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Abstract— Tactile sensing is essential for enabling dexterous
robotic manipulation, yet estimating contact states such as
location and force from high-dimensional sensor measurements
remains challenging due to noise and complex nonlinear map-
pings between raw signals and physical interaction states. In
this work, we propose a physics-informed contact modeling
framework that combines the flexibility of deep models with
inductive biases from physical modeling. Focusing on electrical
impedance tomography (EIT) tactile skins, our approach incor-
porates knowledge of the EIT forward model by regularizing
neural estimators with a latent-space consistency constraint,
stabilizing the ill-posed inverse mapping from voltages to
contact states. To support robust training and evaluation, we
also develop a high-fidelity simulation pipeline that incorpo-
rates key hardware imperfections to better bridge the sim-
to-real gap. We benchmark multiple architectures—including
multilayer perceptrons, convolutional networks, Transformer-
based models, and autoencoder regressors—on both real and
synthetic datasets. Results show that the proposed hybrid ap-
proach consistently improves estimation accuracy, particularly
for force prediction, and generalizes across domains. These
findings highlight the value of embedding physical priors into
learning pipelines for reliable tactile state estimation in robotic
manipulation. (video, code)

I. INTRODUCTION

Tactile sensing is key for enabling dexterous robotic
interaction, complementing vision and proprioception by
providing direct information about contact events such as
location, force, and slip [1], [2]. A central challenge in
tactile perception is to infer low-dimensional contact states
from high-dimensional, often noisy sensor measurements.
This challenge arises across a variety of tactile modalities,
including vision-based, magnetic, acoustic, and electrical
methods, where complex non-linear mappings are required
to translate raw sensor signals into interpretable physical
quantities.

Among these modalities, Electrical Impedance Tomogra-
phy (EIT) has recently emerged as a promising tactile sensing
approach [3], [4], [5], [6]. Originally developed as a medical
imaging technique for monitoring tissue conductivity [7],
ElT-based tactile sensors exploit the principle that applying
small alternating currents through boundary electrodes into
a conductive medium results in voltage measurements that
encode changes in internal conductivity due to contact. These
boundary voltages can, in turn, be used to infer tactile
information such as contact location and applied pressure [8].
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Fig. 1: A hydrogel-based EIT tactile skin with 16 boundary
electrodes is indented by a conductive touch, producing
boundary voltage measurements (raw signals). These signals
are mapped through a physics-informed model to estimate
the tactile state s = {x,y, F'}, comprising contact location
and normal force. For illustration, reconstructed conductivity
maps highlight localized changes under contact.

Compared with vision- or magnet-based tactile sensors,
EIT offers unique advantages as it requires minimal embed-
ded electronics, supports large-area and flexible geometries,
and enables low-cost fabrication of complex-shaped tactile
skins [9], [10], [6]. Despite these benefits, accurate tactile
state estimation from EIT data remains highly challenging.
The measurements are sensitive to electrode variability, ma-
terial properties, and noise in current injection and voltage
readout [11], [12]. Furthermore, the inverse problem of
EIT is fundamentally ill-posed and non-linear, where small
variations at the boundary may lead to disproportionately
large and unstable differences in reconstruction [13].

Classical model-based EIT reconstruction algorithms [14],
[15] can, in principle, recover conductivity distributions, but
their spatial resolution is limited, restricting their ability to
provide precise tactile information. To overcome this, recent
research has explored learning-based methods that enhance
conductivity image reconstruction with data-driven regular-
ization [16], [17], [18], or bypass reconstruction entirely by
directly mapping boundary voltage measurements to contact
states such as location and force [19].

