soft-robot shape
representations [12]. These methods generally rely on an
encoder-decoder neural network architecture to learn a latent
representation of the robot that decodes to the full robot
shape represented by point clouds. In the process, physics-
based constraints must be learned implicitly from examples,
requiring a large training dataset of image-shape pairs to
consistently yield physically admissible soft-robot shape
predictions [13]. In this paper, we propose addressing these
challenges with stronger supervision by predicting key point
movements on the mesh and framing shape decoding as a
mesh energy optimization problem [31].

C. Acoustic Sensing for Soft Robots

Arrays of microphones can be embedded into soft bodies
to provide indirect contact sensing in soft bodies [32].
For soft robots, acoustic sensing is advantageous because
low-cost miniature microphones are readily available [33].
Furthermore, by using the soft robot’s deformable body as
the medium for the propagation of acoustic vibrations from
an active sound source, microphones can detect changes to
the material state such as strain [34]. Previous works showed
that a microphone embedded in soft robots can be used for
various applications ranging from contacting object material
property classification, contact position estimation, temper-
ature regression, and braille letter classification [33-35].
The previous works generally relied on a single embedded
microphone and framed the tasks as a coarse classification
or low degree-of-freedom regression problem [34]. To the
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best of our knowledge, this work presents the first multi-
microphone high-fidelity shape reconstruction of the robot
using acoustic signals.

III. METHODS

We outline methods for the design of POE and processing
the acoustic signals. Then we discuss the formulation of the
POE-M pipeline.

A. Design and Fabrication of POE

For potential applications such as dexterous manipulation,
POE can be actuated toward any direction radially. We also
developed POE to be low-cost and mechanically simple
for reproducibility. We chose to develop POE with tendon-
actuation for simplicity. POE is actuated by four tendons
anchored at the fingertip and tensioned by two servos (Dy-
namixel, XC330-M288-T). POE’s design allows each servo
motor to control the robot pose in a bending plane (Fig. 2).
The combination of the two servos can actuate POE to move
its fingertip to any point in its semi-hemisphere workspace
without contact.

POE’s soft finger is molded with a 3-part mold with
silicone rubber (Smooth-On, Inc. Dragon Skin™ 20) to
allow it to be elastic and deformable. The mold has four
narrow cavities where the nylon tendons are inserted after
curing. POE has a central conical cavity that allows it to bend
without buckling and serves as a channel for the embedded
microphone cables. POE is 110 mm long, making it similar
in dimension to an average adult human’s middle finger [36].
Six miniature microphones (ReSpeaker, Circular Array) are
inserted into the preset cavities and secured with silicone
adhesive. The base of POE’s molded finger has an embedded
miniature speaker (Knowles, RAB) to act as an active sound
source. The acoustic signals that POE microphone arrays ob-
serve when POE is deformed into different shapes are shown
in Fig. 3 with their corresponding microphone locations.

B. Audio Signal Processing

We processed the audio from the microphones to be
used as input features into the rest of the reconstruction
pipelines and to remove consistent background noise. At
each POE pipeline’s initialization, we record a 1.0-second
background audio. We average the audio clip’s spectrogram
with Tukey window of shape parameter 0.25 over time to get
the initial acoustic feature vector. In subsequent instances,
we collected 0.25 seconds of acoustic signals from each
of the six microphones. We then extract spectrograms from
each of the acoustic signal clips and average over time.
Then we subtract the initial spectrogram feature vector from
each microphone’s averaged spectrograms and the acoustic
features from each of the microphones are concatenated.

C. POE-M

We propose POE-Multilayer perceptron (POE-M) recon-
struction method. The key insight of POE-M is that by first
estimating explicit key point movements from the sensor
signals, we can provide strong supervision when we train the
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Fig. 4. Proposed POE-M Pipeline. First, concatenated acoustic feature
vector from six microphones embedded in POE are used to predict new
positions of the key points on POE’s surface. POE-M uses the known
correspondences between the key points and the vertices of POE surface
mesh to iteratively fit the mesh to the predicted key points in a physically
admissible manner.

acoustic signal decoder and constrain soft robot deformation
behaviors to physically admissible transformations.

1) Key Point Model: Key points provide physically
grounded reduced state representation for high degree-of-
freedom systems such as fabric [37] and ropes [38, 39]. For
POE, using key points is also advantageous because they
can provide the POE-M pipeline with stronger supervision
during training in contrast to previous works [13] that relied
on Chamfer distance loss which frequently leads to falling
into local optima [40].

