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Abstract

Robotic tactile sensors usually provide continuous, sensor-specifi¢ signals such as force,
pressure, or vibration. Although such signals are usefalfor many perception tasks, they are
not directly compatible with afferent-level neural representations used in biological touch
or spike-based processing systems. Here, we present TouchReal, an online neuromorphic
tactile framework that converts signals from a lew-cost multimodal tactile sensor into
biomimetic SA1-, RA-, and PC-like spike trains inspired by the neural simulator package
TouchSim. The hardware combines a capacitive SingleTact force sensor for static contact
information with a PVDF piezoelectric film for dynamic vibration-sensitive responses.
Raw sensor signals are processed through a pre-processing pipeline and stateful leaky
integrate-and-fire (LIF) afferent models. The generated spike trains reproduce several
classical temporal, frequency-dependent, and receptive-field-like response properties of
cutaneous afferents at an average abselute latency of 130.02 ms with a 32 ms update
interval. Functional verification further shows that SA1 and RA spikes support force
regression, while PC spikesfenable texture/classification with around 90% accuracy using
temporal encoding featurés. “Lhese results suggest that TouchReal provides an
interpretable afferent-level tactile,representation for biomimetic robotic sensing, opening
up possibilities for neuroprosthetic feedback and robotic models of human perception.

1 INTRODUCTION

Tactile sensing is critical for humans and robots to perceive and manipulate their environment
effectively [1][2]. Researchersshave investigated tactile sensing for decades, leading to a wide range
of technologies for/transducing mechanical interactions into electrical signals [3] including
piezoresistive [4], piezoelectric [5] [6], capacitive [7], magnetic [8], and vision-based

sensors [9] [10}[11]. These sensors typically provide continuous-valued measurements such as
normal force, pressure, shear, deformation, or vibration, which are then processed for task-level
perceptionor eontrol.

In contrast, human tactile perception relies on spike-based, afferent-specific neural
representations [12]. Different classes of tactile afferents, such as SA1, RA, and PC! fibers, encode
complementary-aspects of contact interactions and are largely decoupled in both temporal scale
and information typée [13]. RA afferents respond strongly to dynamic contact events, motion across
theskin, and low-frequency vibration (5-50 Hz). SA1 afferents are associated with sustained
pressure (0.4-15 Hz), local form, curvature, and fine spatial detail. PC afferents have large receptive
fields ‘and high sensitivity to high-frequency vibration and rapid mechanical transients (50-700 Hz),
meaning that it can detect sudden changes in pressure and contact related information [2] [14] [15].
These afferent classes do not simply provide redundant copies of the same tactile signal; rather,
they decompose contact interactions into complementary channels with different temporal
bandwidths, spatial scales, and functional roles. Furthermore, tactile perception is not determined
by a single afferent response, but by activity patterns across populations of mechanoreceptive

IThese afferents are also frequently referred to as SA1/Merkel, RA/Meissner (or FA1), and PC/Pacinian (or FA2)
in the literature. To maintain consistency and align with the nomenclature adopted by the TouchSim simulator, we
will exclusively use the terms SA1, RA, and PC throughout this paper.
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fibers [16] [17] [18]. For example, perception of intensity is mostly based on the activity of all
mechanoreceptive afferents [19]. This biological organization suggests that an afferent-level
representation could provide a useful interface between artificial tactile hardware and spike-based,
human-inspired tactile computation.
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Figure 1. Pipeline overview. (A) The robot, arm (Franka Emika Panda) delivers controlled tactile stimuli to the
multi-modal e-skin sensor. (B) Raw sensor signals areiconditioned by preprocessing circuits and streamed via a
microcontroller. (C) An online preprocessing module converts the signals into static and dynamic force components.
(D) All force channels drive a statéful TouchSim-inspired LIF afferent model to generate human-afferent-level spike
trains. (E) SA1, RA, and PC spike trains are reconstructed online. (F) The spike-based representation enables
downstream applications.

Motivated by this idea, several studies have explored the conversion of analog tactile signals into
spike-based or event-based tactile representations. Computational receptor models can simulate the
responses of tactile afferénts under, controlled stimuli [20]. Neuromorphic tactile sensors such as
NeuroTac generate event-based tactile outputs from optical sensing hardware [21] [22]. More
recently, an artificial fingertip-{23] composed of FSRs realizes the spike patterns of SA1 afferent
with Izhikevich model [24]s At the algorithm level, recent reviews have covered a wide range of
methods to generate/spikes [25]. Zhao et al. [26] optimize spike encoding and SNN computation for
tactile perception. General SNN studies also show the potential of spike-based learning [27].

These studiesi'demonstrate the promise of spike-based tactile processing, but several limitations
remain. Somerapproaches operate only on simulated or highly controlled signals, some produce
generic spike streams without explicit correspondence to mechanoreceptive afferent classes, and
others focus primarily on task-level inference rather than preserving the functional separation
between statieypressure, low-frequency dynamic contact, and high-frequency vibration, which are
cenfralto biological tactile coding [1]. Consequently, how to convert real, noisy, and sensor-specific
tactilé meagurements into afferent-level spike trains with interpretable SA1-; RA-, and PC-like
response patterns remains an open problem.

TouchSim provides a physiologically grounded model for simulating peripheral tactile responses
with millisecond precision and afferent-specific structure [28], and has been used previously to
model afferent responses. Delhaye et al. [29] use TouchSim to investigate the encoding of geometric
features in simulated populations of peripheral tactile afferents; Shao et al. [30] use measured skin
displacement signals to drive TouchSim and study dynamic tactile information in the hand,
demonstrating the value of combining physical measurements with afferent simulation; Mazzoni et
al. [31] use TouchSim to transform scanned texture profiles into mechanoreceptor population
responses. These studies show the value of TouchSim-like afferent representations for analyzing
tactile coding, perception, and prosthetic feedback. However, TouchSim is primarily designed for
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offline simulation with idealized skin mechanics and prescribed stimuli. Directly applying it to
robotic tactile sensing is non-trivial, because real sensors introduce noise, compliance, hysteresis,
mechanical coupling, sampling-rate constraints, and latency. Therefore, a gap remains between
biophysical afferent simulation and online tactile sensing with physical robotic hardware.

In this paper, we propose an online tactile sensing system (Fig. 1) that generates
human-afferent-level spike trains compatible with TouchSim-inspired models. We colléct ramp and
sine indentation data and optimize an afferent model to reconstruct SA1, RA and PC spike
responses. We also compare the generated responses both with TouchSim and with'known response
properties of human mechanoreceptors, and we evaluate whether the generated spikes preserve
task-relevant information through two verification tasks.

2 METHODOLOGY

2.1 Tactile Sensing Hardware

This study aims to transform raw multimodal tactile signals into biologically,plausible spike trains
resembling the responses of three major classes of cutaneous afferents: slowly adapting type I
(SA1), rapidly adapting type I (RA), and rapidly adapting type II afferents)(PC). These afferents
are associated with different frequency ranges where sensitivity is highest, approximately 0.4-15Hz
for SA1, 5-50 Hz for RA, and 50-700 Hz for PC afferents [12]. /To approximate these
complementary response characteristics, the tactile sensing platferm combines a capacitive
SingleTact force sensor for static and slowly varying contagct. force measurements with a PVDF
piezoelectric film sensor for dynamic vibration-sensitive measurements.

The SingleTact sensor is a circular capacitive force semsor with an 8 mm diameter. It is
operated over a force range of 0-10 N with a resolution of 0.01L N and sampled at 100 Hz. The
PVDF sensor (LDT0-028K) consists of a 28 ym-thi¢k piezoelectric PVDF film with screen-printed
silver electrodes laminated onto a 0.125 mm polyester substrate. Since the PVDF signal contains
higher-frequency dynamic information relevant to RAsand PC responses, it is sampled at 2 kHz.

The tactile skin assembly is shown in Fig,s22The SingleTact sensor and PVDF film are
embedded between two silicone layers,with thicknesses'of 0.5 mm and 1 mm, respectively. This
layered structure provides compliant' mechanical coupling between the external stimulus and the
sensing elements. The assembled skin,is mounted on a rigid 3D-printed platform.

