
EIT-Pneumatic Hybrid Robotic Skin for Practical and Accurate
Force Map Reconstruction

†Junhwi Cho, †Sunggyu Bae, †Junghyeon Ma, Hyosang Lee, Jung Kim, and ∗Kyungseo Park

Abstract— We present a hybrid robotic skin that combines
electrical impedance tomography (EIT) with pneumatic tac-
tile sensing to improve force reconstruction capability. The
developed robotic skin is fabricated entirely by 3D printing
and spray coating, making it affordable and easy to build. A
Tikhonov-regularized inverse reconstruction, paired with per-
pad pneumatic calibration, enables accurate large-area tactile
sensing with a simple measurement scheme. For validation,
we conducted load-cell indentation experiments; the results
showed consistent force reconstruction across locations within
a pad. Compared with an EIT-only baseline, sensitivity non-
uniformity was also reduced, with the coefficient of variation
decreasing from 0.31 to 0.14, indicating that the proposed
approach addresses a longstanding limitation of EIT. We
further demonstrated chest-mounted integration on a humanoid
robot and found that the pneumatic signals remained reliable
across diverse contact scenarios, including multiple simultane-
ous contacts on the same sensing pad. These results indicate
a practical path toward accurate, scalable whole-body tactile
sensing in real robotic systems.

I. INTRODUCTION

Physical human–robot interaction (pHRI) is an impor-
tant factor in deploying robots in everyday environments.
For safe and dependable interaction, robots must not only
perceive physical contact without blind spot but also make
the contact itself gentle and pleasant through material and
structural design [1]–[3]. This motivates the need for prac-
tical whole-body robotic skin, which provides continuous
tactile perception across large areas and protective function
simultaneously, rather than focusing solely on tactile sensing.

Among various tactile sensing methods, electrical
impedance tomography (EIT) has been a promising method
[4]–[6]. EIT-based robot skin uses a continuous piezoresistive
surface in which distributed electrodes inject current and
measure voltage [7], [8]. The conductivity distribution can
then be reconstructed from measurements using optimiza-
tion [9]–[11] or deep neural network [12], [13]. It allows
electrodes to be arranged freely, making EIT suitable to
large and curved geometries [14], [15]. Moreover, fragile
sensing elements can be physically isolated from external
stimuli, enabling a durable structure and a clean exterior [16].
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However, strong sensor nonlinearities complicate signal pro-
cessing [17], [18], and fabrication still requires considerable
manual effort [19].

Meanwhile, pneumatic robot skin is also a highly practical
solution. It employs an air-tight, compliant structure with
internal cavities and monitors changes in internal air pressure
under external forces [20], [21]. The skin is lightweight
and inherently shock-absorbing, which are keys for safe
physical human-robot interaction [22]. It is also inexpensive,
easy to fabricate, and conceptually simple. Combined with
3D printing, it supports multi-material, customization and
automated production [23]. These advantages align well with
our goals for practical and deployable systems. Nonetheless,
it cannot localize contact within a single pad, resulting in
limited spatial resolution.

To address these limitations, we propose a hybrid tactile
sensing system that combines electrical impedance tomog-
raphy (EIT) and pneumatic modalities for practical and
accurate force reconstruction. The two modalities are com-
plementary: EIT offers a relatively fine spatial cues, while
the pneumatic pad provides accurate and sensitive force
measurements. Prior work has explored combining EIT-
or pneumatic-based tactile sensors with other modalities,
demonstrating benefits such as improved gesture recognition
and interaction capabilities. [24]–[27].

Notably, our robotic skin was fabricated entirely by digital
manufacturing, yielding an accessible and practical solution
suitable for integration in real robotic systems. Moreover,
this paper proposes a sensor fusion method, which utilizes
Tikhonov-regularized reconstruction from EIT and pad-wise
calibration using pneumatic sensing. As this approach does
not require complex modeling or extensive data collection,
it is very straightforward and accessible to various robotics
engineers, while its contact force estimation is more accurate
than in uni-modal cases.

The remainder of this paper is organized as follows.
Section II presents the proposed inferential tactile-sensing
framework and its EIT–pneumatic fusion scheme. Section
III describes the hardware design and fabrication process.
Section IV presents experimental results, and Section V
demonstrates tactile sensing capabilities in diverse settings.
Finally, Section VI concludes with a discussion and direc-
tions for future work.

