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The human skin can reliably capture a wide range of multimodal
data over a large surface while providing a soft interface. Artificial
technologies using MEMS can emulate these biological functions
but present numerous challenges in fabrication, delamination due
to soft-rigid interfaces, and electrical interference. To address these
difficulties, we present a single layer multimodal sensory skin made
using only a highly sensitive hydrogel membrane. Using electrical
impedance tomography techniques, we access up to 863,040 conduc-
tive pathways across the membrane, allowing us to identify at least
six distinct types of multimodal stimuli, including human touch,
damage, multipoint insulated presses, and local heating. Through
comprehensive physical testing, we demonstrate that the highly re-
dundant and coupled sensory information from these pathways can

be structured using data-driven techniques, selecting which path-



ways should be monitored for efficient multimodal perception. To
demonstrate our approach’s versatility, we cast the hydrogel into
the shape and size of an adult human hand. Using our information
structuring strategy, we demonstrate the hand’s ability to predict
environmental conditions, localize human touch, and generate pro-
prioceptive data. Our framework addresses the challenge of physi-
cally extracting meaningful information in multimodal soft sensing,
opening new directions for the information-led design of single layer

skins in sensitive systems.

Summary: High-density impedance measurements are used to monitor multimodal stim-

uli from single layer skins over a hollow 3D hand.

Introduction

Human skin provides us with a large amount and variety of sensory information. Creating
similar artificial skins for robotic systems is challenging not only in the physical design
space but also at the computational level (1-4). Many skins and soft sensing interfaces
have been designed to respond to light contact (5-10). Such single-modality sensing is
essential for robots to perform complex tasks (11), but does not capture the full func-
tionality of human skins — such as temperature, pressure, and damage sensing. As we
design more functional robots, the need for multimodal perception in soft skins continues
to grow (12).

Electronic skins transform physical information into electronic signals using a combina-
tion of functional materials, mechanisms, and device architectures (15-15). Multimodality

is typically obtained by combining sensing units with stimuli-specific responses (16, 17);



many existing robotic skins rely on the integration of modular sensory components em-
bedded in a flexible/soft substrate (18-25). However, while such skins show promise as
wearable sensing technologies, they are still not well-suited for robotic applications for
several reasons. Firstly, their fabrication is tedious due to the need to distribute and
wire multiple small components over a large surface, limiting them to simple shapes. Due
to the presence of multiple soft-rigid interfaces, the skins are typically not stretchable
or are highly prone to damage. Finally, there is the challenge of signal interference and
cross-talk, which reduces accuracy (12, 26).

Another technique for measuring multimodal sensory information, which is rarely
found in literature, is to use the same sensing unit for all stimuli, with different re-
sponses corresponding to different stimuli. This approach presents challenges in decou-
pling the corresponding stimuli, but vastly simplifies fabrication and uses fewer soft /rigid
interfaces. Decoupling and distinguishing the external stimuli is then achieved using
high-throughput sensory channels and computational techniques that exploit redundan-
cies in information (27, 28). Vision-based tactile skins are one such sensing mechanism
that allows high-density sensory information, which can be used for multimodal percep-
tion (27, 29, 30). However, vision-based sensors are limited to simple shapes and are
prone to damage due to soft-rigid interfaces (refer to Table S2 for a comparison of the
state-of-the-art tactile skins).

Recently, electrical impedance tomography (EIT) has emerged as a method for sen-
sorizing continuous conductive materials like fabrics and hydrogels (31-37). Electrodes
are positioned over the material or around its perimeter, and selected tetrapolar elec-
trode configurations are used for multiplexed impedance measurements. With increasing
electrode count, numerous configurations arise. By selecting configurations based on the

generated electric fields across soft skin, the method’s output can be structured, balanc-



ing sampling rate and information content (38, 39). Traditionally, electrode selection has
depended on analytic reconstruction methods, but with the rise of machine learning in
sensory data processing (35, 40), more possibilities are available.

Previous works have explored data-driven selection of EIT drive electrodes, often con-
sidering adjacent, opposite, and trigonometric configurations (34, 41, 42), mainly through
simulation-based analyses (43,44). Direct physical testing can identify excitation patterns
better suited to the application (45), without Sim2Real discrepancies. However, physical
experiments are more time consuming than their simulated equivalents. By comparing the
information returned from every possible electrode configuration in our physical sensory
system, we employ a data-driven approach to return multimodal data with the maximum
information content. By monitoring all possibilities, we can identify which configura-
tions provide the most information about particular sensory stimuli, enabling efficiency
in subsequent system implementations by monitoring only these channels. We focus on
techniques which can be directly applied to a range of complex-shaped multimodal skins
without the need for finite element simulations. Although traditional EIT solvers first
aim to reconstruct a system’s conductivity map, we instead output the sensory stimuli
directly: type, location, temperature, and humidity.

By monitoring every configuration, we are not limited by the traditional assumptions
of reciprocity, measurement interdependence, and frequency independence (46), and we
are instead able to directly identify a system’s optimal configurations for specific sensing
modalities. Such an approach allows for complex physical setups in which these assump-
tions may not hold perfectly; even when they do, our data-driven approach can exploit the
subsequent information redundancies to generate its predictions from noisy data sources,
operating close to idealized limits of information content.

A limited number of works have explored the application of EIT for multimodal robotic



sensing: including applications for human touch, temperature sensing, and gesture recog-
nition (31, 47, 48). We have previously shown that a circular 2D skin trained to recognize
only single presses can make reasonable predictions of multi-press deformations and dam-
age states, while simultaneously monitoring the environment’s temperature and humid-
ity (49). However, existing approaches have been limited to simple skin shapes because
of the challenges involved in using standard EIT devices for complex 3D shapes (50);
even shell structures, which are topologically equivalent to circular 2D skins, will produce
weaker responses to a given stimulus due to the increased length of their current paths.
Zhang and Harrison used 28 configurations of electrodes placed around a human’s wrist to
differentiate between hand gestures using machine learning (51): while this demonstrated
the promising potential of EIT measurements to reconstruct more complex shapes, mul-
timodal stimuli were not considered.