1 . .
, centre vertical line

Unit: mm

Top skin  —— 8

SingleTact S

Filtering
circuits

Figure/2. E-skin assembly and signal acquisition pipeline. The SingleTact sensor (yellow) and PVDF film sensor
(light gray) are embedded between two silicone layers (dark gray). The sensor outputs are conditioned by filtering
circuits and digitized by a microcontroller.

2.2  Data Collection

Ramp and sinusoidal indentation stimuli are collected to train and evaluate the proposed
tactile-to-spike encoding framework. Ramp stimuli are used to evaluate static and transient force
encoding and are delivered using a rigid probe with a 1 mm diameter mounted on a robotic
manipulator (Franka Emika Panda). Sinusoidal stimuli are used to characterize
frequency-dependent responses of dynamic afferent channels and are generated using a sound
exciter (Dayton Audio DAEX32EP-4 Thruster Exciter, 40 W, 4 Q). Sinusoidal waveforms with
predefined frequencies and amplitudes are generated digitally and amplified using a TPA3116




oNOYTULT D WN =

IOP Publishing

AUTHOR SUBMITTED MANUSCRIPT - NCE-100727.R1 Page 4 of 24
Journal vv (yyyy) aaaaaa Author et al

mono-channel power amplifier before being applied to the exciter, enabling control of the frequency
of vibration of the stimulation.

For ramp-shaped stimuli, 448 parameter combinations are collected with 6 trials each by
varying indentation velocity, release velocity, hold time, and indentation depth:

e Indentation velocity (V,,): 8, 40, 65, and 95 mm/s.

e Release velocity (Viown): 8, 40, 65, and 95 mm/s.

e Hold time (h;): 0, 0.6, 1.2, and 1.8s.

e Indentation depth (d): 0.8, 1.0, 1.2, 1.4, 1.6, 1.8, and 2.0 mm.

For sinusoidal stimuli, 30 trials are gathered at each of the following fréquencies:
e Frequency: 10, 100, 200, 300 and 400 Hz.

The test dataset uses the same parameter ranges as the training dataset, but consists of
independent repeated trials that are not used during parameter optimization. For each physical
stimulus condition, corresponding ground-truth afferent spike trains aresgenerated using TouchSim
with matched stimulus parameters and trial counts. For sinusoidal stimulation, the indentation is
not fixed across frequencies. This is because the effective displacement transmitted to the tactile
skin depends strongly on the frequency-dependent coupling betweéngthe exciter, probe, silicone
layer, and sensor assembly. In particular, higher-frequency vibrations can suffer larger mechanical
energy loss, making precise control of physical indentationramplitude difficult. Therefore, before
collecting the sinusoidal dataset, the drive amplitudesat each frequency is empirically adjusted so
that the PVDF response amplitude is approximately matehed across frequencies. The
frequency-response analysis should therefore be interpreted as the afferent-like firing response
under matched sensor-level vibration amplitude, rather than under identical commanded
displacement amplitude. The corresponding /TouchSim, reference stimuli are generated using an
indentation depth of 0.1 mm. This TouchSim amplitude is used as a nominal reference level for
generating frequency-dependent afferentiresponses;tather than as a direct estimate of the physical
displacement delivered to the sensor at, eachifrequency.

2.3 Signal Preprocessing and Online.Implementation

In the original TouchSim formulation [28], tactile input is represented by static, first-order
dynamic, and second-order dynamic'eomponents. In this work, the representation is adapted to the
available multimodal sensing hardware.; The preprocessing pipeline converts the raw SingleTact
and PVDF recordings/intoyfour channels used by the afferent transduction model:

e ST: the filtered SingleTact force.
e d(ST): the tempeoral derivative of the filtered SingleTact force.
e PVDF': the reconstructed PVDF signal.

e d(PVDF):the temporal derivative of the reconstructed PVDF signal.

These 4 channels allow the model to represent both slow skin deformation and rapid
vibration-induced dynamics, and the filtering is a key component of the pipeline to enable
real-world sensor data to be processed.

Ascausal, chunk-wise pipeline is implemented. At each online update, a newly acquired segment
of raw/data)is passed through stateful preprocessing modules. The sliding window has a length of
128ms and/updates every 32ms. The 128 ms causal window determines the temporal context
required before a stable PVDF-derived output becomes available, whereas the 32 ms update
interval determines how often new spike outputs are produced once streaming operation has begun.
Thus{ the system produces outputs at 31.25 Hz. The raw SingleTact data are processed by a
low-pass filter and a causal o — § estimator to yield a smoothed ST channel and a temporal
derivative d(ST) channel.

The PVDF signal contains stimulus-dependent spectral content over a broad frequency range
with ramp stimuli mainly producing low-frequency components with broadband noise, whereas
high-frequency sinusoidal stimuli produce narrow-band spectral peaks (Fig. 3 A, B). To extract
stimulus-relevant dynamic information, the raw PVDF data are processed using a causal
frame-based short-time Fourier transform (STFT) and an overlap-add (OLA) front end. Incoming
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PVDF samples are accumulated in an input buffer and analyzed once a complete frame is available.
It first goes to a low-pass filter and a comb-notch filter to address 50 Hz mains and its harmonics.
Each frame is Hann-windowed, then transformed into the frequency domain, and passed through a
frequency-dependent manually calibrated gate function (Fig. 3 C). In each STFT frame, spectral
components exceeding the calibrated threshold are retained, while weaker components are
attenuated. The filtered spectrum is then transformed back to the time domain using'the inverse
STFT (ISTFT). The reconstructed PVDF channel is then differentiated in temporal space.to
obtain the d(PVDF) channel.

Finally, all four channels are resampled to 5 kHz using piecewise cubic Hermite interpolation
(PCHIP) to match the temporal resolution used by TouchSim and are passed inte a stateful LIF
implementation.

A Ramp B Sine
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Figure 3. (A) (B),STET of PVDF outputs of ramp stimulus and a 400 Hz sinusoidal stimulus. The X axis
represents time, and the Y axis represents frequency. High-intensity regions correspond to stimulus-related spectral
components. (C) Frequency-dependent gate function used for PVDF spectral filtering. In each STFT frame, spectral
components stronger than'the threshold are retained to preserve stimulus-related dynamics while suppressing noise.

2.4 Parameter Optimization

The afferent transduction stage maps the four previously described preprocessed channels (ST,
d(ST), PVDF,d(RVDF)) into SAl-, RA-, and PC-like spike trains. The model (Fig. 4) is adapted
from the spiking model of TouchSim. These channels are linearly weighted using afferent-specific
parameters and converted into input currents that drive LIF neurons.

For each afferent type, the injected current is computed as a weighted combination of the four
input channels providing complementary tactile information. The ST channel represents slowly
varying contact force and is therefore expected to contribute primarily to sustained SA1-like
activity. The d(ST) channel emphasizes changes in contact force, including indentation and release
transients, and is expected to contribute more strongly to RA-like responses. The PVDF channel
contains vibration-sensitive dynamic information, while d(PVDF') further emphasizes rapid changes
and high-frequency transients. These two PVDF-derived channels are therefore expected to
contribute most strongly to PC-like responses, while also providing transient information to the
RA-like channel. The resulting current is passed through a LIF neuron model with post-spike
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Figure 4. Modified TouchSim spiking model. The four input channels correspond to the SingleTact output, the
SingleTact derivative, the reconstructed PVDF signal, and the PVDEF derivative. These channels are weighted and
combined to drive afferent-specific LIF neurons. The green part replicates the original TouchSim model architecture
and the blue part is a novel and necessary contribution of the TouchReal model. for real-world applications.

current dynamics inherited from TouchSim. This structure allows SA1-like responses to be
dominated by slowly varying force, RA-like responses to. emphasize transient force changes, and
PC-like responses to depend more strongly on high-frequeneyy PVDF-derived components.

To adapt the model parameters (wq-wsg, 7, ih; delay) to/the proposed sensor configuration, they
are optimized by minimizing an objective funetion. The objective function combines spike timing
similarity, spike count consistency, empty-train aveidance, and worst-condition regularization:

L= Dbasic + Lrel + Lempty + L]V[GD (1)

This objective encourages the model to mateh spike timing, preserve spike count consistency,
avoid degenerate silent responses, and maintain acceptable performance across difficult stimulus
conditions. A detailed breakdown of this equation is provided in the next sections.

