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Abstract— This paper presents a novel acoustic soft tactile
(AST) skin technology operating with sound waves. In this inno-
vative approach, the sound waves generated by a speaker travel
in channels embedded in a soft membrane and get modulated
due to a deformation of the channel when pressed by an external
force and received by a microphone at the end of the channel.
The sensor leverages regression and classification methods for
estimating the normal force and its contact location. Our sensor
can be affixed to any robot part, e.g., end effectors or arm.
We tested several regression and classifier methods to learn the
relation between sound wave modulation, the applied force, and
its location, respectively and picked the best-performing models
for force and location predictions. The best skin configurations
yield more than 93% of the force estimation within ±1.5 N
tolerances for a range of 0-30+1 N and contact locations with
over 96% accuracy. We also demonstrated the performance
of AST Skin technology for a real-time gripping force control
application.

I. INTRODUCTION

Despite advancements in soft tactile sensing, persistent
limitations are evident, as discussed in a recent review on
tactile sensing technologies [1]. Many commercially avail-
able soft tactile sensors come with fixed shapes and sizes,
posing challenges in integration with existing hardware,
especially in space-constrained environments. For instance,
incorporating camera-based tactile sensors is problematic due
to their space requirements [2], [3]. Furthermore, developing
sensors with intricate electrical components to fit tight spaces
demands sophisticated manufacturing techniques and incurs
high costs. There is a need for less complex tactile sensing
technologies that can easily adapt to various shapes, limited
space and form factors.

Accurate measurement of physical interactions plays a
vital role in various physical robotic tasks, such as human-
robot interaction [4], object grasping, and manipulation [5].
Tactile sensing can be used to observe the interaction state in
physical robot interactions[6]. Tactile predictive models [7]
can then make predictive controller possible, e.g. for slippage
control [8] or cluster manipulation [9], leading to safer, more
precise, and more efficient actions in a broader range of
physical interaction tasks [7], [10], [11]. Soft tactile sensors
are important for handling deformable objects and robust
manipulation. These sensors feature a soft, flexible sens-
ing surface whose deformation provides tactile information
such as normal/shear forces, contact location, and contact
surface texture, etc. Soft tactile sensors utilise both elec-
tronic (e.g., resistive [12], capacitive [13], piezoelectric [14],
magnetic [15], [16], impedance [17]) and non-electronic
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transduction methods (e.g., camera-based [18], [19], [2],
[20], [21], [22], [23], fluid-based [24], and acoustics [25],
[26], [27], [28]) and their combinations [29] for converting
the membrane deformation to tactile information.

Zoller et al. [31] proposed a simple concept for tactile
sensing by using sound waves to a pneumatically actuated
soft finger. They added a speaker and microphone within
the finger’s chamber. The microphone continuously monitors
changes in sound modulation when the finger deforms due
to an applied external force. They used the finger with added
sensing capability to measure contact forces and contact
location with precision [31], [32]. However, it is not a stand-
alone sensor to be used on other robot counterparts.

Acoustic techniques have been explored earlier for deriv-
ing tactile features like contacts, deformations, forces, and
shape recognition. For instance, Shinoda et al. [33] created
a silicone hemispherical fingertip embedded with an ultra-
sound transmitter and receiver array, capable of detecting
deformations up to 10 µm and inclination changes to 0.001
radians. They later added a hollow spherical cavity within
the membrane to measure stress via acoustic resonance. Ter-
amoto et al. [28] introduced a flexible membrane underlaid
with acoustic transducers to measure object curvature upon
contact. Tanaka et al. [27] devised an acoustic sensor for
real-time lump detection in laparoscopic surgery, employing
a silicone-based hollow tube and analysing the amplitude
and phase difference of the sound waves when the tube
encounters a lump.

