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Abstract— Large-area tactile sensing remains a key challenge
for wearable and robotic applications, where solutions must
balance resolution and complexity, manufacturability, and con-
formability to various geometries. While acoustic waveguides
have been used for contact localization and force estimation
at the centimeter scale, scaling this technology to limb-scale
wearable devices is unexplored. In this work, we introduce a
soft, wearable tactile sleeve based on wrapped and meter-length
acoustic waveguides. By patterning waveguides on a sleeve,
one-dimensional time-of-flight measurements are mapped to
two-dimensional contact locations. This enables conformable
coverage with sparse transducers, while preserving mechan-
ical robustness by placing rigid electronics away from the
contact surface. We contribute the design and fabrication
of the waveguide-based tactile sensor, provide an in-depth
characterization of sensor response and evaluate frameworks
for contact localization and force estimation, and demonstrate
system performance on a human arm. Results show that the
time-of-flight-based localization approach generalizes across
contact sizes and curved geometries. However, more work is
required to achieve sensitive and reliable force estimates. This
work establishes acoustic waveguides as a manufacturable and
reconfigurable modality for wearable tactile skins.

I. INTRODUCTION

Centimeter- to meter-scale tactile skins and textile wear-
ables can enable safe and contact-aware human robot interac-
tion [1], safety monitoring [2], closed-loop force and move-
ment monitoring [3], [4], and learning of human-environment
interactions [5]. These can be applied to rehabilitation and
prosthetics, in the design of haptic communication interfaces
for AR/VR and social interactions [6]–[8], and in home
assistive robotics. Currently, there are few limb-scale tactile
sensors that adequately capture diverse contact information
(e.g., contact location, force, changes in contact over time)
and that also meet the demands of wearable systems.

Dense tactile sensor arrays are candidates for limb-scale
tactile sensing. Tactile sensor arrays can be realized by
individually addressable taxels [3], [6], [9] or by matrix-
addressed row-column grids. Matrix-addressed architectures
include resistive textiles [5], [10], [11], capacitive skins
[12], pneumatic taxel arrays [13], and waveguide networks
[14]. Arrays enable straightforward reconstruction of force
images, and garment-scale arrays can be mass-manufactured
by knitting. However, scaling increases wiring complexity,
readout latency, and the number of failure points and rigid
electronics near the contact surface limit durability [15].
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(a) Sensor manufacturing including sizing and cutting elastic fabric,
sewing waveguide pockets, routing waveguides, and coupling an acoustic
rangefinder to each waveguide. Tactile sensor sleeve design parameters
indicated on template include waveguide pitch p and sleeve diameter D.

(b) Signal processing pipeline; rectangular blocks represent processing
steps, parallelograms represent inputs and intermediate processed data,
and rounded blocks represent outputs. fc is the envelope cutoff frequency.
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(c) Sample processed trace (time-gain compensated, match-filtered, recti-
fied/normalized, low-pass-filtered). Send pulse time tsend, return pulse time
treturn, and maximum normalized return pulse amplitude Amax indicated.

Fig. 1. Wearable, limb-scale tactile sensor based on wrapped acoustic
waveguides: design principle, manufacturing, and signal processing.
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Distributed tactile sensing architectures infer contact loca-
tion and magnitude with fewer measurement sites than arrays
but suffer from drawbacks. Approaches using sparse trans-
ducers such as microphones [16] or fiber-Bragg gratings [17]
require rigid or fragile hardware near the sensing surface,
limiting mechanical robustness and wearability. Optical time-
of-flight (ToF) methods constrain sensor geometry through
precise source-receiver placement [18], while transmission-
line ToF-based skins require custom liquid-metal conductors
[19]. Other strategies rely on embodiment-specific calibration
or sensor layout optimization [20]–[22].