In this work, we aim to develop tactile skin technologies that can be seamlessly in-
tegrated into existing robotic devices while providing high-density multimodal tactile
information. To do so, we explore the information structuring of high-density EIT on
complex-shaped single layer sensorized membranes which respond to multimodal tactile
cues. Using EIT hardware, we select electrode combinations which generate specific elec-
tric fields across a healable hydrogel, developed for soft strain-sensing applications (52).
The hydrogel’s thermoreversibility allows it to be cast into sensorized 3D skins, and we
demonstrate our multimodal sensing approach on a full-size hollow hand with electrodes
positioned only around its wrist.

We use our approach to balance between the 1.7 million available information channels
and a bandwidth of up to 33 kHz, by identifying and only monitoring the setup-specific
channels providing information most efficiently. In doing so, we demonstrate how the hand

can predict environmental temperature and humidity, localize light touches to 25 mm over



a 38,000 mm? area, and provide proprioceptive data when its fingers are actuated.

Figure la presents an overview of our framework for multimodal sensing. A soft
sensorized membrane functions as the skin, cast from a gelatin-based hydrogel. This
hydrogel, presented in (52), is low-cost, stretchable, piezoresistively responds to strain,
and can be used to monitor environmental temperatures and humidities. Its electrical and
mechanical properties can be tuned through its composition, enabling application-specific
designs. Here, we depict the skin as a circle, but its single layer thermoreversibility means
it can be straightforwardly cast into more complex morphologies, such as a hollow human
hand.

To monitor the skin’s multimodal interactions, up to 32 electrodes are arranged around
its perimeter. Multiple tetrapolar electrode excitation patterns can be quickly swept
across these electrodes using EIT electronics: two electrodes inject an AC current to
generate an electric field across the membrane, and the resulting voltage difference is
measured between two other electrodes. Through various mechanisms, multimodal stim-
uli cause changes in the electric field, which are recorded by the peripheral electrodes.
By carefully selecting the electrode configurations which we use to monitor the skin,
the system’s output information can be structured to efficiently return modality and
application-specific data. We select these configurations directly from physical measure-
ments, ensuring that our approach can be directly applied to complex physical setups
without requiring simulations.

In an idealized system, many of the available configurations are linearly dependent.
Instead of assuming our system to be ideal, we consider the signals returned by all pos-
sible configurations, ensuring that information is not lost due to small nonlinearities in
the electronic circuitry and physical coupling. This approach means that the four elec-

trodes used for each measurement are chosen completely independently, giving 863,040



(= 32 x 31 x 30 x 29) possible configurations of 32 electrodes. By measuring the ampli-
tude (as root mean square: RMS) and phase shift of all alternating current (AC) signals,
1,726,080 information channels are available for data-driven evaluation. At its highest
speed, our circuitry can monitor all of these channels at a 0.02 Hz frame rate. By selec-
tively structuring our excitation configurations, this frame rate can be linearly improved
to a maximum of 33 kHz (when monitoring 1 configuration), while providing sufficient
information about the form and location of the multimodal stimuli. Using our sensor-
specific methodology we envisage a pipeline for multimodal skin calibration: all available
channels are first monitored during a small range of physical tests, which are then used
to select a subset of configurations to best strike the balance between speed and infor-
mation content while accounting for noise, setup imperfections, nonlinearities, and signal
redundancies. Unlike existing cutting-edge works (31, 47, 48), our surfaces can be cast
into complex 3D shapes, and can respond to multimodal stimuli using only a single-layer
structure. We move beyond previous 3D shape sensorisation demonstrations — such as
humanoid faces (32) — by explicitly considering multimodality, incorporating responses
from over 1000 tactile stimuli and 100 hours of environmental monitoring.

We first develop our approach and analyze the material-level responses using an eight-
electrode circular membrane of the gelatin-based hydrogel, before applying the pipeline
to a complex-shaped soft single-layer hand, where we demonstrate its multimodal capa-

bilities.

Results

Multimodality through material-level stimuli response

Figure 1b depicts the membrane on which we first tested our information structuring ap-

proaches. A 10 cm diameter hydrogel circle was surrounded by eight electrodes, provid-



ing 1680 potential tetrapolar configurations and 3360 potential information channels. All
could be monitored by the high-speed electronics at up to 9.8 Hz (Table S1) — we selected
a 1 Hz rate to minimize the noise present in the generated electric field measurements.
By taking four-electrode measurements, we ensured that many channels were available
for our data-driven analyses (1680 configurations compared to 56 for two-electrode mea-
surements), as well as lessening the effect of contact impedances on our measurements.

We examined how six types of active stimuli affect the membrane’s electric field:
pressing with an insulated probe, touching with a human fingertip in one or multiple
locations, touching with a conductive object, damage, and localized melting. Each of
these stimuli is depicted in Figure 2a, above their expected detection mechanisms. A
seventh stimulus - lightly touching with an insulated (plastic) object - was included as a
baseline, since this was not expected to change the generated electric field. Figure 2b plots
the idealized simulations of the stimuli’s effects on one of the circular skin’s electric fields
(see Simulations in Materials and Methods). Electric current streamlines are plotted in
grey, and the induced voltage equipotentials are plotted in orange.

Straining the hydrogel with an insulated press or cutting it with a scalpel both acted
to locally decrease its conductivity, causing less current to flow through the stimulated
region. For Figure 2b’s electrode configuration and stimulus location, the simulation
predicts that this leads to an increase in the measured voltage (more equipotentials ter-
minate between the measurement electrodes) which was also observed in the real data.
Since damaging the membrane locally reduces its conductivity to zero, this had the largest
magnitude (28 mV), whereas the response to the insulated press was only 2.2 mV. This
was more than the insulated touch baseline in Figure 2b’s final column: as expected, this
difference was negligible. Though both stimuli locally decreased the membrane’s conduc-

tivity, differences in their spatial distributions could be identified by data-driven methods



for modality classification: damage cases will demonstrate very sharp transitions between
conductivities, whereas a single press will cause a more gradual transition, resembling
a 2D Gaussian curve. Instead of inferring these distributions from a reconstructed con-
ductivity map, we looked for approaches in which such differences are identified directly,
facilitating our method’s scalability to more complex 3D skins.