While previous methods have been proposed to improve
ElT-based tactile reconstruction, most existing approaches
emphasize estimating the contact region within a coarse force
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range rather than achieving accurate force mapping [20],
[21], [22]. This limitation reflects a broader challenge in tac-
tile sensing that is, the mapping from raw high-dimensional
sensor signals to precise force states is highly nonlinear
and often non-unique. In the case of EIT, this manifests
as the complex relationship between applied forces, induced
conductivity changes, and boundary voltage measurements.
Whereas contact location can often be inferred from spa-
tial patterns in measured signals, force estimation requires
capturing subtle magnitude variations that are sensitive to
material properties, contact geometry, and sensor—electrode
configuration [23], [24]. Purely data-driven regression mod-
els, which treat this mapping as a black-box, typically
struggle to generalize when confronted with variations in
noise, sensor properties, or boundary conditions [25], [26].
To address this, it is advantageous to combine model-based
and learning-based perspectives, where data-driven models
provide flexibility and model-based structures offer inductive
biases grounded in physics [27].

In this work, we propose a hybrid strategy that conditions
the regression process on a secondary consistency module.
Instead of relying solely on the ill-posed reverse problem of
mapping voltages to contact states, we also learn a comple-
mentary mapping from contact states to a low-dimensional
latent representation of the observation space. For EIT, this
latent space is learned from voltage measurements via an
autoencoder, and the secondary module acts as a forward-
inspired regularizer that enforces consistency between pre-
dicted tactile states and the manifold of physically plausi-
ble voltage patterns. By coupling the regression with this
latent-space constraint, the model respects the underlying
physics while retaining the expressive power of learning-
based methods. This hybrid, physics-informed regularization
provides a principled way to stabilize complex tactile state
estimation tasks, particularly in settings where raw sensor-
to-state mappings are non-unique and highly nonlinear.

However, implementing such  physics-informed
approaches to learn the complex mappings between
physical parameters and sensor responses requires

substantial training data. While real-world experiments
are essential for collecting data, simulation remains an
important tool for scaling data generation and validating
new approaches [28], [29]. Existing simulation tools
like EIDORS [30] and pyEIT [31] provide forward and
inverse problem solvers based on finite element methods
(FEM) to model conductivity changes and distributions
within the sensing medium. These simulations enable rapid
data generation, facilitating comprehensive training and
evaluation of learning-based methods. However, simulated
environments often diverge from real-world measurements
due to electrode contact impedance variability, measurement
noise, crosstalk, and geometric mismatches, making direct
transfer from simulation to hardware difficult [32]. To
address this, we develop a new data generation pipeline
that explicitly incorporates these sim-to-real gap factors,
producing synthetic EIT tactile data that more closely
mirrors the behavior of physical sensors.

In this work, (i) we present a physics-informed learning
framework for ElT-based tactile sensing, where neural es-
timators are regularized through consistency with a latent
representation informed by the EIT forward model. This hy-
brid approach leverages physical structure to improve force
estimation while retaining the flexibility of deep learning.
(ii)) We conduct a comprehensive benchmark of learning
models—including MLPs, CNNs, CNN-Transformer hy-
brids, and Transformer-based architectures—for both contact
location and force estimation, providing a clear comparison
across model families. (iii) To support robust evaluation,
we also develop a high-fidelity simulation pipeline that
incorporates key sim-to-real effects, generating synthetic data
that closely reflects real sensor behavior. Across both real
and simulated datasets, we show that the proposed physics-
informed pipeline consistently enhances force estimation
accuracy, particularly in data-driven baselines such as MLPs.
Together, these results highlight the value of integrating
physical priors into neural tactile estimators and establish a
methodology applicable to diverse architectures and sensing
contexts.

II. METHODOLOGY
A. Electrical Impedance Tomography (EIT) Formulation

In an EIT-based tactile sensor, a set of boundary electrodes
is placed around a conductive medium (e.g., a circular
hydrogel skin shown in Fig.1). By injecting small alternat-
ing currents through pairs of electrodes and measuring the
resulting voltages on the remaining electrodes, one can infer
conductivity changes inside the medium caused by contact.
In this work, we consider the common configuration of 16
equally spaced electrodes arranged on the boundary of a
circular domain. A sinusoidal current

I(t) = Ip sin(wt), (1)

with amplitude I and angular frequency w is sequentially
applied between chosen pairs of electrodes according to
a measurement protocol (e.g., adjacent or opposite current
injection). For each current injection, the measured electrode
voltages are collected into a vector