Chuang et al. [25] designed an ultrasonic sensor capa-
ble of real-time static normal force measurements (1-6 N)
and shape recognition, analyzing time-of-flight variations of
ultrasonic pulses due to surface deformation. The sensor ar-
chitecture includes a Thin Film Transistor layer sandwiched
between piezoelectric PVDF layers and a soft polymer
sensing surface. This design calls for sophisticated manufac-
turing. However, as outlined before, a revolution was brought
by Zoller et al. [31], who simplified the use of acoustic
methods to pinpoint the force, contact location and material
characteristics using a soft pneumatic finger equipped with
minimal acoustic hardware (a speaker and microphone).
When featuring only a microphone, this sensing methodol-
ogy can measure these tactile features [34]. These reports
showcase the potential of using acoustic techniques to extract
tactile information from soft material deformation. But for
developing a low-cost tactile sensing skin, it is advisable
(1) to avoid integrating complex electronic circuitry into the
sensor membrane/skin and (2) relocating sensory hardware
away from the sensing surface enables sensor compactness
and avoids requiring sophisticated manufacturing techniques.
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Fig. 1: AST Skin Overview (a): A force applied to the skin surface deforms the acoustic channels (ACs) beneath the sensing
surface. These channels contain reference sound waves that travel from the speaker to the microphone. The sound wave
amplitude is modulated in proportion to the deformation. We use FFT to transform the modulated waves to a frequency
domain and machine learning methods to find the correlation between the modulations and (i) the contact normal force and
(ii) the contact location resulting from the deformation. (b) Sensor calibration: the xARM robot is used to apply known
forces to the AST skin at set locations through a load cell with a peg attached to the robot’s wrist. The dataset contains
the FFT signal, the load cell force values, and the contact location. ML models are trained with this dataset to predict the
contact force and location. (c) We mounted this novel sensor on the SMC LEZH gripper to perform a grip force control
pick-and-place task where it grips objects from the YCB object set [30] (a soft strawberry in this example), adapts grip
force to reach a target force and then moves the object to a target location.

Further, this allows for a variety of skin form factors. With
this ideology, we made AST skin [35], [36] a low-cost and
easily manufacturable standalone soft tactile sensor.

This paper presents a stand-alone and low-cost tactile
sensing technology suitable for being used in different shapes
and sizes, called Acoustic Soft Tactile skin (AST Skin) (Fig.
1a). Our contribution includes (i) a novel open-source, low-
cost tactile sensor that is easy to fabricate to fit different
shapes. A flexible skin with embedded acoustic channels, a
microphone, and speakers are the only key components of
AST Skin, (ii) We also present a test design for a frame-
less AST (f-AST) for non-flat surfaces, (iii) We investigated
different regression and classification methods for learning
the relation between the applied force and its location and
the microphone readings for our AST designs during its
performance testing, (iv) We demonstrate the usability of
AST Skin technology in robotic tasks by testing it on a non-
flat surface and then on a gripper to perform force-controlled
robotic pick-and-place tasks. These tests prove that AST
technology can be used in realistic robotic applications.

II. ACOUSTIC SOFT TACTILE SKIN

a) Design: To prove the proposed AST Skin technol-
ogy, we initially fabricated a flat, rectangular-shaped silicone
skin measuring 35 mm x 60 mm. We mount the skin inside
a 3D-printed casing to ensure portability and ease of testing
and connecting the speaker-microphone unit. However, we
have shown the skin design without a hard case in the
later section of the paper. We investigated various skin
configurations with single and dual acoustic channels (ACs)
with simple geometrical shapes, such as cylindrical and
conical, that run through the length of the skin. The diameter

of the cylindrical AC is 5 mm, while the conical AC has
diameters of 5 mm and 3 mm. The ACs connect the speaker-
microphone arrangement of the skin. The prototyping pro-
cedure is detailed in the Appendix1.

The speaker unit generates continuous sound waves that
travel through the ACs, and the microphone receives the
sound waves. As the channels deform due to external phys-
ical interactions, the amplitude of the sound waves changes
(see Fig. 3), and we leverage ML models to capture the
relationship between the amplitude changes and the tactile
information. The details of the different skin configurations
tested are presented in the following sections.

Acoustic Channel Design: The impact of contact defor-
mation on sound waves varies with the shape of the ACs,
which we exploit to estimate force and contact location. We
investigated the effect of different channel configurations on
feature extraction for force and contact location (see Fig 2
for AC designs).