Similarly, the melting and conductive touch modalities both caused a local increase
in conductivity, which the simulation predicts will result in a decrease in the measured
voltage. In our physical experiments, decreases of 19 mV and 26 mV were measured
respectively, suggesting that the high conductivity of the steel bolt had the greatest effect.
As before, we expect the different spatial distributions of these conductivity changes to be
directly recognizable by an empirical approach. In addition, the two modalities behaved
very differently temporally, which could be exploited by recurrent neural networks to
provide additional information.

Finally, the effect of human touch was considered, which we split into two cases: single
finger touches and multi-finger touches. As described by Zhang et al. (33), single-finger
touches draw a small amount of current to ground via the shunting effect, which cannot be
represented with standard EIT models. Rather than modelling a current sink, Figure 2b
approximately modeled this as a local decrease in conductivity: a positive voltage change
was observed, though its magnitude was difficult to predict. Conversely, touching the
membrane with two fingers of the same hand provided a viable new path for the current
to flow, since human skin has a comparable resistance to the hydrogel (52). Again, this
was not straightforwardly simulated; Figure 2b’s attempted local conductivity increase
predicted little change in the measured voltage, rather than the substantial decrease

observed.



Decoupling multimodal information

So far, Figure 2b has considered only the RMS response of one of the 1680 available
electrode configurations. For each configuration, the measured signal’s magnitude and
phase shift could both be measured, giving a potential information throughput of 3360
information channels per frame. The information redundancies which these channels
contain can be used to uniquely identify, localize, and transfer knowledge between various
modalities without the need for stimuli-specific devices. In a fully implemented system,
different configuration subsets would then be monitored based on the desired stimuli,
information rate, and required precision.

Some typical responses of the 3360 channels are shown in Figure 2c. Each row plots the
normalized 10 kHz signal against time from one of these channels as a finger was touched to
three discrete locations on the physical membrane, and removed between trials. Responses
were visible in both the magnitude (RMS) and phase information channels. Importantly,
the overall response was noticeably different for each of the three locations: using suitable
information processing, localization is possible. The RMS and phase responses look very
different for different modalities: Figure 2c also plots the raw responses of the 3360
channels during localized melting of the same 3 locations. Rather than discrete events,
melting was characterized by sharp steps when heat is applied, followed by a cooldown
period in which responses begin to drift back towards their starting point. These time-
dependent behaviors are shown for two selected configurations at the right-hand side of
Figure 2c. At this stage, we do not know which configurations are best for predicting the
type and location of each stimulus; we next explore how these measured responses can
provide insights into the key similarities and differences between the modalities. Unless
otherwise specified, tests were performed at 10 kHz. Figure S1 justifies the frequency

selection, comparing the localized melting responses at three frequencies.
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For the 8-electrode EIT skin, we can devise data-driven methods to select the informa-
tion channels that provide maximum information about the tactile cues (See supplemen-
tary methods S4 for a simulation study on noise-free data for the same problem). Figure
3 considered three objectives in data-driven configuration selection: finding those which
return the best information for each modality, those which return the best information
regardless of modality, and those which are best for distinguishing between modalities.
To do so, we individually applied 7 modalities to the circular membrane: in addition to
Figure 2’s modalities, we also applied presses with a human finger, which we consider as
the combination of touch and insulated pressing mechanisms. Three arbitrarily-chosen
locations were used, marked A—C in Figure 3a. The 1680 electrode configurations were
recorded as all seven combinations of A, B, and C were applied, and their channel infor-
mation was ranked using principal component analysis (PCA) to determine which most
strongly influenced the variability of the response (see Types of Stimuli in Materials and
Methods. Additional insulated-press experiments with six fixed locations were repeated
in Figure S13). As depicted in Figure 3b, each modality’s PCA ranking was used to
construct a characteristic ‘fingerprint’” which we used as the basis of our configuration
selection approach. The fingerprints are arranged such that each single row represents a
fixed driving electrode pair, meaning that regular structures appear in the data - based on
the differences between the fingerprints, we visually gain an idea of their most important
configurations. In the fingerprints, each modality’s best configurations are represented
by the darkest pixels: the top-ranked configuration for each is shown in Figure 3c. The
insulated touch was the only fingerprint in which regular structures do not appear, since
the skin cannot respond to this modality. Hence, the insulated touch modality was not
analyzed further. Human press, which combines the human touch and press modalities,

appeared to be dominated by the human touch mechanism, with very similar fingerprint
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structures and the same top-ranked configuration.

To determine the best configurations regardless of modality, five of the fingerprints
were averaged, giving the blue general fingerprint of Figure 3c, in which darker pixels
indicate better configurations. Given the similarities of the human press and human touch
modalities, only human touch was used to construct this fingerprint to avoid skewing of
the result. The top four general configurations are shown, which provide the maximum
information content about the stimuli.

Finally, to identify unique configurations - those which respond in one modality more
than the others - we considered the difference between the modality’s own fingerprint
and the general fingerprint. This approach is illustrated for a human touch in Figure 3c:
the darkest pixel of the green fingerprint represents its unique configuration, which was
different to any of those already identified. This uniqueness was true for all configurations
identified in Figure 3c, representing the information channels, which could be used to
identify particular modalities. From these identified channels, we can immediately see
why a data-driven approach is most beneficial for decoupling multimodal signals, using
high-density EIT to generate information.

