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ABSTRACT

Large area tactile sensing is widely needed in human machine interfaces, prosthetics and for collaborative robots. However,
scaling tactile sensing to larger areas or to higher spatial resolution typically involves a direct tradeoff with the number of
sensing units, wiring complexity, and fabrication cost. Inspired by the properties of human skin, super-resolution (SR) sensing
has reduced the number of required sensors, but simultaneously achieving large area coverage with high spatial resolution,
measured by the SR factor, remains unresolved. Here, we present a new SR method using a 2D meandering spoof surface
plasmon polariton (SSPP) transmission line that solves all the challenges above. Combining principles of frequency-diverse
computational sensing with deep neural networks, the proposed electromagnetic skin uses a single wire to achieve SR factors
exceeding 10,000, an order of magnitude more than other approaches, while covering sensing areas of 2500 — 28,800 mm?.
The EM-skin facilitates human computer interaction with dynamic tactile stimulus and object recognition with high accuracies.
Overall, this work provides a promising route towards highly scalable large-area e-skin with super-resolution sensing.

Main

Tactile sensing is indispensable for a broad range of robotic applications, providing a critical information channel for robot—
environment interaction beyond vision!=. Consequently, a wide variety of tactile sensing technologies have been developed,
including resistive-%, capacitive!*1?, piezoelectric!3, vision-based'* 13, triboelectric!®!”, and magnetic'®?! approaches.
The fundamental sensing unit in these systems is commonly referred to as a taxel. However, achieving human-skin-like
tactile perception—namely, simultaneously realizing high spatial resolution and large-area coverage—remains a longstanding
challenge®”>*. Covering whole body of humanoid robots becomes especially important for collaborative robots that share
workspaces with humans®. Increasing spatial resolution generally requires integrating a larger number of smaller taxels and
routing dedicated interconnects for signal readout’, while expanding the sensing area similarly necessitates additional sensing
units. The resulting escalation in wiring complexity, fabrication difficulty, and system cost makes it impractical to attain
human-skin-level tactile perception simply by densely tiling large surfaces with taxels*.

A promising solution can be inspired by the operating principles of human skin, which is capable of resolving spatial details
beyond the physical spacing of mechanoreceptors’®~2?. This capability of super resolution (SR) arises from the overlapping
receptive fields of mechanoreceptors (Fig. 1b): an external stimulus simultaneously activates multiple receptors, and the
nervous system integrates these distributed responses to infer stimulus location with substantially enhanced precision®®2°.
Inspired by this principle, various SR tactile sensing strategies have been proposed (Extended Data Table 1), where the
SR factor is a combined metric used to quantify the tradeoff between localization, area coverage and number of sensors.
Compared to conventional crossbar-based resistive, capacitive, and piezoresistive architectures, SR tactile sensors can often
achieve large-area tactile sensing with significantly fewer physical taxels’*2. Alternatively, vision-based tactile sensors'*33
can provide exceptionally high resolution owing to the large pixel counts of modern cameras, although their geometries
and integration schemes are often structurally constrained. Fibre-Bragg-grating-based photonic tactile sensors* offer greater
structural flexibility, but typically exhibit lower localization accuracy. Another approach using specialized magnetic films
and Hall-effect sensors can simultaneously achieve high accuracy and relatively large SR factors, albeit at the expense of
increased fabrication complexity'®32. Overall, high localization accuracy, mechanical flexibility, and fabrication simplicity
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remain difficult to attain simultaneously.

In this article, to overcome the above challenges (Fig. 1a,c), we present electromagnetic skin (EM-skin)—an original tactile
sensing modality that intrinsically supports SR for large area skin, based on the detection of electromagnetic field distortions
caused by physical contact. The system is based on electromagnetic surface waves combined with artificial intelligence
algorithms. Spoof surface plasmon polaritons (SSPP) translate optical surface plasmons to the microwave and terahertz
regimes through subwavelength metallic corrugations, supporting strong electromagnetic field confinement and low-loss
propagation*33 with tunable dispersion®®37. This strong field confinement makes the propagation of an SSPP highly sensitive
to local perturbations of its electromagnetic environment - a property that we leverage to detect and localize perturbations due
to externally applied pressure. By routing an SSPP transmission line across a two-dimensional sensing surface and sweeping
the excitation frequency from both ends, spatially diverse electromagnetic field distributions are generated that encode object
position into frequency-dependent scattering parameters (Fig. 1c¢-e). In this framework, the port at each end functions as a virtual
sensor. To solve the resulting inverse problem of finding object location from scattering parameters, a multi-branch multilayer
perceptron (MLP) is trained to exploit the complementary information contained in the dual-port spectral responses®, thereby
mapping high-dimensional frequency-domain features to spatial coordinates (Fig. 1e). Because spatial information is encoded
entirely in the dual-port spectral response of a single transmission line, enlarging the sensing area requires neither additional
physical taxels nor increased wiring complexity, endowing the architecture with intrinsic scalability. We validated this using two
prototype EM-skins varying by an order of magnitude from 5 x 5 to 16 x 18 cm? (Fig. 1f), both of which displayed SR factors
exceeding 10,000, that is more than ~ 12 times higher than any other state-of-the-art approach. In addition, the system attains
91% classification accuracy in identifying eight common everyday objects, establishing a new paradigm for tactile sensing
and provides a promising route towards scalable, large-area, and high-precision electronic skin systems used for robotics,
prosthetics and human-machine interfaces such as touchpads.