Another advantage to approximating key points as an
explicit intermediate representation of POE state is that POE-
M can exploit the key points’ physically grounded correspon-
dence to the vertices on POE’s surface mesh. This allows
POE-M to utilize the predicted sparse key point movements
in reconstructing POE’s deformed mesh. We chose to track
seven key points evenly distributed along the midline of
POE’s outer surface to capture the POE deformation.

In our implementation of the POE-M key point predictor
model, the input acoustic feature vector maps to the seven 3D
key points with a two-layer MLP. The input acoustic feature
from the microphone array has the dimension 512 and the
output is vectorized 3D position changes of the key points.

2) Mesh Reconstruction: As-Rigid-As-Possible (ARAP)
is a method of mesh manipulation popular in animation and
graphics applications. It uses chosen handle points to deform
meshes in a physically realistic and grounded way. Some
ARAP formulations can also be applied to regularize visual
reconstructions and introduce local rigidity to surfaces [42].
We treat the key points’ corresponding vertices on the initial
POE mesh as the handle points and use the predicted key
point positions to infer handle point movements. We first
define the source surface mesh S and the deformed mesh
S’, where each mesh is a set of vertices V, V' and of edges

E, E’. We define the ARAP energy as [43]:
|E|

EARAP(S, S/) = min
i~ RESO(3)

> wijle;; — Reijll.

e; ;€E

We then find the deformed mesh S’ that minimizes Earap
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Fig. 5. Evaluation of the As-Rigid-As-Possible (ARAP). Top row:
SOFA FEM simulation environment [41] and the generated meshes to be
used for ARAP evaluation. Middle row: sensitivity study with varying
A parameter. When A = 0 which corresponds to no neighboring edge
rotation regularization, we observe undesirable surface artifacts. All nonzero
A parameters removed the artifact effectively where A = 5.0e—4 yielded the
lowest mesh reconstruction error. Bottom row: mesh updates over iterations.
After each iteration, the mesh vertices that are not constrained are optimized
to reduce the overall ARAP energy. We note that at around 30-50 iterations,
the mesh converges.

with an iterative local-global optimizer from Levi, et al. [44].
It is a known issue that minimizing Earap with sparse
handle points on surface meshes that are moved significantly
can result in undesirable surface artifacts.

A possible solution to this problem is by minimizing
the Eagrap over a tetrahedral mesh instead of a surface
triangular mesh of POE, which implicitly applies soft volu-
metric constraints that prevent such artifacts from forming.
However, because tetrahedral meshes by construction include
numerous internal vertices and edges that must be operated
over to minimize Earap, the process becomes more com-
putationally expensive which is especially undesirable in the
context of doing real-time soft robotic proprioception.

Instead, prior works showed that modification of ARAP
to include a penalty on the rotations of the neighboring
edges produces mesh manipulation that seems physically
admissible [44]. The new energy to minimize is

m
Esmoothed(sa S/) = R mll}% ( Z Cijk:”eij - RkeUHQ
Pt =1 Ve
—l—)\z‘i Z wleRk — Rl||2).
el€N (ex)

Note that minimizing Egyoothed With A = 0 results in the
minimizing of Farap. In the POE-M pipeline, vertices
corresponding to the key points p; . |,,| are constrained to
the new positions based on the predicted key-point positions,
and the rest of the mesh vertex positions are moved to
minimize Egyoothed- As outlined in Fig. 4, the key point pre-
dictor and the mesh fitting module which uses the smoothed
ARAP formulation are connected to enable full POE shape
prediction from the acoustic signal feature vector.

Key Point
Markers

Zivid One 3D Camera

Fig. 6. Experimental setup for collecting training and evaluation data. We
use a structured light 3D camera to capture high-fidelity point clouds of
POE as it deforms. Right: POE has embedded key point markers that are
then used to train POE-M to extract key point displacements from acoustic
signals.

TABLE I
PROPRIOCEPTIVE PERFORMANCE EVALUATION

Model Model Input Performance Metrics [mm]
Avg. CD | Max CD |
Position-KNN Servo Positions 5.67 20.21
POE-KNN ~ = = "Audio [All ~ =~ ~ 593~~~ 1702
POE-DeepSoRo Audio [All] 4.89 15.33
POE-M Audio [-micl] 5.46 13.11
POE-M Audio [-mic6] 5.05 11.79
POE-M Audio [All] 491 11.98

IV. EVALUATION
A. Baselines

As a baseline for acoustic signal, we included a nearest
neighbor model that takes in only the two servo motors’
encoder positions and matches them to the closest seen
example and its corresponding observed POE shape. The rest
of the POE family of methods use acoustic signals from the
microphone arrays; the results with each suggest that acoustic
signal is a viable occlusion-free modality for soft robot
proprioception. First, we present POE-KNN which matches
POE acoustic signal to its nearest neighbor in previously seen
examples and use the corresponding point-cloud observation
as its prediction. We then present POE-DeepSoRo in which
we adapt a DeepSoRo decoder-encoder network architecture
from vision to acoustics [12, 13].

