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The sense of touchiis essential for humans to perceive, locate and react to
physical stimuli. Notwithstanding the substantial advancements in e-skin

research and related applications with collaborative robots and bionic
prostheses, biomimetic intelligence remains a challenge in the attempt to
understand and mimic somatosensory processing schemes. In this work, we
present alarge-area e-skin embedded with photonic fibre Bragg gratings,
capable of decoding touch localization through a bioinspired two-layered
spiking neuronal network. The implemented biomimicry of slowly adapting
and fast-adapting type Il primary afferents, cuneate neurons with overlapping
receptive fields and neuroplasticity, enable unsupervised learning in
localizing tactile stimuliwith an error lower than 10 mm, and two-point
discrimination thresholds matching human psychophysical thresholds in the
forearm. These results align with biological findings and offer a promising
step towards the development of bionic systems, opening new avenues for
both practical applications and scientific explorations of somatosensation.

Thetactile senseis essential to perceive and process information about
the surroundings, allowing humans to establish social interactions,
locate and react to external stimuli, and recognize features of what is
being touched'”.Inaddition, touchis fundamental for body preserva-
tion, through the identification and localization of innocuous contact
events and harmful stimuli, enabling dexterity with fine control of
touching behaviours and preventing damages and accidents®®. This
abundance of tactileinformation reflects the variety of tactile receptors
that populate the humanskin. Mechanical stimuliare, in fact, encoded
by four main classes of primary afferents (PAs), also known as mecha-
noreceptors, that innervate glabrous skin. These mechanoreceptors
are distinguished according to their adaptation to different stimuli.
Slowly adapting receptors have asustained response during the overall
duration of the stimulus, whereas rapidly adapting receptors respond
primarily to transients, such as the beginning or the end of an applied

mechanical stimulus*”®. Inaddition, mechanoreceptors can be classi-
fiedinto two classesaccordingto their location within the layers of the
human skin. Type I mechanoreceptors present small receptive fields
and are located near the epidermal surface. Among them, there are
Merkel discs and Meissner corpuscles, which are slowly adapting type
I (SAI) and fast-adapting type I (FAI) units, respectively. Conversely,
Ruffini and Pacinian corpuscles are classified as slowly adapting type
I1 (SAII) and fast-adapting type Il (FAII) receptors, respectively, being
located deeply in the dermis and having large receptive fields with
obscure borders**'°. The cooperation of all these receptors fosters a
human’s ability to recognize and localize light and heavy touch, sus-
tained pressure, vibrations, textures and fine features. The artificial
implementation of these functionalities would be desirable in both
industrial and biomedical applications in which awareness of the sur-
roundingsis amajor requirement. As an example, collaborative robots
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need to interact safely with the environment and humans in various
scenarios" ™, and users of bionic prostheses or exoskeletons would
benefit from enhanced tactile information for a better embodiment
and control of the artifacts™ .

Thus, the development of biomimetic tactile systems, enriched
byathorough understanding of somatosensory learning mechanisms,
would make it possible to equip robots with sensing devices capable of
generalizing and adapting to new stimuli and develop more intuitive
functional bionic devices for the restoration of sensory channels' "%,
These needs have driven numerousresearch studies and the develop-
ment of tactile sensors, based on electronic technologies, such as
piezoresistive and capacitive elements, to implement bioinspired
artificial skins*'"1°%°, Nevertheless, the deployment of these systems is
still limited since they do not feature either the physiological skin shape
flexibility and sensitivity distribution, given their rigid substrates and
wiringissues, or the natural mechanism of efficient tactile information
decoding*'">*, Recently, fibre Bragg grating (FBG) sensors have proven
to be aviable alternative for developing bioinspired e-skins, owing to
their multiplexing properties, that s, the possibility to distribute mul-
tiple sensing units along a single optical fibre™*2. FBGs deeply placed
inasilicone layer resembling human skin were proven to functionally
mimic Ruffini mechanoreceptors, enabling the decoding of stimuli
applied onto the e-skin by means of supervised learning methods".
However, biomimeticintelligence and the efficiency of somatosensory
processing are still lacking in these systems, possibly because these
biological mechanisms have not been completely and thoroughly
understood yet?** >,

Currently, several models of tactile processing are based on analo-
gies with vision due to its spatial accuracy”*°. However, touch sense
mechanisms also present high temporal precision, with sensitivity to
different frequency ranges, asit happensin the auditory system?-***"%%,
Recently, two bioinspired models have been proposed in tactile soma-
tosensory computing for the classification of textures® and edge
orientation®. These models implemented a PA spike-time-dependent
synapticlearning and a functional organization of the receptive fields
of the higher processing structures inspired by the cuneate nucleus
and somatosensory cortex, respectively. However, to the best of our
knowledge, there are no artificial biomimetic modelsin theliterature
that combine both paradigms—temporal and spatial precision—of
the somatosensory system to localize tactile stimuli applied onto a
large-areae-skin, grounding on the functional organization of overlap-
pingreceptive fieldsand on neuroplasticity dependent on the temporal
precision of the signals originating from the PAs****'7¢,

Here we propose that a bioinspired sensory model, based on PAs
and cuneate neurons (CNs), could infer the localization of mechanical
indentations applied to alarge-areae-skin, which resembles the human
forearmand integrates photonic FBGs as transducers. Our approachis
grounded onthe hypothesis that the temporal to spatial conversion of
tactile stimuli from the upper limb occursin the cuneate nucleus’. This
conversion is accomplished by coding the convergent and divergent
patterns of PAsin CNs*?*2, According to this model, it can be assumed
that the cuneate nucleusis the firstintegration stage of the peripheral
tactileinputs, and thisintegration enables the classification of tactile
stimuliby the higher processing structures, such as the somatosensory
cortex””***, distributing the computational burden throughout the
afferent pathways. The implementation of amodelinspired by the bio-
logical PA-CN architectureincombinationwith abiomimeticlarge-area
e-skinaimsatartificially mimicking, to some extent, the natural sensory
pathways, providing an engineering tool to supportinvestigations on
the neurophysiology of the human sense of touch.

Results

The objective of this work was to develop abiomimetic intelligent tac-
tile device based onbioinspired e-skin and two-layered spiking neuronal
network (SNN) to localize indentations applied onto the e-skin (Fig. 1a).

Tothisend, we first fabricated a curved, soft e-skinembedding 21 FBGs,
whose receptive fields were accessed to evaluate its intrinsic sensitiv-
ity (Fig.1b). The wavelength variations of the sensors, collected viaan
automatized force-controlled indentation protocol (Methods), were
thenprocessed through amodel consisting of two neuronal layers. The
firstlayerisbased on first-order neurons that mimic type Ilmechanore-
ceptorsof the human skin. The spiking output of these neuronsis then
conveyedtothe second network layer, inspired by the cuneate nucleus
intracellular dynamics through 1,036 functionally organized second-
ary neurons (CNs) and interneurons (INs)'** (Methods). To evaluate
the proposed model, trained via a synaptic learning protocol based
on calcium-dependent synaptic plasticity?’, and consistent with the
assumption that the tactile information is spatially interpreted in the
cuneate nucleus’, we estimated the location of indentations applied
onto the e-skin from the spiking activity of theimplemented secondary
neurons. Inaddition, we assessed the model features through compari-
sons with biological systems.