V={W,Vs,...,Vay} € RM 2)

where M denotes the number of independent voltage mea-
surements. Under the commonly used adjacent current in-
Jection protocol, each of the n electrodes is used once as a
source-sink pair, while voltages are measured on the remain-
ing ne — 3 electrodes. Thus, the total number of independent
measurements is M = ng X (ng — 3). For ne = 16, this
gives M = 208 independent voltage measurements. Fig.,1
illustrates a representative no-touch voltage measurement
from the sensor, comprising 208 boundary voltage values
acquired across all electrode pairs.

The governing equation of EIT in the conductive domain
) C R? is the elliptic partial differential equation

V:(o(r)Vu(r)) =0, reQ, 3)
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Fig. 2: Overview of the proposed physics-informed touch state

estimation framework. Raw voltage measurements from the

EIT skin are used to predict contact states (Z, ¢, F') through a data-driven network. In parallel, a voltage autoencoder learns
a latent representation of the measurement manifold shaped by EIT physics. During training, predicted states are passed
through the EIT forward model, and a consistency loss aligns the resulting latent codes with those from the voltage encoder.

This joint objective combines prediction accuracy with physics
tactile state estimation.

where o(r) is the spatial conductivity distribution and u(r)
is the electric potential field. On the boundary 02, Neumann
boundary conditions enforce the applied current through
electrodes, and Dirichlet conditions ensure voltage reference
constraints.

The forward problem consists of solving for the potential
u(r) and electrode voltages V' given a known conductivity
distribution o(r). Conversely, the inverse problem seeks to
reconstruct o(r) (or its low-dimensional representation) as
shown in Fig.1, from the measured voltages V', which is ill-
posed and highly sensitive to noise.

B. EIT Tactile State Estimation

In tactile sensing with EIT, our goal is to infer the contact
State

S

[z, y, F]T € R?,

consisting of the contact location (x,y) on the sensor and
the normal contact force F', from a boundary voltage mea-

surement vector V introduced in Eq.(2).
. N
We assume a supervised dataset D {(Vi, si) by

where each V; is a stacked vector of electrode voltages from
one EIT frame and s; is the corresponding contact state. To
reduce static offsets and improve conditioning, we subtract
a no-touch (baseline) voltage

1
Vi = V7. - Vrcfa

Vrcf = T
R

> Vi,

jEB

with R the set of reference (zero-force) frames. The learning

-based regularization, improving robustness and accuracy of

objective is to find a regression map
s = fo(V),

parameterized by 6. The baseline supervised loss on a mini-
batch B is the (optionally weighted) MSE

fo: RM - R3,

1 . . .
Lan(0) = 1> (12l F+ 1oy +or | - FiR).

i€B
“)
where (z;,y;, F;) are standardized ground-truth labels and
wp > 1 upweights force.
If ground-truth locations are provided in a robot frame
(u,v), we align them to the EIT unit-disk coordinates via
a similarity transform

m = sRm +t, ReSO(2), secRy, t eR?

estimated once from calibration samples (e.g., using contact
“hotspot” angles). The aligned (x, y) are then used in Eq.(4).
The tactile state estimation problem is stated as, given D,
learn 0* = argming Lg,,(6), yielding a model that maps
voltages to contact location and force with high accuracy
and generalization.

C. Physics-Informed Learning via a Latent Voltage Prior

Directly penalizing mismatch in the EIT measurement
space (e.g., through a differentiable forward solver) can
be brittle and computationally heavy. Instead, we encode
the physics of EIT implicitly by learning a compact latent
manifold of boundary voltages from data. Constraining the
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predictor to produce contact states whose implied latent
voltages lie on this manifold, steers learning toward physi-
cally plausible solutions without requiring a PDE-in-the-loop
during training.