2.4.1 Basic Spike Train Distance Toiquantify spike train similarity during optimization, we use
a normalized kernel-based,distance derived from the Van Rossum distance [32]. The original Van
Rossum distance can vary-over several orders of magnitude depending on spike count and stimulus
duration, which can make parameter optimization unstable. Therefore, we use a bounded similarity
score.

Let the ground-truth spike train be Sy, = {¢;} and the predicted spike train be S; = {u;}.
The auto-kernels are defined as:

‘Sgnd‘ ‘Sgnd‘

Ay = 3 eap(- 11l

-
i1 j=1
[St] St

=30 eap(- it

i=1 j=1

The cross-kernel is:

‘Sgnd| ‘St

(S8 = >0 Y emp(- 111 (3)

=1 j=1
The normalized similarity is then:

C(Sgnd7 St)
A(Sgna)A(St) + €

stm(Sgnd, St) =

The kernel distance is defined as:
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2
3 Dkernel(sgnd> St) =1~ Sim(sgndy St) (5)
4
5 This distance is bounded between 0 and 1, where 0 indicates identical spike trains and larger
6 values indicate weaker similarity.
7 For each stimulus condition r, distances are computed across all pairs of predicted and
8 ground-truth trials. The basic distance term is:
9 1 Ny Nt MNgnd )
10 Dbasic T Z Z Z DITc‘ernel(S;nw Sg) (6)
11 MriMgnd (21027 521
:g where n,. is the number of stimulus conditions, n; is the number of predicted trials per
14 condition, and ngnq is the number of ground-truth trials per condition.
15 . , , AU .
16 2.4.2 Unbalanced and Empty Spike Train Penalties Kernel similarity alonéunay not sufficiently
17 constrain firing rate, especially when the optimizer converges to sparse or near-empty spike trains.
18 To encourage spike count consistency, we introduce a relative spike:count penalty. Let N, denote
19 the mean spike count of the ground-truth trials for condition 7, and Ng.denote the mean spike
20 count of the predicted trials. The relative spike-count loss is:
> L. b | o

relative — i :
Nt +e€
23 T
24 An additional empty-train penalty is applied when’the ground-truth response contains spikes
25 but the predicted response is nearly silent because ofthe degeneration in convergence:
26 _ . .
27 i _ ALl cativer = thresi & Ng < threso; (8)
28 empty 0, otherwise:
gg In this study, thres; = 1, thress = 0.8, and A, = 5. The average relative count loss and
31 empty-train loss are:
32 1 Ny ' 1 Ny )
33 Lyer = . ZL;elativw Lempty = . ZLémpty 9)
34 "i=1 " i=1
35
36 2.4.3 Mazimum Group Distance Penalty During optimization, the model may fit easy stimulus
37 conditions while neglecting difficult conditions. To reduce this imbalance, we introduce a maximum
38 group distance penalty. For each optimization step, the m stimulus conditions with the largest
39 Dj.. e Values are selected, and their mean distance is added to the objective:
40 . m
H LMGD - Z D;;ernel (10)
42 m
43 re{MGD}
44 where m denotes the set of the m worst-performing stimulus conditions. In this study, m = 3.
22 To assess the functional role of the learned inputs, the additive pre-saturation current is
47 decomposed inte. the four weighted input components. For afferent type a, the effective
48 contribution of channel k is calculated as
49 (r)
I (t

50 k= 4Zr Zt' a,k((r))‘ « 100%, (11)
51 Zj:l )OI |Ia,j @)l
52
53 where (Er; (t) is the weighted pre-saturation current contributed by channel k at time ¢ in trial
54 r. Absolute magnitudes are used to prevent positive and negative transient currents from
55 canceling. Contributions are calculated before the joint saturation nonlinearity, where the four
56 channel components remain additively separable.
57 The same objective structure is used for all three afferent classes to maintain a consistent
58 evaluation criterion, but SA1, RA, and PC models are optimized independently using their
59 corresponding training data and separate parameter sets. The fixed values thres; = 1,
60 thress = 0.8, A\ = 5, and m = 3 are selected empirically to balance the relative contributions of the

four objective terms and prevent any single term from dominating the optimization. These values
are implementation choices for the present dataset rather than universal physiological constants.




oNOYTULT D WN =

IOP Publishing

AUTHOR SUBMITTED MANUSCRIPT - NCE-100727.R1 Page 8 of 24
Journal vv (yyyy) aaaaaa Author et al

2.5 Fwvaluation of Afferent Response Features

After parameter optimization, the model is evaluated by comparing sensor-derived spike trains
with TouchSim-generated ground-truth spike trains. The evaluation focuses on three aspects:
spike-train mapping ability, classical temporal response features, and spatial receptive-field-like
response patterns.

2.5.1 Model Comparison For this evaluation, conventional Van Rossum distance [32] is used! to
quantify the similarity between sensor-derived and TouchSim-generated spike trains on test data.
For each afferent type and stimulus condition, we compute three types of pairwise distances:
TouchSim vs TouchSim, TouchReal vs TouchReal, and TouchSim vs Touc¢hReal. This comparison
separates the intrinsic variability of TouchSim-generated responses, the variability of sensor-derived
responses, and the mismatch between the two response sources.

For this evaluation, the Van Rossum time constant is set to 7 = 0.00Ls, corresponding ‘to a 1 ms
temporal resolution. This high temporal precision is used to assess spike timing consistency, while
firing-rate-based analyses are additionally used for dynamic afferents®whose responses may be
strongly affected by small phase shifts.

2.5.2  Temporal Response Features Ramp stimuli are used t@ examine whether the three afferent
channels fire at biologically plausible phases of contact. For eachiramp condition, spike trains are
averaged across repeated trials to obtain time-varying firingytrends, SA1-like responses are
expected to dominate during indentation and sustained holdingyphases, RA-like responses during
indentation and release transients, and PC-like respongesmear high-acceleration turning points.

For sinusoidal stimuli, the average firing rates of RA and P@ channels are computed across
stimulus frequencies using the PVDF-amplitude-matched, trials described previously. This analysis
evaluates whether the generated dynamic afferent channels preserve frequency-dependent response
trends when the sensor-level vibration amplitude is kept approximately comparable across
frequencies. Because millisecond-scale Van Réssum distance can over-penalize small phase shifts in
dynamic responses, firing-rate curves are used as a complementary metric for frequency-dependent
response validation. Two-way ANOVAuis then applied to test the effects of stimulus frequency,
response source, and their interaction on firing rate.

2.5.8 Receptive-Field-Like Spatial Response Features Spatial response mapping is performed
using ramp/sinusoidal-shaped indentation stimuli applied at different radial offsets from the sensor
center. Radial offsets range from 0%o 15 mm with a 1 mm interval, and angular positions range
from 0° to 330° with a 30° interval. Eaeh spatial condition is repeated five times. For ramp
stimuli, the indentation depths are 0.1,/0.3, 0.5, 0.7, 0.9, and 1.1 mm. Indenting speed (10 mm/s)
and hold time (1s) are settoybe constants through the experiment.

For all three afferent~like chanulels, the generated spike trains are summarized as mean spike
count per trial at each spatial sampling position. For the SA1 and RA channels, ramp-shaped
indentation stimuli aresused because these channels are mainly associated with indentation-related
and transient contactsevents. For the PC channel, sinusoidal stimuli are applied at different radial
offsets from the sensor center, with frequencies of 35, 90, 165, 265, and 365 Hz. Although PC
responses are reported as firing rates in the frequency-response analysis, spike counts are used here
to keep the receptive-field-like spatial analysis consistent across afferent types.

The resulting spatial response maps are interpolated to visualize receptive-field-like response
structures. Radial profiles are then computed by averaging responses across positions with the
same radialoffset: In addition, the area of the valid-response region is estimated by thresholding
the imterpolated maps using an absolute activity threshold (two spikes). To examine whether the
estimated area depends strongly on this threshold, an additional threshold-sweep analysis is
performed by varying the absolute spike-count threshold (1-20 mean spike counts). This area is
used as an auxiliary descriptor of spatial response spread, while radial attenuation profiles are
treated as the primary measure of spatial selectivity.