B. Experimental Setup

To evaluate the 3D reconstruction results of the POE
proprioceptive pipelines and to collect diverse training and
evaluation datasets in the real world, we set up the ex-
perimental environment as shown in Fig. 6. The structured
light 3D camera (Zivid, One Plus) provides us with low-
noise point clouds with 25 um accuracy which serve as
a sort of ground truth to evaluate our methods. The 7
degrees-of-freedom robot arm is also installed such that it
can create various contact conditions for POE to deform
from in addition to POE’s tendon-driven range of motion.
Such loading conditions allow us to evaluate the various
reconstruction pipelines within the expanded configuration
space. We collected 5200 point-cloud audio pairs with this

14983



setup and then split 80:20 into training and testing sets
respectively. Each point cloud is segmented with HSV color
thresholding. For Position-KNN, we also collected servo
encoder positions for the two servo motors. For POE-M
models, we also segmented the red markers indicating the
key point positions on POE. Diffused lighting was added for
consistent background illumination and segmentation results.
Note that the 3D camera and controlled environment for POE
are only required for training and evaluation data collection,
and are not requirements for the operation.

C. Simulation Study

Despite ARAP’s wide usage in animation and graphics,
its application in modeling real-world mechanics accurately
is rarely explored. Furthermore, to the best knowledge of
the authors, it has never been applied to modeling deforma-
tions of actuated soft robots. The later sections present the
real-world performance of POE-M and baselines. However,
obtaining an occlusion-free point cloud of any deforming
objects is notably difficult, and disambiguating sensor noise
from the method-inherent errors is difficult. To verify that
the proposed POE-M’s mesh fitting module performs satis-
factorily, we test that the module produces results that are
aligned with previously tested and verified Finite Element
Method (FEM)-based physics simulators. Specifically, we
simulated POE mechanics with SOFA framework [41] which
has been repeatedly demonstrated in literature to match real-
world elastic and soft mechanics [13].

With the FEM simulator, we generated a deformed mesh
of POE under actuation. In the process, we also track how
the key points corresponding to the key points on real POE
moved. Based on the displacements of the key points, we
apply our mesh fitting module on the initial mesh of POE to
match it to the deformed mesh. We also study the sensitivity
of the A smoothening parameter from Eg,,o0theq- When
A =0, Egmootheq reduces to minimization of original ARAP
energy (EFaprap), and we encounter undesirable surface
artifacts with a maximum Chamfer distance of 7.56 mm.
With the introduction of a nonzero A, there is a significant
improvement in the Chamfer distance with the best-tested
value A = 5 x 1074, yielding a maximum Chamfer distance
of 2.91 mm.We can observe generally low sensitivity of the
mesh-fitting module performance with respect to A values,
where each nonzero A value tested performed well. For
subsequent experiments, we set A = 5 x 1074,

D. Metrics

In this work, we propose and report two metrics that
must be considered together: average unidirectional Chamfer
distance and maximum unidirectional Chamfer distance. The
proposed POE-M pipeline generates watertight meshes with
dense vertices evenly distributed on POE’s finger. However,
our real-world experimental setup can only produce a partial
point cloud of POE’s surface. The unidirectional Chamfer
distance is defined as

1 .
ducn (S, T) = B > ;ilél%ﬂpi = pjll2- (D
p;ES 7

17.5

15.0

: Tﬁ;;;
o L

Position-KNN

€D [mm]

POE-KNN  POE-DeepSoRo POE-M [-micl] POE-M [-mic6] POE-M [All]
Experiment

Fig. 7. The distribution of unidirectional Chamfer distance across the
1020 evaluation data points. The plot displays outliers marked by diamond
markers and the quartiles from the evaluation dataset.

The intuition is that dycp measures how well the observed
partial point cloud S fits the target complete predicted point
cloud T'. We report both the dycp averaged across different
sampled shapes, and the maximum to capture both the overall
and worst performance.