Results

Principle of electromagnetic skin (EM-skin)

Frequency-diverse computational sensing exploits frequency-dependent field patterns to collect the scattering information of
unknown objects**~*3_ Inspired by frequency-diverse computational sensing, a high-precision EM-skin system is designed
using an SSPP transmission line implemented on a flexible substrate (Fig. 1¢). Rather than tiling the sensing plane with a
large number of discrete sensing units, plane-wide sensing is achieved by injecting electromagnetic waves from two ports and
leveraging their spatially distributed fields to sensing the entire surface. Due to the continuous wave propagation in the SSPP,
enlarging the sensing area does not inherently require more sensors’'°. Combined with low-cost materials, a simple fabrication
workflow, and millimetre-scale localization error, the sensing platform is naturally scalable in sensing area. In contrast to other
Hall-sensor-based magnetic skins'®32, which typically require Hall sensors to be integrated on a PCB, the proposed sensor is
fully flexible and can conform to a wide range of curved surfaces.

Specifically, frequency-swept waves from 7 to 13 GHz are injected into Port 1 and Port 2, respectively. The resulting fields
are not confined to the copper-covered region; instead, they extend across the entire 2D sensing plane and into the surrounding
space several millimetres above it. As illustrated in Fig. 1d, when an object enters the field region, waves at different frequencies
produce distinct scattering parameters (S-parameters) depending on the object’s shape, position, and material properties. As
shown in Fig. 1a, when the probe is placed at different positions on the 2D sensing plane, the measured S-parameters (S1; and
S27) exhibit clear and structured spatial intensity patterns. In the vicinity of Port 1 (Port 2), S11 (S22) becomes significantly
stronger. Each port can therefore be regarded as an individual sensor, with its sensitive area defined by the region where the
S-parameter response is pronounced; the overall sensing plane is given by the union of the sensitive areas of the two ports. This
design philosophy is aligned with super-resolution e-skin concepts!®-30334-48 '\which emulate biological tactile perception by
creating overlapping sensing fields and inferring tactile information from differential responses, thereby forming virtual taxels.

To localize objects across the full plane, the one-dimensional transmission line is routed through an engineered meandering
topology that maps its propagation coordinate onto known positions in the sensing plane. Objects within the near-field region
perturb nearby line segments through evanescent coupling, so that the measured reflection spectrum can be modelled as a
geometry-weighted projection of the two-dimensional perturbation distribution onto the routed propagation path. Discretizing
the sensing plane into N cells, the reflection coefficient at each frequency @y is well approximated by a linear combination of
the local perturbations,

I' ~Kq, (H

where T is the measured response vector, q = (q1,...,qy)T contains the perturbation strengths in the discretized cells, and
the sensing matrix K encodes the routed-line geometry. Resolving the line into M segments, each kernel element combines
the evanescent coupling between cell p and every segment m with the round-trip phase accumulated along the propagation
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Fig. 1. Overview and working principle of electromagnetic skin (EM-skin). a The highlighted regions indicate the
signal-intensity distributions of the reflection coefficients S1; and Sy, as the object is placed at different locations on the
EM-skin shown in (c). b SA-I type mechanoreceptors in the human body have a mechanism for coordinated operation by
overlapping their receptive fields. By interpreting information from different mechanoreceptors, the human body possesses
excellent contact localization capabilities and serves as inspiration for our work. (Modified using Al tools from source®”) ¢ The
EM-skin uses a 2D transmission line in SSPP structure. (Enhanced using Al tool) d The electromagnetic field of the SSPP
transmission line extends throughout the surrounding three-dimensional space. When a finger is placed within the field, it
induces a reflected wave. e The measured reflected signals from the two ports provide multi-spectral features. The four
channels correspond to the real and imaginary components of S1; and S»,. Feeding these high-dimensional features into a
trained neural network enables high-precision localization. f The EM-skin system proposed in this paper can seamlessly handle
large-area sensing across multiple scales, with proportional scaling of resolution, as done in the human body by varying
mechanoreceptor density. (Parts of this figure were enhanced using Al tool) 319
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Fig. 2. Transmission line sensing theory and system configuration. a The schematic of the proposed two-dimensional SSPP
transmission line sensing hardware showing the main parameters of the physical structure: length of the SSPP branch L, and
inter-branch distance D. b The test setup for trajectory and position sensing. A motorized mechanical support is used to move
the object precisely and place it in multiple locations on the EM-skin. ¢ The variation of S1; when an object is placed at
different positions in the sensing plane confirm the ability to sense location based on spectral information. The gray area

represents the range of all ASy; data. d The use of electric fields at different frequencies and two ports establishes full coverage
of the EM-skin across locations.
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coordinate,

M
Kip = AA, Z exp {_O‘\/@p —Xn)? + (yp — Ym)? | exp[—2jB (o) 5] Asm, (2)
m=1

where (xp,y,) and (X,,,Y,,) are the positions of cell p and segment m, s,, and As,, are the propagation coordinate and length of
segment m, AA,, is the area of cell p, o is the transverse evanescent decay constant, and f3(cy) is the propagation constant(see
Methods for detailed derivation). The distance-dependent term sets the near-field coupling strength, whereas the phase term
encodes the position of each segment along the line, so that objects at distinct locations produce distinguishable spectral
signatures. Localization is thus posed as an inverse problem, in which the object position is recovered by inverting Eq. 1 to find
the spatial response that best explains the measured reflection.