The benefits of our fingerprinting approach are demonstrated in Figure 3d, where
the top-ranked general configuration (G1) was used to measure the responses of five
modalities at the three locations. As expected, the insulated touch did not respond
beyond experimental noise, whereas all others had responses which vary with location.
The differences in magnitude between modalities is an indicator of how difficult each will
be to analyze: insulated presses gave a much weaker response than human or conductive
touches. Response weakness could be partially addressed using the unique configurations:
the final plot of Figure 3d shows how the average response at the three locations was

changed from G1 by the unique configurations of four modalities. In three of the four
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cases, our fingerprinting approach identified configurations which maximized the signal
from their particular modality. Only human press - which was not used in the general
fingerprint - did not achieve this, instead maximizing the human touch change. This
suggests that, although it will be difficult to distinguish between the two modalities, any
localization results from one could be straightforwardly transferred to the other due to
their similar mechanisms. Transferring knowledge between the modalities with different
mechanisms is more of a challenge: we considered an extension of our data-driven approach

in Figure 4.

Estimating multimodal information

To understand how we could differentiate between multiple stimuli, we first examined the
similarity among all modality responses during Figure 3b’s seven experiments, based on
the coefficients of the first principal component (see supplementary methods S1). The
results are plotted in Figure 4a, where thicker connections indicate a higher similarity
metric. As well as being similar to each other, both human modalities were very simi-
lar to the modalities which locally increase conductivity: conductive touch and melting.
Conversely, both had minimal similarities to damage and insulated pressing, which locally
decreased conductivity. We aimed to identify a modality which is sufficiently similar to
all others, such that its further analysis provided insights into all modalities. Conduc-
tive touch was selected for this purpose; we first learned to localize the touch and then
examined how this knowledge can be transferred: Figure 4b.

For localization, Figure 4c is based on the responses of the 3360 information channels
to 1000 random placements of a steel nut onto the membrane by a robotic arm (Video S1).
The information from the 3360 channels could be utilized to estimate the bolt’s location

using standard regression algorithms.
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Rather than using all channels as the input to a feedforward neural network, we used
only the N best configurations, after all 1680 configurations were ranked using one of
three methods. In an ideal system with no noise or nonlinearities, localization of a sin-
gle stimulus could be performed with just five information channels (Figure S11). Since
our physical system did not behave ideally, this ranking approach was used to ensure
measurement efficiency for complex setups, and could be straightforwardly expanded to
non-circular membranes and skins. Two of the three ranking methods did not use any
ground truth position data: ‘PCA’ was the same ranking used to build Figure 3’s finger-
prints, and ‘Environment’ performed its ranking based on how well the channels correlated
to changes in humidity of the membrane over an 62-hour period (Figure S2). The final
ranking method used the position data as the basis of a statistical F-Test (supplementary
methods S1). All were compared to ‘Adj/Opp’, which tested opposite and adjacent elec-
trode positions (Figure S3). These electrode configurations were selected as a comparison
due to their widespread usage and practicality in sensorized robotic skins (32, 34-36); we
note that, in more traditional EIT setups, more suitable configuration approaches have
been identified for the reconstruction of conductivity maps (53).

When the localization errors of a 10% test set were examined (N = 1 — 150) in Figure
4c, all three ranking methods performed better than the adjacent/opposite configurations,
with the F-test ranking quickly converging to errors less than 10 mm. The improvement
of the data-driven rankings stemmed in part from their ability to exploit asymmetries and
nonlinearities in the physical material composition, multiplexer performance, and contact
impedances (Figure S4). The distributions of errors over the membrane using the 20
best configurations are shown: although PCA gave some regions of good localization, the
adj/opp ranking had high errors distributed across the entire membrane. F-Test gave a

near-uniform distribution of low errors across the membrane’s surface.
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The F-Test ranking method provided a successful way of efficiently structuring the
skin’s output data, with its top 50 configurations resulting in better localization than 150
configurations of a standard sweep. We next used these top 50 configurations to map
unseen modalities into a 2D plane where different stimuli could be visualized, built from
the conductive touch data’s first two principal components: Figure 4d.

When the F-Test mapping was applied to the seven experiments of conductive touch,
clusters were visible, corresponding to the untouched state, each individual location, and
each multi-location combination. Using the vectors between each stimulus and the un-
touched state in Figure 4d, each multi-location event could be reasonably predicted by
superposing its individual locations (Figure S5). This observation suggests that each lo-
cation elicits relatively independent responses from the structured channels - a behavior
which we encouraged by statistically ranking the channels. Through finding configurations
which identify specific regions of the membrane, we expected our structured output data
to be generalizable to new modalities, which we tested in Figures 4e-g. These figures used
the same mapping, built from conductive touch’s responses, to visualize the responses
of three different modalities at the same locations: insulated press, human press, and
melting. The scale was kept consistent: larger vector magnitudes were due to greater raw
responses. We have already seen in Figure 3d that insulated presses have the smallest
magnitude, but we now look at the direction of its vectors (Figure 4e), which were all in
opposite directions to those of conductive touch (as shown directly in Figure S5). This
shift in direction occured because the pressing caused a local decrease in conductivity,
unlike conductive touch’s local increase - knowing this mechanism, we could use the map-
ping to predict locations of the unseen modality, for both single and multi-press events -
superposition also applies to this new modality. Further multi-press predictions of up to

six simultaneous insulated presses were explored in Figure S13, where this superposition
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was exploited by considering each location independently.

When mapping human press stimuli (Figure 4f), there was a difference between single
and multi-press modalities, as predicted by Figure 2a’s different mechanisms. The single-
touch vectors of A, B and C (corresponding to the locations marked in Figure 3a) were
in very similar directions to that of conductive touch. However, multi-press produced
a new path along which the current can flow, and superposition did not apply - multi-
press produced much greater responses. Multi-press events were still distinguishable,
being separately clustered in the 2D mapping, but additional modelling layers would be
required in order to accurately predict their locations.

