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Abstract— Human employs different touch patterns to convey
diverse social messages; for example, a stroke is an encour-
agement, whereas a hit is an offense. Various tactile sensors
have been developed to grant an intuitive physical interaction
with a robotic system, yet many encountered limitations in
achieving broad sensibility or fabricating into a large skin. This
paper presents a robotic skin with multimodal tactile sensing
modules to achieve broad spatiotemporal sensibility with a
few sensing elements. The multimodal module is composed of
a microphone and a vented screw installed on a conductive
sensory domain. A multilayered fabric with a textured surface
covers the sensory domain and forms a piezoresistive structure.
High and low temporal components of touch elicit a micro-
vibration and a conductivity change on the skin, where both
are measured with multimodal modules. The measurements
are each processed with short-time Fourier transform (STFT)
and electrical resistance tomography (ERT) to encode two
spatiotemporal feature maps, which are classified into ten
touch classes using a convolutional neural network. Due to a
sensibility to both high and low temporal components of touch,
the skin classifies touches with an accuracy of 97.0 %, whereas
only 84.7 % and 90.6 % are achieved when one type of feature
map is used. Also, the skin is robust and beneficial in power
consumption and fabrication since the multimodal modules are
not exposed to an external stimulus and are sparsely distributed.

I. INTRODUCTION

Touch is an intuitive non-verbal communication channel
that plays an essential role in human interaction [1]. It com-
mutes an emotion or derives a physiological response, there-
fore may mediate psychological intimacy, promote communi-
cation, or improve resilience to stress [2], [3]. Different touch
patterns are used to communicate in different situations; for
example, push to convey disgust and pat to convey sympathy
[4]. Thus, the touch pattern, or touch modality, is an essential
factor in interpreting a social touch and is differentiated by
the spatiotemporal characteristics of the touch [5]. Human
skin can sense touch and differentiate its modality with vari-
ous mechanoreceptors [6]. Each mechanoreceptor is sensitive
to different frequency bandwidths of touch by their different
adapting rates, and spatial information is encoded by sensing
the touch with multiple distributed mechanoreceptors. Thus
human skin can simultaneously sense broad spatiotemporal
properties of touch to distinguish the modality and interpret
a social cue.
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Fig. 1: Concept on the developed robotic skin. (a) The skin
structure, (b-c) sensing principles of high and low temporal
component of touch.

An interest in a robotic skin is continuously increasing
as robotic systems rapidly advance, and start to coexist
alongside a human [7]. A human can physically interact
with touch and expects the robot to react intuitively like a
human [8]. Therefore, a robotic skin that can differentiate
various touches and understand a social message would
enrich a physical human-robot interaction beyond simple
somatosensory sensation to social communication in any
physically interactive robotic system such as humanoids [9],
[10] and social robots [11], [12].

Various tactile sensing systems have been developed to
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serve as robotic skin and differentiate social touches. Re-
quirements of robotic skin differ by application, but such
systems should encode a wide range of touch’s spatiotempo-
ral properties to sense diverse touches. Also, a robotic skin
should be efficiently conformed to a large scale and be robust
to an external impact to stably cover the surface of a robotic
system [13]. One of two common approaches in developing
a large-scale conformable robotic skin that differentiates
touches is forming a force-sensitive skin, such as using an
array of force sensors [14] or employing a principle of
electrical impedance tomography [15]. The other is making
a vibration-sensitive skin using an array of piezoelectric
materials [16] or measuring a structure-borne vibration with
microphones [17]. Both approaches employ only one type
of transducer and thus can only measure specific frequency
bandwidth of touch. The prior methods have limitations in
measuring high temporal stimulus, whereas the later methods
cannnot measure low temporal stimulus [18], [19]. Also,
the methods employing an array of transducers [14], [16]
face practical limitations, such as high fabrication complexity
and limited communication bandwidth, when enlarged to a
large surface due to an excessive number of transducers. An
alternative approach to address these limitations is modular-
ising various transducers and a microcontroller into a tactile
sensor to cover broad temporal frequencies [20]. This method
classifies diverse touches and easily conforms to a large scale
by connecting the modules but requires relatively large power
and is fragile to external force due to exposed electronic
components and wirings.