In‘addition to radial averaging, angular anisotropy is quantified from the sampling locations
using the second-order index:

|32 R(r, 0, c)e™|
ZO R(T707 C) '

where R(r,0,c) denotes the mean spike count at angular position 6 under condition ¢. Opposite
directions are treated as the same spatial axis. Large values indicate stronger angular

Al (r,c) = (12)
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non-uniformity. The Al value is obtained by averaging across valid nonzero radial rings. For the
polar plots, responses are normalized within each radial ring, valid rings are combined using mean
spike count as weights, and the resulting profiles are averaged across stimulus conditions.

2.6 Verification Tasks

To evaluate whether the generated biomimetic spike trains preserve task-relevant tactile
information, two verification tasks are performed: continuous force regression and texture
classification (Fig. 5). These tasks are designed to assess whether task-relevant information is
retained after conversion into afferent-like spike trains, rather than to demonstrate superior
decoding performance over the original sensor signals. The spike representation’ is the intended
output of TouchReal for biologically grounded neuromorphic processing and /petential
neuroprosthetic applications.

A. Verification tasks experimental setup B. Force regression task

C. Texture classification task

Figure 5. Setup for verification tfasks. (A) Robot\arm (Franka Emika Panda) with attached stimulus end-effector.
(B) Force regression task stimulator mounted on the robot above the sensor. (C) 3D-printed texture classification
stimuli with 3 different edge spacings.

2.6.1 Continuous Force Bstimation Continuous force estimation is performed using spike trains
generated from ramp stimuli. Theregression operates online alongside the spike-generation
pipeline. Spike times are eonverted into spike counts using 10 ms bins, and the corresponding
ground-truth force label is‘ecomputed as the mean force within each bin.

At each 32ms gystem update, the most recent sliding window of 128 ms is used to provide
temporal spike-count features based on online spike generation. A lightweight streaming multilayer
perceptron (MLP) is trained to predict force from the spike-count features.

To evaluate theicontribution of dynamic afferent information, we compare a model using only
SA1 spikedrains, only RA spike trains to one using both SA1 and RA spike trains. This
comparigon tests whether RA-like transient responses improve force reconstruction during dynamic
phases suchhas indentation and release.

Prediction smoothness is also quantified using an oscillation metric based on the second
temporal difference’of the predicted force:

1
oscillation = NZ(A%%F (13)

where A%j); = §;11 — 29; + 9;_1. The lower the value, the smoother the curve.

To evaluate the latency-performance trade-off, force regression is additionally repeated across
causal processing windows from 4 to 256 ms using the same data partition, spike features, and
regression procedure.

2.6.2 Texture Classification Texture classification is performed using comb-shaped artificial
textures with three tooth intervals: 0.5 mm, 2mm, and 4 mm. The indentation depth and sliding
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speed are kept constant across textures. The generated PC-like spike trains are used as the
primary source of vibration-related texture information.

To reduce the possibility that the classifier learns fixed trial timing rather than
texture-dependent spike structure, spike trains are temporally aligned using the first PC spike as
the new temporal origin. Spike trains are then binned using 10 ms bins.

Two categories of spike-based features are extracted:

e Rate encoding data: total spike count, average firing rate, inter-spike interval®(ISI) features,
frequency-domain features.

e Temporal encoding data: Gaussian-smoothed PSTH features used to reduce sensitivity to
spike-level jitter while preserving stable temporal response patterns.

Feature ablation experiments are performed using rate encoding dataronly, temporal encoding
data only, and both features. To classify textures in an online manner, sliding, window is used with
different window lengths (100, 200, 300, 400, 500, 750 ms). The modél generates one prediction
once the window buffer is filled. A support vector classifier (SVC) is used for texture classification.

The effect of the upstream causal processing window is additionally. evaluated using windows
from 4 to 256 ms, while the downstream texture-classification inference window is fixed at 500 ms.

3 RESULTS

3.1 Inspection and Spike-Train Comparison of Generated Responses

We first inspect whether the proposed TouchReal modél reproduces afferent-specific temporal
response patterns under ramp-shaped indentation stimuli. Figu6 shows a representative
comparison between the ideal TouchSim reference trajectory and the corresponding robot-executed
stimulus recorded by the tactile skin. The measured, force trajectory follows the ramp-hold-release
profile, but exhibits a temporal delay and smoothing effect. This delay is caused by the compliant
silicone structure and mechanical damping of the tactile skin, and represents a systematic
difference between idealized TouchSim input and physical stimulation. In addition, the robot
cannot instantaneously reach and maintain the cemmanded velocity over short strokes, which
further contributes to the temporal shift‘and smoothing of the measured force trajectory.

A TouchSim:trajectory B TouchSim spikes
251 — SAl
1.25F ol RA
E 1.00 % PC
- el 1.5
215l
S 0.75F by I |
® 5
£ 0.50 g Lof
o z
! [
0'00 J 1 1 1 1 L 1 0'0 L 1 1 1 1 1
0.0 05 1.0 1.5 2.0 2.5 0.0 0.5 1.0 1.5 2.0 2.5
Time (s) Time (s)
Cc TouchReal output D TouchReal spikes
25¢ ‘H — sa1
- 6 L — RA
x 20 — PC
5 B
o
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g 2 9,
= @
LU=
42 <
— PVDF 05p
— SingleTact
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Figure 6. Representative ramp stimulus response. (A) (B) show the TouchSim trajectory and generated spikes.
(C) (D) show the corresponding TouchReal output and spikes.

Despite this mechanical delay, the generated spike trains preserve the expected afferent-specific
firing phases. SA1-like responses are mainly active during indentation and holding phases,
reflecting sensitivity to sustained contact force. RA-like responses are concentrated around
indentation and release transients, reflecting sensitivity to temporal changes in contact force.
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PC-like responses are primarily observed near rapid transitions, where acceleration and
high-frequency components are strongest.

To summarize response trends across repeated trials, spike trains with the same ramp stimulus
parameters are averaged over time (Fig. 7). The averaged firing patterns further confirm the
functional separation between the three afferent channels. SA1 firing increases during contact
formation and remains elevated during the hold phase. RA firing shows transient peaks during
indentation and release, while remaining low during the stable holding phase. PC firing is'strongest
near turning points and rapidly decays outside these high-dynamic events. These temporal
response patterns are consistent with known mechanoreceptor response characteristics [33].

TouchReal TouchSim.
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Figure 7. Mean ramp force/indentation and mean afferent firing rates over time of ramp-shaped stimuli for
TouchReal (left column) and TouchSim (right column). Theitop,curve shows the measured contact force and
indentation depth. The lower panels show averaged SA1; RA; and PC firing rates. Shaded regions indicate the
min—max range across repeated trials.

After this qualitative inspection, we quantify spike-train similarity between TouchReal and
TouchSim using the conventional Van Rossum distance. For each afferent type, three pairwise
comparisons are computed: TouehSim vs TouchSim, TouchReal vs TouchReal, and TouchSim vs
TouchReal responses (Fig. 8). This design separates the intrinsic variability of TouchSim reference
responses, the variability of sensor-derived responses, and the mismatch between the two sources.

17.5/7
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Figure 8. Spike-train mapping evaluation using VR distance. For each afferent type, distances are computed
between TouchSim and TouchReal spike trains, between repeated TouchReal spike trains, and between repeated
TouchSim spike trains. Boxes indicate the interquartile range (Q1-Q3), center lines indicate medians, and whiskers
extend to the most extreme data points within 1.5XIQR.

For SA1 and RA afferents, the inter-model distances (TouchSim—TouchReal) are closer to the
intra-model distances (TouchReal-TouchReal and TouchSim-TouchSim) than for PC afferents,
indicating that the proposed pipeline reproduces the main temporal response structure of slowly

11
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Table 1. Effective contribution of each input channel
Afferent ST d(ST) PVDF  d(PVDF)
SA1 66.79% 27.37%  5.84% 0.00%
RA 0.00%  36.22%  1.26% 62.52%
PC 0.00%  27.19%  44.05% 28.76%

varying and transient tactile responses. The SA1 channel shows larger absolute distances than RA,
which is expected because SA1 responses contain longer spike trains during sustained contact;
small deviations in sustained firing therefore accumulate over time. Nevertheless, the overlap
between the inter-model and intra-model distances suggests that the SA1-like output remains
within a comparable response range.