Our approach, shown in Fig.2, augments a supervised predic-
tor with a physics-informed latent regularizer. The pipeline
consists of three modules trained sequentially:

1) Voltage autoencoder (E,, D, ). A low-dimensional latent
representation z = E,(V) € R is learned from standard-
ized, baseline-subtracted voltages V € RM by minimizing
the reconstruction loss

b, K<M. (5

N
1 . .
Lar = ;:1 | Dy (Eu(V3)) — V;

This defines a manifold of physically plausible voltage
patterns.

2) State-to-latent regressor g,. Given contact states s =
[z,y, F]T € R3, we learn a mapping into the same latent

space by aligning g4(s) with the teacher embedding E,(V):

N
LrReg = %Z |90 (si) — Ev<Vi)H;- (6)
i=1
The regressor function g4 mimics the EIT forward problem
to learn a mapping between contact states to corresponding
latent voltage representation. This function helps the Predic-
tor function fy to predict more plausible tactile states from
raw voltage measurements.
3) Predictor fy. The main predictor maps voltages to con-
tact states, fy : RM 5 R3, It is trained with a supervised
loss defined in Eq.(4) and a latent physics regularizer that
enforces consistency between the predicted state’s latent code
and the one extracted from measured voltages:

1 - NP
Liatent = ®Z|‘g¢(f9(vl)) 7EU(V1)||2 @)
i€B
The final training objective is

»Ctotal = Esup + AMat Clatcnt' ®)

The design rationale for this pipeline consists of (i) The volt-
age autoencoder learns the measurement manifold shaped by
EIT physics (electrode array, drive/measure protocol, forward
map, and typical conductivity perturbations). Matching the
predicted state’s latent to the voltage-derived latent (Eq. 7)
penalizes predictions that would imply voltages off this
manifold, providing a physics-shaped prior at low compu-
tational cost. (i) In many EIT layouts, multiple (x,y, F)
combinations can produce similar boundary voltages. The
latent prior encourages joint consistency of (x,y, F') with
the entire voltage pattern, which we find particularly helpful
for force. (iii) Because F), is trained across diverse operating
points, Li.tent acts as a stabilizer against sensor noise and
slow baseline drift.

Our training protocol forms as training (F,, D,,) with Eq. (5)
first, then train g4 with Eq. (6) using teacher targets z*.
Finally, we train fp with Eq. (8). At test time we use fp
alone; (E,, ge) are not needed for inference.

D. Dataset Generation

1) Real-world tactile dataset: To evaluate our approach
on physical measurements, we constructed a custom EIT-
based tactile sensing setup. The tactile sensor consists of
a hydrogel-based conductive skin fabricated by combining
gelatin, glycerol, water, citric acid, and salt (NaCl) in a
precise ratio of 1:1.5:2.5:0.2:0.1 by weight, following the
method described by Hardman et al. [33]. The skin, with
a radius of 8cm and thickness of 3 mm, was mounted on
a rigid supporting structure to ensure mechanical stability
during indentation experiments. Sixteen electrodes were im-
plemented on a custom PCB-based circuit that provided
precise electrode positioning. The electrodes were equally
distributed along the circumference of the circular skin,
ensuring uniform current injection and voltage measurement
points. This layout is illustrated in Fig. 2.

Data collection was performed using a URS robotic manip-
ulator. A cylindrical probe was attached to the end-effector,
with a calibrated force sensor (Sparkfun TAL220 Series
Parallel Beam Load Cell) mounted in series to record the
ground-truth contact force. To study the effect of contact
geometry, three probes of different diameters were used:
7mm, 10 mm, and 15 mm. The probing locations followed a
predefined spatial pattern covering the sensor surface consist-
ing of 192 contact points. At each contact location, the URS
positioned the probe above the target point and performed
a vertical indentation in 1 mm increments. The indentation
continued until the measured contact force reached a target
value of 8-10N, ensuring a range of indentation depths
and forces were captured. For every indentation step, the
system recorded: (i) the EIT voltage measurements across
all electrode pairs, (ii) the ground-truth contact location
from the robot kinematics stated in URS base frame, and
(iii) the ground-truth contact force from the force sen-
sor. This procedure yielded a dataset of paired samples
{(V,s)}, where V are baseline-subtracted voltages and s =
[z,y,F]" are the corresponding ground-truth states. This
dataset therefore provides diverse coverage across contact
locations, indentation depths, and probe geometries, enabling
robust evaluation of learning-based and physics-informed
state estimation methods.