E. Results

Table I and Fig. 7 outlines the performances of both
baseline and proposed shape reconstruction methods for
POE. Position-KNN baseline method has a comparatively
low mean (Table I) and median (centerline of Fig. 7).
However, the quartile distribution and the maximum recorded
Chamfer distance indicate that the baseline method is also
prone to fail with commonly large errors (>15.0mm) and a
maximum error of 20.21 mm. Position-KNN result highlights
the primary challenge in proprioception for soft robots, that
is, the compliance and underactuation of the soft robots
mean that the tendons can not fully constrain the pose.
Additionally, tendon-driven robots suffer from various effects
of hysteresis and pose-dependent internal tendon friction
which alters the soft robot shape even with the same tendon
positions [45]. We can observe these failures with POE-KNN
and Position-KNN in Fig. 8 where we see large prediction
deviations, especially with contact.

As a direct comparison against Position-KNN—which only
uses servo encoder positions for soft robot state estimation,
the performance of POE-KNN illustrates similarly low av-
erage Chamfer distance (< 6.0mm) but its range of errors
was much tighter with significantly lower maximum Chamfer
distance at 15.8 % below that of Position-KNN and a sharply
lower outlier-removed maximum Chamfer distance as seen
in Fig. 7. Qualitatively, POE-KNN performs well in densely
sampled regions as can be seen in Fig. 8.

POE-DeepSoRo demonstrates an exceptionally good per-
formance with a low average Chamfer distance (< 5.0 mm).
However, its errors significantly increased in some bending
regions, where its Q3 quartile boundary is higher than the
baseline methods. This result highlights one of the disadvan-
tages of end-to-end learning for soft robot proprioception
in that it learns point-to-point relationships entirely from
training examples with no mechanics-based grounding. The
result shows that this potentially allows the model to make
physically impossible transformations on the point cloud.
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Sample 3
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Position-KNN
[Servo Positions]

POE-KNN
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Fig. 8. Side-by-side comparison of predicted (orange) and ground-truth observed (blue) point clouds. Bottom row: POE-M uniquely produces a complete
point cloud of the deformed POE shape. POE-M also produces generally more stable shape estimates in contrast to POE-DeepSoRo which produces shape
estimates with arbitrarily deformed morphology. Both POE-KNN and Position-KNN predictions occasionally fail with large deviations from the ground

truth, notable when POE is in contact (samples 6 and 7).
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Fig. 9. Demonstration of using POE-M acoustic reconstruction pipeline
for shape feedback control. We use a proportional controller to actuate the
robot to the desired goal shape until it converges using only the reconstructed
shape for feedback (A). The goal shape closely matches the ground-truth
observed shape (B).

POE-M outperforms the baselines as it preserves the mesh
connectivity and returns the full shape estimation of the
robot (see Fig. 8). This is a crucial advantage of POE-M
in that the method can predict even the unobserved POE
surface. Furthermore, by framing the soft-robot mesh fitting
process as an optimization problem over the edges of the
surface mesh, we are instilling stability to the soft surface
reconstruction problem [42]. We can note that the results look
remarkably consistent with POE’s mechanics. These built-in
advantages in POE-M are visible in Table I and Fig. 7 where
POE-M has consistently lower variance in error compared to
all other methods.

When POE-M is retrained with a single microphone signal
dropped out, the error remains consistently low. Interestingly,
we note from Table I that dropping microphone 1’s channel
seemed to have a much more significant negative impact than
dropping microphone 6’s channel did. This is potentially
explained by the fact that microphone 6 is much further
away from the speaker, inducing much weaker signals and
perceivable changes as the robot deforms.

Finally, we present a case study demonstration of using

the POE-M pipeline for a proportional feedback controller.
We define the goal state with a deformed POE mesh. Using
the correspondences between the goal mesh and the recon-
structed mesh from POE-M pipeline, we find the average
of all of the vertices’ residuals denoted by vector 7. We
then define the rotation action in radians for the servo motor
as u; = k7 - e; where k = 0.005 is a scalar control gain
used in this experiment and e; is the control direction vector
on the bending plane in Fig. 2 of servo motor i. After
30 iterations, we observed that the ground-truth observation
closely matched the goal shape with dycp = 5.93 as shown
in Fig. 9B.

V. CONCLUSION

We present POE, the first soft robotic system with six
embedded microphones that enable acoustic-based high-
fidelity proprioception. We also present and evaluate a family
of methods that utilize these acoustic signals for shape
reconstruction and proprioception. Of these, we discuss the
benefits of representing states with physically grounded key
points and reconstructing the mesh around the key point
movements in a physically admissible manner. We quan-
titatively and qualitatively verified that introducing these
soft mechanics-based constraints enables more stable and
accurate proprioceptive shape reconstruction results. We plan
to address the current pipeline’s limitation of cross-talk
among multiple active sound sources by applying a range
of sound source disambiguation methods in literature [46].
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