We studied single-channel and dual-channel configurations
to verify our hypothesis that ACs can be used to estimate
tactile information. The study on single-channel skin config-
uration (AST 1) verifies the usability of this tactile skin,
which calls for a narrow sensing region. For a broader
sensing surface, the skin requires multiple channels, which
we explore with studies on dual ACs (AST 2a-b, AST 3a-
b, AST 4a-d) as an initial step. In future works, we will
explore using multiple channels with different geometries
spanning the entire skin area. For single-channel skin (AST
1), we considered a cylindrical-shaped channel. For dual
channel skin configurations, we have used combinations of
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(1) two cylindrical-shaped channels (AST 2a, AST 2b), (2)
two conical-shaped channels (AST 3a, AST 3b), and (3)
a conical-shaped channel with cylindrical-shaped one (AST
4a-4d).

By providing these channel configurations, we also tested
two other design hypotheses: (1) Can AC with a non-varying
cross-section (cylinder) distinguish forces acting on different
points along their length? (2) for dual-channel skins, can ACs
with different geometrical shapes (AST 4a-4d) best capture
the tactile information compared to skins with similar AC
geometries (AST 2a-2b, AST 3a-3b)?

Speaker Configurations: Speaker configurations are the
second primary design feature we investigated in this work.
We used a single speaker for AST 1, AST 2b, AST 3b, AST
4c, and AST 4d. We provided an individual speaker for each
channel for AST 2a, AST 3a, and AST 4a-4b.
These speaker arrangements enable us to study the differ-
ences in skin performance (1) when all channels are provided
with a single speaker versus each channel with an individual
speaker and (2) when the speakers are arranged on the
smaller and larger diameter ends of the conical channel
(AST 4a and 4b, AST 4c and 4d). In this study, we used
computer headphone speakers and a microphone, which will
be replaced with a miniature type in further development
studies.

A. Extracting Tactile Feature from Sound Signal

We aim to estimate two tactile features, i.e., the normal
force (Newtons) and their contact location from the sound
wave’s amplitude modulation. We use the data-driven ap-
proach to capture the mapping between the sound’s wave
amplitude modulation and these features. First, we created a
dataset using a robot arm and load cell by applying force to
a series of locations on the soft skin. We then used different
regression and classification methods to learn the mapping
and outputting of the tactile features.

III. EXPERIMENTS AND RESULTS

a) Sensor Calibration: We used a 6 DOF robot arm2

with a calibrated load cell (Miniature In Line Load Cell, a
high-precision axial load cell with 0-1 KN range and 10−5

N resolution) mounted on the robot wrist. It has an inbuilt
driver board for USB communication with the PC and is
mounted with a wedge-shaped 3D-printed peg as shown in
Fig. 1b. We used the arm to apply known forces on AST Skin
through the load cell and peg. We initially considered three
calibration points on the skin surface for all configurations,
namely A = {17, 50}, B = {17, 30}, and C = {17, 10}, as
illustrated in Fig. 2j.

Each AST skin was positioned in a fixed location on the
workbench for the calibration, as depicted in Fig. 1b, and
a continuous reference sound signal was emitted through
the speaker(s). The specific characteristics of this reference
signal are outlined in the upcoming subsection. Subsequently,
the robot arm approached each calibration point such that the

2The UFactory xArm by ufactory.cc

peg exerted forces by an incremental push move of 0.2 mm.
As the peg’s central axis traversed vertically through the des-
ignated points, the AC(s) underwent compression. At every
0.2 mm increment, the corresponding load cell measurements
were recorded, and simultaneously, the microphone captured
50 samples of the received sound signal. This procedure was
repeated until the load cell reading reached 30+1 N (∗, ∗
indicates the tolerance of the value) at each calibration points.

Reference Sound Signal: A test reference sound signal
is generated using Audacity. It comprises four sine waves of
frequencies of 300, 500, 700, and 900 Hz with an amplitude
of 0.6 (on a 0 to 1 scale). During the sensor operation, this
reference signal is played through the speaker(s).

Data Processing: The data processing pipeline for the
calibration process is shown in Fig. 1b. After data processing,
the resulting dataset contains the load cell readings with the
corresponding contact location (A, B, or C) and the mod-
ulated sound waves’ amplitudes and frequencies. We used
Fast Fourier Transform (FFT) to compute the amplitudes of
the sound signals received by the microphone (FFT data).
For each skin model, 5100 data points are generated, with
1700 data points each for the three locations, A, B, and C.