The inverse relation between insulated press and conductive touch response vectors im-
plies that melting, which locally increases conductivity, should result in response vectors
aligning with those of conductive touch. This was the case: Figure 4g shows a parametric
plot with time as the membrane was heated and allowed to cool at A, B and C, each of
which caused an outward motion in the same direction as that of the conductive touch
(Video S1). These transferability findings (illustrated fully in Figure S5) indicate that,
by knowing the mechanism by which a sensing modality affects the electric field of an
asymmetric membrane, the results from training on only one modality can be used to
make sensible predictions and the locations of totally unseen modalities. Coupled with
knowledge of the unique configurations (Figure 3c), this transferability provides a data-
driven pipeline for multimodal sensing in the skin: unique configurations are monitored
to detect and classify a particular stimulus, the location of which is then predicted us-
ing conductive touch’s trained model. In addition, we know from Hardman et al. (52)
that environmental conditions can be straightforwardly monitored using just a handful
of configurations, facilitating a skin which responds not only to multiple stimuli, but can

also track the conditions in which it is doing so. The data-driven nature of our approach
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means that it could be applied to setups for which analytic approaches would ordinarily

struggle: 3D skins and anisotropic conductivities.

A single layer sensorized soft hand

To demonstrate how combining information structuring with high-density EIT can enable
high functional robotic skins, we moved from the 2D circular membrane to a more complex
3D morphology: a full-size hollow 3D hand cast entirely from the soft sensorized hydrogel.
Figure 5 presents the key components of its design - with 32 electrodes arranged around
its wrist, there were 863,040 available electrode configurations and 1,726,080 available
information channels. These configurations were used to generate electric fields across
the hand, the monitoring of which enabled multimodal sensing through the mechanisms
introduced in Figure 2. Despite the complex 3D shape, information-rich subsets of the
863,040 electrode configurations could be identified with our approach, such that stimuli
could be recognised and interpreted with an efficient balance of information rate and
content.

A new proprioceptive response was also introduced: strains from the bending of the
fingers caused conductivity changes which could be detected in the raw signals. Un-
like previous skins for robotic hands, the entire surface area of our design contained no
soft /rigid interfaces, since electrodes were introduced only at the wrist. The free surface
made the skin fully stretchable, fully continuous, and free to capture multimodal interac-
tions occurring anywhere over its surface. As the hand was made from just one material,
there was no risk of delamination. Local damage to the surface does not affect device
architecture and the material itself exhibits healing properties (52), making the artificial
skin highly robust.

Figure 5b depicts the hand’s fabrication process: a silicone mold was cast around a 3D-
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printed positive, before a smaller ‘inner positive’ was inserted, a flexible sleeve containing
conductive threads was added, and the hydrogel was cast. After removal from the mold,
the inner positive was removed through the empty cross section of the wrist to leave a soft
hollow membrane, which was firmly secured into a base through which the 32 electrodes
were wired. More details can be found in Figure S7, and in the supplementary methods
S3.

The hand immediately responded to human touch, conductive touch, and finger bend-
ing (Figures S8-S10). We focus here on the information structuring that is required for
human-robot interactivity (localizing light human touches over the skin’s surface) and for
environmental monitoring (of temperature and humidity). Given the electrode positions,
any generated electric fields will be weakest at the skin’s fingertips. To account for this
distribution, our data-driven ranking approach will skew towards selecting configurations
which provide localization information towards these areas, rather than only near the base.
Alternatively, the hydrogel’s composition could be locally varied to provide material-level
information structuring, increasing the conductivity of channels which encourage current
flow towards the fingertips (36). This approach was briefly explored in Figure S6.

In Figure 6, we demonstrate how our data-driven ranking methods can perform human
touch detection on this complex 3D surface. Firstly, all 1,726,080 channels were monitored
as the hand was touched in three locations (Figure 6a). Even touches at the fingertip,
furthest from the electrodes, could be seen in the raw data. From these representative
responses, Figure 3’s approach was used to generate a 780x992 fingerprint, from which
the 2784 best-ranked configurations were selected.

To characterize our method’s localization capabilities, 1080 random locations over
the hand’s 38,000 mm? area were touched while 11,136 channels were monitored: the

2784 selected fingerprinting configurations, and the 2784 adjacent/opposite EIT configu-
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rations. By pre-filtering 5568 of the 863,040 available configurations, we balanced between
a dataset which could be collected efficiently (11,136 channels every 6.5 s - Table S1), and
collecting sufficiently structured data to run a more thorough ranking for successful local-
ization. Before any further channel reduction was done, the method of weighted activation
maps (WAMs, presented in (49)) was used to predict the locations of a 10% test set, given
N channels. Figure 6b plots the resulting localization errors (‘without ranking’), which
converged very slowly, with localization errors averaging more than 40 mm even when
using 500 random channels. However, when the F-Test ranking method was introduced
to structure the standard configurations, localization errors fell below 30 mm using just
40 channels, as our data-driven search identified those which were capable of providing
the most beneficial information despite the presence of measurement noise (Figure S12).

With more configurations available to structure, the localization became even more
accurate and efficient: Figure 6b’s rightmost graph plots the N = 500 localization errors.
Using F-Test ranking, localization was possible to 24.7 mm over the 380 cm? area of the
hand (Video S2). To examine how this was achieved, Figure 6b also demonstrates the
activation maps of the 10 best configurations: their average responses to 1080 touches over
the area of the hand. Using only these 10 signals, localization errors below 40 mm could
be achieved. In each, a particular area of the hand responded most strongly to the light
touches: by combining multiple such configurations, the WAMs method could efficiently
predict the touch location. Localizing the touch with so few channels enabled higher frame
rates during data collection (up to 3.3 kHz for 10 channels in Table S1), promising the
analysis of increasingly dynamic data. Additionally, this localization of human touch was
achieved with fewer than 496 channels - the maximum number of independent channels
predicted by N-port theory (46) - ensuring that additional information is available for