The PC channel shows a larger gap between the TouchSim—-TouchReal distance and the two
intra-model distances. This indicates that PC-like spike timing is more difficult to reproduce
precisely from real sensor data. The mismatch is mainly attributed to.the semsitivity of PC
responses to high-frequency vibration, acceleration transients, and small temporal alignment errors
between simulated TouchSim stimuli and physical contacts for TouchReal. Therefore, for PC
responses, spike count and frequency-dependent firing trends are.furthersanalyzed as
complementary metrics.

To examine whether the learned channel weights are consistent with the intended functional
separation, we quantify the effective contribution of each input chamnél to the pre-saturation
injected current. Because ST, d(ST), PVDF, and d(PVDF) have different scales and units, raw
weight magnitudes are not compared directly. Instead/ thetime-integrated absolute magnitude of
each weighted channel is calculated and normalized within each afferent type across the test set. As
shown in Table 1, the SAl-like current is dominated by SZ, which accounts for 66.79% of the total
effective input, while d(ST) contributes a smalley transient component. The RA-like model receives
no contribution from ST, and 98.74% of its current arises from the two derivative channels. For the
PC-like model, the PVDF and d(PVDF) channelsyjointly account for 72.81% of the input current,
with the remaining contribution arising fromd(S7T). These results indicate a dominant, although
not strictly orthogonal, separation between sustained-force, transient-contact, and vibration-related
inputs.

3.2 Temporal Response Features

Because RA and PC afferents are strongly associated with dynamic tactile information, we further
evaluate their firing-rate responses under sinusoidal stimulation. Fig. 9 compares
TouchSim-generated and sensor-derived firing rates across stimulus frequencies while Tables 2

and 3 quantify the effects of frequency, model source, and their interaction using two-way ANOVA.

—$— TouchSim —#— TouchReal

A RA B PC
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Figure 9. Firing rate versus sinusoidal stimulus frequency under approximately matched PVDF response
amplitude. The blue curve represents the TouchSim ground truth, and the orange curve represents the
sensor-derived response generated by the proposed TouchReal model. Markers represent trial-averaged firing rates;
error bars denote 95% confidence intervals of the mean across trials. (A) RA firing rate’s frequency dependency. (B)
PC firing rate’s frequency dependency.

For RA afferents, both TouchSim and sensor-derived responses show a band-pass-like frequency
dependence (Fig. 9 A). Among the tested frequencies, the strongest response occurs at 100 Hz,
followed by a decrease at higher frequencies. This trend is supported by the ANOVA, which shows
a significant main effect of frequency (Table 2). The main effect of model source is not significant,
indicating that the overall firing-rate level of the TouchReal RA channel is not systematically
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Table 2. Two-way ANOVA test for RA firing rate
F p-value Significance
Frequency  46.63 1.15e-32 p < 0.001
Model 0.33 0.57 n.s.
Interaction 6.18 7.64e-5 p < 0.001

Table 3. Two-way ANOVA test for PC firing rate

F p-value Significance
Frequency 455.21  T7.44e-155 p < 0.001
Model 3.43 0.06 n.s.

Interaction 7.92 3.60e-6 p < 0.001

shifted relative to the TouchSim reference. However, the significant frequency-by-source interaction
shows that the agreement is not uniform across frequencies. This is consistentywith the deviations
in Fig. 9A, particularly around the response peak and at higher frequencies, These differences are
likely to reflect a combination of sensor noise, mechanical damping, and preprocessing-induced
changes in the dynamic signal.

For PC afferents, firing rate increases strongly with frequency in.both TouchSim and TouchReal
(Fig. 9 B). The ANOVA confirms a strong main effect of frequency (Table 3), indicating that the
PC-like channel preserves the expected frequency sensitivitys The main effect of model source is
not significant, suggesting that there is no strong overall firing-rate bias between TouchReal and
TouchSim. The significant interaction term indicates that'the frequency-response curves are not
identical across all frequencies. This is mainly reflected by the reduced TouchReal response at
400 Hz, where the effective vibration transmitted throughithe exciter—skin coupling may be
weakened.

Overall, both RA and PC responses exhibit _strong frequency dependence, which supports that
the proposed sensor-to-spike conversion preserves the fundamental frequency sensitivity of tactile
afferent responses. The nonsignificant source effects further indicate that the TouchReal responses
do not show a systematic overall firing-rate bias relative to the TouchSim reference. The
interaction terms show that both afferents have significant frequency-dependent mismatch: The
remaining mismatch may reflect frequency-dependent mechanical coupling in the stimulation setup.
For example, low-frequency deviations may be/related to local resonance between the vibrating tip
and the sensor assembly, whereas high-frequency deviations may reflect reduced transmitted
vibration energy. The error bars are,generally larger for the TouchSim reference than for the
TouchReal responses, particularly in thesRA channel. This likely reflects the fact that the
TouchSim reference ineludes responses from multiple afferent model instances with different
parameter sets, whereas the TouchReal output is generated through a fixed sensor pathway and
optimized transduction model.Thus, the TouchSim variability reflects both trial-level variability
and the diversity of simulated afferent models, while the TouchReal curve mainly reflects
repeatability of the physical sensor-derived response.

3.8 Receptive-#ield-LikedSpatial Response Features

We next examine the receptive field properties of the generated afferent responses. Spatial analysis
is performed by applying ramp indentation and sinusoidal vibration stimuli at different radial
offsets and angular positions relative to the sensor center. The mean spike count at each sampling
locationfis used to construct spatial response maps.

Importantly, results shown here should not be interpreted as a direct measurement of biological
receptive-field size. In physiological studies, receptive fields are usually defined for individual
afferent fibers by mapping their sensitivity profiles, response thresholds, or firing responses across
controlled skin stimulation locations. For example, Johansson [34] characterized receptive-field
extent as a function of indentation amplitude and described different sensitivity profiles for
RA/SA1 and PC/SA2 units, while Vega-Bermudez and Johnson [35] mapped single SA1 and RA
afferents using a dense probe array over a fixed skin region. In contrast, the present study uses a
single artificial sensor and defines a receptive-field-like area from the spatial region in which the
generated spike count exceeds a fixed threshold. Therefore, this metric should be interpreted as a
hardware-dependent spatial activation descriptor, rather than as an estimate of human
receptive-field size. Its value may vary with sensor geometry, silicone thickness, bonding quality,
wire placement, and fabrication variability. Their main significance here is the relative ordering
across channels and the change in spatial extent with stimulus condition.

13
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RA responses increase with indentation depth but show a broader spatial distribution than SA1
responses (Fig. 10 A, B). Compared with SA1, the RA maps exhibit stronger peripheral responses
and a larger effective response region, suggesting higher sensitivity to dynamic mechanical
propagation through the silicone skin. This broader spatial structure is consistent with the role of
RA afferents in detecting transient mechanical changes rather than only local static indentation.
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Figure 10. Receptive field features. (A) (B) (C) Examples of spatial response maps. White dots indicate measured
sampling/locations. Interpolated maps show mean spike counts. SA1 and RA are sampled under 0.7 mm indentation
depth..RC is sampled under 265 Hz stimulus. (D) (E) (F) Radial response profiles. Responses are averaged across
sampling locations with the same radial offset. All channels are shown as mean spike counts. (G) (H) Effect of
indentation depth and vibration frequency on receptive-field-like response area. The area is estimated from
interpolateddmaps using a two-spike threshold. (I) (J) (K) Threshold-sweep heatmap. Receptive-field-like response
area changes with different depth and absolute spike count threshold.