2) PyEIT simulated dataset with sim-to-real gap injection:
To complement the real dataset, we generated a synthetic
EIT tactile dataset using the PyEIT forward solver on a
16—electrode circular domain. Touch interactions were mod-
eled as circular anomalies of radius 7y, = 0.1 placed on a
polar grid of (r,6) locations, with contact force F' € [0, 1]
mapped to inclusion permittivity via e(F) = 1 + 9F. For
each sample we record baseline—subtracted voltages Av =
Viouch — Vo € RM, where M is the number of channels under
adjacent stimulation (e.g., M = 208 for 16 electrodes with
the standard parser).

To reduce the gap between ideal simulations and real
measurements, we injected five dominant sim—to-real effects
in EIT sensing. We model the measured voltages as

v =C(g(F)ov) + n, ©)
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where g are per—channel gains (contact impedance variabil-
ity), C is a crosstalk mixing matrix, ® denotes element—wise
product, and n is additive noise.

Electrode variability and force drift. Gains are drawn as
gi = gM—1— = 1+ 05y 04 ~ N(0,0'g), with an optional
force—dependent modulation ‘

9i(F) = gi(1+ a(F —0.5)).

This linear form provides a first—order approximation of
contact—impedance changes with applied force, centered at
the mid-range (F' = 0.5) for stability. We set o, = 0.08,
yielding ~8% random channel deviations consistent with real
baselines, and o = 0.1, allowing up to 10% gain drift across
the normalized force range. Values were tuned to reflect
realistic sensor behavior without destabilizing the forward
solver.

Crosstalk. Neighboring channel leakage is modeled by a
tridiagonal wrap—around matrix

C = (1—2e)I+¢(SL+ Sr),

where € controls the coupling strength (set to 0.03 in our
experiments). Here, I is the M x M identity matrix, Sp, is
a cyclic left—shift operator (ones on the subdiagonal and in
the top-right corner), and Sy is its transpose, a cyclic right—
shift operator. This structure ensures that each channel retains
most of its own signal (1—2¢), while a small fraction ¢ of its
amplitude leaks symmetrically to the immediate neighbors,
consistent with coupling patterns observed in real hardware.
Measurement noise. We add Gaussian noise n ~ N(0, 021)
with 0 = o med(|v]), where o, = 0.02 specifies the
noise strength relative to the median channel magnitude. This
choice injects low—level variability comparable to that seen
in repeated no—touch measurements on the real sensor.
Geometry mismatch and electrode jitter. To capture mis-
match between the reconstruction model and the true plant,
we scale the mesh boundary to an ellipse (z,y) — (4, syY)
with s, s, ~ N (1,02%), and perturb electrode angles ¢} =
Ok + 0o, 0 ~ N(O,U;) We set gy = 0.05 (5%
boundary scaling) and o4 = 0.5°, reflecting small geometric
distortions observed in practice.
This compact distortion
baseline—subtracted features

model produces

AV = Viouch — ‘70a

which more closely resemble real measurements. The re-
sulting dataset covers a polar grid of 192 touch locations
and a diverse distribution of forces, with distortions applied
consistently within sessions to mimic hardware biases.

ITI. RESULTS
A. Experimental Setup

For the real-world experiments with the hydrogel-based
EIT skin, we collected approximately Ny, ~ 3,900 samples.
At each contact location, the URS robot applied incremental
indentations until a target force was reached, resulting in
contact forces ranging from 0.5N up to 10N. We drove
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(a) simulated dataset. (b) real dataset.