Receptive fields of e-skin FBG sensors mimic those of type Il
mechanoreceptors

The developed artificial skinembedded 21 FBG sensorsin a polymeric
substrate to smoothly transmit the applied external loads to the optical
sensors. The distribution of the optical sensing units was inspired by
that of human mechanoreceptorsinthe forearm, with a higher density
near the wrist"**%. In addition, the FBGs in the silicone substrate were
arranged to somehow resemble the functional role of type Il mechano-
receptors. Located deep in the dermis, these receptors present large
overlapping receptive fields with different sizes and sensitivities and
smoothborders””. The characterization of e-skin sensitivity, through
the normalization of the FBG wavelength variations in response to
quasi-static indentations (Methods), demonstrated that the sensor
receptive fields resemble those of type [l mechanoreceptors, exhibit-
ing large receptive fields with a single marked hotspot and sensitivity
overlapping with the neighbouring transducers (Fig.1b and Extended
DataFig.1).

First-order neurons of SNN emulate type Il PAs

Given the functional similarity of the FBGs to type Il mechanoreceptors,
the first neuronal layer of the SNN was conceived to emulate SAll and
FAIIPAs. Hence, each sensor output was multiplied by a matrix of gains
(Extended Data Table 1) and fed as an input current to six first-order
neurons, four SAlls and two FAlls, consistent with the biological ratio
among the density of type Ilmechanoreceptor families®, totalling 126
PAs (Methods). This architecture enabled the translation of the FBG
wavelength variations (A4; Fig. 2b) and their derivatives (Fig. 2c), which
scale with the indentation stimulus (Fig. 2a), into spike responses,
generated through the regular spiking Izhikevich’s neuron model
(Fig. 2d)*. As the Ruffini endings encode skin stretches and show a
sustained response to skin indentation®**°, the raw A signals (Fig. 2b),
encoding strains in the e-skin, were the inputs to the SAll model. The
resulting firing rate was proportional to the applied load, which pla-
teaus when stationary forces occur (Fig. 2e). The AA first temporal
derivatives (Fig. 2c) were, instead, the sensory input to FAIl afferents,
since the Pacinian corpuscles encode transient tactile stimuli, that
is, loading and unloading states (Fig. 2f)>®. It is worth noticing that
the behaviour of the SAIl units (Fig. 2e) is valuable to decode contact
intensity information, in line with biological hypotheses*. In particu-
lar, the more intense the applied force, the higher the firing rate of
the slowly adapting mechanoreceptors (Fig. 2g and Supplementary
Table1). We also observed a discharge activity for high loads (greater
than 3.5N), as it happens in biological systems (Fig. 2g and Supple-
mentary Table 1)***, As expected, we demonstrated that the average
interspike intervals (ISIs) for each force range decrease with a higher
intensity of the stimuli. The relationship between the logarithm of the
ISI values and the logarithm of the percentage of the applied load is
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Fig. 1| Architecture of the SNN and receptive fields of FBG sensors. a, Two-layer

SNN for the localization of stimuli onto the e-skin. The first layer is composed
of126 PAs that mimic type Il mechanoreceptors (SAll and FAII). These PAs
make excitatory synapses with both CNs (coloured filled triangles and dots)
and inhibitory INs (coloured empty triangles). The INs convey inhibitory

INs form the second layer of the network. The weights of the second-order
neurons are trained through a calcium-dependent (CADP) synaptic rule. b, Large
and overlapping receptive fields, with marked sensitive hotspots (dark blue), of

three FBG sensors of the e-skin, mimicking type Il PAs.

postsynaptic potentials (IPSP) to the CNs (red, empty triangles). Both CNs and
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Fig. 2| SNN first-order neurons mimicking type Il PAs. a, Stimulus applied
onto the e-skin during anindentation. Force values are recorded by means of a
load cell attached to the end-effector of the indenting robot. b, Response of the
21FBGsensors. ¢, First derivative of the FBG sensor signals. d, Spiking activity
ofthe modelled SAll and FAll grouped by gain (Gi) value. e, Firing rate of the
active SAll of the SNN. f, Firing rate of the active FAIl of the SNN. g, SAll firing
rate distributions per force-level range (0.25-4.25 N, with a step of 0.5 N) for the

25.0 37.5 50.0 75.0 100.0

Stimulus intensity (%)

12.5

dataset of 1,846 indentations. The median of each distributionisindicated by a
solid green line within the box, whose black edges represent the first and third
quartiles (values are reported in Supplementary Table 1); the whiskers extend
to1.5times the IQR beyond the quartile boundaries. h, Relationship between
stimulus intensity percentage and SAIIISI. The two parameters are expressed in
the logarithmic scale.

linear (Fig. 2h; Pearson correlation coefficient, p = 0.99; linear fitting
polynomial: [0g[SAllg;ing rae] = —0.38 Hz/N x log[Stimulus intensity,
%] +1.41Hz; R?=0.98; average SAll firing rates and ISl in Supplementary
Table1), consistent with the results of the characterization of SAll units
of the hairy skin of mammals, as it is that of the human forearm®. In
addition, considering the dynamics of the mechanical indentations
applied tothe e-skin, theISIrange (approximately 50-100 ms) is con-
sistent with neurophysiological findings*.

Organization of second-order neurons of SNN resemble a
plausible structure of cuneate nucleus

The second layer of the proposed SNN was designated to emulate the
cuneate nucleus intracellular dynamics. It was composed of 1,036 func-
tionally organized CNs and INs, each of the latter making aninhibitory
synaptic connection witha CN (Fig. 1a). Biologically speaking, the CNs
present complex receptive fields that, in general, are larger than that
of PAs and comprise both excitatory and inhibitory subfields*‘. This
enables sensitivity to specific spatial characteristics, allowing them
to perform the spatial computation of tactile stimuli?**°*', In addi-
tion, the cuneate nucleus has a functional somatotopic organization
that may contribute to human tactile discrimination ability**>*¢, To
provide our network model with these peculiar features, we defined
the CNreceptive fields, designed to include at least 12 PAs belonging
toaspecific region of the e-skin. Physiologically, convergent PAs with
overlapping receptive fields, as it is in our system, determine larger
secondary receptive fields**. Hence, each CNreceives projections from
the included PAs and these PAs could also establish connections with
other secondary neurons, whose receptive field includes them. This
connectivity entails that neighbour CNs have overlapping receptive
fields, consistent with biological findings, according to which these

overlaps are argued to implement input-feature segregation®. This
approach generated a somatotopic map of the e-skin (Methods).