II. INFERENTIAL TACTILE SENSING
A. EIT–Pneumatic Hybrid

EIT-based robot skin reconstructs the spatial distribution
of electrical conductivity within a continuous piezoresistive

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 8818



Fig. 1. Inferential tactile sensing concept. (a) EIT-pneumatic hybrids composed of rigid base and soft pad; (b) pneumatic
tactile sensing utilizing a soft, air-tight pad connected with an air-pressure sensor; (c) piezoresistive tactile sensing (EIT)
based on contact-resistance; (d) Multi-modal sensor fusion pipeline using Tikhonov-regularized reconstruction with pad-wise
calibration.

domain by observing boundary voltages under actively in-
jected currents. Since each measurement inherently covers an
overlapping receptive field, the spatial distribution of contact-
induced resistance changes can be inferred numerically. This
inference requires sufficient information of the mapping
from conductivity to measured signals, which is impractical
to obtain experimentally. Therefore, many researchers have
relied on a forward model, typically realized by a finite
element (FE) model [28].

∆V = f (∆σ), (1)

where ∆σ and ∆V denote the changes in conductivity
distribution and the resulting boundary-voltage difference,
respectively. Once simulation data is obtained, we solve the
inverse problem to reconstruct ∆σ from observed ∆V, ei-
ther through optimization-based solvers [9]–[11] or machine
learning frameworks, such as deep neural networks (DNNs)
[13], [29], [30].

From an AI perspective, EIT reconstruction can be framed
as learning a latent representation from complex measure-
ments and mapping it to interpretable physical quantities.
When the forward model is well characterized, large la-
beled datasets can be synthesized via FE model, enabling
simulation-based training and sim-to-real transfer. This en-
ables tactile super-resolution, in which high-resolution con-
tact images are inferred from limited measurements. How-
ever, EIT suffers from several limitations, including non-
linear piezoresistive behavior, spatial inhomogeneity within
the conductive domain, and the high computational cost of
dense measurements and reconstruction. These issues are a
nontrivial problem in a practical sense.

To mitigate these limitations, we propose to integrate EIT

with pneumatic tactile sensing method. Pneumatic signals
provide global force cues with high sensitivity, wide dynamic
range, and improved accuracy, although it cannot localize
contact location. However, a reliable estimation of the contact
force of the pneumatic sensor can complement the inferior
one of the EIT.

B. Data Sampling

Typically, EIT treats conductivity perturbations ∆σ as
inputs and computes the corresponding boundary voltage
differences ∆v using finite element simulation. We gener-
ate data using EIDORS (MATLAB toolkit for EIT) [28],
assuming a spatially uniform baseline conductivity σ0 equal
to the measured average conductivity of the carbon surface.
The perturbation amplitude was from zero to σ0 (i.e., up
to 100 % of the baseline), following prior works. Each
perturbation had a Gaussian spatial profile to approximate
the sub-surface load spreading induced by the pneumatic
pads. The perturbations were placed on a 200 mm × 200
mm planar mesh; centers were sampled every 5 mm in both
axes, resulting in a 41 × 41 grid. The finite element mesh
used in our experiments is shown in Fig.1(d).

Compared to EIT, pneumatic signals are much easier to
acquire in reality, thus they are not simulated at this stage.
Since the pneumatic signal serves as a proxy for the applied
force, we collected paired measurements by pressing the
pneumatic pad with an indenter assembly, thereby recording
the contact location, the synchronized pneumatic pressure,
and the corresponding ground-truth force. During data col-
lection, the indenter was mounted on a motorized stage and
followed a predetermined trajectory on the surface of the
pad. The experimental setup is described in Section IV-A.
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Fig. 2. Structure of the EIT-pneumatic hybrid sensor. (a) rigid
base layer and soft pneumatic pad; (b) FE mesh of EIT
simulation model, (c) photograph of the assembled sensor
system.

C. Reconstruction and Calibration

The goal of our sensor-fusion scheme is to leverage
pneumatic signals to improve the accuracy of the force
map estimation for EIT-based reconstruction. Classical EIT
requires solving an inverse problem, and the regularization
often introduces severe distortions to the result. In addition,
fabrication of the EIT tactile sensor create a non-negligible
sim-to-real gap, yielding artifact, non-uniform sensitivity,
and excessive blurring that are difficult to remedy.

In particular, EIT reconstructions provide the spatial dis-
tribution of the applied load but their absolute magnitude
is not reliable. Although one can train a separate DNN
to regress forces [31], a more principled approach is to
incorporate an additional sensing modality with a direct force
measurement. A pneumatic pad offers more reliable contact
force measurements over large areas.

First, we solve the EIT inverse problem to obtain a
conductivity-perturbation image:

∆σ̂ = Q∆v, Q = (JT J+λ
2
Γ

T
Γ)−1JT (2)

where J is the Jacobian (sensitivity) matrix mapping con-
ductivity perturbations and to boundary-voltage differences,
and Q is the Tikhonov-regularized reconstruction matrix with
a hyperparameter λ and prior Γ (e.g., NOSER type) [9].