multimodal predictions.
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For example, the soft 3D hand could also monitor and predict its environmental con-
ditions, as shown in Figure 6¢ and Video S2. Here, the responses of the 5568 configu-
rations were recorded over a 100-hour period in the laboratory. During this time, the
environmental temperature and humidity moves between 19 <+ 25 °C and 38 < 72 %
respectively. By ranking the responses using Figure 4’s F-Test approach, 50 signals were
sufficient to train a neural network to accurately predict environmental temperature and
humidity in a 10% test set, as shown in Figure 6¢c. These fluctuations caused changes
in the hydrogel’s conductivity, which affected the measurements of the skin’s generated
field. Subsequently, a global drift could be seen: Figure 6a plots the mean RMS response
of all 863,040 configurations, averaged over 870 groups of 992 channels. Though some
channels were noisier than others, this drift corresponds to ground truth measurements
of the actual environmental conditions. Additionally, tactile data could be recorded and
predicted during this same period: the gray bars indicate a period over which 250 random
locations were touched, and localized with an average error of 26.3 mm. Figure 6d shows
the distribution of localization errors: the structured configurations kept this low over the
majority of the hand, with higher errors mostly at the fingertips. In Figure 6e, the WAMs
predictions of eight consecutive test set touches are plotted, where brighter yellow regions
are those predicted most likely to contain the stimulus. With an average error of 25.1
mm, these provide a representation of typical predictions over the 1,080 recorded touches.
In three cases, the front/back classification was predicted incorrectly. These were cases in
which the stimulus was very close to the perimeter, such that the front and back touches
were physically very close. More examples are shown in Video S2. Additionally, an initial
application of our channel-ranking + WAMs approach to further multimodal predictions
is presented in Figure S14. Human multi-touch predictions across a new 32-electrode

3D hand were made at the same time as local temperature predictions at the base of its
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thumb. Channel-ranking was used to treat front predictions, back predictions, and tem-
perature predictions independently. Results are shown further in Figure S15 and Video

S3, while full details are given in supplementary methods S5.

Discussion

Current multimodal tactile sensing technologies are developed from a bottom-up ap-
proach, designing modality-specific devices which are combined using complex fabrica-
tion techniques and smart materials to make them flexible and scalable. This approach
makes them difficult to manufacture, expensive, prone to delamination and damage, and
susceptible to interference. Our results demonstrate a top-down approach for the mul-
timodal sensorization of complex skins: using our information-structuring framework,
we are able to localize light touches over the surface of a homogeneous hand with elec-
trodes positioned only around its wrist. Thirty two electrodes provide more than 1.7
million information channels across the sensorized material, containing data from multi-
modal interactions and environmental conditions with inbuilt redundancies which ensure
robustness. This abundance of data presents challenges in the processing of sensory in-
formation that stimuli-specific sensing devices do not have, but our architecture provides
more flexibility in the design, fabrication, and scale. To address the challenge of efficiently
obtaining relevant state information from these numerous channels, we present a multi-
level information structuring method. Using passive information from the environment
with the combination of statistical techniques, modality-relevant information channels can
be quickly identified. This is followed by standard nonlinear regression for state estima-
tion. We demonstrate how the information structuring of such channels can be used to
identify and process multimodal stimuli, increase the efficiency of tactile localization, and

transfer knowledge between modalities. Using this approach, we highlight a promising
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route for increasing the complexity of 3D multimodal skins with peripheral electrodes for
direct application to wearable sensors, robots, and prosthetic devices.

So far, we have demonstrated our sensing strategy using a homogeneous material,
showing the benefits of our information structuring approach to the multimodal sensing
of complex shapes. Even with F-Test ranking, the homogeneous material properties led
to decreased sensitivities at the hand’s fingertips, furthest from the electrodes. As EIT
technologies continue to be developed for single layer 3D shapes, sensitivity distributions
can be influenced in two ways: electrode repositioning, and material anisotropies. Repo-
sitioning electrodes to locations where they will generate stronger signals makes the areas
more sensitive, but at the expense of restricting motions, physical interactions, and in-
creasing delamination risk. Conversely, the introduction of conductivity anisotropies (as
explored in Figure S6) into the material would serve to bias the direction of current flow
while keeping electrodes at convenient locations. With hydrogels, this could be imple-
mented through local changes in composition; a skin’s initial conductivity distribution
and electrode location could be optimized in simulation before fabrication. Still, without
first principle models, it is not possible to predict the properties of our sensory skin. This
makes specification-driven design and design optimization challenging. Data-driven de-
sign optimization techniques have to be employed in this case (54, 55), and we expect that
a realistic design pipeline of our approach would couple the faster iterations of simulated
models with the empirical data of physical modelling.

Figure 1 introduced the hydrogel composition used as the basis of the sensorized mem-
branes throughout this work. Its responsiveness to particular stimuli determined the range
of multimodal properties which we were able to demonstrate; those capable of influencing
a generated electric field can be monitored through our approach. Similarly, the selection

of different conductive and functional materials could be used to introduce new modalities
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including magnetic, chemical, and light sensitivities. For a material’s complete system
integration, these electrical properties must be considered alongside its mechanical, fab-
rication, and robustness characteristics. Hydrogels are typically associated with ‘drying
out’ over short time periods: though the composition used here can remain stable over
multiple months (52), its mechanical properties and physical dimensions fluctuate within
a typical range of environmental temperatures and humidities, and it has a relatively low
maximum operating temperature. The effects of humidity can be lessened through the
introduction of a non-permeable covering, though this moves into a multi-layer system in
which the chances of delamination and adhesion issues are greatly increased. Instead, for
more stable implementations conductive elastomers - such as the carbon-infused silicones
popular in soft robotic systems - could be explored.

By using a single layer skin, our hand was stretchable and could not delaminate. Its
weakest points were at the only remaining soft-rigid connections: the wrist. As described
in the supplementary text, clamped connections, conductive thread, and adhesives of
intermediary stiffness were used to ensure this interface was as robust as possible. Subse-
quent iterations and improvements in flexible electronic adhesion could look to integrate
more flexibility into these connection points, transforming them into safer soft-soft inter-
faces.