An alternative strategy for sensorizing large surfaces is
acoustic waveguides. Acoustic waveguides offer a wearable-
friendly architecture for tactile sensing. They do not require
a line-of-sight, they can be manufactured from a variety
of flexible materials at different scales [23], [24], and they
permit sparse transduction via ToF-based interrogation [25],
addressing wiring, conformability, and mechanical robust-
ness at body or robot scale. Furthermore, off-the-shelf (OTS)
acoustic ranging and audio equipment are readily available
and easy to integrate in waveguide-based sensors.

Existing work has focused on contact localization and
force estimation in centimeter-length waveguides [24], [26],
2-D touch localization on centimeter-scale metamaterial lat-
tices [27] and planar grippers [28], and the characterization
of meter-length waveguides in planar [29] and circular con-
figurations [23], [25]. In this work, we introduce a soft,
wearable, conformable, and limb-scale tactile skin based
on wrapped acoustic waveguides. Patterning waveguides on
a sleeve converts 1-D ToF measurements into 2-D touch
locations, offering large-area coverage with few transducers,
mechanical robustness by keeping electronics off the contact
surface, and geometric reconfigurability around joints. We
contribute (i) the design and fabrication of an arm-scale
tactile sensor based on acoustic waveguides, (ii) an in-
depth characterization of sensor response and evaluation of
frameworks for contact localization and force estimation, and
(iii) a demonstration of touch localization on a human arm.

II. METHODS

A. Sensor Design

The acoustic waveguides used in this work were OTS
silicone rubber tubes (McMaster-Carr 5236K515) with inner
diameter Di = 7.9mm, wall thickness 1.6mm, and Shore A
hardness of 35. Waveguide parameters were chosen to bal-
ance sensing coverage, contact sensitivity, and resistance
to buckling in the sleeve. Each waveguide was sensorized
by an OTS acoustic rangefinder (MaxBotix MB1010 LV-
MaxSonar-EZ1). The rangefinder emitted pulses with a fre-
quency fsend = 42 kHz and recorded reflections. Due to
transducer ring-down, a ranging cycle was triggered every
approximately 50ms (20Hz refresh rate).

In this work, two waveguides were routed in a helical
pattern in a bespoke fabric sleeve to create a wearable
tactile sensor (Fig. 1(a)). To size the sleeve, we measured
the wrist and forearm diameters of the wearer. We defined
the helix pitch, waveguide pocket width, and the number of

loops based on the desired sensing area. A template was
used to cut two identical fabric layers from four-way stretch
nylon spandex. The outlines of the waveguide pockets were
transferred to the upper fabric layer using tailor’s chalk. The
two layers were sewn together along the pocket outlines
using polyester thread and a zig-zag stitch pattern with a
3mm pitch (Pfaff Varimatic 6085). Elastic straps were sewn
into both ends of the sleeve before it was sewn closed
with a zig-zag stitch. Two waveguides were routed through
the pockets using a fused deposition modelling (FDM) 3-D
printed polylactic acid (PLA) hollow cylinder (Bambu X1
Carbon). Each waveguide was mechanically coupled to a
rangefinder using a 3-D printed adapter. 15 cm of waveguide
length was left outside the sleeve. This region corresponded
to a dead zone where contacts were not easily detected due to
overlapping of reflected waves with the send pulse. The ends
of each waveguide were terminated with polyurethane foam.
Each waveguide was 250 cm long (9 loops), but attenuation
limited the sensing range to below this maximum length.

B. Signal Processing

Raw ranging data was sampled at fs = 200 kHz and 12 bit
resolution using the onboard ADC of a BeagleBone Black
Industrial. We acquired 4000 samples from each ranging
signal and recorded the temperature T . The ranging signal
contained the send pulse and reflections from indentations
along the waveguide. We applied the same signal processing
pipeline to all ranging signals. First, we removed the DC off-
set from each signal using a low pass filter (fcutoff = 100Hz).
We then applied time gain compensation (TGC) to the data
to correct for signal attenuation. Next, we applied a matched
filter to the amplified data using a Hann-windowed, ten-cycle
sine wave template. We then rectified the ranging signal,
normalized the data by the send pulse amplitude, and applied
a low-pass filter (fcutoff = 10 kHz). A summary of the signal
processing chain and a sample processed trace is shown in
Fig. 1(b) and Fig. 1(c) respectively. Candidate peaks are
found using SciPy’s find peaks function [30] with an
imposed minimum peak prominence PP.