This paper presents a robotic skin using distributed mul-
timodal tactile sensing modules to classify various social
touches and to address the aforementioned limitations, such
as excessive transducers and fragility. Microphones and
electrodes are employed as transducers to sense touches, and
an outer multilayer of a loop fabric, a neoprene foam, and
a conductive fabric is fabricated to transmit touch stimuli to
the transducers. Measurements from the microphones and the
electrodes are each processed with discrete Fourier transform
(DFT) and electrical resistance tomography (ERT) to encode
spatiotemporal characteristics of touches into feature maps,
and a convolutional neural network (CNN) is trained to
decode and classify them. The skin senses broad frequencies
and forces of thouches in a 400 cm? sensory domain with 25
multimodal modules and classifies a touch into ten classes
with an accuracy of 97.0 %. Furthermore, the outer layer
of the skin is soft, flexible, and comprises no electronic
component or wiring; therefore, a large sensory domain is
efficiently covered with a few sensing modules and is robust
to an external impact.

II. DESIGN AND FABRICATION OF MULTIMODAL
ROBOTIC SKIN

Multiple transducing mechanisms are required for a tactile
sensor to fully sense various touches since finding a single
transducer that covers all temporal frequencies of social
touches is difficult [13]. Therefore, the developed robotic
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Fig. 2: Structure of the developed skin’s components

skin structure is designed to employ two transducing mech-
anisms with different temporal sensitivity.

A. Transducing mechanisms

A high temporal component of touch implies a dynamic
component that elicits a micro-vibration on the skin, such
as a moving touch across the skin or when a touch makes
or breaks contact with the skin. Therefore, touches such as
a stroke or pat are high temporal touch. A previous study
showed that a vibratory stimulus generated on a textured
skin surface could propagate and be measured by distanced
transducers [17]. The proposed robotic skin is also designed
with a textured surface to elicit a micro-vibration from
touch and distributed microphones to sense the vibration
propagated through the air.

A low temporal component of touch implies a static
component that exerts sustained pressure on the skin. The
pressure locally deforms a skin structure, where the deforma-
tion shape varies by the pressurised area size and strength of
the pressure. A poke and press are both low temporal touches
but different in pressurised area size. Previous works on ERT-
based robotic skin showed a robotic skin with a piezoresistive
property using conductive fabric [21]. The proposed skin is
also designed with a deformable piezoresistive structure and
distributed electrodes to measure conductivity in the sensory
domain, which varies when the piezoresistive structure is
deformed due to the low temporal pressure of touch.
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Fig. 3: The skin responses to high and low temporal stimuli.
(a) Microphone signal-to-noise ratio (SNR) about vibratory
stimulation frequencies and (b) applied force on the skin
and the resulting normalised voltage change (NVC) in the
loading-unloading test.

B. Robotic skin structure design

The developed robotic skin is composed of outer multilay-
ered fabric and a conductive sensory domain with embedded
multimodal tactile sensing modules, as shown in Fig. 2. The
multilayered fabric is composed of a loop fabric, a neoprene
foam, and conductive fabric patches in the outermost order.
The loop fabric in the outermost layer has a textured surface,
which elicits a vibration from a high temporal touch compo-
nent. The neoprene foam in the middle has a resilient me-
chanical property and thus deforms by a low temporal touch
component. The conductive fabric patches in the bottom
layer are adjacent to the conductive sensory domain, making
a conductivity change when pressed against the conductive
sensory domain. A larger deformation by a greater pressure
or a larger contact area varies the conductivity more; thus,
the robotic skin acquires a piezoresistive property.

The multimodal tactile sensing module is a microphone-
attached vented screw fastened on the conductive sensory do-
main. The microphone measures an air vibration induced on
the multilayered fabric, which propagates to the microphone
through an air pathway secured by the vented screw. The

TABLE I: Nine touch modalities

Hit Deliver a forcible blow with a closed fist
Pat Gently and quickly touch with flat of hand
Poke Jab or prod with finger

Press Exert a steady force with flattened fingers or hand

Rub Move hand back and forth on surface with firm pressure
Scratch ~ Rub with fingernails

Stroke Move hand over with gentle pressure, often repeatedly
Tap Strike with quick light blows using one or more fingers
Tickle Touch with light finger movements

screw also serves as an electrode to measure a conductivity
change in the sensory domain. Therefore, the screws and
the conductive sensory domain are electrically connected.
The composite of the screw and the microphone as a single
multimodal tactile sensing module simplifies a practical
fabrication process and makes the system robust since no
electronic or transducer is exposed to external impact. Such a
module is installed on multiple points on the sensory domain
to measure a conductivity change between pairs of electrodes
and a micro-vibration at an arbitrary location.