Fig. 3: Pearson correlation coefficients between boundary
voltage features and target variables (contact location z, vy,
and force f). Stronger correlations are visible for = and y,
while force exhibits weaker and more diffuse correlations,
explaining the relative difficulty of force estimation.

the skin with a single—tone sinusoidal excitation at fey. =
10 kHz (AD5930 clocked at 50 MHz), using adjacent drive.
The drive and measurement gains (AD5270 digital rheostats)
were auto—tuned to keep the differential voltage within the
ADC'’s linear range (~ 0.5-2.1 V).

For the simulated dataset, we reproduced a comparable
contact point pattern on a circular 16-electrode sensor using
the PyEIT library. Unlike the real case, the simulation is
parameterized in terms of permittivity changes rather than
direct force values, though the range was scaled to cover
an equivalent dynamic range with finer increment steps.
The final dataset contained approximately Ng, =~ 50,000
samples, incorporating distortions that emulate key sources
of sim-to-real gap.

All models were trained in PyTorch on a laptop with an
Intel Core Ultra 7 CPU and NVIDIA GeForce RTX 4050
(6GB), with 16 GB system RAM. Data were standardized
channel-wise, split into 80% training and 20% testing parti-
tions, with a validation set drawn from 20% of the training
portion to monitor generalization performance during train-
ing and optimized using Adam unless otherwise stated.

B. Correlation Analysis of Voltage and Contact States

Before training predictive models, we performed an ex-
ploratory correlation analysis between the measured voltage
features and the target outputs (contact location z, y, and
contact force f). Such analysis is informative in this context
because it highlights the degree of linear association between
the high-dimensional EIT signals and the underlying contact
states, thereby offering insight into the relative difficulty of
each regression task. Fig. 3 shows the Pearson correlation
coefficients computed between each voltage channel and
the three target variables, for both the real and simulated
datasets. Two consistent trends can be observed. First, the
correlations between voltages and the spatial coordinates (x
and y) are relatively strong, suggesting that contact location
information is more directly encoded in the boundary voltage
patterns. Second, the correlations with contact force are
substantially weaker and more diffuse, reflecting the fact
that force estimation from EIT is a more complex mapping
problem. This observation is consistent with our later quan-
titative results, where all models achieve higher accuracy in
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TABLE I: Prediction performance across baseline and physics-informed models on real and simulated datasets. Higher R?
and lower MAE show better performance.

Real Dataset

Simulated Dataset

Model | B2  MAE; | Rj MAE, | R} MAE; | R MAE: | R} MAE, | R} MAE;
SVR 099 07 |09 07 |076 08 |09 192 |09 197 |08 062
MLP 099 08 | 099 07 |08 075 | 099 173 | 099 171 | 089 048
CNN 099 10 | 099 L1 |[079 084 |099 20 |09 197 | 090 043
Transformer 098 13 | 098 14 | 064 107 | 099 229 | 099 283 | 090 047
Autoencoder-MLP 098 13 | 098 12 | 065 105 | 099 198 | 099 191 | 091 045
CNN-Transformer 098 13 | 099 12 [062 108 | 099 257 | 099 249 | 087 050
Physics-Informed (MLP) | 0.99 L1 099 L1 [084 072 |09 13 |09 13 | 092 041

predicting contact location than in predicting contact force.

C. Baseline Models

To benchmark EIT state estimation, we evaluated a range
of machine learning architectures spanning classical regres-
sors, spatially structured networks, and attention-based mod-
els. Support vector regression (SVR) with an RBF kernel
was included as a classical non-linear baseline, providing
a contrast to deep learning approaches. MLPs serve as a
standard baseline, with three hidden layers (256, 128, 64
neurons, ReLU activations) and a linear output for (x,y, F).
CNNs were implemented as 1D convolutional models with
three blocks (kernel size 3; channels 64, 128, 256) followed
by max-pooling, batch normalization, and two dense lay-
ers (128, 64). Transformers employed sinusoidal positional
encoding, two encoder layers with four attention heads, a
feed-forward block (128 hidden units), and a regression head.
For hybrid designs, we tested an autoencoder—-MLP, where a
bottleneck autoencoder (256 — 64 — latent z = 16 — 64
— 256) compressed voltages before MLP regression, and
a CNN-Transformer, where convolutional layers extracted
local features that were then processed by a transformer
encoder and dense output.