1) Contact localization: The time treturn corresponding to
the maximum amplitude peak in each ranging cycle was
converted to a contact distance estimate ℓest. using a ToF
model incorporating a temperature-dependent speed of sound
[c(T ), SOS] and a calibrated send pulse reference time tsend:

ℓest. = c(T )
(treturn − tsend)

2
. (1)

2) Force estimates: Force estimation was performed using
a multilayer perceptron feed-forward neural network (MLP).
The MLP’s inputs were the peak amplitude and correspond-
ing estimated distance in each ranging cycle and the outputs
were the forces. The MLP architecture was a fully connected
network, with an input layer of width 64, a hidden layer of
width 64, and an output layer of width 1. We used Leaky
ReLU as the activation function and He initialization for
initial weighting [31]. Inputs and outputs were standardized
on the training data mean and standard deviation. The
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network was trained using 10-fold cross validation with 100
epochs, and a batch size of 32 using the Adam optimizer
(learning rate 10−3, weight decay 10−5) and a loss function
based on the mean squared error of force estimates. We did
not observe clear overfitting based on validation loss curves.
Force predictions were obtained by weighting each network
by their normalized inverse validation loss.

C. 1-D to 2-D Contact Mapping

Contacts along the waveguide were mapped to locations
on the sleeve. A motion capture setup (Vicon Vero) was
used to estimate the parameters of the helices formed by
the two waveguides (Fig. 7(a)). We placed two columns
of reflective markers on the sleeve, the sleeve was then
worn by the user, and we acquired marker coordinates while
the arm was held straight. We fit a line with parameters
(a0, a1) to each column of reflective markers to estimate
the variable radius r(z) of each helix as a function of the
axial coordinate z (Fig. 7(b)). We estimated the twist rate
of each helix based on the axial extent and number of loops
ρ = (2π · nloops)/∆zaxial. Each helix is then described by

r(z) = a0 + a1 z,

ψ(z) = ρ z,

h(z) =

r(z) cos(ψ(z))r(z) sin
(
ψ(z)

)
z

 . (2)

To map contact distances to spatial coordinates we built a
lookup table by integrating the arc-length density ℓ′(z) along
z. On an N -element grid {zi}Ni=0, we accumulated

ℓi+1 = ℓi +
1
2

[
ℓ′(zi) + ℓ′(zi+1)

]
∆zi,

ℓ′(z) =

√
1 + a21 +

(
ρ (a0 + a1z)

)2
,

(3)

where ℓ0 = 0 and ∆zi = zi+1 − zi.

D. Waveguide Simulations

We simulated the influence of indenter size on wave
reflection characteristics such as maximum peak amplitude
and ToF. We modelled waveguide deformation and acoustic
wave propagation separately in ABAQUS (Fig. 2(a)). First,
we deformed a straight, 40 cm-long waveguide with three
cylindrical indenters Dindenter ∈ {10, 25, 35}mm up to a
depth of Dwvg.. We assumed a Neo-Hookean hyperelastic
model with Poisson’s ratio ν = 0.49 and shear modulus
µ = 100.0235S−0.64/3 (MPa) [32] where S = 35 was the
Shore A hardness. We extracted the mesh of the deformed
inner surface of the waveguide for different indentation
depths. We then simulated time-domain wave propagation
in the air-filled cavity of the waveguide for each deformed
mesh. We imposed a uniform pressure input on one end
of the waveguide (11-cycle Gaussian-modulated, sine wave)
and an absorbing boundary condition on the other end to
minimize the influence of end reflections on the ranging
signal. We defined a measurement plane perpendicular to
the waveguide axis and offset 2 cm from the waveguide end
and averaged nodal pressures on this plane to obtain ranging

signals. Signals were then rectified, normalized, and low-pass
filtered similar to the steps performed on experimental data.