Excitatory and inhibitory synaptic learning of SNN
second-order neurons

Allthe126 PAs were provided to the 1,036 CNs as excitatory (w,,.;) and
inhibitory (w;,,) synapses (Fig.1a). The excitatory weights were initial-
ized with the inverse of the Euclidean distance between the PAs and
the functionally organized CNs within the receptive fields (Fig. 1a).
Conversely, the weights of the mechanoreceptors outside the recep-
tivefield areawere zeroed (Fig. 3a and Methods). The initial inhibitory
weights w,,, were equal to 0.125 for all theimplemented CNs*. A synap-
ticlearning protocol based on calcium-dependent synaptic plasticity
with agradual synaptic weight transformation at each tactile stimulus
presentation was performed (Methods). The post-learning excitatory
synaptic weights and the evolution of the excitatory weights for one
training fold are presentedin Fig.3b,c, respectively. The post-learning
inhibitory synaptic weights are represented in Fig. 3d. Itis worth notic-
ing that the final w,,, values were close to O for all the CNs. This behav-
iour occurred because the update of w,,, values, which are responsible
forregulating the firing rate of the CN calcium channels, was performed
with amovingaverage of the firing rate of the last five indentation pres-
entations, to avoid instability (Methods). Additionally, in the proposed
SNN, most CNs should be silent depending on the site of the stimulus
applied onto the e-skin, resulting in both low activity of the calcium
channels and small w,,,. In general, the slowly adapting PAshad agreater
potentiation (thatis, increase) in their synaptic weights, especially in
the case of SAlls with higher firing activities (gains G3 and G4; Fig. 3b,c).
Theimplemented synaptic learning rule potentiated the PA synapses
that had high correlation with the CN total calcium activity. Therefore,
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Fig. 3 | Evolution of excitatory and inhibitory synaptic weights of SNN second-order neurons through the synaptic learning protocol. a, Initial excitatory weights
generated from the CN receptive fields considering a heuristic rule. b, Final excitatory weights. ¢, Difference between the final and initial excitatory weights. d, Final

inhibitory weights of the 1,036 CNs.

the PA synapses with firing behaviour synchronized with the PAs hav-
ing higher initial excitatory synaptic weights are more susceptible to
potentiation of their synaptic weight'®?’. This explains the substantial
weightincrease in SAlls, given that the indentation task with plateaus
(Fig. 2a) resulted in a higher firing rate for these afferents (Fig. 2d).

Spiking activity of SNN second-order neurons correlates with
applied stimulus intensity

The spiking activity of 1,036 CNs was assessed for each indentation
sample. The intensity of the firing of the CNs (Fig. 4b) was found to be
qualitatively related to the force applied to the e-skin (Fig. 4a) during
the indentations. The somatotopic maps in Fig. 4c show the spatial
cumulative activations of the CNs during 1 s for two different loading
conditions, that s, the first (-0.4 N) and the second (-2.3 N) level of the
indentation force profile (Fig. 4a), respectively. It canbe observed that
the active area enlarges for higher stimulus intensities, with greater
spikingactivitiesinside thereceptive field of the stimulated CN (Fig.4c).
This behaviour was also quantitatively demonstrated by grouping
the CN responses of the whole indentation dataset by the force level,
resulting in median numbers of active CNs of 329 (interquartile range
(IQR) =[116,450.75]) and 545 (IQR =[481, 685]) for thefirst and second
forcelevels, respectively (Fig. 4d), with significant differences between
the twoloading conditions (Mann-Whitney U-test, Pvalue = 0). Inaddi-
tion, as the applied load increases, the CN spiking activity intensifies
withamonotonicincreasingtrend, consistent with the findings of stud-
iesonmammals (Extended Data Fig.2and Supplementary Table 2)*.In
line with physiology, the modelled CNs presented bursting behaviours,
reaching instantaneous spiking frequencies of nearly 1 kHz, where
theincreasing firing rate was supposed to encode the intensity of the
stimulus®*****_ In conclusion, it can be argued that both CN spatial
activation on the modelled somatotopic map, provided by progres-
sively recruiting PAs as the contact area increases™, and their spiking
firing rates encode the intensity of the applied stimulus, consistent
with neurophysiological findings on touch encoding™.

SNN enables indentation localization with biologically
plausible temporal resolution

Toevaluate the two-layer SNN, we estimated the indentation location by
computing the weighted average of all the CN spikes and the centroids of
the spiking neurons over the e-skin somatotopic map (Methods). Figure 5
illustrates the neural activity of the CNs organized in the e-skin somato-
topicmap, the estimated locations weighted by the neural activity of the
second-order neurons (weighted location) and the actual indentation
site, for some indentations applied to different e-skin regions. We also

reportsimulations of the real-time response of the modelinterms of the
weighted location estimation withinamoving window (Supplementary
Videos1and 2), evidencing its generalization capability.

We then calculated the location prediction error as the Euclidean
distance between the weighted and target stimulus sites for all the
indentation test points (Fig. 6a). The fourfold cross-validation resulted
inamedian location prediction error of 36.26 mm (IQR =[20.46 mm,
52.14 mm]) and 14.11 mm (IQR = [7.47 mm, 28.56 mm]) before and
after the learning process, respectively (Supplementary Table 3 and
Fig. 6b,c). Our results and the consistency of the prediction error
achieved across the four folds (Supplementary Table 3) show that the
proposed modelis robustand has ahigh learning capability. In addition,
we estimated contact positions through a simpler approachinvolving
the calculation of the weighted average of the FBG AA (Methods). This
resulted inamedian error of15.72 mm (IQR =[9.40 mm, 28.82 mm)]) for
the whole e-skin surface (Extended Data Fig. 3 shows a few prediction
examples). The prediction errors of the different approaches for dif-
ferentregions ofinterest (ROIs) arerepresented in Fig. 6¢ (error values
arelisted in Supplementary Table 4). In general, this analysis resulted
inlarger localization errors at the edges of the e-skin. Conversely, the
e-skin central region (ROl radius < 45 mm), thatis, the areawith a higher
density of sensors and in which the receptive fields of the CNs entirely
map onto the e-skin surface, showed amedian prediction error smaller
than 10 mm for the SNN approach (Fig. 6b,c). In the same region, the
estimation of the contact position through the weighted average of the
FBG signalsresulted, instead, in larger median errors and higher vari-
ability (Fig. 6c and Supplementary Table 4). These results demonstrate
the effectiveness of the SNN approach for stimulus localization and its
consistency with neurophysiological findings about the forearm tactile
acuity (10-18 mm)***, Then, we investigated the temporal resolution
of the developed spiking architecture for stimulus localization. After
10 msfrom the onset of contact, the neuronal network was able toreach
amedianlocalization error of14.36 mm (IQR =[8.17 mm, 25.24 mm)]),
which is similar to that achieved when considering longer time win-
dows, suchas2 s (14.05 mm, IQR =[7.45 mm, 28.70 mm], Mann-Whit-
ney U-test, P value = 0.51; Extended Data Fig. 4). These outcomes are
consistent with some neurophysiological hypotheses on the dispersion
of the latency (-14-28 ms) of stimulus transmission from the hand
mechanoreceptors to the cuneate nucleus’.