We validated this approach on a 50 mm x 50 mm flexible EM-skin prototype fabricated on a polyimide (PI) substrate, using
a vector network analyzer (VNA) to measure the broadband reflection responses from both ports (Fig. 2b; details in Methods).
Consistent with Eq. 1, the perturbation amplitude depends strongly on position (Fig. 2c). Locations near the transmission line
produce larger variations in AS, while regions between line segments produce weaker responses. At a single frequency, however,
different positions can produce similar reflection changes, because the measurement provides only a limited projection of the
two-dimensional perturbation field. We therefore exploit frequency diversity through broadband measurement, generating a
set of frequency-dependent response maps (Fig. 2d) that improve the separability of pixels within the sensing area. Dual-port
reflection measurements further mitigate attenuation along the propagation path, because S1; and S»; emphasize perturbations
closer to opposite ends of the routed line and together improve the uniformity of sensitivity across the plane.

Scalability and Localization Accuracy

Having established a general theoretical and computational framework for localization, we next examined whether the SSPP-
based sensing architecture could be extended across device scales and geometric layouts without losing its localization
capability. Specifically, we tested whether the surrogate kernel, K(w), derived from the theoretical model remained valid
when implemented in physically distinct transmission-line structures. To this end, we fabricated a larger flexible SSPP
transmission-line prototype (Fig. 3a), differing by more than an order of magnitude in sensing area. The larger SSPP prototype
operates at a lower frequency range of 4 to 10 GHz to minimize transmission line propagation losses. We first evaluated this
scalability numerically by calculating the mean absolute error (MAE) under different SSPP-line lengths Ly, and interline
gaps D (Fig. 3b). The detailed experimental details are in Section Supplementary Note S4. As expected from the near-field
exponential decay described by Eq. 2, increasing the interline gap weakened the target-induced perturbation coupled into the
SSPP line. Consequently, the MAE increased with both D and Ly,,. However, this increase was gradual and remained moderate
in relation to the expansion of the sensing region, suggesting that the proposed SSPP transmission-line architecture can be
scaled to larger sensing areas while retaining sufficient field sensitivity for spatial localization.

These findings were then experimentally validated on both protoypes (see Methods for dataset acquisition) by training a
multi-branch neural network for position estimation (Fig. 3c) on the spectral encodings. The complex differential spectra, ASy;
and AS»;, were decomposed into real and imaginary components, which were provided to four independent input branches.
Features extracted from these branches were concatenated in a fusion layer and passed to a multilayer perceptron (MLP)
that approximated the inverse mapping to estimate the object coordinates. Experimental results (Fig. 3d—f) validated this
theory, with the localization errors increasing proportional to the size, implying similar relative errors for both prototypes. The
corresponding root-mean-square error (RMSE) maps showed no pronounced degradation across most of the sensing domain,
and the cumulative distribution function (CDF) profiles confirmed that the localization error remained below one-third of the
calibration pitch for the majority of test positions. These results demonstrate stable sub-pixel localization across substantially
different device sizes, confirming that our approach generalizes across different sizes and geometries. As shown in Fig. 3g,
compared with state-of-the-art works, our approach achieves the highest SR factor with a relatively large sensing area.

Dynamic sensing for Human Machine Interface

Next, we demonstrated the suitability of the EM-skin as a touchpad with dynamic tactile stimuli (Fig. 4a). Using the measured
reflection coefficient, the trained neural network was able to correctly trace (by continuously localizing over time the tip of the
robot finger) alphabets written by the robotic arm (Fig. 4b and Supplementary Video 1 ) in real time. To further evaluate the
capability of the EM-skin system in capturing more intricate trajectories, ten distinct trajectories were generated (by moving
the robot arm at ~ 1 Hz) for digits 0 —9, similar to the MNIST dataset*’. Examples of the reconstructed handwritten digits
are shown in Fig. 4c. Using a convolutional neural network (CNN) trained on the original MNIST dataset (see Methods), a
classification accuracy of ~ 96% was achieved (confusion matrix in Fig. 4f), thereby validating the high-fidelity capture and
reconstruction of complex stroke trajectories.
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are fused by a bigger MLP to yield the final spatial position. d Pixel-wise RMSE of localization error for the small transmission
line exhibiting uniform coverage. e Cumulative distribution function (CDF) and kernel density estimation (KDE) of
localization error for the small transmission line showing sub-mm mean and median localization errors. f Pixel-wise RMSE of
localization error for the large transmission line. g Comparison of the SR factor as a function of sensing area between
state-of-the-art super resolution e-skin works highlighting the superiority of our proposed EM-skin.