E. Sensor Calibration

We performed a set of experiments to obtain the send
pulse reference index and estimate the parameters of an
attenuation model used for TGC. We calibrated the sensor by
gathering data from complete blockages (Fig. 3(a)) along the
waveguide at 37 locations ℓtrue ∈ {20, 25, ..., 200} cm. The
waveguide was completely blocked at each point using a
3-D printed cylinder. For each processed ranging cycle (DC-
offset removed, rectified, enveloped), we extracted the peak
with the highest normalized amplitude Amax and computed
its corresponding distance ℓest.. We fit an attenuation model of
the form in (4) with fitting parameters (c1, c2, c3, c4) between
distances and peak amplitudes. In practice, using arctan
for TGC introduced an increasing mean baseline trend that
overwhelmed peaks at large distances. To prevent this, we
used a hyperbolic tangent function with parameters from the
arctan fit (i.e. c1 tanh [c2(ℓ− c3)] + c4). The tanh function
has similar behaviour as the arctan function while resulting
in smaller gain at large distances.

Amax(ℓ) = c1 arctan [c2(ℓ− c3)] + c4 (4)

Next we fit a line (slope and intercept) between true and
estimated reflection distances. We initially set the send pulse
reference time to be the time corresponding to the maximum
amplitude in the send pulse. We then adjusted the send
pulse time to minimize the intercept of the linear fit while
maintaining the slope. We also acquired a set of ranging
data in the waveguide without contacts. We performed the
following processing steps on these data: DC-offset removal,
TGC, matched filtering, rectification, and normalization. We
then computed the standard deviation σ across ranging
signals and obtained the peak prominence criteria for peak-
finding (PP = 2.8σ). The scaling factor 2.8 was manually
tuned to minimize false-positive peak detections.

F. Flat Configuration Study

We gathered two datasets for the waveguide in a
flat configuration (Fig. 4(a)). For the first dataset, we
statically indented the waveguide at evenly-spaced lo-
cations ℓtrue ∈ {20, 21, ..., 210} cm and indentation depths
∆x ∈ {1, 1.5, ..., 8}mm using a tensile testing machine
(MTS C43, LPB.502). We used an FDM 3-D printed cylin-
drical indenter made of PLA with a diameter of 25mm.
For every distance and depth, we acquired approximately 50
ranging cycles over a 3 s period starting 0.5 s from the time
when the indenter reached its set-point depth. We computed
absolute errors between true and estimated distances, as
well as median error, root mean square error (RMSE), and
interquartile range (IQR) across the entire dataset. We used
the maximum peak amplitudes, estimated contact distances,
and ground-truth forces as training data for the MLP. For
the second flat dataset, we gathered data from evenly-spaced
distances ℓtrue ∈ {20, ..., 160} cm and 60 depths in the range
0.4mm to 8mm. We used the second dataset to test the
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force prediction MLP. We computed absolute error between
true and estimated force as well as median error, RMSE, and
IQR across the entire dataset.

G. Wrapped Configuration Study

1) Mannequin arm: We gathered depth, force, and rang-
ing data from the tactile sleeve on a mannequin arm
(Fig. 6(a)). We gathered data from seven locations and 15 in-
dentation depths ∆x ∈ {1, 1.5, ..., 8}mm. We evaluated the
absolute errors in force and location estimates and computed
median error, RMSE, and IQR on the entire dataset.

2) Human arm: We gathered indentation data while a
participant wore the tactile sensor (Fig. 7(a)). Using a push-
pull probe, data was collected from seven regions on each
waveguide at three force levels (2-4, 4-6, 6-8N) for 2 s per
location. Signals acquired at each location and force level
were then averaged. We evaluated the absolute error in
location, computed median error, RMSE, and IQR on the
entire dataset, and reported the number of detected contacts
at each force level. Due to the difficulty acquiring precise
force data, we did not estimate force with this dataset.