SNN generalizability enables two-point discrimination

To demonstrate the generalization features of the SNN in localizing
tactile stimuli onto the e-skin, the Weber two-point discrimination
test was conducted using custom probes with tips at distances ranging
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Fig. 4| Relationship between indentation stimulus intensity and response of
the SNN second-order neurons. a, Indentation force profile presenting stimulus
plateaus (forcelevel 1,~0.4 N; force level 2,-2.3 N). b, Spiking activity of the

1,036 CNs of the SNN second layer. ¢, Somatotopic maps of the CN activations
(cumulative spike numbers over 1s of stimulus) for the two force levels of the
sampleindentationina.d, Distributions of the number of active CNs at the two
forcelevels for 1,655 indentations. The medianisindicated by a solid line within
the box, whose edges represent the first and third quartiles; the whiskers extend
to 1.5 times the IQR beyond the quartile boundaries.

from O mm to 60 mm (Supplementary Video 3). The analysis of the
latency of the CN spiking responses resulted in a topographic map in
which the minimawere searched and identified as contact points. The
latency maps for asingle point and a 50-mm two-pointindentation trial
arerepresented in Fig. 6d,e, respectively. The minimum identifiable
distance between the points was the CN receptive field radius*‘. The
detectionrates for each probe distance were computed (Supplemen-
tary Table 5) and a piecewise logistic curve was fitted to the data to
determine the psychometric relationship (Fig. 6f; parametersa = 0.53,
b=0.35mm™, c=35.26 mmandd = 0.27; Methods). The two-point dis-
crimination threshold, thatis, the probe distance value corresponding
toapsychometric probability of 0.75, yielded 42.25 mm, consistent with
neurophysiological findings on the discrimination of pairs of contacts
on the human forearm (-30-45 mm)>**.

Discussion

This study investigated how a bioinspired SNN can decode tactile
stimuli applied onto a biomimetic large-area e-skin, embedding FBG
transducersin asoft polymeric substrate, starting fromthe hypothesis
that the first stage of spatiotemporal decoding of tactile information
occursat the cuneate nucleus®. We attempted to functionally emulate
the first- and second-order neurons of the somatosensory system, to
furtherachieveits computational and learning efficiency. To thisaim,
we first developed aforearm-shaped e-skin, whose sensor arrangement
and receptive fields were intended to morphologically mimic type Il
mechanoreceptors of the human skin (Fig. 1b)”"*¢*, Physiologically,
thehumanarm hasatactileinnervation density of 12 units cm™ (ref. 36),
whichresultsin approximately 1,800 PA innervation distributed over
anareaof150 cm? (the approximate e-skin area), with hundreds of PAs
sending projections onto a single CN’. Considering this, the artificial
morphological reproduction of the tactile decoding channels is still
achallenge, given the current technological limitations of most sens-
ing systems that prevent the development of extremely sensor-dense
devices*'®?*, Our approach benefited from the high integrability and
multiplexing of FBG sensors and leveraged on the modelling of six
sensory afferents per FBG. Through the proposed calibration of the
Izhikevich model of regular spiking neurons®**~’, the resulting 126 PAs
recreated avariety of firing dynamics, mimicking fast and slowly adapt-
ing mechanoreceptors, whose activity encoded stimulus transients and
intensities, respectively (Fig. 2)”***. The modelled PAs sent projections
onto the 1,036 CNs and INs of the SNN second layer, emulating the
biological connectivity of the cuneate nucleus (Fig. 1a). Inspired by
physiology, the CNs were designed to have large overlapping recep-
tive fields, thereby realizing a somatotopic map of the e-skin. This
spatial organization in combination with the unsupervised learning
rule, based on the CNintracellular dynamics and a heuristicinitializa-
tion of the synaptic excitatory weights (Fig. 3), were paramount for
the localization of tactile stimuli through the spiking activity of the
secondary neurons'®**>**_ Our SNN model was proven to be effective in
estimating theindentation location under varying conditions of force
and position (Fig. 5), withamedianerror of about 14 mmand lessthan
10 mminthe central region of the e-skin (Fig. 6b,c). Physiologically, the
human ability of stimulus localization and tactile acuity are enhanced
inbody regions with a higher density of mechanoreceptors, such as the
fingers®**°, Despite the low density of sensors in the e-skin, our SNN
allowed toreach results consistent with neurophysiological findings**?,
with median errors and variability lower than those directly obtained
from the FBG signals on the considered ROIs through anon-bioinspired
approach (Fig. 6c and Supplementary Table 4). Additionally, our model
intrinsically enabled discrimination between two contact points with-
out any further training, an outcome that was enabled by the imple-
mented bioinspired learning paradigm, confirming the generalization
properties of our SNN. The model two-point discrimination threshold
of about 42 mm aligns with that of the human forearm®*** and con-
formsto the theory of convergence of PAs with broad receptive fields**
(Fig. 6f). The stimulus localization on the e-skin was enabled by both
CN topographic organization and firing activity (Fig. 5 and Extended
Data Fig. 4). Spatiotemporal coding strategies were also observed
in regions of the somatosensory cortex® and hypothesized to occur
even at the cuneate-nucleus level’. We also observed that the spiking
activity of the CNs, as well as the extension of the active area on the
e-skin, is correlated with the intensity of the applied stimulus (Fig. 4
and Extended Data Fig. 2), in line with evidence on mammals*’ and
with the hypotheses that input-feature segregation may occur in the
cuneate nucleus*>#4,

Thisstudy, thus, demonstrates that the bioinspired design of both
e-skinand two-layered SNN, supported by biological findings, enabled
the unsupervised learning of skin-contactlocalization over large areas
with the feasibility of generalization to more complex stimuli. This
outcome can offer both technological and scientific applicability.
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Fig. 5| SNNlocalization ofindentations applied on the e-skin. For each sample indentation, the CN somatotopic map with neuron activations (left) and target and
estimated location of the stimulus on the e-skin and error d, that is, Euclidean distance, between them (right) are shown.

First, this achievement supports the perspective of transferring
ourapproachtoreal-world applications, such as bionics and robotics.
Tactile feedback could be provided to persons with disabilities, such
as prosthesis users or quadriplegic subjects, by means of either inva-
siveintraneural or intracortical stimulation or non-invasive wearable
interfaces®. The restoration of the disrupted sensory pathways should
elicit natural sensations, for which intuitive and biomimetic feedback
isrequired®***, Although our bioinspired e-skin holds a huge potential
forintegrationinbionic devices, given its mechanical conformability
and its robustness to unstructured setting interferences, the bulki-
ness of the optoelectronic interrogator prevented its applicability
in real sensory restoration architectures so far. However, the recent
advancements of miniaturized photonics will boost the deployment
of FBG-based e-skinin bionics, promising major breakthroughsinthe
near future®>°°,