As a second example, a customized one-octave mini piano keyboard was implemented on the sensing surface, comprising
seven diatonic notes and five accidentals (black keys). When a finger presses a key, the corresponding signature captured by the
S-parameters enable identification of the pressed key with 100% accuracy even using a simple support vector machine (see
Methods). Figure 4g and Supplementary Video 2 illustrate the application of the proposed EM-skin system as a piano, where it
is used to play a popular song (Twinkle, Twinkle, Little Star).

Object recognition

Beyond localization, the EM-skin can also recognize different objects based on unique S-parameter signatures due to different
material permittivities, shapes and sizes (Fig. 5a). Accordingly, eight sample objects of daily use (Fig. 5¢, Supplementary
Fig. S13) spanning metal, plastic, ceramic and composite materials were selected to create a dataset (Methods) of spectral
signatures by placing the objects on the sensing plane. Using an XGBoost classifier (Supplementary Note S4 and Supplementary
Note S5) due to limited dataset size, an overall recognition accuracy of 91.3% was achieved on this eight class recognition
task. Further, visualizing the features of the XGBoost using t-SNE (Fig. 5d) showed distinct clusters for each object and a
pronounced boundary between metallic and non-metallic objects. Motivated by this result, a binary classification task was
further performed by grouping the objects into metallic versus non-metallic categories(Fig. S18). Under this setting, the
XGBoost classifier achieves 100% accuracy, supporting the strong dielectric contrast between metals and non-metals, while
also demonstrating that the proposed EM-skin system remains effective across diverse material classes.

Discussion

Scalable and high-precision e-skin is a long-standing goal in tactile sensing. However, enlarging the sensing area or spatial
resolution typically leads to a rapid increase in the number of sensing nodes, wiring complexity, and cost making this goal
challenging to achieve. Here, we demonstrated a flexible SSPP-based, single wire EM-skin system that can achieve sub-
wavelength localization by using a multi-branch neural network to learn position-dependent features from frequency-swept
S-parameter responses. By emulating the superimposing receptive fields mechanism of human skin and adopting a super-
resolution strategy, tactile stimulus localization at one third of pixel size is achieved over EM-skins varying by one order of
magnitude in area (from 5 x 5 to 16 x 18 ¢m?). The mean SR factors exceed 10,000 substantially outperforming state-of-the-art
solutions. The high localization accuracy indicates that the electromagnetic response of the SSPP transmission line is highly
sensitive to local perturbations introduced by external objects. This sensitivity is mainly attributed to the strong field confinement
of the SSPP structure, enabling high-precision human-computer interfaces. It also enables tiling of many EM-skin patches to
cover whole robot bodies without significant interference. Further, the EM-skin is able to recognize different objects based
on the spectral signature of their size, shape and permittivity. Achieving higher frame rates by using integrated circuits for
spectrum sensing and measuring applied force by integrating a soft dielectric on the EM-skin are promising future directions of
research. Overall, this work provides a new sensing modality for collaborative robots, where large area coverage of whole body
is needed along with sensitive touch in the hands.

Methods

Spoof Surface Plasmon Polaritons Structure

Spoof surface plasmon polaritons (SSPPs) are engineered surface electromagnetic modes that replicate the behavior of natural
surface plasmons at frequencies where metals act as perfect conductors. By patterning a metal surface with subwavelength
periodic structures, SSPPs enable confined electromagnetic wave propagation from microwave to terahertz frequencies.

In the slow-wave regime, SSPPs support surface-wave propagation with strong electromagnetic confinement along the
structured interface. This mode guides waves with low radiation loss and attenuation, limiting energy leakage and enabling
efficient transmission along the surface. The combination of strong field confinement, low propagation loss and suppressed
radiation makes SSPP structures well suited for flexible electromagnetic skins.

Along the guided SSPP path, impedance discontinuities and material inhomogeneities act as a continuous distribution
of localized reflectors, and the total reflection measured at the input port is the coherent superposition of their individual
contributions. Let s denote the propagation coordinate measured from the input port and p(s) the local reflectivity per unit
length. Under the weak-scattering approximation, the frequency-domain reflection coefficient is

L
(@)~ /0 p(s) exp[—2jB(@)s] ds, 3)

where () is the frequency-dependent propagation constant of the guided mode, L is the total electrical length of the line, and
the factor of two accounts for the round-trip phase accumulated by a wave that propagates to coordinate s and back. Equation (3)
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gray region indicates the ground-truth trajectory, while the dark-red points show the recognized trajectory. ¢ More complex
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MNIST dataset. The interior is then filled to generate a localization-trajectory image compatible with MNIST-style inputs. d
Ilustration of a sample digit-shaped trajectory superimposed on the sensing plane of the EM-skin. e The MNIST-style
trajectory images generated in (c) are fed into a CNN trained on the MNIST dataset to perform handwritten digit classification.
f Confusion matrix for the handwritten digit classification task exhibiting overall accuracy ~ 96%. g The EM-skin system was
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corresponding to different notes during the performance.
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provides a linear mapping from frequency-domain reflections to positions along the 1D propagation coordinate, but it localizes
perturbations only along the line and cannot resolve objects in the surrounding plane.