A. Force and Contact Location Estimation:

We learned the amplitudes of individual frequency compo-
nents in the reference signal (FFT data) vary with an increase
in force from 0 to 30+1 N at each location A, B, and C on
the AST Skin. Fig. 3 presents a sample of these variations
for AST 1. This indicates the collected FFT data effectively
could estimate unknown forces and their contact locations.
Therefore, we express the unknown force and its location as:

(Fi, Li) = f(A300,i, A500,i, A700,i, A900,i) (1)

where Fi is the unknown force at instance i,
A300,i;A500,i;A700,i;A900,i are the amplitudes of frequency
components of the FFT at 300, 500, 700, and 900 Hz
recorded at the same instance (FFT data), and Li is the
location of contact (A, B or C).

Performance Metrics: The following metrics present the
outcomes of the tests conducted to present the findings. (i)
We use validation error and accuracy for selecting regression
and classifier models and each AST Skin configuration. (ii)
The performance of force estimation is presented as the
percentage of estimations that fall within ±0.50 N, ±1 N,
and ±1.50 N tolerance of the actual force values. (iii) The
contact location estimation performance is presented as the
total number of true estimations per test (170 trials are tested
for each calibration points), and they are averaged to define
the overall accuracy. We compared various regression and
classifier models (see Appendix1) to estimate the force and
its location from the FFT data. The models are trained using
a dataset partition of 90:10 and 10-fold cross-validation. The
regression model with the minimum validation error and
the classifier with the maximum accuracy are selected for
estimating force and location, respectively (refer to table I).
The details of force and location estimations using these
models are presented below.
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Fig. 2: AST Skin configurations tested: (a) AST 1 has a single channel; Double Channels: (b) AST 2a, (c) AST 2b, (d) AST
3a, (e) AST 3b, (f) AST 4a, (g) AST 4b, (h) AST 4c, (i) AST 4d; Calibration points selected for initial testing: A = {17, 50},
B = {17, 30}, and C = {17, 10} (S1 and S2 refer to two speakers)

TABLE I: Regression and Classification models selected for various skin configurations (SVM: Support Vector Machines,
GP: Gaussian Process, NN: Neural Network, KNN: K-Nearest Neighbors)

Skin
Configuration Regression model RMSE Classifier model Accuracy (%)

AST 1 Exponential GP 0.72 Bagged Ensemble Trees 96.4
AST 2a Rational Quadratic GP 2.21 Fine Guassian SVM 95.7
AST 2b Matern 5/2 GP 3.24 Weighted KNN 98.2
AST 3a Exponential GP 2.15 Bilayered NN 92.5
AST 3b Exponential GP 1.06 Bagged Ensemble Trees 91.9
AST 4a Exponential GP 3.25 Weighted KNN 92.8
AST 4b Exponential GP 3.6 Fine Gaussian SVM 95.4
AST 4c Exponential GP 2.53 Weighted KNN 97.2
AST 4d Exponential GP 1.18 Weighted KNN 97.3

(a) 300 Hz component (b) 500 Hz component (c) 700 Hz component (d) 900 Hz component

Fig. 3: Variation of FFT data at locations A, B, and C on AST 1, when force varies from 0 to 30+1 N

Force estimation: The force estimation performance of
the AST Skin configurations is presented in Fig. 4, showing
the percentage of force estimations falling within ±0.5 N,
±1 N, and ±1.5 N tolerances. The performance of each
skin configuration is analysed based on the effect of AC
geometries and speaker configuration.

1) Effect of Acoustic Channel Geometry: The single-
channel AST 1 configuration demonstrated a force estima-
tion accuracy of 82.74% within ±0.5 N tolerance range
and 93.5% within ±1 N range, indicating that a single
channel with a uniform geometrical shape can accurately
infer contact forces acting on different points. Other skin
configurations were also tested to investigate the feasibility
of using an array of AC to serve a skin that may require a
broader sensing surface area. The results in Fig. 4 show that
considerably better performance can be achieved when the
channel geometries are non-identical and a single speaker
unit serves all channels. This is evident when comparing the
performance of skin configuration AST 4d with other dual
channel configurations.

2) Effect of Speaker Configuration: The results in Fig 4
indicate that the dual-channel skin configurations with a
single speaker (AST 2b, AST 3b, AST 4c, AST 4d) mostly
outperformed others or showed comparable performance to
their dual speaker designs (AST 2a, AST 3a, AST 4a, AST
4b). This suggests that a single speaker can serve multiple
channels without compromising performance. This finding
can imply that the skin technology is potentially scalable,
and a skin with multiple channels may not require an equal
number of speakers (this is an open question for further
validation in future). At the same time, positioning speakers
on different ends of channels did not show any significant
impact on the sensing performance.