Considering the robotics scenarios of Industry 4.0 and 5.0, the
implementation of biomimetic intelligence, in combination with
large-area e-skins on machines, is essential for safe interactions with
the surroundings*"**’, The new generation of robots should auton-
omously navigate and operate in unstructured environments and
cooperate with humans in various workspaces, ranging from indus-
trial production to medical and rehabilitation care'**7°, For most

applications, collaborative machines require a spatial resolution of
10-40 mm (ref. 71), which is consistent with the performance of our
system. The artificial emulation of the natural tactile sensory path-
ways in robots could foster human-like responsiveness and enable
more efficient computations and hardware resource usage, as that
in biological systems”. In addition, biomimetic e-skins are promising
for theintegration of non-invasive sensory feedback interfaces, which
could enhance safety and collaborative tasks in the telepresence and
teleoperation frameworks’. In these scenarios, where intuitiveness
and efficiency are required”, our system entails a huge potential for
real-time deployment, givenits architecture based on event-driven pro-
cessing. Online implementation of soft neuromorphic models has been
demonstrated to be feasible viathe Euler method, selecting the discre-
tizationtimingin the millisecond scale to guarantee the convergence of
artificial neuronsfiringin the order of tens of hertz typical of the human
somatosensory system, in a trade-off between the overall accuracy
and convergence and the computational burden™. In addition, the
ongoing advancements of neuromorphic hardware solutions hold
promise to surpass the powerful, but costly, conventional electronics
of deep learning accelerators™”. Future works will target the on-chip
deployment of our SNN, aiming at parallel energy-efficient hardware
architectural processing instead of algorithmic implementations.
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Fig. 6| SNN performance inindentation localization and two-point
discrimination. a, Test indentation points of the fourfold cross-validation
randomly distributed over the e-skin. b, Prediction error, that s, Euclidean
distance, of the contact location over the e-skin area. ¢, Median and IQR values

of the prediction errors of the SNN before and after synaptic learning, and the
FBG weighted average for different ROl radii. d, Topographic latency map for one
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contact pointin the two-point discrimination analysis. e, Topographic latency
map for two contact pointsin the two-point discrimination analysis. f, Piecewise
sigmoid fitting of the two-point detection rate as a function of the distance
between the two probes used in the Weber two-point discrimination test. The
two-point discrimination threshold (th) of the e-skin is reported, too.

Regarding the contribution to neuroscientific research, in this
work, we provided modelling evidence supporting, to some extent,
the plausible hypothesis that the cuneate nucleus is the first stage of
tactile information interpretation, through overlapping receptive
fields and the capacity to convert spatiotemporal spiking codes of the
PAsinto spatiotemporal features and functionalities, tasks previously
attributed mainly to the somatosensory cortex®*>**’¢, Nevertheless,
the functional role of the cuneate nucleus insomatosensory processing
isnotyet fully understood, due to the complexity of performing intra-
cellular recordings in this structure’”’®, Our model, as an open-access
neurocomputational machineintelligence tool’’, can serve as an engi-
neering enabler for theinvestigation of second-order neuron functions.
It offers tools to evaluate the functional effect of neuronal architectures
applied to electrophysiological recordings that may be available in
future investigations of the somatosensory system, with particular
reference to the encoding of stimulus intensity and localization by
second-order neurons.

Methods

Sensitive FBG-based e-skin

The experimented e-skin (Extended Data Fig. 5) had size and shape
similar to those of the human forearm. To mimic biomechanical com-
pliance, asoftsilicone polymer (Dragon Skin 10 medium, Smooth-On)

was used to realize aflexible patch toembed an optical fibre with21 FBG
sensors. It was fabricated by a three-step process': (1) a first silicone
pouringinacustom mould to obtain abottom layer with a groove; (2)
theembedding of the fibre along the grooved path; (3) asecondsilicone
pouring to cover the fibre itself and provide robustness to the patch.
Thee-skinwas then attached to acustom three-dimensionally printed
plastic support to guarantee stability. The optically sensitive elements
were FBGs (length,10 mm) distributed along the designed path running
throughout the e-skin resemble the sensitivity features of the human
forearm, thatis, with anincreasing density from the proximal to distal
parts. These gratings are interference patterns inscribed within the
core of a single optical fibre. When broadband spectrum light, sent
by means of an optoelectronic interrogator, passes through the fibre
cableand hitsanFBG, itis partly back-reflected to the input point, asa
spectral peak centred at a characteristic wavelength, A:

AB = Zneﬁ/l, (1)

where n. is the effective refractive index of the optical fibre and A
is the pitch of the specific grating®®. The A, value of the e-skin FBGs
were, hence, defined by fabricationand ranged between 1,520 nmand
1,580 nmwithastep of 3 nm. Wavelength shifts occur when a deforma-
tionisapplied to the sensor”, thereby allowing the encoding of tactile
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stimuli. Considering this feature and to reduce the effects of potential
prestrains that could have impacted the residual deformability of the
sensorsinresponse to external tactile stimuli, the FBGs were arranged
onstraight fibre segments.

Indentation data collection

The training and validation of the proposed model required the col-
lection of a dataset of indentations applied over the e-skin surface. For
this purpose, an automatized indentation protocol was executed, with
1,846 target points to touch, computed as the centroids of the triangles
of arandom mesh of the skin surface. A bimanual robotic platform,
consisting of two anthropomorphic arms (Racer-5-0.80, Comau), was
programmed to cooperate during the indentation protocol (Extended
Data Fig. 5): one robot performed the tactile tasks, whereas the other
held and oriented the e-skin. The indenting robot reached each target
site perpendicularly, touching the skinwith aspring-like hemispherical
probeattachedto the end-effector. Force feedback measured by means
ofaload cell (Nano 43, ATl Industrial Automation), mounted at the base
oftheindenter, was provided to control the robot torelease the contact
when exceeding a threshold (2.5 N) and then fly to a new target point.
The control code consisted of dedicated routines (LabVIEW, National
Instruments) running onboth anindustrial controller (IC-3173, National
Instruments), to send commands to the robots, and aPC, for managing
and checking the experiments. During the indentation sessions, force
and FBGsignals, thelatter read by means of an optical interrogator (FBG
Scan 904, FBGS Technologies), were collected at al00-Hzrate, and saved
intotextfilestogether withthe Cartesian coordinates of the contact sites.

Assessment of receptive fields of e-skin FBG sensors

Thereceptive fields of the FBG sensors populating the skinwere repre-
sented as two-dimensional contour maps depicting the spatial distribu-
tion of sensitivity to contact force. Hotspot regions in dark blue indicate
the maximum sensitivity (Fig.1b and Extended DataFig.1). To obtain the
FBG receptive fields, the wavelength variation signals (A1) from each
FBG sensor were averaged over 500 ms captured on the highest force
plateau, thatis, the second force level, and divided by its average value.
The obtained results were then normalized with respect to the highest
FBG sensitivity value, to have sensitivity maps ranging from O to 1. This
procedure was performed using all the available indentation samples.

First-order neurons: type Il PA model

The 21 FBG signals were the input of the PA models. Each sensor sig-
nal was resampled at a frequency of 1 kHz to establish a regular firing
dynamics consistent with the discretization of the Izhikevich neu-
ronal model™. The FBG signal derivatives were computed to obtain
the dynamic components of the indentations, that is, the loading and
unloading phases of the varying force levels applied to the e-skin. The
absolute values of both raw and differentiated signals were calculated
to feed the Izhikevich neurons as input current /, to mimic the adapta-
tion dynamics and firing response of type Il mechanoreceptors, that
is, Ruffini endings (SAII) and Pacini corpuscles (FAII)*%. To simulate
the physiology of type I PAs in terms of the ratio between slowly and
fast-adapting units, that is, two SAlls to one FAII*®, their diverse sen-
sitivity and the different-sized overlapping receptive fields, the raw
absolute FBG signals and their derivatives were multiplied by four and
two distinct gains. Hence, six mechanoreceptor models were consid-
ered for each FBG sensor (Fig. 2), resulting in 126 input currents for
the first-order neuron models. Extended Data Table 1shows the gains
used for the SAlland FAllmodels. The SAll gains were selected through
some pilot tests and empirical analyses, where we assessed whether
theincrease in gain was generating anincrease in the firing rate within
the physiological range documented in the literature®. Specifically, the
average ISIs (thatis, theinverse of the average firing rates) correspond-
ing to each force range were computed, and their logarithmic values
were fitted to the logarithm of the stimulus intensity percentage (force

values normalized by the maximum of 4 N; Fig. 2h). The results were then
compared with background neurophysiological findings*, particularly
tothelSIcharacterization of SAll units. The FAll gains were selected fol-
lowing the same empirical approach, that is, by evaluating the spiking
activity atload transients. Itisworth noticing thatageneral procedure
for establishing the gains of theinput currents of the Izhikevichmodel
for artificialmechanoreceptor simulation has not yet been established
in the literature. Thus, several studies, such as ref. 58, reported this
empirical method of gainselectionaccordingto the specificapplication.