To extend this concept to 2D sensing, the 1D transmission path is routed through an engineered planar topology, implemented
here as a continuous meandering SSPP structure (Extended Data Fig. 1) parameterized by the SSPP length Ly, and the inter-
segment distance D. This geometry maps the propagation coordinate s onto known positions (X,Y) in the sensing plane.
Reflections are then no longer generated only by fixed impedance perturbations of the line; objects located outside the line yet
within the near-field region also induce local perturbations through evanescent coupling to nearby segments, with a strength
that decays with distance. The measured spectrum can therefore be interpreted as a geometry-weighted projection of the 2D
perturbation distribution onto the 1D propagation path.

We discretize the sensing plane into N candidate points, with coordinates (x,,y,), object-induced response amplitudes g,
and area elements AA,,. The routed line is likewise divided into M segments, the mth of which is located at (X;,,Y;,) and carries
a cumulative propagation coordinate s,,. Modeling the near-field coupling by a distance-decay weight exp(—a d,,,), where
dmp =/ (xp —Xin)* + (yp — Yin)? and & > 0 is an effective decay constant, the effective reflection density induced at segment
m is the superposition of contributions from all surface points,

eff Z ap exp —a dmp) (4)

Substituting Eq. (4) into the discretized form of Eq. (3) and interchanging the finite sums separates the object response on
the sensing plane from the phase accumulation along the routed path. Sampling the reflection spectrum at frequencies @y, the
forward model becomes

N
Ty~ Y Kipgp, T=~Kg, 5)
p=1

where I collects the measured reflection coefficients, ¢ is the object-induced response distribution, and K is the geometry-
dependent sensing matrix, with elements

K/p —AA Z exp|: (X\/ xp in)2+(yp_Ym)2 eXp[—sz(COg)Sm]Asm, (6)

m=1

where As,, is the segment length. Each element of K thus combines the distance-dependent coupling from a surface point to
all routed segments with the round-trip phase accumulated along the 1D path, and recovers the 1D limit of Eq. (3) when the
coupling is confined to the line. A full step-by-step derivation, including the dual-port formulation, is given in Supplementary
Section Supplementary Note S2.

Given a measured spectrum I" and the calibrated sensing matrix K, localization is formulated as the inverse problem of
inferring the object position from the response distribution g that best explains the measured reflection. In our work this
inverse mapping is not obtained by explicitly inverting K, which omits practical non-idealities such as fabrication tolerances,
frequency-dependent loss and port mismatch. Instead, K serves as a physical forward model, while the localization is learned
directly from calibrated reflection spectra with a neural network.

2D SSPP E-skin Fabrication

We designed the two-dimensional transmission line based on the SSPP structure to achieve strong electromagnetic field
confinement and efficient wave guidance at microwave frequencies. To provide two-dimensional area coverage, the transmission
line was patterned into a serpentine configuration. The device was fabricated on a 0.11 mm-thick copper-clad polyimide
substrate, selected for its flexibility and broadband dielectric stability. Copper patterns were directly structured onto the
polyimide film via laser cutting. This method offers a low-cost, scalable fabrication approach, with estimated unit costs of
approximately 10.6 USD for the small-scale design and 17 USD for the large-scale design.

We optimized the geometric parameters of the transmission line, including slot depth, period, and bend radii and using CST
Studio Suite to maximize two-dimensional field coverage while minimizing reflection loss. Both simulation and experimental
results in Fig. S4 and Fig. S5 confirmed that the return loss at both ports exceeded 10dB across the operating bandwidth,
ensuring adequate impedance matching and efficient power transmission.

Automated dataset acquisition for localization

We acquired the dataset using an automated data-acquisition system comprising a programmable motorized translation stage
(8MT50 Motorized Translation Stages), a personal computer and a VNA (KEYSIGHT PNA-X Network Analyzer N5242B),
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as shown in Extended Data Fig. 2. The computer sends control commands to both the VNA and the motorized stage. The
motorized stage moves along the pre-defined trajectory, and the VNA records the S1; and S, data after each movement is
completed. The collected S and S»y data are subsequently processed on the PC.

The sensing area covered by the small EM-skin system is 50 mm x 50 mm. Because the electromagnetic field is distributed
within the three-dimensional space above the transmission-line plane, we used a high-precision programmable motorized
stage to control the probe and uniformly sample the entire three-dimensional space, enabling us to investigate the relationship
between spatial coordinates and the S-parameters. The transmission-line plane is defined as the XY plane, and the Z axis is
defined as the direction perpendicular to and above this plane. Along both the X and Y directions, the probe was moved with a
step size of 1 mm. Along the Z direction, the probe was moved with a step size of 0.2 mm, over a sampling height ranging from
0 to 1 mm. In total, we obtained 13,005 samples, which were uniformly distributed within a three-dimensional volume of 50
mm X 50 mm X 1 mm. At each spatial position corresponding to one sample, the S;; and S, data were measured by the VNA
using a frequency-swept wave from 7 GHz to 13 GHz.

The sensing area covered by the large EM-skin system is 160 mm x 180 mm. To keep the time required for dataset
construction within a practical range, we used a larger scanning step size of 4 mm along the X and Y directions. Along the Z
direction, only two heights, z = 0 mm and z = 2.4 mm, were sampled to construct the dataset for the large transmission-line
system. Therefore, the large-system dataset contains a total of 3,772 samples. In contrast to the small EM-skin system, the
VNA measured the S;; and S, data using a frequency-swept wave from 4 GHz to 10 GHz.