III. RESULTS

A. Waveguide Simulations

Fig. 2(b) shows amplitude variations for different indenta-
tion depths and indenter diameters. The amplitude trends are
consistent across indenter sizes with the largest amplitudes
occurring for the 10mm indenter. Fig. 2(c) shows simulated
reflected pulses for different indentation depths and diame-
ters. The peak with the largest amplitude tracks the expected
ToF for all indenter sizes with mean absolute errors and
standard deviations of (3.03 ± 1.22 cm), (2.95 ± 1.92 cm),
and (2.51 ± 1.64 cm) for the 10, 25, and 35 mm indenters,
respectively. Reflections contain a variable number of peaks
which are not consistent across indentation depths.

B. Sensor Calibration

Fig. 3 shows results from the calibration of the sensor.
Fig. 3(b) shows true distance versus normalized amplitude
along with the arctan and tanh fits. The arctan fit closely
follows the experimental data (RMSE = 0.0254) except
for distances close to the rangefinder. The tanh fit has
a similar profile as the arctan fit with upper and lower
horizontal asymptotes of A = 0.635 and A = 0.104
respectively. Fig. 3(c) shows true versus estimated distances.
Estimates follow a linear trend except for distances close to
the rangefinder. The slope of the line of best fit is 0.99m/m
(RMSE = 36mm). For the remaining experiments, we probe
the waveguide from 0.2m to 2.1m but search for peaks in
the range 0.15m to 2.15m to account for localization error.

C. Flat Configuration Study

Fig. 4(c) shows true versus estimated contact distances.
Most estimates lie close to the true distances. Outliers from
shallow presses are predicted at 1.8m. Fig. 4(d) shows mean
absolute error (MAE) for each indentation depth and 38
true distance bins of width 5 cm. MAE is lowest for large
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Fig. 2. Waveguide simulation results.
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Fig. 3. Sensor calibration results.
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indentation depths (∆x > 6.5mm) across all distances.
MAE tends to increase at shallower depths. Contacts are not
reliably detected for depths below approximately 2.5mm.
Only presses with depths surpassing 7mm are reliably de-
tected at distances greater than approximately 1.95m. Table I
summarizes error metrics for contact localization.

Fig. 5(a) and 5(b) show variations in amplitude in a
log scale across depths and distances. Amplitude increases
monotonically with depth for distances less than approxi-
mately 0.60m and depths below 3.5mm. For most distances,
amplitude increases monotonically with depths greater than
6mm. Amplitude variations are present for depths from
3.5mm to 6mm, however, they are not monotonic. An MLP
was trained to learn these complex amplitude variations.

Fig. 4(e) shows depth versus mean true force and estimated
force and Fig. 4(f) shows mean absolute relative prediction
error for each distance and depth. Force predictions from
close contacts generally capture variations in force with
depth (Fig. 4(e)). However, estimates across a large range
of depths 3.5mm < ∆x < 6mm tend to cluster about a
mean value (F ≈ 4N) and mean absolute relative error is
high (> 25%) across most of the domain (Fig. 4(f)). Median
error, RMSE, and IQR are below 3N (Table II).

D. Wrapped Configuration Study

1) Mannequin arm: Fig. 6(c) shows true versus esti-
mated contact distances on the mannequin arm. Contacts
are resolved up to a distance of approximately ℓ = 2.1m,
however, only contacts corresponding to depths above 7mm
are detected across the full range. Fig. 6(d) shows mean
absolute localization errors with colours showing the average
depth of samples within each bin. Observations are consistent
with those from the flat configuration dataset; localization
MAE is on average below 10 cm for large indentation depths
(∆x > 6.5mm) and increases for shallower indentations.