The Izhikevich model consists of a system of differential
equations that can be solved via the Euler method™. Equation (2)
describes the dynamics of the membrane potential v of the neuron;
equation (3) represents the recovery variable u, responsible for the
repolarization of the neural membrane; equation (4) describes the
membrane potential restoration and the recovery variable update
whenvreaches the 30-mV firing threshold:

dv 10)

= Av? + Bv + C— u + Gain, —, 2
g " AV By u amncm 2)
du
u _ abv—u). 3
i a(bv-u) 3
vec
Ifv > 30 mV, then , 4)
u—u+d

where A, B, and C are standard variables of the Izhikevich model; ¢
represents time; a is the timescale of u; b is the sensitivity of u to the
membrane potential; c is the membrane resting potential value; and
d modulates the dynamics of the after-spike reset of the recovery
variable u. For the implemented mechanoreceptors, we choose the
parameters Gain,, (Extended Data Table 1) that reproduced a regular
firing behaviour.

Encoding of contact intensity by SNN PAs. The activity of type Il
mechanoreceptors was analysed to investigate relationships with
the intensity of the applied load. For this purpose, the perpendicular
force profile was extracted for all the 1,846 indentations. For each
indentation, SAlland FAIl units were considered separately. First, their
corresponding firing rates were calculated on moving time windows
of 100 ms, with an overlap of 50 ms. For each window, the firing rate
was extracted as follows:

FRy = NspikesX

N s
W NneuronXactive

where the subscript Xindicates the type of mechanoreceptor (SAll or
FAIl), w.is the duration of the time window, Ny is the number of spikes
ofthe Xunitsin w,and N, onxacive IS the number of active neurons of each
typeinthe selected window. The resulting firing rates were compared
with the corresponding force profile (Fig. 2a-f). Then, the SAll firing
rates were grouped for force levels, ranging from0to4 N, with astep of
0.5 N.The correspondingdistributions were analysed and the relevant
statistics computed (median values and first and third quartiles; Fig. 2g
and Supplementary Table1). For eachload-intensity level, the mean SAIl
firingrate value was extracted to further derive the relationship with the
appliedloads. For that, the linear Pearson correlation coefficient p was
calculated. Then, the first-order polynomial that fitted the logarithm
ofthe SAll average firing rates to the logarithm of the percentage of the
applied load, normalized by 4 N, was extrapolated. The R? coefficient
was computed to assess the goodness of the linear fit (Fig. 2h).

Second-order neurons: CN model
The second layer of the SNN was composed of 1,036 CNs, modelled
with the mathematical implementation based on the exponential
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integrate-and-fire approach?. This model reproduces the complete
dynamics of the membrane potential of CNs, as described in equation
(5), along with a detailed modelling of the activity of low-threshold
voltage-gated calcium channels and calcium-activated potassium
channels:

dv,
Cmd_;n =+ Ispike + lion + lexe + Isyn- %)

Inequation (5), C,, is the capacitance of the neural membrane; V,,is
the CN membrane potential; /, is the leak current of the neuron (equa-
tion (6)); I is the spike current that recreates the action potential
onset and the fast neuron depolarization (equation (7)); /,,, istheionic
currentresulting fromthe summation of the currents of voltage-gated
calcium channels (/c,) and calcium-activated potassium channels
(I; equation (8)); I, is the external current that can be injected into
the neuron (inthis study, itis equal to 0); and /,, is the synaptic current
(equation (9)), where each synapse (i) is activated by a PA.

h=-8 (Vm—E), (6)
_ Vi =V,
Ispike =g, Acexp (mA_t> , (7)
t
lion = Ica + Ik, (8)

syn gmaxz wexcteXp( T(t— t*))( rev,exc — Vm)

)
+8maxWinh Z,' exp (_T([_ t*))( rev,inh — Vm) B

where w,,., is the excitatory synaptic weight; ¢ is the time at which
a spike occurs and w;,, is the inhibitory synaptic weight. /,, can be,
hence, expressed as the sum of the excitatory and inhibitory synaptic
currents of all the synapses of the individual PAs. The definitions of
the other variables and their respective values are reported in Sup-
plementary Table 6.

The current I, is described by equation (10) and the current /,
by equation (11):

Ica = _gCaX?;a’axCa,i (Vin —Eca)» (10)
=8 X, (V=) a

where g, and g, are the maximum conductance; E, and E, are the
action potentials of the calcium and potassium channels, respectively;
andXc, o Xca» Xk, and xi, aretheactivity states of the channels. These
values are provided in Supplementary Table 6.

In this model, both ion channels (x¢, ,and x, ;) are considered as
sources of the membrane calcium concentration of the CN ([Ca*]).
Thus, we proposed that the activity of the total neuron calcium con-
centration follows equation (12).

d([ca]) ;
- =BCagC, xéaa

+ ([Ca\”]rest - [Ca“]) [Tjca |

XCa,i (Vm - ECa)
(12)

The relevant parameters are reported in Supplementary Table 2.

Functional organization of SNN second-order neurons to
model asomatotopic map of the e-skin

To functionally mimic the organization of the cuneate nucleus, we
generated an e-skin grid mesh with 29 x 38 edges, that is, 28 x 37

subregions. In this mesh, each subregion represented a CN, and its
centroid represented the centre of its receptive field. In total, 1,036 CNs
were created with circular overlapping receptive fields of 41.67-mm
radius each. The criterion for the definition of the size of the CNrecep-
tive field was toinclude at least two FBG sensors in the corresponding
sensitive area of the e-skinand, thus, 12 PAs, consistent with the number
of dominant PAs that project into a CN found in neurophysiological
studies on mammals and simulations of human tactile perception.
This approach allowed us to determine a CN somatotopic map of
the e-skin.