The data acquisition time of the system varies with the number of frequency sampling points and the acquisition bandwidth.
For the small transmission line operating over a 6 GHz bandwidth with 121 frequency points, the mean acquisition time for a
single dual-port measurement was 150 ms, with a maximum of 250 ms, corresponding to a minimum sampling rate of 4 Hz and
a mean of approximately 6 Hz. There is an inherent trade-off between sampling rate and sensing accuracy: fewer frequency
points accelerate acquisition but reduce the precision of sensing

Machine learning method for high-accuracy positioning

We adopted a multi-branch regression MLP architecture, which can be regarded as a variant of a conventional MLP. The
rationale behind this design is based on physical intuition: each channel is expected to contain distinct features of the target
object, while the data distributions across different channels may also vary. Therefore, instead of directly feeding all 121 data
points from each of the four channels into a single MLP layer, we first employ four independent branch MLPs (Fully connected
(FC) layer 121-160 for small and 120-576-288 for large one) as local feature extractors for the four input channels. The
output features from the four branches are then concatenated and fed into a fusion MLP to perform global feature integration
and two-dimensional coordinate prediction. To determine the optimal width and depth of each branch MLP and the fusion
MLP, we employed a constrained neural architecture search strategy based on validation-set performance, as detailed in
Section Supplementary Note S3. The final optimized network architectures for the small-scale EM-skin system (640-1024-640-
512-384-256-160-2) and the large-scale EM-skin system (1152-1088-640-480-2), obtained after the neural architecture search
procedure, can be found in Fig. S16 and Fig. S17, respectively.

The S-parameters obtained using the vector network analyzer (VNA) are complex-valued data. As reported in Ref.?8,
reformatting the input signal plays a decisive role in enabling neural networks to more effectively learn features embedded in
the data. Compared with directly using the magnitude and phase of the S-parameters as inputs, representing them in terms
of their real and imaginary components produces smoother input curves and is therefore more favorable for training. In
Fig. S8, we further evaluated the localization accuracy of neural networks with the same architecture under two different input
representations. In terms of data preprocessing, for the magnitude, real-component, and imaginary-component inputs, we
calculated the mean and variance of the data separately for each channel and then standardized the data channel by channel. For
the phase signal, we normalized it to the range of [—1,1]. The results clearly show that, for both the large-scale and small-scale
sensing systems, neural networks using the real and imaginary components as inputs achieve better localization performance
than those using magnitude and phase inputs. In Fig. S9 and Fig. S10, we also visualize the same set of data under the two
representations. We attribute this difference to the abrupt phase discontinuity occurring around +180°, which may be highly
unfavorable for neural network training.

For dataset splitting, in the larger-scale EM-skin system with 3772 sample points, we further evaluated the localization
performance using 5-fold cross-validation. For each fold, ten different random seeds were used for training, and the final
performance was represented by the averaged result. For the smaller-scale EM-skin system with 13005 sample points, we split
the dataset into training, validation, and test sets at a ratio of 7 : 1.5 : 1.5. Five datasets were generated using five different
random seeds for data splitting, and for each dataset, ten different random seeds were further used for model training. The final
performance was then reported as the average over all runs.

During training, we used the Adam optimizer together with a learning-rate scheduler based on either ReduceLROnPlateau
or CosineAnnealingL.R. The mean squared error was used as the loss function. Considering the presence of environmental noise
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during dataset acquisition, we mainly controlled the regularization strength by adding Gaussian noise to the input data and
applying weight decay. An early-stopping strategy was also employed to prevent overfitting. The detailed training results for
the larger-scale EM-skin system and the smaller-scale EM-skin system are presented in Extended Data Table 2 and Extended
Data Table 3, respectively.

Investigation of localization accuracy limit

When acquiring training data using the automated dataset collection system for localization-model training, we found that a
sampling pitch of 1 mm was already sufficient to achieve a localization RMSE below 1 mm. This observation naturally raises
the question of whether further reducing the sampling pitch, for example to 0.5 mm, and thereby providing denser position
labels together with more finely sampled S;; and S»; responses, could yield additional improvements in localization accuracy.
In principle, such an improvement is plausible: S; and S»» vary continuously with position, and a model with sufficient
representational capacity should be able to exploit finer spatial labels, provided that the corresponding signal variations remain
experimentally resolvable. In practice, however, VNA measurements are inevitably subject to noise, as well as additional
instrumentation-induced uncertainties. Moreover, the effective bandwidth of the input signal determines the amount of position-
dependent information encoded in S1; and S;. These considerations suggest that localization performance is governed not
simply by the spatial sampling pitch, but by the interplay between input bandwidth and the signal-to-noise ratio (SNR) of the
position-induced variations, AS1; and AS», relative to measurement noise.

Extended Data Fig. 3b—c and Extended Data Fig. 4b—c shows that increasing the SNR consistently improves the SR factor
and reduces the RMSE. As the measurement noise becomes negligible compared with the position-induced signal variations,
the information encoded in ASy; and AS;> becomes more reliable, thereby enabling the model to learn a more discriminative
mapping between the measured frequency responses and spatial position.