C. Fabrication process

The outer multilayered fabric and the conductive sensory
domain with multimodal sensing modules are fabricated
simultaneously and combined to comprise the developed
robotic skin. The overall sensor structure is shown in Fig. 2.

The conductive sensory domain is made of an acrylic plate,
which is rigid enough to maintain the structure and tolerate
impulsive stimuli. Twenty-five counterbore holes are made
on the acrylic plate to keep the sensing domain flat when
vented screws are fastened on the plate with nuts. An ABS
housing is made with a 3D printer (F170, Stratasys, USA)
to attach a microphone (CMEJ-4622-25-L082, CUI Devices,
USA) to each screw. The microphone is attached to the hous-
ing with an epoxy adhesive (Sil-Poxy, Smooth-on, USA), and
the housing is fixed to a nut with an instant adhesive (Loctite
401, Loctite, Germany), completing a single multimodal
tactile sensing module. Such a sensing module is installed
in the counterbore holes, resulting in a 5x5 square lattice
with a spacing of 50 mm. A carbon nanotube (CNT) solution
(Graphit 33, Kontakt Chemie, Germany) is sprayed several
times on the plate until a conductive network is achieved.
A silver paste (ELCOAT P-100, CANS, Japan) is applied
between the vented screws and the plate to establish a stable
electrical connection between the CNT-coated conductive
sensory domain and the electrodes.

The outer multilayered fabric is a composite of loop fabric-
attached neoprene (CN3, Soitex, Korea), a non-conductive
fabric, and a highly conductive fabric (BTL-1, Soitex, Ko-
rea). The conductive fabric is cut by a laser cutter (Speedy
300, Trotec, USA) into an array of grid patches and adhered
to a non-conductive fabric layer to preserve the patches’
location and shape. An additional layer of non-conductive
fabric is cut in the counter-shape of the patches and placed
along with the patches, making the contact surface flat. The
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Fig. 4: Feature maps construction to encode spatiotemporal information of touch, and the CNN structure to classify the

touch into ten classes.

conductive fabric patches and the non-conductive fabrics
were attached using a polyurethane (PU) film (Stars HTV
Seoul, South Korea). The PU film is a light and flexible
adhesive, activated by the heat of about 200 °C. It is heated
with an iron to attach the fabrics while maintaining their
elasticity. The neoprene with loop fabric is then attached
to the non-conductive fabric layer with the instant adhesive
to comprise the multilayered fabric. The resulting fabric is
about 4 mm thick and is fixed to the conductive sensory
domain of the acrylic plate by applying the instant adhesive
only to the border of the multilayered fabric in order to give
sufficient adhesion without interrupting the piezoresistive
structures of the sensor.

The electrodes and microphones are connected to a sin-
gle data acquisition (DAQ) device (myRIO-1900, National
Instruments, USA) via custom multiplexing boards. The
electrodes are connected to pairs of analog outputs and
inputs, each injecting a current between an arbitrary electrode
pair and measuring the corresponding voltage. Instead of a
constant current source, a constant voltage source is used
as the input with a serially connected reference resistor to
measure a voltage between the electrodes indirectly. The mi-
crophones are connected to high pass filters and analog inputs
to remove any offset and measure microphone signals. A
field-programmable gate array (FPGA) of the DAQ controls
the multiplexing boards to sample at high speed, achieving
15 us for a single current injection and voltage measurement
and 10 kHz of sampling rate per microphone.

III. TOUCH SENSIBILITY VALIDATION

A force of typical touches in human physical interaction
ranges between 0.3 N and 10 N [5], and mechanoreceptors
in human skin can sense a high temporal stimulus up to
1000 Hz [22]. A cyclic loading and a vibratory stimulus in
such ranges are applied to the developed skin to validate its
sensibility to social touches.