This suite of baselines allows comparison between purely
data-driven, spatially aware, and globally attentive architec-
tures for EIT regression.

D. Tactile State Estimation Results

To evaluate the performance of the baseline models and the
proposed physics-informed pipeline, we report results using
two complementary metrics: the coefficient of determination
(R?) and the mean absolute error (MAE). The R? score
indicates the proportion of variance in the ground-truth target
explained by the model, with higher values denoting better
predictive performance. MAE measures the average absolute
deviation between the predicted and true values, providing an
interpretable scale in the same units as the output variables.
Together, these metrics capture both the goodness of fit and
the average prediction accuracy.

Table I summarizes the prediction results for all models
across both real and simulated datasets. We report values for
the three outputs of interest: contact position in the x- and
y-axes, and the contact force.

Table 1 shows that contact location prediction (z and
y) achieves consistently high performance across all base-
line models, with R? values close to 0.99. This trend is
expected, as our correlation analysis in Fig.3 revealed that
boundary voltage patterns are strongly associated with the
spatial location of contact. In fact, contact location forms a
relatively straightforward regression mapping from the high-
dimensional voltage space, which explains the uniformly
strong performance across model families. For closer com-
parison, MAE is a more sensitive metric; interestingly, SVR
and the MLP yield the lowest errors for location prediction,
though the differences across models remain small.

In contrast, contact force prediction presents a more chal-
lenging task. As anticipated, R? values drop considerably
compared to location prediction, reflecting the weaker corre-
lation between boundary voltages and applied force. Among
the baseline models, the MLP achieves the strongest force es-
timation performance. This may be attributed to two factors:
(i) the fully connected architecture of the MLP can flexibly
approximate nonlinear mappings without imposing spatial
locality biases (as in CNNs) or sequential dependencies (as in
Transformers), which may not align with EIT data structure;
and (ii) the relatively moderate dataset size favors MLPs, as
larger architectures like Transformers require more samples
to generalize effectively.

Most importantly, the proposed physics-informed MLP
achieves the best overall force estimation performance. Com-
pared to the baseline MLP, it yields a higher R? (0.84
vs. 0.82) and a lower MAE (0.72 vs. 0.75), demonstrating
the benefit of embedding physics priors into the learn-
ing pipeline. These gains are consistent and highlight that
physics-informed regularization helps the network capture
latent structure in the EIT measurements that purely data-
driven models overlook.

On the simulated dataset, all models achieve higher perfor-
mance metrics for both contact location and force compared
to the real dataset. This reflects the more structured and
noise-free nature of synthetic data, even with the incorpo-
rated perturbation reflecting the real data structure. Among
the baselines, Autoencoder-MLP performs best for force
prediction, while SVR and CNN-Transformer models show
the lowest accuracy. Importantly, the physics-informed MLP
consistently outperforms all baselines, achieving the highest
R?c (0.92) and the lowest MAE (0.41). For simulated (z,y)
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Fig. 4: Qualitative force prediction on the test set (real
dataset). In (a) and (b) each panel plots predicted vs. ground-
truth force with the y = x reference line. The physics-
informed MLP exhibits tighter clustering around the diagonal
and fewer large outliers compared to the worst-performing
baseline. (c) Spatial distribution of force prediction errors for
the physics-informed MLP on the real dataset.

prediction, all models achieve R? 2~ 0.99, but MAE reveals
clear differences: physics-informed MLP attains the lowest
error (MAE, = MAE, ~ 1.3), while Transformer and
CNN-Transformer baselines perform worst with substan-
tially higher errors (MAE, up to 2.8). Taken together with
the real dataset results, this shows that the proposed physics-
informed approach provides consistent improvements across
both domains.

Fig. 4 contrasts test-time force prediction quality between
the worst baseline (e.g. CNN-Transformer) and our physics-
informed MLP. The latter (Fig.4b) produces a visibly tighter
cloud around the identity line with fewer extreme deviations,
consistent with the quantitative gains reported in Table I.
This qualitative analysis gives an interpretable insight into
the range of force prediction performance over the weakest
and strongest models tested.