The effect of input bandwidth on regression performance is more complicated. For the small EM-skin, as shown in Extended
Data Fig. 3a, increasing the bandwidth from 7 GHz to 11 GHz steadily reduces the localization error. However, further
extending the upper frequency limit from 11 GHz to 13 GHz leads to a degradation in RMSE. This non-monotonic behavior
reflects two competing effects. In the first regime, the performance gain arises because a broader bandwidth provides richer
frequency-response information in S1; and Sz, thereby enhancing the discriminative power of the input features. In the second
regime, however, as illustrated in Fig. 2d, the S;; and S,, responses in the 11-13 GHz range exhibit reduced spatial coverage
across the sensing region and substantially stronger attenuation. This trend is also consistent with Fig. S10, where the signal
magnitude in this frequency range is comparatively weak. Consequently, these spectral components become more susceptible
to measurement noise; the resulting reduction in effective SNR outweighs the benefit of the additional bandwidth and ultimately
leads to increased localization error. For the large EM-skin, as shown in Extended Data Fig. 4a, the localization error decreases
continuously as the input bandwidth is increased from 4 to 8 GHz, which can likewise be attributed to the greater amount of
position-dependent information captured over a broader frequency range. By contrast, extending the upper frequency limit
from 8 to 10 GHz produces little further improvement in localization accuracy. This plateau suggests that, given the finite
dataset size and model capacity, the predictive performance of the model has approached saturation as the input dimensionality
increases. Moreover, the signals within the 8—10 GHz range undergo less attenuation than those at 11-13 GHz and therefore do
not introduce low-signal-to-noise-ratio components that would otherwise degrade the localization performance.

Automated dataset acquisition for dynamic trajectory recognition

In the touchpad application of our proposed EM-skin, we recognized both relatively simple alphabetic trajectories and more
complex MNIST-like digit patterns. To construct the dataset of alphabetic trajectories, we programmed a PC to control the
motion trajectory of a robotic arm, which was used to draw the corresponding letter shapes. The motion trajectories of the
robotic arm were generated by code, as shown by the gray background in Fig. 4b. The robotic arm moved with a step size of 1
mm, and the VNA rapidly sampled the S;; and S, data whenever the robotic arm reached the corresponding position. Since
different letters have different shapes, their corresponding trajectory lengths also varied. The trajectories corresponding to the
letters in “CITYU” consisted of 55, 47, 42, 37, and 71 data points, respectively. The overall trajectory recognition process is
illustrated in Fig. 4a.

When constructing the MNIST-like digit trajectories, the shapes were more complex and had a finite thickness, as indicated
by the white regions in Fig. 4c. Since the motion trajectory of the robotic arm can only trace a single point at a time, we
decomposed each MNIST-like digit into its inner and outer boundaries. Based on 100 different original MNIST images, we
then generated 100 sets of robotic-arm trajectories using code, with each trajectory passing through both the inner and outer
boundaries of the corresponding MNIST digit. The number of points in these trajectories ranged from 9 to 44. For the VNA
data corresponding to each trajectory set, we subsequently recovered the trajectories using a regression-based localization
model trained on the localization dataset, and reproduced the MNIST-like digits by filling the enclosed regions with color. More
reconstructed MNIST-like digit results are shown in Fig. 4f.
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CNN training for MNIST classification

To quantitatively evaluate the quality of the reconstructed MNIST-like digits, we trained a CNN based on the original MNIST
dataset, and used our reconstructed MNIST-like digits, resized to the same 28x28 resolution, as the test set, as shown in Fig. 4e.
The feature extractor contains two 3x3 convolutional layers with 32 channels, each followed by ReLU activation, and a 2x2
max-pooling layer that reduces the spatial resolution from 28x28 to 14x14. This is followed by a 3x3 convolution with 64
channels and another 2x2 max-pooling operation, producing 64 feature maps of size 7x7. The classification head flattens the
features and applies a fully connected layer with 128 units and ReLU activation, followed by a final linear layer that outputs
logits for 10 classes. The model achieves a final classification accuracy of 96%, and the corresponding confusion matrix is
shown in Fig. 4f.

Dataset acquisition for object classification and smart mini piano keyboard

For the object classification application, the most common objects are selected as shown in Fig. S6. To collect the data, each
object is placed on the transmission line at 56 different positions, and the VNA captures the corresponding scattering parameters.
The acquired data are then divided into training and testing sets. A dot grid is printed on the surface to ensure that different
objects can be placed at identical locations, so that the data variation is caused solely by the difference between objects.

For the piano application, as shown in Fig. S7, a printed piano board is placed on the transmission line with seven notes
spanning one octave. The system is configured to capture data at 1-second intervals, during which the finger moves between
notes. For each note, the finger is placed at different positions within the corresponding area, and 100 measurements are
collected for training. The finger then plays a song, and the trained model reconstructs the melody in real time.