Concurrently, we read pneumatic signals from soft pads.
The sensing area is partitioned into four pads; only the
indented pad exhibits a pressure change. We assume the
pneumatic change is proportional to the net force applied
to that pad, since the pressure variation reflects a volume
change in the air-tight shell.

Fig. 3. Fabrication of the EIT-pneumatic hybrid skin. The
base and outer layer are printed in PLA and TPU, respec-
tively. They are then spray-coated with carbon and metal ink
to realize a contact-based piezoresistive structure.

Let Mi(r)∈ [0,1] denote the spatial footprint (mask) of pad
i, where r = (x,y) denotes a location on the 2D sensor plane.
Then, We form pad-specific weighted conductivity images

∆σ̂i(r) = Mi(r) ⊙ ∆σ̂(r) (3)

and distribute the estimated pad-level force Fi over its
footprint to obtain a calibrated force map

σ̂ad j(r) = ∑
r∈Ωi

Fi ·
∆σ̂i(r)

∑∆σ̂ i(r)
(4)

This procedure confidently suppresses artifacts in regions
where load is not applied and uses the pneumatic signals to
calibrate the level of the EIT-derived image while preserving
its spatial detail.

III. SENSOR HARDWARE
A sensor testbed was designed and fabricated to validate

the proposed sensor fusion framework; the rendered image,
forward model (i.e., mesh), and prototype are shown in
Fig.2. The prototype adopts a two-layer structure that allows
simultaneous electrical impedance tomography (EIT) and
pneumatic sensing. The base layer provides the conductive
substrate and electrode interface for EIT, while the outer
layer converts external forces into local contact resistance
changes and also interfaces with pneumatic ports for direct
pressure measurement.
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Fig. 4. Indentation setup including the motorized stage and
the indenter assembly. The testbed is placed on the stage and
repeatedly indented along a predefined path.

The base layer has dimensions of 200× 200 mm and is
fabricated from a polylactic acid (PLA) filament using fused-
deposition 3D printing. The PLA surface is spray-coated with
a carbon-based conductive material (838AR Total Ground,
MG chemical), forming a continuous conductive domain. A
5×5 array of stainless-steel bolts is installed as electrodes,
each fixed with a nut and internally wired to the EIT
driving circuit. Through an external multiplexer, arbitrary
electrode pairs can be selected for current injection and
voltage measurement.

The outer layer has the same footprint (200× 200 mm)
with a thickness of 1 cm and is fabricated from thermoplastic
polyurethane (TPU). Its inner surface, facing the base layer,
is patterned with a regular grid of square protrusions. These
protrusions are spray-coated with a metallic conductive paint
(843AR Super Shield, MG chemical), such that external
forces generate the contact resistance between the base
surface (carbon) and highly conductive surface (metallic).
Consequently, current flows through this contact resistance
into a highly conductive surface, resulting in a local conduc-
tivity change. In parallel, embedded pneumatic ports connect
to external pressure sensors through silicone tubing and
barbed fittings, enabling direct measurement of air-pressure
changes induced by contact.

All structural components are produced by 3D printing,
with PLA used for the rigid base and TPU for the compliant
outer layer. The PLA substrate is sanded to improve surface
uniformity, while the TPU layer is post-processed with
an organic solvent for surface smoothing. Two types of
conductive coatings are employed: carbon-based spray for
the base surface and metallic spray for the highly conductive
surface on protrusions. Electrodes are secured mechanically
with bolts and nuts to ensure robust connections. Pneu-
matic channels are implemented using silicone tubing, and
airtight connections are achieved with barbed ports. Pres-

Fig. 5. Single-point contact localization. The average error
was 6.9 mm. The black and red dots indicate the true and
estimated location of contacts. The green circles indicate the
locations of electrodes arranged in 5-by-5 grid.

sure measurements are obtained using air-pressure sensors
(HSCDANT005PGAA5, Honeywell). The overall fabrication
process of the prototype is illustrated in Fig.3.

IV. EXPERIMENTS AND RESULTS

A. Experiment setup

To evaluate the proposed sensing framework, we con-
ducted indentation experiments using a motorized linear
stage and a custom indenter unit, as illustrated in Fig.4.
The stage (EzRobo-5GX, Iwashita Engineering, Japan) pro-
vides precise three-axis positioning of the indenter over the
sensor surface. The indenter unit consists of a cylindrical
tip (diameter 20mm) mounted on a spring-guided fixture
and integrated with a miniature load cell (capacity 50N,
resolution 0.01N), enabling accurate measurement of normal
force during contact.