Contact Location Estimation: Table II presents the ac-
curacy of each AST configuration for estimating the con-
tact locations (tested for 170 cases per location). All skin
configurations achieved an accuracy greater than 89% for
location estimation. The results in Table II also indicate that
the performance of location estimation is better with a single
speaker serving the AC(s).
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TABLE II: Estimating the location of contact force for 170 test cases for points A, B, C

True predictions AST Skin configuration
AST 1 AST 2a AST 2b AST 3a AST 3b AST 4a AST 4b AST 4c AST 4d

A 169 169 168 165 163 168 168 168 168
B 160 168 169 150 142 151 156 165 167
C 164 153 168 161 150 155 162 166 162

Accuracy (%) 96.66 96.07 99.01 93.33 89.21 92.94 95.29 97.84 97.45

(a) ± 0.50 N tolerance (b) ± 1 N tolerance (c) ± 1.50 N tolerance

Fig. 4: Performance of different configurations of AST Skin: Percentage of force estimated with (a). ± 0.50 N, (b). ± 1 N,
and (c). ± 1.50 N tolerance.

These results demonstrate (1) A smaller-width skin can
utilise a single acoustic channel to accurately measure con-
tact force and its location. The channel can have a simple
geometry, such as a cylinder. Although the shape is fixed
along its length, it can still distinguish forces and their
locations applied at different points. (2) For skin with a
broader sensing surface area, an array of non-identical ACs
can be used, and individual speakers for each channel may
not be necessary. (3) Further study will investigate AST
with different AC shapes that may lead to improved AST
performance and also use the cylindrical channel as loops to
enhance the sensing area.

IV. FRAME-LESS AST SKIN

Frame-less AST (f-AST) Skin is the evolution of this
AST concept, where it has a flexible sensing membrane
capable of being fastened to any curved surface. This skin
design can provide a broader range of robotic equipment
with tactile sensation, such as enabling safer human-robot
interactions in shared work environments. The test design of
f-AST has a casing to house the speaker and microphone
at the bottom and from which the sensing surface extends
(refer Fig.5a). The acoustic channel design is cylindrical,
connecting the speaker and microphone, inspired by AST
1 design which was the best-performing configuration. To
test its capability of being used on curved surfaces for tactile
sensing, the f-AST is attached to a 3D-printed curved surface,
as shown in Fig.5b. The prototyping procedure is detailed in
the Appendix1.

To test the force and contact location capability, we em-
ployed a similar calibration process as used before. We chose
three calibration points spaced 10 mm apart (while higher
resolution calibration is feasible, it requires significantly
more time) as illustrated in Fig.5a. A total of 6350 data

TABLE III: Grip force control with f-AST Skin. The values
in the table are the Mean Absolute Error (MAE) of the
measured grip force by AST with respect to the desired grip
force. The lower the MAE, the better the performance of the
controller.

Target
Grip Force

White
Noise

Mean Absolute Error
Chess Dice Lemon Marble Strawberry

2 N Off 0.03 0.04 0.04 0.05 0.02
On 0.08 0.05 0.05 0.06 0.09

10 N Off 0.26 0.14 0.38 0.40 0.51
On 0.36 0.22 0.38 0.78 0.91

20 N Off 0.40 1.20 0.40 0.73 0.19
On 0.61 1.10 0.63 0.81 0.21

points were collected, and we utilised a 90:10 data parti-
tioning scheme for training and testing purposes. Here too,
we evaluated various regression and classification methods,
ultimately selecting the optimal model for estimating the
force and its location. The Bagged Trees Ensemble exhibited
the most promising cross-validation results, yielding a cross-
validation error of 1.77 N for force estimation and a cross-
validation accuracy of 99.2% for estimating force location.
Fig.5c presents the percentage of accurately estimated forces
with different tolerance values. Notably, 70.39% of force
estimations fall within the ± 0.50 N tolerance range, while
this percentage increases to 81.73%, 87.40%, and 89.60%
within ± 1 N, ± 1.50 N and ± 2 N tolerances, respectively.
AST demonstrates an impressive 99% accuracy for contact
location estimation (Fig. 5d). These results show AST Skin
technology can be used as a sensory cover for surfaces with
different geometry needing tactile sensing.