For PC responses, the spatial maps are evaluated across sinusoidal stimulus frequencies rather
than indentation depths. The PC response increases with frequency and shows a broader
yibration-sensitive region at higher frequencies (Fig. 10 C). The maps also exhibit spatial
asymmetry, particularly at larger radial offsets. One plausible source of this asymmetry is the
mechanical layout of the PVDF sensor. The PVDF film is connected to external wires on one side,
and this wired connection may introduce local stiffness, thickness variation, or slight imbalance in
the sensor stack. These factors could produce direction-dependent coupling between the probe,
silicone layer, and PVDF film, causing vibrations to be transmitted more strongly along some




Page 15 of 24 AUTHOR SUBMITTED MANUSCRIPT - NCE-100727.R1

IOP Publishing  Journal vv (yyyy) aaaaaa Author et al
1
2 A SAl B RA c pC
3
4
5
6
7
8
9
10
11
:g L, Dsa
14 0.8 0.8 0.8
15

0.6 0.6 0.6

16 3 z 2
‘I 7 0.4 0.4 0.4
18 021 021 \\“\ 02+ s
1 9 0.0 T T T T 0.0 T T T T 0.0 T T T
20 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 100 200 300
21 Depth (mm) Depth (mm) Frequency (Hz)
22 Figure 11. Angular anisotropy of the receptive-field-like responses. (A-C)yNormalized angular response profiles for
23 SA1, RA and PC. A value of 1 denotes the angular mean response:Dashed lines indicate the dominant axis. Shaded
24 regions indicate variability across valid radial rings. (D-F) Second-order, anisotropy index Als across indentation
25 depth for SA1 and RA and across vibration frequency for PG Liarger values represent stronger angular
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28 directions than others. Therefore, the observediasymmetry should be interpreted as a feature of the
29 current sensor assembly rather than as a biological PCireceptive-field property.
30 To quantify radial response structure, responses are averaged across angular positions with the
31 same radial offset (Fig. 10, D-F). SA1 responses show a steep radial decay, indicating strong spatial
32 selectivity around the stimulus center."The response amplitude increases with indentation depth,
33 but spatial decay remains relatively sharp. RA responses decay more slowly with radius and show
34 broader response profiles, confirming that the RA-like channel has a larger effective receptive field
35 than SA1. Despite the overall radial decay, RA profiles show secondary peaks at several
36 intermediate radial offsets and depthsy which may reflect nonuniform mechanical transmission and
37 local transient dynamiés within the silicone-sensor assembly. During off-center indentation, the
38 silicone layer can deform laterally and transmit transient stress to the sensors. Because the sensor
39 stack is not mechanically’homeogeneous, local differences in bonding, small air gaps, substrate
40 boundaries, and the stiffness of embedded sensor components may cause some off-center
41 stimulation locations, leading te'stronger transient signals than neighboring locations. PC
42 responses show high spike counts near the sensor center at higher frequencies, followed by a
43 frequency-dependent/decrease with distance. Higher-frequency responses produce stronger central
44 activation bust.also deeaysmore steeply at larger offsets, whereas lower-frequency responses are
45 weaker but spatially more gradual (Fig. 10 F). This frequency-dependent spatial attenuation is
46 consistent with theidea that tactile vibrations are mechanically filtered as they propagate through
47 compliant tissue or sensor materials. Similar frequency-dependent filtering has been observed in
48 the human, hand, where peripheral biomechanics modulate the transmission of vibration signals
49 before they drive’PC afferent activity [36]. At larger offsets, PC responses become less regular,
50 likely due to vibration propagation and mechanical asymmetry in the sensor assembly.
51 Finally, the high-response area is estimated as the interpolated spatial area in which the mean
52 respomnsesexceeds two spikes per trial (Fig. 10 G,H). For SA1, the high-response area increases with
53 indentation depth but remains smaller than the RA response area, reflecting stronger localization
54 [15]. RA shows a larger high-response area across most depths, consistent with its broader radial
55 profile. For PC, the high-response area increases with frequency before saturating at approximately
56 90 Hz. This metric should be interpreted as an auxiliary descriptor rather than a strict
57 physiological receptive field size, because it depends on interpolation, threshold choice, and the
58 peak response value. To check the effect of the spike count threshold, the threshold is varied
59 (Fig. 10, I-K). The threshold-sweep analysis shows that the main trends are preserved across a
60 broad range of thresholds, although the absolute RF-like area depends on the selected threshold.

The angular analysis shows measurable but moderate anisotropy in all three channels (Fig. 11).
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For SA1 and RA, Al is highest at the smallest indentation depth and decreases with increasing
depth. PC shows relatively stable anisotropy across vibration frequencies, decreasing slightly from
approximately 0.18 at 35Hz to 0.11 at 365 Hz. These results confirm that the spatial responses are
not perfectly rotationally symmetric, but are also not dominated by a strong mechanical axis. The
moderate PC anisotropy suggests that the rectangular PVDF geometry and asymmetric mounting
influence the directional response, while mechanical spreading through the silicone layérs and
spatial integration across the sensing film reduce strong axis-dependent effects.

3.4 Latency Analysis
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Figure 12. Causal window effect. (A) Solid curves represent,latency effect on mean VR distance of different
afferents. Dashed lines represent the intra-source TouchSim—TouchSim distance as a baseline. (B) Latency effect on
mean spike count error.

Finally, we test different windowdengths to examine the effect of latency on model performance.
The causal window is varied from 4 to 512.ms, and mean VR distance is computed between
TouchReal and TouchSim spike trains(Fig. 12). The overall VR distance decreases rapidly from 4
to 64 ms, indicating that very short STET windows provide insufficiently stable PVDF
reconstruction. Then it decreases withsa.slower speed, where the actual latency is chosen from.
The latency effect is strongly afferent-dependent. PC responses show the largest improvement with
increasing latency. It decreases from"12.89 at 16 ms to 6.34 at 128 ms, corresponding to 51%
reduction. Further increasing the window to 256 or 512 ms produce only small additional
improvements, suggesting that PC channel similarity largely saturates around 128 ms under current
configuration. The mean/spikercount error also shows the plateau around 128 ms. SA1 and RA
afferents have rather steady performance across different latencies, suggesting that they have the
potential to run in a fasterspipeline in the future.

Based on the results, a,128 ms causal processing window is selected as it balances online
responsiveness with stable yibration-driven spike-train reconstruction.

As shownpin'Tablexd,with a 128 ms causal window latency, the measured average absolute
latency is 130.02ms, indicating an average processing and scheduling overhead of approximately
2.02 ms beyond the causal window. The 95th percentile latency is 130.67 ms, and the worst
observed latencyis 136.83 ms. These results indicate that the computational overhead is small
compared with the causal processing window which is required for robust PVDF preprocessing.
The measured,computation time is below the 32 ms update interval, allowing the system to
maintain continuous.,online operation without accumulating delay across successive updates.

The current latency is therefore mainly determined by the signal-processing window required
for rebust‘PVDF reconstruction under noisy real-sensor conditions, rather than by the
computational cost of the model itself. This suggests that future improvements in sensor signal
quality and mechanical integration could reduce the required temporal window and further
decrease the end-to-end latency.

8.5 Verification Tasks

3.5.1 Continuous Force Estimation To test whether the generated spike trains preserve
force-related information, an online force estimation task is performed using ramp stimulus data.
Spike trains are converted into 10 ms spike-count bins, and a causal 128 ms sliding window is used

16



Page 17 of 24
IOP Publishing

AUTHOR SUBMITTED MANUSCRIPT - NCE-100727.R1

Journal vv (yyyy) aaaaaa

Author et al

oNOYTULT D WN =

Table 4. TouchReal Latency

Quantity Value Meaning
Update interval 32 ms Time between successive outputs
Update rate 31.25Hz Output frequency
Causal Window 128 ms Required temporal context
Mean overhead 2.02ms Processing and scheduling beyond the window
Mean end-to-end latency  130.02 ms Total measured latency
95th percentile latency 130.67 ms Runtime variability
Worst observed latency 136.83 ms Maximum measuredyvalue

Table 5. Force Regression Performance

RMSE MAE Oscillation R? Pearson r
SA1 only 0.6775  0.4591 0.3228 0.9336 0.9685
RA only 2.4203 2.0074 0.5887 0.1525 0.3971
SA1 + RA 0.6115 0.3650 0.2800 0.9459 0.9730

as the input to a lightweight MLP regressor. Three input configurations are compared: SA1 spikes
only, RA spikes only and combined SA1+RA spikes.

Table 5 summarizes the regression performance. Fhe SAT-6nly model achieves an RMSE of
0.6775, an R? of 0.9336, and a correlation of 0.9685, showing that SA1-like spikes alone encode
most of the sustained force information. Adding RAsspikes further improves performance, reducing
RMSE from 0.6775 to 0.6115 and increasing R2 from 0.9336 to 0.9459. The oscillation metric also
decreases from 0.3228 to 0.2800, indicating smoother predictions.