Fig. 6(e) shows depth versus mean true force and estimated
force from the mannequin dataset and Fig. 6(f) shows
mean absolute relative prediction error for each distance
and depth. Observations are consistent with those from the
flat configuration dataset; estimated force qualitatively tracks
increases in force with depth but defaults to mean-value
predictions across a large range of depths. Median error and
IQR remain below 3N, but RMSE is larger compared to the
flat configuration dataset (Table II).

2) Human arm: Fig. 7(c) shows true versus estimated
distances for the human arm dataset. Most estimated dis-
tances lie close to the true distance, with error tending to
increase with decreasing force. Contacts are detected up to
a distance of approximately 1.5m. Three outliers (false-
positive detections) occur at the largest distances. In general,
fewer contacts from the lowest two force ranges are detected
with increasing distance (Fig. 7(d)). Fig. 7(e) shows true
contact locations and 12 estimated contact locations on one
of the waveguides. Estimates lie close to the true locations,
particularly for the highest force range presses. Localization
error metrics on the human arm are consistent with the results
from the flat configuration and mannequin datasets.
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Fig. 4. Flat configuration study results.

TABLE I
CONTACT LOCALIZATION ERROR SUMMARY.

Dataset Median (cm) RMSE (cm) IQR (cm)
Flat Configuration 5.23 13.1 9.31
Mannequin Arm 8.48 14 12.9

Human Arm 3.8 14.5 11.7
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(b) Second flat configuration dataset; mean log-scaled amplitudes from the
highest normalized return peaks log⟨Amax⟩ for each indentation depth ∆x
and five true distances ℓtrue.

Fig. 5. Amplitude trends from the flat configuration study.

TABLE II
FORCE ESTIMATION ERROR SUMMARY FOR THE FLAT CONFIGURATION

(FLAT CON.) AND MANNEQUIN ARM (MANN.) DATASETS

(MEDARE: MEDIAN ABSOLUTE RELATIVE ERROR).

Dataset Median (N) RMSE (N) IQR (N) MedARE (%)
Flat Con. 1.49 2.95 2.09 41.8

Mann. 2.19 5.61 2.79 59.2

IV. DISCUSSION

The simulation results suggest that ToF arrivals are not
significantly influenced by indenter size. Future work should
experimentally validate these observations and the general-
ization of the ToF localization framework to other contact
geometries. The results from all experiments indicate that
the ToF-based localization model is most accurate at large
indentation depths. At shallower indentations, the ToF model
appears to be governed by a depth-dependent SOS. In
contrast, the simulations show limited variance of distance
estimates with indentation depth. This suggests that depth-
dependent SOS may also be influenced by the coupling
between cavity waves and the waveguide’s compliant walls,
rather than variations in tube geometry alone. This coupling
is currently not modelled in simulations.

The results from the mannequin arm experiments indicate
that ToF-based localization generalizes to helical waveguide
configurations. Lower median error in the human arm dataset
is likely due to the higher proportion of large force con-
tacts compared to the other datasets. Transferring from the
mannequin arm to the human arm results in a decrease in
the sensing range. The decreased range of the sensor in the
wearable embodiment could be due to higher attenuation
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Fig. 6. Wrapped configuration (mannequin arm) study results.

in the waveguide caused by narrowing of the waveguide
on the stretched sleeve. A looser fit could improve signal
transmission. The sensing range can also be increased by
adding another set of rangefinders to the waveguide ends and
by optimizing waveguide number and patterning. Overall,
the performance of the sensor is sufficient for coarse contact
localization. Contacts can be estimated within a loop on the
sleeve and migrating contacts (e.g. from swipe-like presses)
can possibly be tracked along the central axis of the helix.
Given system sensitivity to indentation depth, increasing
waveguide compliance should improve localization accuracy.

18591



Waveguide 1 contact

Waveguide 2 contact

Marker
*Calibration only

2x rangefinders

(a) Sensor worn by participant.
Markers removed before testing.

(b) Helix fitting process. Nine
waveguide loops displayed.