Connectivity of SNN and initialization of synaptic weights
Inour model, each ofthe1,036 CNs was fully connected to the 126 PAs,
with excitatory weights ranging from O to 1, and to a single inhibitory
synapse (Fig. 1a, red triangle), with an IN that grouped the responses
of all the 126 PA projections (Fig. 1a, coloured empty triangles). This
connectivity enabled the potentiation or depression of all the synaptic
weights during the learning process. In this model, the magnitude of
the postsynaptic potential projected intoa CN for agiven sensory input
is dependent on both excitatory (w.,.;) and inhibitory (w;,,) weights,
as described in equation (9)'*%. The presynaptic excitatory weights
were initialized as the inverse of the Euclidean distances between the
position of the 21 FBG sensors in the skin and the 1,036 centroids of
the CNs. Then, the obtained values were rescaled between 0.2 and 1.
The initial excitatory weights (w.,.) of the PAs corresponding to the
sensors outside the area of the CN receptive fields were instead set
to O (Fig. 1a, coloured dots). In this way, only the mechanoreceptors
inside the CNreceptive field region had initial weights greater than O
(Fig. 1a, coloured filled triangles). All the inhibitory synaptic weights
(w;,,) were instead initialized to 0.125.

Synaptic learning protocol of SNN second-order neurons
Inspired by calcium-dependent synaptic plasticity, we implemented
asynapticlearning process”, where the total inhibitory weights (w;,)
and presynaptic excitatory weights (w.,. ) were updated at each stimu-
lus presentation. According to our model, the excitatory weight poten-
tiation of the presynaptic neurons (PAs) occurred when the total
calcium activity (A%’t ) of the CN, as in equation (13), was strongly
correlated with the local calcium activity (ALoc ) of asynapse (PA with
the secondary neuron; equation (14)); otherwise, this synapse was
depressed:

AS = koo x [Ca™, 13)
a*_ 0 _t—rl—t*)_ (_t—r,—t*)]
ALOC[ - Tq—Tr [exp( Tq exp T, ’ (14)

where AC“t isthetotal calcium activity of the CN; k,.. = lisanarbitrary
constant; AC*‘C isthelocal calcium activity dueto asynapsei; 7, =4 ms
is the rise time; 7,=12.5 ms is the decay time; 7,= 0 ms is the latency
time; 7, =21 msis a constant to calculate the ratio; and ¢* is the time at
which a PA spike occurs. To reach supralinearity in the local calcium
activity, we used an approximative approach of subtracting an offset,
that is, the 75% of the single-pulse activation peak activity, from the
local calcium signal, and this resulting value was used as the local cal-
cium activity (ALOC ), as proposed inref. 29.

In the model, the individual excitatory weights actualization
occurred during the presentation of each stimulus during the learning
phase, and itis described as the integral of the correlation between
local calciumactivity (4%? **) and total calcium activity (A% ), following
equation (15):

max
Awexc,i = / {(A%:t

to

Loc Tot

(0= (Avg,cor X Syngg)) x AT (O] x Kxdt, (15)
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where Avg .. is the average of thelast three values of the total calcium
activity; Sy‘ﬁ‘EQ is the synaptic equilibrium defined as a linear function
of the total excitatory synaptic weight with a dual slope having point
0in10 (decay = 0.04, if Y w,,. < Syng,; decay = 0.12, if Y w,,. > Syng,); and
Kisaconstant gain factor defined by the sigmoid function represented
inequation (16), with again step on the slope of 0.005.

1

S =
® 1+et

(16)

Toavoidinstabilities insynapticlearning, it was necessary to aver-
age the calcium activity; thus, the learning threshold was obtained by
multiplying the average of the total calcium activity AVg 2+ by the
synaptic equilibrium Syng,. “

Althoughtheinhibitory synapticlearningisbased onthefiringrate
ofthe CN calcium channels, w,,,, initially set to 0.125, isresponsible for
regulating the total activity of the calcium channels in the CN. Thus,
the low activity of calcium channels was counteracted witha decrease
in w,,;,, and vice versa. For the model implemented in this work, w;,,
was used to maintain the firing frequency of the calcium channels at
a predefined set point of 20 Hz, and the update of w,,, was given by a
dual-slope function zeroing at this set point. The synaptic learning
protocol issummarized in a pseudo-codein the Supplementary Text.

The synaptic learning process was evaluated through a fourfold
validation, such that for each training fold, 1,385 indentation samples
were shuffled and presented to the model, thereby totalling 1,385 train-
ing cycles.Inthis step, only1sof datawas used, including the beginning
ofthe secondindentationstep (thatis, the highest force level foreach
indentation). These data were the spikes (binary vector) of the first
neuronal layer of mechanoreceptors (PAs). All the synaptic learning
processes were separately performed for each of the 1,036 CNs.

Data post-processing and SNN performance evaluation

After the synaptic learning, the spike responses of 1,036 CNs were
calculated for the indentations of each validation fold and processed
to derive the stimulus intensity and location information.

Decoding of stimulus intensity through spiking activity of SNN
second-order neurons. To demonstrate the increase in CN spiking
activity when progressively higher loads were applied, the cumulative
spike numbers inside the receptive field of the stimulated CN were
computed for different loading conditions (Extended Data Fig. 2).
To thisaim, we evaluated the CN spikesinal-s window at the beginning
of each of the two plateaus of the indentation force profile. Inaddition,
the spatial activations of the CNs for the different force levels were
explored. In this regard, the number of active CNs was calculated for
the twoload conditions and 1,655 of the applied indentations (Fig. 4d).
A Mann-Whitney U-test test with a 0.05 significance level was per-
formed to investigate whether the spatially distributed responses
of the CNs could encode information on different intensities of the
applied tactile stimuli.

SNN performance and temporal resolution for localization of stim-
uli on the e-skin. Regarding the prediction of the contact position,
the spikes of the CNs were first summed over the indentation duration
window. The sum of each neuron spike (Nspk;) was then used for the
weighted location estimation, as described in equation (17).

1,036
2o Niloc,, x Nspk;

1036
i Nspk;

(17)

WL, =

where WL, , is the location estimationin the skin x-y plane (considering
the two-dimensional projection of the e-skin surface) weighted by the
neural activation of the CNs (weighted position); Nspk;is the number of

spikes of aneuroninatime window;iisthe CNID (from1t01,036); and
NlLoc,,is the position of the centroid of a second-order neuron in the
x-yplane of the modelled functionally organized cuneate nucleus. We
estimated the weighted location onal-s sliding window withan overlap
of100 ms. To evaluate the location prediction error, we calculated the
Euclideandistance between the real position of theindentation onthe
e-skin and the estimated weighted location (Fig. 5).

Inaddition, we compared thelocalization performance ofthe SNN
with those achieved through the weighted average of the 21 FBG sensor
wavelengths (FBG WL,,), calculated as follows:

2
Z,—i1|Mi| X (X¢pG> YFBG);
21
et 10A]

FBGWL,, =

where AA; and (xpgg, Vrsg): are the wavelength variation and
two-dimensional coordinates of the ith FBG sensor, respectively. The
FBG-based weighted average was computed for each timestamp of
the corresponding non-zero force values. Then, the average location
and Euclidean distance were calculated to obtain a single estimation
andasingleerror value perindentation of the test sets of the four folds
(Extended DataFig.3). The performance of both neuronal network and
FBG weighted average inlocalizing the test stimuli were also assessed
considering ROISs of different sizes. Starting from the centre of the
skin, circular areas with an increasing radius-delimited (from 20 mm
to 55 mm) portions of the e-skin surface were used to compute the
contactestimation error, considering that all the testindentations fell
inside thecircular region. Median and IQR error values were calculated
for eachregion size, grouping the results of the four cross-validation
folds (Fig. 6c and Supplementary Table 4).