A. High temporal sensibility

A sensibility to a high temporal component of touch is
validated by applying a vibratory stimulus using a shaker
(Mini-shaker type 4810, Bruel & Kjaer, Denmark). A tip of
the shaker is placed on the skin directly above a sensing
module, and a chirp signal ranging from 1 Hz to 1 kHz is
applied in a linear slope using a function generator (AFG
3022, Tektronix, USA). The chirp signal sweep time is 10 s,
and a peak-to-peak voltage is 10 V. The microphone signal is
logged during stimulation and repeated once again while the
shaker tip is in the air to record an acoustic noise measured
by the microphone under the identical stimulus. With the
known profile of the chirp signal, a signal-to-noise ratio
(SNR) is computed about stimulus frequency, as shown in
Fig. 3a. The sensing module can sense an upper limit of
human sensibility to high temporal stimuli and has a limit
of detection of about 38 Hz, a point where a signal is three
times the noise’s standard deviation.

B. Low temporal sensibility

A sensibility to a low temporal component of touch is
validated by applying a cyclic load. A mechanical impedance
sensor (Model 288D01, PCB Piezotronics, USA) is placed
on the midpoint of neighbouring sensing modules and cycli-
cally indented the skin using a motorised indentation setup
(EzZROBO-5GX ST3030, Iwashita Engineering, Japan). The
indentation depth is about 4 mm, equivalent to the outer
fabric’s thickness, with a speed of 3.5 mm/s, and kept the
pressure for 0.5 s before unloading with the same speed.
A current is injected into the electrode pair during the
indentation, and the corresponding voltage change is nor-
malised about a voltage across the reference resistor. The
force applied to the skin and low pass filtered normalised
voltage change are measured, as shown in Fig. 3b. The
developed skin is robust to a low temporal force of about
12 N. A conductivity between the modules changes as the
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Fig. 5: Example feature maps of nine touch modalities. The upper row is constructed from high temporal components
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force deforms the skin but saturates after about 1 s, which
corresponds to 3.5 mm indentation, and the applied force is
about 9.7 N.

IV. TOUCH MODALITY CLASSIFICATION

Microphones and electrodes can sense high and low
temporal components of touch, respectively, where each is
independently processed to encode temporal and spatial in-
formation into a feature map. A convolutional neural network
(CNN) is trained to classify feature maps of baseline noise
and nine touch modalities selected from a touch dictionary
[8], as shown in Table. I.

A. Feature maps construction

A feature map of a high temporal touch component is com-
posed of two sub-maps and computed from the latest 512 ms
microphones signals, which is equivalent to 5120 samples per
microphone. The first sub-map is time-windowed intensities
of microphones’ signals. A microphone’s intensity depends
on the distance between the sensing module and a touch
point; thus, the sub-map encodes amplitude and time-varying
spatial information of the touch’s high temporal component.
The second sub-map is a spectrogram of the microphone
signal with the largest intensity to encode a temporal property
over time. Only the largest signal is employed since it
would be closest to the touch, thus least attenuated during
propagation. A short-time Fourier transform (STFT) for
spectrogram computation has a time window length and
stride length of 128 samples, which is also employed in
time-windowed intensities computation in the first sub-map.
Therefore the sub-maps have an equal length along a time
axis, thus concatenated to form a final feature map of 89x41.

A feature map of a low temporal touch component is a
reconstructed image of conductivity change of the skin’s
conductive domain. An electrical resistance tomography

(ERT) is employed to estimate the conductivity change from
voltage measurements between electrode pairs. An open-
source library (EIDORS) is used to define the Jacobian-
based linearised model of a voltage change about a con-
ductivity perturbation. Its inverse problem is a linearised
reconstruction matrix of the conductivity change from the
voltage change, but it is ill-posed; thus, a Laplacian-type
regularisation prior is used [23]. Therefore, matrix multipli-
cation of the reconstruction matrix and the measured voltage
change computes an estimation of the conductivity change
map, which encodes an amplitude and spatial information
of a low temporal component of touch. A current injection
and resulting voltage change are measured only from 72
selected electrode pairs, as shown in Fig 4, based on an
optimisation method [24]. The corresponding reconstruction
matrix is computed and multiplied with the measured voltage
changes, resulting in a 40x40 feature map. Two feature maps
are simultaneously computed at a rate of 10 Hz, and example
feature maps of nine touch modalities are shown in Fig. 5.