Fig. 13 shows representative regression traces. The SA1+RA model more accurately follows
rapid changes during indentation and release, while‘maintaining stable predictions during the
holding phase. It also has the lowest RMSErand highest R? and Pearson r coefficient, confirming
the benefit of combining sustained and transient afferent-like information. This supports the
interpretation that SA1 spikes primarily encode sustained force magnitude, whereas RA spikes
provide complementary information about dynamic force transitions [33].

A Overall prediction B Per-trial error C Model ablation
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Figure 13. Force regression from spike trains. (A) True and predicted forces of the test set (SA1 + RA) in all
sliding windows. The black dashed line indicates the identity line corresponding to perfect prediction. (B) Paired
test-trial error distribution. Each dot represents the RMSE of a single test trial. (C) Mean RMSE across test sets.

(D) Single trial examples for the SA1+RA, SA1 only and RA only conditions under fixed parameters (depth: 1 mm;
indenting speed: 38 mm/s; release speed: 94 mm/s; hold time: 1.8s).

Force regression performance shows a clear dependence on the available temporal context
(Fig. 14). Increasing the causal window from 4 to 128 ms reduces RM SE from approximately 2.36
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Figure 14. Effect of causal processing window length on force regression performance. The same spike features,
data partition, and regression procedure are used for all conditions. Longer windows improved force decoding, with
performance approaching a plateau at approximately 96-128 ms.

to 0.61 and increases R? from approximately 0.09 to 0.95. Mokt of the improvement occurs
between 16 and 64 ms, while performance approaches a platean beyond 96-128 ms. These results
indicate a clear latency—accuracy trade-off: very short windows reduee” absolute latency but provide
insufficient temporal information for reliable force reconstructiony whereas windows around

96-128 ms offer substantially more stable decoding performance.

3.5.2 Texture Classification The final verification task evaluates whether PC-like spike trains
preserve vibration information. Three comb-shaped artificial textures with different tooth intervals
are classified using spike-based features extracted from P@ responses. To reduce dependence on
absolute trial timing, all spike trains are alighed torthe first PC spike before feature extraction.

Predictions are made from PC spike activity/within a recent temporal sliding window (Fig. 15).
Classification accuracy increases with longer windews, indicating a trade-off between response
latency and available temporal evidence. Short windows provide limited information. At 100 ms,
the mean temporal-encoding-only accuracy is'57.8%, while rate-encoding-only features achieve
63.9%. This likely reflects the small-number of PC spikes available within such a short interval,
making the temporal pattern sparse and less reliable. Performance of temporal encoding features
improves substantially once the window exceeds 300-500 ms while rate encoding features remain
lower and more variable.

Combining both features does not consistently improve performance over temporal encoding
alone. This indicates that"the:temporal encoding representation already captures the dominant
discriminative information, while the added rate encoding features provide limited additional
benefit and may introduce,extra/ variability.

100+
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Figure 15. Effect of the inference window length on classification accuracy. Longer windows contain a longer
spike-train history and therefore provide more temporal evidence for classification.

The effect of causal processing window length on texture decoding is further evaluated while
keeping the downstream inference window fixed at 500 ms (Fig. 16). Classification performance
remains close to the 33.3% chance level for the 4 and 8 ms conditions. The highest mean accuracy
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Figure 16. Effect of causal processing window length on texture classification accuracy. Texture features are
extracted using a fixed 500 ms inference window from PC-like spike trains generated)with causal processing windows
ranging from 4 to 256 ms. The dashed line indicates the 33.3% chance level for the threesiclass classification task.

is obtained at 128 ms, reaching approximately 91%. These results indicate that short causal
windows do not provide sufficient temporal context for stable PC-like texture encoding, consistent
with the reduced frequency resolution and less stable vibration-feature/estimation associated with
shorter STFT windows.

4 DISCUSSION

This work presents an online tactile encoding frameéworksthat maps tactile sensor signals into
biomimetic SA1-, RA-, and PC-like spike trains. Rather than treating tactile sensing as a direct
regression or classification problem from continuous sensor signals, the proposed system introduces
an intermediate afferent-level representation inspired by TouchSim. The results show that this
representation can reproduce several ¢lassicalhtemporal and spatial response properties of cutaneous
afferents, while preserving task-relevant,information/ for force regression and texture classification.
This makes the representation potentially useful for applications that require interpretable,
spike-based tactile feedback, such as biomimetie-robotic perception and neuroprosthetic interfaces.

4.1 From real sensor signals to,afferent-like spike trains

A central challenge in applying TouehSim-like models to robotic tactile sensing is the mismatch
between idealized mechanical stimuli and real sensor measurements. TouchSim assumes
well-defined indentation trajectories and skin mechanics, whereas the present system receives
signals from a compliant silicene-sensor assembly. As shown in the ramp response examples, the
measured force follows the intended ramp-hold-release profile but exhibits smoothing and temporal
delay, especially during the release phase. This delay is not simply a software artifact; it reflects
the mechanical compliance, hysteresis, and damping of the silicone structure and the sensor
mounting. Consequently, perfect spike-time alignment with the ideal TouchSim reference is
challenging to implement.

Despite thisymismatch, the generated spike trains preserve the main afferent-specific temporal
structure. These response phases are consistent with the expected functional separation between
different afferents. This suggests that the proposed preprocessing and transduction pipeline can
recover interpretable afferent-level structure from noisy physical sensor measurements, even when
the underlying mechanical trajectory differs from the ideal reference.

Themapping, results further show that SA1 and RA channels are more closely matched to the
TouchSim reference’than the PC channel. This difference is expected. SA1 responses are
dominated by slowly varying force and are therefore more robust to small timing errors. RA
responses depend on transient force changes, but their relevant temporal scale is still relatively
compatible with the SingleTact derivative and low-frequency PVDF components. In contrast,
PC-like responses are highly sensitive to vibration amplitude, high-frequency content, and precise
stimulus onset. Small variations in exciter-skin coupling, contact timing, and signal thresholding
¢an therefore produce large differences in spike timing, even when the overall firing-rate trend
remains similar. Accordingly, the current PC output is interpreted as PC-like based on its
combined transient, frequency-dependent, spatial, and texture-related response properties, while
exact spike-time correspondence with an ideal TouchSim reference remains limited.
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4.2 Optimization under spike-count and spike-timing constraints

The parameter optimization problem is difficult because spike-train similarity depends on both
spike timing and spike count. A timing-based distance alone may produce undesirable solutions
when spike trains are very sparse, when trial durations differ, or when physical stimulus timing is
shifted relative to the TouchSim reference. In particular, channels can converge to near-silent
responses if the injected current remains below threshold over many conditions. Such solutions may
appear numerically stable but are functionally invalid.

Although the objective contains several terms to avoid these issues, the optimization, framework
still has limitations. A single loss formulation is used across three channels, while these afferent
types encode different temporal features and are affected by different noise sourcessSome manual
tuning may be necessary, especially when the collected data contain strong neise and when the
framework is applied to other hardware platforms. Future work should therefore eonsider
afferent-specific objective functions instead of a universal loss.

4.8  Spatial response structure and receptive-field-like behavior

The spatial scanning experiments show that the generated SA1-, RA-, and PC-like responses
exhibit distinct receptive-field-like structures. SA1-like responses are'strongly center-dominant and
decay rapidly with radial distance, indicating localized spatial geléctivity. RA-like responses are
broader and show slower radial decay, suggesting stronger sensitivity to dynamic mechanical
propagation through the silicone layer. This difference is consistent with the expected contrast
between localized slowly adapting responses and more spatiallyndistributed rapidly adapting
responses [15].

The PC-like channel shows a broad vibration-sensitive response once the stimulus frequency
exceeds the effective activation threshold. This is consistent with the broad receptive-field
characteristics typically associated with Pacinian fafferents. However, the PC spatial maps also
show clear asymmetry, particularly at larger radial offsets. This asymmetry is likely to arise from
the physical sensor assembly, including nonuniférm silicone bonding, local air gaps, sensor
placement, and boundary effects.