During each test, the stage controlled the indenter position
in a raster-scanning manner throughout the sensing area.
At each indentation point, synchronized data streams were
acquired: (i) EIT boundary voltage measurements via the
multiplexer circuit, (ii) pneumatic pressure from the em-
bedded air-pressure ports, (iii) ground-truth contact force
from the load cell, and (iv) stage position and time stamps.
The EIT system operated at a sampling period of 10µs per
measurement, and pneumatic signals were digitized at the
same frequency to allow synchronized fusion.

A standard indentation protocol was set to ensure repeata-
bility. The cylindrical tip indented the sensor system up to
20N, was maintained for 2 seconds, and then released. The
indentation was repeated on a 15×15 grid covering the entire
200× 200 mm sensor surface, resulting in 225 single-point
contact locations. Blank measurement is also collected to
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Fig. 6. Reconstruction sensitivity map. (a) EIT-only result
(CV = 0.31); (b) EIT-pneumatic hybrid (CV = 0.14).

estimate noise characteristics. As post-signal processing, a
low-pass filter with 50 Hz cut-off frequency was applied to
the raw signals, and then baseline drift was compensated
prior to reconstruction.

B. Contact localization and force estimation

We conducted single-point contact experiment to evaluate
the contact localization and force estimation performance.
In particular, influence of the integration of a pneumatic
sensor with an EIT-based tactile sensor is mainly analyzed,
compared to the unimodal (EIT-only) case.

First, the contact localization performance is evaluated us-
ing the testbed and the standard indentation protocol. Figure
5 shows the true and estimated location of each contact.
The average localization error was 6.9 mm, which is slightly
worse than prior reports [32]. We attribute this degradation
primarily to the mechanical properties of the pneumatic pads.
Because 3D printed TPU pads are stiffer than previously used
materials (e.g., neoprene foam), they distribute the applied
force over a larger area, thereby increasing the contact area
at the carbon–metal interface. These results suggest that
the soft-pad design should be further optimized for EIT
sensing. The tendency for localized results to shift from
the boundary toward the interior is primarily driven by
the nonuniform current density in EIT, which causes high
sensitivity gradients near the electrodes [33].

Next, we evaluated the accuracy of the force estimation.
The contact force is calculated as the spatial sum of the
reconstructed conductivity image. The raw data obtained
from the grid indentation protocol 15 × 15 was used in
both the EIT-only case and the hybrid EIT-pneumatic hybrid
case. Figure 6 shows the estimated contact force, plotting a
coefficient of variation (CV) for both cases. The EIT-only
case showed 0.31, while the proposed hybrid case showed
0.14. The EIT-only case exhibits a larger sensitivity differ-
ence at specific sites, mainly due to variance in position-
dependent piezoresistive characteristics. However, the hybrid
case shows consistent reconstruction sensitivity. The spots in
which irregular sensitivity is observed in the EIT-only case

Fig. 7. Humanoid chest with EIT–pneumatic skin. The sys-
tem employs four pneumatic pads (indices annotated in the
photo). The carbon-coated EIT surface and the corresponding
finite-element mesh are also presented.

are effectively compensated owing to the pneumatic sensor.

V. DEMONSTRATION
From a practical standpoint, systems integration is a key

consideration for robotic-skin design. Achieving neat and
uniform coverage over large areas is challenging, especially
on complex curved geometries. Accordingly, our approach is
well suited for whole-body skin, as all components can be
fabricated using only 3D printing or spray-coating. More-
over, the design lowers the barrier to adoption by relying on
cost-effective, off-the-shelf materials.

For the sensing electronics, the EIT stage requires only
a simple electrode-switching circuit, whereas the pneumatic
channel uses off-the-shelf pressure sensors. Because few
electrodes and sensors are required, the wiring and tubing are
minimal. Consequently, the electronics are simple, compact,
and cost-effective, enabling straightforward integration into
the robot.

A. Skin Integration on the Humanoid Chest

To support the above claims, the proposed EIT–pneumatic
skin was deployed on the robot’s chest (see Fig. 7). The
system drives EIT with 32 electrodes while concurrently
acquiring pressure signals from four soft pneumatic pads.
The fabrication process is identical to those described earlier,
and the completed skin has dimensions 280 mm × 280 mm.

For EIT tactile sensing, we constructed a new forward
model (finite element mesh) and computed the corresponding
reconstruction matrix. Measurements were acquired using an
FPGA-based EIT drive circuit and transmitted to the host PC
via TCP/IP. The resulting images were then reconstructed
in real-time at a 100 Hz frame rate by applying the pre-
computed matrix to the measurements. Finally, the images
were lightly post-processed (e.g., up-scaling, smoothing) for
visualization.