Machine learning method for object classification and smart mini piano keyboard

For object classification, we employed an XGBoost-based classifier to classify daily objects made of eight different materials.
Since each class contains only 56 data samples, compact and lightweight machine-learning algorithms are more suitable than
neural networks for such small-sample learning tasks. Regarding dataset splitting, we randomly divided the 56 samples of each
object into training and test sets with a 4:1 ratio, ensuring that the proportions of each object category remain approximately
consistent in both the training and test sets. As shown in Fig. S12, we compared the performance of four machine-learning
classification algorithms suitable for small-sample learning, namely Logistic Regression based classifier, L1 Logistic Regression
based classifier, Linear SVM based classifier, and XGBoost based classifier, on our object-classification dataset. The results
clearly show that XGBoost achieves the highest classification accuracy. Subsequently, we further performed a grid search to find
the optimal hyperparameter configuration for XGBoost. Another reason for selecting XGBoost is its good interpretability. We
further aimed to use XGBoost as a feature extractor to investigate the relationship between S-parameters and object materials.
As shown in Fig. 5d, the XGBoost-based feature extractor identifies a boundary between metallic and non-metallic materials.
This finding is consistent with our theoretical expectation, indicating that XGBoost also serves as an effective feature extractor
in this task. The detailed analysis of the classification errors is provided in Supplementary Note S5.

In the application of the smart mini piano keyboard, the training set, test set, and the additional test set used for playing
“Twinkle, Twinkle, Little Star”” were all collected through independent experiments. The detailed data-acquisition process is
described in previous section. Our training set contains 1,200 samples corresponding to 7 piano keys. In addition, the test set is
balanced, with 14 samples per class. In the additional test set for “Twinkle, Twinkle, Little Star,” there are 42 test samples,
corresponding to the 42 notes in the piece. Ultimately, across training, testing, and additional test set, even the simplest SVM
can achieve 100% accuracy in recognizing the seven keys.

Data availability

The data that support the findings of this study are available from the corresponding author upon reasonable request.

Code availability

All the custom codes deemed central to the conclusions are available from the corresponding authors upon reasonable request.
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Extended Data 402

Extended Data Table 1 | A comparison between our work and state-of-the-art tactile sensors based on SR technology.

Sensor name Transduction method Sensing No. of used Wire com- Localization Avg. SR fac-
area (mm?)  sensors plexity RMSE (mm) tor
Geetal.¥’ Electrical 100 4 4N 5 0.32
Park et al.! Electrical and acoustic 40000 57 0 42 12.66
Luca Massari et al.* Photonic fibre Bragg 17082 16 1 3.2 (median) 33.187
Depeng Kong et al.30 Piezoresistive + deep 2700 23 2N 0.73 70.12
learning
TacTip>" Camera + marker 2513 532 ## 0.1 (MAE) ~150
Piacenza et al.*® Optical ~6107 30 # 0.6 ~180
Sun et al.*0 Barometer 676 25 N 0.16 334
Yan et al.!” Magnetic 324 9 0 0.142 568.3
Hao Hu et al.2 Magnetic 48400 16 0 1.2 668.67
Our work (small) Electromagnetic wave 2500 1 1 0.368 12477.4
Our work (large) Electromagnetic wave 28800 1 1 1.209 16886.4

Notes. “Wire complexity” refers to the number of signal lines required to read out signals from the sensors. “##” indicates that the wire complexity was not
specified in the original work. “~”" denotes an approximate value. The SR factor is calculated as

Area

SR factor = ———————
= TRMSE, RMSE, "

where n denotes the number of sensing elements used for localization*®.

Extended Data Table 2 | Detailed neural-network localization results for the large EM-skin under five-fold cross-validation.

Fold RMSE, (mm) RMSE, (mm) SR factor RMSE,, (mm)

1 0.6708 1.1164 13145.933 1.3127
2 0.4756 1.0414 18619.479 1.1455
3 0.4635 1.1284 17654.612 1.2208
4 0.4889 1.1035 17114.392 1.2075
5 0.4955 1.0492 17897.878 1.1620
Mean 0.5188 1.0878 16886.459 1.2097

RMSE, and RMSE, denote the root-mean-square localization errors along the x and y directions, respectively. RMSE,, denotes the two-
dimensional localization error. SR, super-resolution.
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Extended Data Table 3 | Detailed neural-network localization results for the small EM-skin.

Run Mean RMSE, (mm) Mean RMSE, (mm) Mean RMSE,, (mm) Mean SR factor
1 0.281997 0.247784 0.375514 11947.939890
2 0.276980 0.241043 0.367333 12962.732236
3 0.268010 0.229562 0.353070 13419.273524
4 0.285187 0.237676 0.371337 12024.018201
5 0.280737 0.242905 0.371402 12032.915594
Mean 0.278582 0.239794 0.367731 12477.375889

RMSE, and RMSE, denote the root-mean-square localization errors along the x and y directions, respectively. RMSE,, denotes the two-

dimensional localization error. The reported values are averaged over repeated neural-network training runs. SR, super-resolution.
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Extended Data Fig. 1 | Design and dimensions of the SSPP transmission line.
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Extended Data Fig. 2 | Test environment setup with a VNA, a computer and a motor.
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Extended Data Fig. 3 | Simulation results of localization error (RMSE) and SR factor for the small EM-skin under
different SNRs and input signal bandwidths.
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Extended Data Fig. 4 | Simulation results of localization error (RMSE) and SR factor for the large EM-skin under
different SNRs and input signal bandwidths.
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