B. Classification using CNN

Spatiotemporal information encoded as the feature maps
is decoded and classified using a 2D CNN, as shown in
Fig. 4. Each feature map undergoes identical layers with two
convolutional layers. Kernels of the convolutional layers are
5x5%32 and 5x5x 16, in computation order, with a stride of
one and no padding. Each convolutional layer is followed by
a batch normalisation layer, a rectified linear unit activation
layer, and a max-pooling layer with a size and stride of two.
The outputs are flattened and concatenated and go through
a dropout layer with a probability of 0.2, followed by a
fully connected layer and a SoftMax layer to classify a touch
into ten classes; nine classes for each touch modality and an
additional class for the rest state where no contact is made.
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Fig. 6: Confusion matrices on classifying the test set when the network is (a) trained only with high temporal feature maps,
(b) trained only with low temporal feature maps, and (c) trained with both features maps. Networks achieved an accuracy
of 84.7 %, 90.6 %, and 97.0 %, respectively. Ten classes in abbreviations: NC, no contact; Hi, hit; Pa, pat; Po, poke; Pr,

press; Ru, rub; Sc, scratch; St, stroke; Ta, tap; Ti, tickle.

A dataset of feature maps is collected to train and test the
network. Three individuals are presented with Table I and
asked to apply nine touch modalities to the developed skin
until 1000 feature map pairs are recorded for each touch.
1000 feature map pairs of baseline noise are also collected for
the rest state. The collected dataset is randomly divided into
training, validation, and test sets at a ratio of 8:1:1, and the
train set is augmented by a factor of 20 by adding Gaussian
noise, resulting in 16,000 training samples. The network
is trained using an adaptive moment estimation (ADAM)
optimiser with an initial learning rate of 0.0002, which drops
with a factor of 0.1 every five epochs. A mini-batch size is
64, and a validation loss is computed every 50 iterations.
The training aborts if the validation loss does not decrease
for 20 consecutive times or reach a maximum epoch of 20.
The network is trained with a single GPU (GeForce RTX
3070 8GB, NVIDIA, USA).

Three networks with identical structures are trained, where
two are each trained with the high temporal feature maps or
the low temporal feature maps solely, and the third is trained
using both feature maps. The three networks classified the
test set, and each achieved an accuracy of 84.7 %, 90.6 %,
and 97.0 %, respectively, as shown in Fig. 6. The network
trained only with the high temporal feature maps confuses
a press and rest state since the press is a low temporal
touch; therefore, no signal is measured by the microphones
and is hardly distinguished from the baseline. Similarly, the
network trained only with the low temporal feature maps
confuses a stroke and poke, whereas the network trained with
both feature maps outperformed the two networks.

V. CONCLUSION AND DISCUSSION

This paper presented a robotic skin with multimodal
tactile sensing modules to sense and classify various touch
modalities. The skin can sense high temporal vibration
between 38 Hz and 1 kHz, which covers an upper limit

of a human skin sensibility. Also, the skin is robust to
a low temporal cyclic force up to 12 N. However, the
skin could hardly measure a vibration beneath 20 Hz, and
the conductivity change is saturated about a force beyond
9.7 N. The lower vibration sensitivity bound is caused by
a condenser microphone’s frequency bandwidth limitation.
The saturation of conductivity change in cyclic loading is
due to the multilayered fabric structure. Once a conductive
patch is compactly pressed against the conductive domain,
no additional deformation and conductivity change can occur
beyond the point. Such saturation may be improved by
changing the mechanical property of the multilayered fabric
by employing a fabric with a higher elastic modulus.

Even though the skin has some limitations in sensibility,
it could sense wide temporal components of touch and
encode its spatiotemporal information into two feature maps.
This paper demonstrated that both high and low temporal
sensibilities are required to well classify various touches. The
skin achieved a high accuracy of 97.0 % but has room for
improvement since some touch modalities, such as pinch, are
implausible due to the limited skin stretchability and vulner-
able to a loud acoustic noise due to the use of a microphone.
Yet, the developed skin is applicable for an intuitive pHRI
with its various beneficial characteristics that could not be
simultaneously achieved in previous works; a few simple and
unified multimodal sensing modules makes the fabrication
process simple and reduces power consumption; flexible and
light multilayered fabric covering the sensing modules makes
the skin easily conformable to a larger scale and robust to
external impact and extreme touch modality such as hit; and
a touch classification in real-time.
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