To further illustrate the performance of our best-
performing model, we visualize the spatial distribution of
force prediction errors across the sensor surface (Fig. 4c).
The errors are generally uniform, without pronounced
hotspots, indicating that the physics-informed MLP gener-
alizes well across different contact locations.

E. Sim-to-Real Similarity Analysis

A major challenge in using EIT tactile sensors is the sim-
to-real gap, where simulated voltage measurements do not

TABLE II: Sim-to-real similarity scores between plain and
perturbed simulated data compared to real no-touch voltage
signals.

Comparison MMD| CORAL] NCCT SWDJ
PlainSim vs Real 1.39 163.7 0.713 71.5
PertSim vs Real 0.74 151.9 0.733 76.7

perfectly reflect the statistics of real-world signals. Since
our proposed framework leverages both simulated and real
datasets, it is important to quantify this discrepancy and
assess whether perturbation-based augmentation reduces the
gap. To this end, we compare the baseline (PlainSim) and
perturbed simulated data (PertSim) using E.(9) against the
real no-touch voltage signals.

We adopt four complementary similarity metrics, chosen
for their prevalence in domain adaptation and distribution
alignment tasks. Maximum Mean Discrepancy (MMD) cap-
tures differences in distribution means via kernel embed-
dings. CORAL measures covariance alignment between fea-
ture spaces. Normalized Cross-Correlation (NCC) quantifies
global signal similarity, and the Sliced Wasserstein Distance
(SWD) evaluates distribution geometry in a robust manner.
Lower values in MMD, CORAL, and SWD, and higher
values in NCC, indicate better similarity.

As shown in Table II, introducing perturbations leads to
a notable reduction in MMD (from 1.39 to 0.74), indicating
a closer match in global distribution between simulated and
real voltages. CORAL and NCC also show mild improve-
ments, suggesting better alignment in covariance and overall
signal similarity. SWD values remain similar across con-
ditions, reflecting that both simulated datasets preserve the
general distribution geometry. Overall, this analysis supports
that perturbation improves realism of simulated EIT signals,
thereby reducing the sim-to-real gap and enhancing their
utility for training learning-based models.

IV. CONCLUSION AND FUTURE WORK

In this paper, we addressed the challenging problem of
tactile state estimation using Electrical Impedance Tomog-
raphy (EIT), a modality characterized by high-dimensional,
noisy boundary measurements and nonlinear voltage-to-state
mappings. We introduced a novel physics-informed learning
pipeline that integrates knowledge of the EIT forward model
into the training of data-driven estimators. Our approach
consistently improved prediction accuracy, particularly for
the more challenging task of force estimation, across both
real and simulated datasets. We further benchmarked a wide
range of neural architectures, including CNNs, Transformers,
and autoencoder-based models, and showed that our physics-
informed variant of MLP achieves the best performance. To
account for the sim-to-real gap, we generated a perturbed
simulation dataset and quantified similarity against real mea-
surements using multiple distributional metrics, demonstrat-
ing improved realism compared to plain simulations. Finally,
we release both our real and simulated datasets to facilitate
reproducibility and benchmarking in future studies.

9453



Despite these advances, some limitations remain. First, the
sim-to-real generalization of models is still constrained by
residual discrepancies between real and simulated voltages,
particularly under force variations. Second, our current ex-
periments were restricted to single-point contact and limited
probe geometries, whereas richer multi-contact interactions
remain unexplored. Finally, while we investigated represen-
tative neural architectures, incorporating recent advances in
physics-guided representation learning or domain adaptation
could further enhance performance.

In future work, we aim to expand this study by: (i)
exploring more advanced domain adaptation techniques to
close the sim-to-real gap; (ii) extending to multi-contact and
dynamic tactile interactions; and (iii) integrating our pipeline
into closed-loop robotic manipulation tasks. We believe these
directions will accelerate the deployment of EIT-based tactile
skins in real-world robotic manipulation.
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