0.5 1.0 1.5

`true (m)

0.5

1.0

1.5

` e
st

.
(m

)

2

4

6

8

F
(N

)

(c) True ℓtrue versus estimated ℓest.
distances for three force levels on
both waveguides. Estimates where
the absolute error exceeded 25 cm
are circled in gray.

[3
7,

38
]

[6
5,

66
]

[9
2,

93
]

[1
.1

8,
1.

21
]

[1
.4

4,
1.

49
]

[1
.6

9,
1.

76
]

[1
.9

2,
2.

02
]

Range(`true) (m)

0

5

10

C
o
u
n
t

2-4 N

4-6 N

6-8 N

FP

(d) Detected contacts (count) for
each force and distance range
Range(ℓtrue). False-positive (FP) es-
timates where the absolute error ex-
ceeded 25 cm are coloured in gray.

(e) Overlay of ground truth (GT) and 12 estimated contact locations for
three force levels on one waveguide. Seven waveguide loops displayed.

Fig. 7. Wrapped configuration (human arm) study results.

The results indicate that forces can only be estimated
reliably across a limited range and predictions tend to cluster
around a mean value. Poor force estimation accuracy is likely
due to the lack of monotonic variations of amplitude with
force for certain depths and distances. Force estimates can
potentially be improved by operating below the first cutoff
frequency for a cylindrical waveguide [fsend < 1.84c/(πDi),
where c is the SOS in air [33]]. The first cutoff frequency
corresponds to the threshold frequency below which higher-
order acoustic modes cannot propagate. Below the cut-
off, only the plane-wave mode propagates, and the force-
amplitude trends should follow a monotonic relationship
that depends on the area change of the indented waveguide

[29]. However, the influence of waveguide compliance in the
sub-cutoff regime remains to be characterized. Future work
should optimize waveguide material and geometry to ensure
a consistent area change across the range of press depths.

In the current embodiment, fewer shallow contacts are
detected at large distances due to their low amplitude. This
creates a sampling bias where contacts at large distances are
represented by higher forces. Consequently, the model tends
to default to mean-force predictions across a range of dis-
tances rather than disentangling force-dependent amplitude
variations from distance-dependent attenuation. Strategies for
reducing waveguide attenuation should improve detection of
shallower presses and enable force estimation across the full
range of distances. Finally, contact with the test platforms in-
troduced significant force variance at large depths (Fig. 6(b)).
Since force is intrinsically coupled to substrate compliance
(e.g., human arm vs. rigid robot), future work should estimate
indentation depth as a substrate-independent quantity.

V. CONCLUSION

This work introduces a new sensing modality for creating
limb-scale tactile skins for wearable applications. The sensor
is conformable, has a simple and repeatable manufacturing
process, and eliminates the wiring complexity of sensor
arrays. The ability to localize contacts on multiple patterned
waveguides can enable gesture detection and estimates of
contact size (see supplementary video). In future work,
the hollow waveguides can be pneumatically pressurized,
creating haptic garments with combined sensing and actu-
ation [34]. Proprioceptive capability can be added to the
tactile sleeve by embedding OTS flex sensors [35]. The
main limitation of this work is the limited accuracy of the
force estimation pipeline. However, avenues for improving
force accuracy by operating below the waveguide cutoff
frequency [29] and optimizing the waveguide parameters to
maximize changes in reflected signal characteristics across
the full range of press depths are promising. The simulation
tool presented here can be used to model both waveguide
deformation and global trends in acoustic response. More
realistic estimates can likely be obtained by considering
the coupling between the structural and acoustic domains.
Altogether, the results establish acoustic waveguides as a
general, manufacturable route to achieve large-area tactile
sensing combining conformable layouts and sparse I/O.
While force estimation remains a challenge, the distributed
contact localization capabilities of the sensor, driven by a
generalizable ToF-based algorithm, open the door for more
advanced functionality in both wearable and robotic systems.
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