Additional future work includes the exploration of methods for the transferability of
learned channel rankings between different sensors. We began our approach by neglecting
reciprocity assumptions within the system in favour of a data-driven approach: once any
hardware nonlinearities have been learned then this step may not be necessary, improving
training efficiency. Once efficient frameworks have been developed, a promising direction
of development is the execution of high-level touch-driven tasks for robotic manipulation

using sensorized skin. Since the soft skin is hollow and stretchable, we can easily wrap
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existing robotic manipulators with minimal effects on the robot’s motion. Raw data
from the EIT channels after the first stage of information structuring or fully processed
multimodal information can be used as state observations to close the loop for contact-rich

tasks (56).

Materials and Methods

Electrically Conductive Membrane

The electrically conductive skin was cast from a gelatin-based hydrogel, as described by
Hardman et al. (52). Gelatin powder (MM Ingredients) was mixed with water, glyc-
erol (Fisher Scientific) and citric acid monohydrate (Fisher Scientific) at a mass ratio of
1:1.5:1.5:0.2, and left to homogenize for 48 hours in an oven at 50°C, during which salt
(Sainsburys) was added at a mass ratio of 1:0.1 to the gelatin powder. To create the circu-
lar membrane from Figures 1—4, this mixture was poured into a laser cut acrylic mould
of 110 mm diameter and 3 mm thickness. Once solidified, the membrane was clamped
between two laser cut acrylic frames, pressing 8 equally stainless steel M2.5 bolts into its
surface at a 100 mm diameter to function as the electrodes. This setup was bolted onto
a 3D-printed support, which held a 90 mm cylinder of Ecoflex 00-20 silicone underneath
the exposed hydrogel surface. The resulting setup is shown in Figure 3a: any presses of
the skin also pressed into the silicone substrate. Figure 1 shows the interface between the
electrodes and the high-speed electronics: one crocodile clip was clamped to each of the
eight electrodes, which joined to a 32-pin ribbon cable via an IDC breakout board. Fig-
ures 3 and 4’s experiments were performed at environmental conditions of 55% humidity
and 19°C. Full details of the hollow hand’s casting process and electrode integration are

provided in the supplementary methods S3, and CAD files provided in the code repository.
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Electronics

Throughout this work, electric fields were generated and measured using Zhu et al.’s
open source EIT-kit motherboard (shown in Figure 1b), designed for human health and
motion monitoring via electrical impedance tomography (57). To match the impedance
of the hydrogel, four resistor values were changed from the original design: R7, R8, R21
and R22 were set to either 100 © (2D membrane) or 50 © (3D hand). The Teensy
4.0 microcontroller on which this runs was programmed through the Arduino IDE, and
measurements were returned to a serially-connected laptop through a USB cable. Voltage
and current gains were set manually for each setup, as were each configuration’s electrode
locations via its multiplexer. Table S1 details the frequencies and speeds used throughout
this work: the fields from injection frequencies between 10 and 100 kHz were measured
using the onboard 20 MHz ADC. By varying the controller’s averaging factor and wait
times, single measurements were returned at a rate of up to 33 kHz. Specific rates
were selected for each experiment to compromise between measurement speed and noise

reduction.

Simulations

Figure 2b and c¢’s electric field simulations were generated using EIDORS’s inbuilt for-
ward solver (58), implemented in MATLAB 2023a. A circular model with 8 electrodes
and low vertex density was constructed, with identification string d2dic. Stimulation
patterns were input manually, and the field visualized using MATLAB’s streamline ()
and contour () functions for current and voltage, respectively. To simulate the insulated
touch’s effect, a homogeneous membrane was assumed, whereas other modalities were
represented by changing the conductivity of a circle one fifth the diameter of the mem-

brane. The ‘new path’ mechanism was represented using a variable-conductivity ellipse.
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In Figure 2b, current was injected at electrodes 5 and 8 while being measured at electrodes
2 and 4. This corresponds to configuration 1598, which was selected such that stimuli
at point A resulted in a visible effect to the generated field. In configurations 352 and
902, this order was [2, 6, 3, 7] and [3, 5, 1, 4] respectively. Code is provided with this

manuscript.

Types of Stimuli

Figure 3’s control stimulus - insulated touch - was applied by placing 1.5 g polypropylene
twist caps at locations A, B, C, A4+ B, A+ C, B+ Cand A + B + C in turn for one
minute, with one minute gaps between each stimulus. Insulated press, conductive touch,
human touch and human press followed the same order and timings (photos of each
are given in Figure 3a), with conductive touch using a 6.5 g stainless steel bolt, human
touch using the fingers of the experimenter’s left hand to gently contact the membrane,
human press using the fingers of the experimenter’s left hand to depress the membrane by
approximately 10 mm, and insulated press using 5 mm diameter PLA probes attached to
a URDS robotic arm to depress the membrane by 8 mm. For the melting stimuli, a rework
station’s heat gun, set to 200°C, was brought close to locations A, B and C in turn, each
for 15 seconds with 5 minute intervals for cooling. During damage, the experimenter wore
nitrile gloves and used a 10A scalpel blade to cut the membrane at locations A, B and C,
holding each cut open for 1 minute then releasing for one minute before cutting the next.
During all modalities, RMS and phase information from all 1680 channels at 10, 50 and
100 kHz were monitored at a frame rate of 0.33 Hz (Table S1). The 10 kHz recordings

were used in subsequent analysis.
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Processing and Localization

Information processing and stimulus localizations were implemented using MATLAB
2023a. Supplementary methods S1 provides specific details behind the creation of Figures
3b—d and 4a—c, 4de—g. Supplementary methods S2 provides specific details behind the

localization methods of Figures 4d and 6a—e.