The qualitative ordering of receptive-field size observed here (SA1 < RA < PC) is consistent
with biological tactile afferents. Previous microneurography studies reported SA1 receptive-field
areas of approximately 5-9 mm? and RA receptive-field areas of approximately 522 mm? on the
human fingertip, depending on stimulus‘conditions [35][37]. In contrast, the receptive-field-like
areas measured in this study‘reach several hundred square millimeters (Fig. 10 G, H), with
maximum values of approximatelyn660 mm? for SA1-like responses and 710 mm? for RA-like
responses. This difference is expectedibecause the present measurements reflect the combined
effects of mechanical propagation within the silicone layer, sensor transduction, and spike encoding,
rather than the receptive field of a single biological afferent. Furthermore, the RF area in this
study is defined using supra-threshold spike-count responses, whereas biological receptive fields are
typically mapped using near-threshold neural activation. The large spatial scale mainly reflects the
dimensions of the present semsor and mechanical spreading through the silicone assembly. Future
sensor miniaturization andyreduced mechanical coupling length scales may bring the effective areas
closer to physiological values. Therefore, the measured RF areas should be interpreted as effective
sensor receptivé fieldsirather than direct physiological equivalents.

4.4 Latenwey relative to biological tactile processing

The current streaming implementation achieved an average absolute latency of 130.02 ms with a

32 ms update interval. This latency is longer than early cortical responses reported in human
tactilesprocessing. For example, tactile stimulation can evoke a P50 component at approximately
50 ms, which has'been associated with early contralateral somatosensory cortical activity.
Hamélainen et al. reported a first distinct contralateral response at about 50 ms after tactile pulses
[38], and Staines et al. reported a vibrotactile P50 latency of 56 £+ 7ms [39]. Human ECoG studies
have also shown that S1 high-gamma responses to vibrotactile stimuli can peak within
approximately 50-100 ms after stimulus onset [40]. These studies suggest that early human cortical
tactile processing occurs on the order of several tens of milliseconds.

Compared with this biological timescale, the present system is slower in terms of absolute
latency. However, the measured computational overhead was only approximately 2 ms beyond the
designed 128 ms causal window. Thus, the main source of latency is not the LIF transduction
model itself, but the temporal window required for robust online preprocessing of noisy PVDF
signals. In particular, the STFT-OLA reconstruction and spectral gating require sufficient
temporal context to distinguish stimulus-related vibration from broadband noise and power-line

20



Page 21 of 24
IOP Publishing

AUTHOR SUBMITTED MANUSCRIPT - NCE-100727.R1
Journal vv (yyyy) aaaaaa Author et al

oNOYTULT D WN =

interference. This trade-off is necessary for the current low-cost single-pixel hardware, but it is not
a fundamental limitation of the afferent-spike representation.

Although the 128 ms window provides the best overall performance, the verification results at
64 ms remain reasonably strong if not consider the PC-like afferent matching performance,
indicating that a shorter operating window may be feasible when reduced latency is prioritized over
maximum decoding accuracy. This brings the system closer to biologically relevant
tactile-processing timescales, although further validation in closed-loop tasks is required.

Improving the hardware signal quality could therefore substantially reduce the@ystem latency.
Better mechanical integration between the silicone layers and sensors, reduced air gaps, improved
shielding and grounding, lower-noise amplification, and more stable PVDE mounting would reduce
the need for long spectral windows and aggressive denoising. With cleaner dynamic sighals, shorter
causal windows could be used for PVDF reconstruction, moving the end-te-end latency closér to
the early human tactile processing range. This provides an important direction for future work,
especially for closed-loop robotic control and neuroprosthetic feedback where low-latency tactile
information is critical.

4.5  Functional relevance of the generated spike representation

The two verification tasks indicate that the generated spike trains retain useful tactile information
beyond qualitative resemblance to biological afferents. The foreeaégression results are consistent
with the known functional roles of tactile afferents in biological touch./Previous studies have shown
that SA1 afferents provide a robust representation of sustainediscontact force, whereas RA afferents
respond to force transients during loading and unloadingphases [41] [42]. The observation that SA1
spikes alone recover most of the force trajectory, while the‘addition of RA spikes further improves
reconstruction accuracy, agrees with the complementary,contributions of slowly adapting and
rapidly adapting afferents to force perception andsmanipulation.

The texture classification results are also consistent, with biological evidence for texture coding.
Fine textures are known to generate high-frequency skin vibrations that are represented
predominantly by PC afferents through precise temperal spike patterns rather than firing rate
alone [43] [44]. In this study, temporalencoding features substantially outperformed rate encoding
descriptors, suggesting that temporal spike structure carries more texture information than global
firing-rate statistics. This finding is consistentywith previous observations that temporal coding in
PC afferents provides critical information for texture discrimination [45].

Moreover, classification performancesincreases rapidly as the observation window expands from
100 to 500 ms, reaching approximately 90% accuracy at 500 ms. This timescale is comparable to
psychophysical studies showing that humans can reliably identify material and texture properties
within a few hundred milliseconds of tactile exploration [33] [46]. The similarity between the
temporal requirements of the classifier and human tactile perception suggests that the generated
PC-like spike trains preserve relevant texture information rather than merely reproducing
afferent-like firing statistics.

These tasks are intendedrasverification experiments rather than full application benchmarks.
Together, these results support the use of afferent-like spikes as an intermediate tactile
representation for downstream perception and control, while remaining consistent with established
biological meehanismsiofiforce and texture encoding.

4.6 Limitations and future work
Several limitations remain. First, the current hardware is based on a single-pixel tactile sensor.
Spatial response maps are obtained by scanning the stimulus across the sensor surface rather than
by reeording from a dense tactile array. As a result, the measured receptive-field-like patterns
reflect both\the encoding model and the mechanical properties of the sensor assembly. In contrast,
biolegical tactile perception relies on distributed population activity across many afferents rather
than on'isolated single-unit responses. Studies have shown that SA1 and RA population responses
encode spatial fingertip stimulation patterns, and that ensembles of human tactile afferents can
represent complex fingertip events and force-related information [35] [42] [47]. Higher-density tactile
arrays would therefore allow simultaneous spatial sensing and more direct population-level afferent
encoding, making the artificial representation closer to the distributed coding strategy used in
biological touch.

Second, the mechanical coupling between the rigid probe, silicone layers, SingleTact sensor, and
PVDF film strongly affects the recorded signals. Small variations in bonding, air gaps, and sensor
alignment can change the spatial and frequency response, especially for the PVDF channel.
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Improving the mechanical integration of the sensor, for example by better lamination or
vacuum-assisted sealing, may reduce nonuniform coupling and improve repeatability.

Third, the PC-like channel remains the most difficult to fit. High-frequency responses are
sensitive to vibration amplitude, resonance, and temporal alignment, and the current STFT-based
online reconstruction introduces a trade-off between noise suppression, frequency selectivity, and
latency. Future work should investigate adaptive spectral processing and afferent-spegific
optimization objectives to improve PC robustness under real-world stimulation.

Finally, although the present system is evaluated using force regression and texture
classification, the broader motivation is to provide a neural-compatible tactile representation for
closed-loop robotic control and neuroprosthetic feedback. Extending thedramework,to tactile
arrays, multi-contact manipulation, and closed-loop robot learning would allow the generated
afferent-like spikes to be evaluated in more realistic interaction tasks.

5 CONCLUSION

This work presents TouchReal, an online neuromorphic tactile framework that converts multimodal
tactile sensor signals into biomimetic SA1-, RA-, and PC-like spike/trains. By combining a
capacitive SingleTact sensor, a PVDF piezoelectric film, causal signabpreprocessing, and a stateful
TouchSim-inspired LIF model, the system provides an interpretable afferent-level representation of
real tactile interactions. The generated spike trains reproduce key temporal response patterns,
frequency-dependent RA and PC firing trends, and receptive-field-like spatial structures. The
streaming implementation achieves an average absolute lateneyof 130.02 ms with a 32 ms update
interval, with computation contributing only a small oyerhead beyond the designed 128 ms causal
processing window. Functional evaluations further show thatithe generated spikes preserve
task-relevant information for force regression and téxture classification. Although the current
system remains limited by single-pixel sensing, mechanical eoupling, and the latency required for
robust PVDF denoising, the results demonstrate’the feasibility of using low-cost tactile hardware
to generate biologically interpretable afferentslike,spike representations. Future work will focus on
reducing latency through improved hardware integration and lower-noise sensing, extending the
framework to tactile arrays, and evaluating the spike representation in closed-loop robotic and
neuroprosthetic applications.
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