The pressure signals from four pneumatic pads were
acquired by a microcontroller and transmitted to the host
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Fig. 8. Demonstration on skin-integrated robot. (a) single-point contact per pad. EIT-only conductivity images show position-
dependent magnitude discrepancies, while the time-series plot shows the predicted force (black dashed) matching per-pad
estimates with no cross-pad interference; (b) multi-point contact on a same pad. The pneumatic signals is well approximated
as the sum of two sequential contacts.

PC via serial communication. Then, these data were syn-
chronized with the EIT stream and logged together.

B. Tactile Sensing under Various Contact Scenarios

We evaluated the EIT-pneumatic hybrid skin in two contact
scenarios. The first scenario is single-point contact per pad
(each pad was pressed at one location at a time). Another
scenario is when multi-point contact on the same pad.

(1) Single-point contact per pad
As shown in Fig. 8(a), each pad was indented with a rod
equipped with a load cell. The middle panel shows an EIT-
only reconstruction (not yet corrected by pneumatic signals).
Despite similar applied forces, the reconstructed magnitudes
differ markedly, revealing position dependent sensitivity in
the EIT skin. By contrast, the bottom time series plot shows
that the predicted force (black dashed line) closely matches
the estimates derived from each pad, and this correspon-
dence was consistent across locations within a pad. We
also observed no interference between pads, indicating that
pneumatic-based force estimation operates independently for
each pad.

(2) Multi-point contact on the same pad
In this scenario, we created and then released two contacts
in sequence on the same pad, as shown in Fig. 8(b). A quasi-
static finger contact was applied first (contact 1). Next, we

pressed a different location on the same pad (contact 2),
which produced a corresponding increase in the pneumatic
signal. We then released contact 1, followed by contact 2.
After releasing contact 1, the force associated with contact
2 was still accurately estimated from the pneumatic signal.
These results indicate that the pneumatic signal can be well
approximated as the sum of two contacts.

VI. DISCUSSION

The proposed EIT–pneumatic hybrid skin provides a prac-
tical path toward whole-body tactile sensing. All components
are produced by 3D printing or spray-coating, and the hard-
ware remains simple and compact. By fusing complementary
cues, the system reduces errors in force estimation due to
sensitivity irregularities, without heavy reliance on complex
ML models or large calibration datasets [34], [35]. Adding
the pneumatic modality does not increase fabrication or
structural complexity, as demonstrated by the prototype in
Fig. 7.

One limitation of the pneumatic signal is a drop in
sensitivity near overlap regions. Since the current method
relies mainly on pneumatic signals, errors in those areas
can bias the force estimation. Nevertheless, this issue can be
addressed by using spatial cues from the EIT reconstructions;
for example, we can adjust the pressure-force mapping
according to the contact location and size derived from
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EIT reconstruction. With this location-aware calibration, we
expect the pneumatic and EIT signals complement to each
other and improve overall accuracy. The same mechanism
also lets the pads serve as an in situ calibrator: instead
of collecting large datasets offline, the system can update
its calibration during operation, enabling online continual
learning of tactile inference.

This study suggests several promising directions for future
work. Since the pneumatic signal detects contact faster and
more reliably than EIT, it can serve as a contact event
observer that triggers adaptive, event–driven EIT measure-
ment patterns based on contact presence and location. In
addition, it would be possible to improve accuracy and
robustness of tactile sensing by training end-to-end sensor
fusion model through multiphysics simulation and online
continual learning.
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and M. Hoffmann, “Effect of active and passive protective soft
skins on collision forces in human–robot collaboration,” Robotics and
Computer-Integrated Manufacturing, vol. 78, p. 102363, 2022.

[4] D. Silvera-Tawil, D. Rye, M. Soleimani, and M. Velonaki, “Electrical
impedance tomography for artificial sensitive robotic skin: A review,”
IEEE Sensors Journal, vol. 15, no. 4, pp. 2001–2016, 2015.

[5] K. Liu, Y. Wu, S. Wang, H. Wang, H. Chen, B. Chen, and J. Yao,
“Artificial sensitive skin for robotics based on electrical impedance
tomography,” Advanced Intelligent Systems, vol. 2, no. 4, p. 1900161,
2020.

[6] Z. Cui, Y. Yu, and H. Wang, “Recent developments in impedance-
based tactile sensors: A review,” IEEE Sensors Journal, vol. 24, no. 3,
pp. 2350–2366, 2023.
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