Statistical analysis

Figures 2, 3, 4 and 6 present data from individual experiments, using a large number
of channels and randomized locations, which are reported in the captions. Reported
localization errors throughout the manuscript are the mean errors of an isolated test set
(10% unless otherwise stated). Details of specific implementations are provided in the

supplementary methods, and in the attached code.

Supplementary materials

Supplementary Tables S1 to S2

Supplementary Figures S1 to S15

Supplementary Methods S1 to S5

Supplementary Videos S1 to S3
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Soft Sensorized Membrane Multimodal Stimuli
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Figure 1: Multimodal information structuring of a soft sensorized skin.

Multimodal stimuli are detected through the generation of an electric field across the
skin using EIT hardware: the information which this returns can be structured through
the skin’s own composition and morphology, and through the configuration of excitation
electrodes. This work uses a gelatin-based hydrogel as its soft membrane, since this can
straightforwardly be cast into complex continuous shapes which contain no soft-rigid in-
terfaces, such as a human-scale hand. By selectively exciting the membrane, structured
information is output, which can be used to monitor environmental conditions, localize
tactile stimuli, and explore the similarities and differences between multimodal stimuli.
(b) The 8-electrode hydrogel membrane used for initial tests: high-speed electronics con-
nected to the membrane’s perimeter enable the comparison of all 1680 possible electrode
configurations. A 10 cm circular membrane is fabricated, which is used to detect all the
ambient and active stimuli presented in (a). In a fully-implemented system, this data

would be fed directly to the robot’s controller.
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Figure 2: Detecting multimodal stimuli using a generated electric field. (a)
The seven modalities under consideration, and their mechanisms of local conductivity
impact on a soft hydrogel skin. Damage/Insulated Press and Melting/Conductive Touch
modalities are grouped in pairs due to their similar mechanisms. (b) The effect of these
mechanisms on one EIT-based tetrapolar electrode configuration around the 8-electrode
circular skin. Simulations map the expected electric field in the presence of each stimulus,
with bar graphs showing the measured responses when the seven modalities are applied
to Figure 1b’s circular skin. (c) Raw responses from all 1680 electrode configurations for
three differently-located human touch and melting modalities. Each horizontal line plots
the response of a single electrode configuration, normalized to fall within the range [0, 1].
The raw time series responses of two configurations (numbered 352 and 902 in the 1680
full configuration sweep) are plotted over the same period.
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Figure 3: Empirically identifying which configurations return the most valuable
information to enable multimodal perception. (a) 7 modalities are used to stimulate
the circular skin at three locations, while all 1680 electrode configurations are monitored.
By ranking and comparing the responses, optimal configurations can be identified. (b)
The generation of characteristic ‘fingerprints’ for each modality, based on the absolute
PCA coefficients of the 1680 configurations” RMS magnitudes. Insulated touch does
not return a structured fingerprint, due to the membrane’s inability to respond to this
modality. (c) Using the fingerprints to identify the configurations which have the most
influence for each modality, regardless of modality (referred to as the ‘general’ case),
and which generate a response most unique to each modality. (d) Response magnitudes
using the best general configuration G1: these vary with modality and with location.
Relative responses for four unique configurations are also plotted: as designed, these
give the strongest response for their particular modality. Human touch and human press
modalities appear most difficult to decouple.
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Figure 4: Transferring localization knowledge to unseen modalities. (a) Similar-
ities between the modalities, based on the coefficients of their first principal component:
conductive touch is selected for transferability tests due to its high similarity to all other
modalities. (b) The process of cross-modality knowledge transfer: a neural network is
trained to localize conductive touch stimuli, and the key configurations identified: these
are used to visualize the responses of other modalities. (c) Four configuration-ranking
methods are compared in structuring the input to a neural network which localizes 1000
conductive touches at random locations. When examining the convergence rates and dis-
tribution maps of localization errors on a 10% test set, statistical F-Test rankings perform
best and are selected for cross-modality transfers. (d) F-Test’s best 50 configurations are
used to map the responses into a 2D plane through principal component analysis (PCA)
where different stimulus locations can be visualized. Multi-touch vectors can be super-
posed from single touch vectors. (e) The same mapping is applied to insulated press,
which gives smaller response vectors in the opposite direction. (f) The mapping is ap-
plied to human presses, which behaves similarly for single locations, and responds very
strongly to multi-location presses due to Figure 2a’s new mechanism. (g) The mapping is
applied to the localized melting time series to produce a parametric plot (Video S1), with
response vectors in the same direction as cggductive touch due to their shared response
mechanism.
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Figure 5: Application to 3D skins: design of a hollow hand. (a) A hollow skin
is cast from the sensorized hydrogel, with 32 electrodes positioned around its wrist. The
hand’s entire surface is continuous and contains no soft /rigid interfaces. 863,040 electrode
configurations are available to detect multimodal stimuli. In addition to the modalities
already considered, a new proprioceptive response is possible when the fingers bend. (b)
Fabrication steps of the skin. Positive inserts are used to create the hollow membrane,
with all 32 electrodes being routed into a ribbon cable at the hand’s base to connect to
EIT hardware. A full description of the proggss is given in the supplementary material.
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Figure 6: Structuring information to predict multimodal stimuli in the 3D
hand. (a) Even with the electrodes at the wrist, tactile responses are still seen in the
setup’s 1,726,080 information channels. Fingerprinting is used to select which should
be monitored. (b) Using F-test ranking to improve the efficiency of tactile localization.
1080 randomized light touches over the front and back of the hand are predicted using
the WAMs method: using N channels, the average localization errors of a 10% test set are
plotted. Activation maps of the 10 top-ranked configurations are shown, which respond
to touches in different areas of the hand. (c¢) Using F-Test to select the channels, accurate
predictions of environmental temperature and humidity for a 10% test set can be learned
by a neural network, while touches are taking place. (d) Error distributions over the front
and back of the hand. (e) Eight test set predictions from the multimodal measurements.
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