A. Noise Interference Test

We study the robustness of f-AST in the presence of white
noise at 100 decibels for 0 N, 10 N, and 20 N constant
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Fig. 5: Frame-less AST Skin: (a) Frame-less AST (f-AST) Skin with calibration points: A = {15, 35}, B = {15, 25}, and
C = {15, 15} (b) skin mounted on the curved surface of a finger; (c); (d) Percentage of force estimations with ± 0.50 N,
± 1 N, and ± 1.50 N tolerance; (d) Contact location true predictions.

(a) (b)

Fig. 6: Noise interference tests (Force [N] vs time [s]). (a)
f-AST Skin readings in the presence of white noise under no
load and 10 N and 20 N loading conditions. (b) f-AST Skin
readings when performing scratching on the sensor surface
with a stiff paintbrush.

loading on point B. Fig 6a shows the sensor readings in
the white noise tests. In test trials, we start with 11 seconds
of normal conditions, then turn on the noise for the next
11 seconds, and finally return to normal conditions for the
last 11 seconds. We repeated each loading test 5 times.
Fig. 6a shows the mean and variance of the f-AST Skin
reading, demonstrating it is robust to the white ambient
noise. We also tested the effect of the contact noise on
f-AST Skin readings by scratching the skin surface with
no load condition with a stiff paintbrush for 11 seconds
(Fig.6b). The figure shows that the sensor readings remain
constant for smooth strokes compared to the normal no-load
condition. Testing the contact noise effect under different
loading conditions can be complex, as distinguishing the
changes in f-AST Skin readings resulting from contact noise
or from the actual contact forces may not be trivial.

B. Robotic Application

We tested the f-AST Skin in a pick-and-place task with
real-time grip force control. We evaluated the performance
of the controller by gripping five test objects from the YCB
object set [30] with and without the presence of white
noise (100 decibels). Fig. 1c shows an experimental setup
consisting of (1) a seven dof Franka Emika arm, (2) an SMC
LEZH gripper, and (3) an f-AST Skin. SMC gripper has a
30 mm stroke with a maximum of 210 N grip force. The

control task includes (i) gripping an object from a top pose
with a specified grip force, (ii) lifting the object upward 10
cm, (iii) moving it to a goal point, and (iv) dropping it there.
The grip force controller aims to keep the grip force constant
during stages using the f-AST Skin’s tactile feedback. When
the robot reaches the grip pose, the gripper starts decreasing
its grip width with a 1 mm step size until the measured grip
force by the f-AST Skin reaches a target desired value. Then,
the lift, move, and drop stages are executed automatically.
We tested the controller for three target grip forces, namely
2 N, 10 N, and 20 N.

Table III shows the Mean Absolute Error (MAE) of the
target grip forces per object, and they are in the acceptable
range for an early-stage prototype. The target force is based
on the f-AST Skin readings and not a true contact force from
a load cell. For 2 N and 10 N target grip forces, strawberry
resulted in the highest MAE. For 20 N, the dice show the
highest MAE. This is because these contact shapes are not
in the calibration data set. However, this can be covered by
an extensive calibration dataset. The table also shows that
although the MAE in the reading during the white noise can
be slightly higher than the normal test condition, they are
very close to the desired force value.

V. CONCLUSION

We presented the concept of AST Skin based on sound
wave amplitude modulation. AST Skin uses Acoustic Chan-
nels beneath the sensing surface to measure the contact
normal force and its location. To validate the concept, we
studied AST Skin designs with different configurations of
acoustic channels, and acoustic hardware (speaker-mic) to
validate the concept. The best AST Skin configurations made
more than 93% of static normal force estimations with ±1.5
N tolerance for a full-scale force range of 0-30+1 N and
also made more than 96% accurate force contact location
estimations. Moreover, we made a prototype of a frame-
less AST (f-AST) Skin which demonstrated the potential
for using it as a tactile sensory cover on curved surfaces
and for real-time robotic applications. Overall, the AST Skin
technology has the potential to become a valuable tool for
tactile measurements for various robotic applications.
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