We then evaluated the temporal resolution of our system to local-
ize theappliedindentations. Specifically, considering that the sensors
of the e-skin tracked the dynamics of the applied loading and unload-
ing transients (Fig. 2a-c), we estimated the minimum amount of time
needed by thetrained SNN toreachits best localization performance.
This approach aimed at investigating the stimulus conduction time
from the simulated forearm mechanoreceptors, that is, the FBG sen-
sors, to the modelled CNs, designated to localize contacts onto the
e-skin. We computed the model localization error (median and IQR)
on the second step of the force profile on time windows of different
lengths, ranging from10 msto 2 s, the latter being the duration of the
complete second level of the force profile. The two extreme conditions
were statistically compared with a level of significance (a) of 0.05.

Weber two-point discrimination test and analysis. To apply
two-point stimuli onto the e-skin through the two-point discrimina-
tiontest (Supplementary Video 3), aset of custom probes was designed
(Fusion360, Autodesk) and three-dimensionally printed in polylactic
acid (Ultimaker S5). The probes featured one or two hemispherical tips
(radius, 1.5 mm) with distances ranging from 20 mm to 60 mm, with
astep of 5 mm. Each probe was attached to ahandle stick by means of
a conical spring fixed to a sliding structure, which provided the tool
withatranslational perpendicular degree of freedom. This structure
presented a blocking mechanism so that the tool could be pushed until
bottomingout, allowing to control the applied force. Ten experiment-
ers participated in the trials, which consisted of manually indenting
the e-skin by means of each of the above-mentioned probes in seven
random locations. The single-probe trials were repeated before each
of those with two-tip probes. At each indentation, the experimenter
had to gently land on the e-skin with the probe, stabilize the posture,
push the tool until the descent was not blocked and keep it for 3 s.
The protocolinstructions and the timing of the differentindentation
phases were displayed viaacustom graphical user interface developed
in LabVIEW 2019 (National Instruments). The same software routine
allowed us to store the FBG sensor signals, collected by means of an
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optical interrogator (FBG Scan 904, FBGS Technologies), the cor-
responding timestamps and the trial information into text files for
further analysis. The recordings of the FBG wavelengths were, at first,
segmented to focus onthe period when the probe was pressed against
thee-skin. A Adthreshold of 0.003 nm was considered to identify the
onset of the contact, thatis, when atleast one sensor signal exceeded it
for200 ms. This corresponded to the beginning of the landing phase.
Then, to identify the onset of indentation, a second threshold, that
is, twice the average absolute wavelength of all the sensors during
the 1s after the e-skin was touched, was considered. The start of the
stimulus corresponded to the moment when the mean value of all the
FBG AAvalues exceeded this threshold for at least 500 ms. The result-
ing indentation portions were zero padded with 500-ms periods to
simulate the transition from non-contact to contact states. Given the
variability of indentations performed manually by the experimenters,
some trials were discarded (Supplementary Table 5). The obtained
FBG signals for the selected indentations were fed into the pretrained
neuronal modelto get the spiking response of the 1,036 CNs. Then, the
neuronal response latency was determined within a200-ms temporal
window starting from the first CN spike. These latencies were organ-
ized topographically (Fig. 6d,e); hence, a 3 x 3 Gaussian spatial filter
(0=0.5) was applied. The lowest minimum in the resulting latency
map was identified as the first contact point. Then, the occurrence of
asecond minimumwas checked outside acircular region correspond-
ing to the size of the CN receptive field**. If two distinct minima were
found following this criterion, it was determined that two contact
pointswere applied to the e-skin. The two-point detection rates were
then estimated for all the trials, and a psychometric curve was fitted
to them. The resulting piecewise logistic function had the following
expression:

a

F(x)=m+d.

(18)

Finally, the 0.75 probability, that is, when F(x) was 0.75, was con-
sidered to determine the e-skin two-point discrimination threshold
(Fig. 6f).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The data used to implement the proposed SNN are freely available
via GitHub (https://github.com/Neuro-Robotic-Touch-Laboratory/
Cuneate-Spiking-Neuronal-Network)”. Moreover, asubset of the data
is openly available via Code Ocean at https://codeocean.com/cap-
sule/1684356/tree/v1 (ref. 81).

Code availability

The MATLAB scripts used to implement the proposed
SNN are freely available via GitHub (https://github.com/
Neuro-Robotic-Touch-Laboratory/Cuneate-Spiking-Neuronal-Networ
k)”°. Moreover, reproducible code is openly available via Code Ocean
at https://codeocean.com/capsule/1684356/tree/v1 (ref. 81).
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a, Median prediction error and interquartile ranges for time windows ranging
from 10 msto 2 s of the second force level of the stimulus. b, Prediction

error distributions for all folds with 10 ms time window. ¢, Prediction error

distributions for all folds with 2 s time window. The statistics are displayed for the
1846 indentations, where the median is indicated by a solid line within the box,
whose edges represent the first and third quartiles; the whiskers extend to

1.5 times the interquartile range beyond the quartile boundaries.
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Extended Data Fig. 5| Bimanual robotic platform for data collection. Bimanual robotic platform is represented during the indentation experimental protocol.
Top-right: zoom on the e-skin during the indentation.
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Extended Data Table 1| Gains used to simulate the type Il mechanoreceptors

SAll Gains [mMA/nm] FAIl Gains [mMA/nm]
G1 G2 G3 G4 G1 G2
750 900 1050 1200 1500 2000
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Data collection  Indentation data for the Spiking Neuronal Network training were collected via a custom LabVIEW (National Instruments) routine for FBG data
collection from an optical interrogator, and control of a bimanual robotic platform, consisting of two anthropomorphic arms, used to perform
the skin indention experiments. Single and double probe indentations were collected through the Weber Two-Point Discrimination test,
performed by the experimenters by applying random stimuli onto the e-skin by means of custom handheld tools.

Data analysis Processing calculations, primary afferent and cuneate neuron models, and figure plotting were performed by means of custom Matlab scripts
(R 2022a). The results have been shared via Code Ocean.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Authors are openly sharing dataset and the Matlab scripts used to elaborate the results reported in the manuscript via the Code Ocean platform.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.
Sample size The dataset consists of 1846 data files of automatized indentations spread over the skin surface, randomly sampled from a pool of 2074

indentations. The Weber Two-Point discrimination test was conducted by 10 experimenters, who applied random single and double point
indentations onto the e-skin, totaling 1260 stimuli.

Data exclusions Some automatized indentation samples were disregarded due to the large amount of data and simulation time. Weber Two-Point
Discrimination test indentations were discarded when unstable or low intensity stimuli were recorded, obtaining 675 trials for the final

analysis.

Replication A subset of the input datasets for the Spiking Neuronal Network model training and implementation scripts in Matlab are available in open
access via Code Ocean and GitHub. Full indentation and Weber Two-Point Discrimination test datasets can be shared upon request.

Randomization  Samples were assigned to training and test sets, through a randomization of indentations over the skin surface. To validate the Spiking
Neuronal Network model, 4-fold cross validation was performed.

Blinding No blinding procedure was introduced.
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