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Abstract— Electrical Impedance Tomography (EIT)-based
tactile sensors offer durability, scalability, and cost-effective
manufacturing. However, simultaneously reconstructing force
and shape from boundary measurements remains challenging
due to EIT’s inherent location dependencies and image artifacts.
This study presents a model-driven multimodal convolutional
neural network (MM-CNN) for joint EIT-based force and shape
sensing. The hybrid approach combines physics-inspired voltage
preprocessing with an attention-based network to overcome
EIT’s limitations. The preprocessing network applies a lin-
earized one-step inverse solution with Tikhonov regularization
to convert raw boundary voltage into a noise-reduced 2D image.
The image reconstruction network uses an attention mechanism
to focus on salient features, addressing location dependency
issues. Quantitative metrics show that MM-CNN outperforms
traditional EIT algorithms like NOSER and TV, reducing
location dependency and improving shape discrimination. MM-
CNN enables unified force and shape modalities, validated
through real-contact experiments, enhancing EIT tactile sys-
tems for human-robot interaction by incorporating physical
knowledge with deep learning.

I. INTRODUCTION

Tactile sensing plays a pivotal role in empowering robots
to intricately perceive their surroundings and process various
stimuli simultaneously, facilitating safe and effective motion
even in unstructured environments. Furthermore, robust ar-
tificial tactile perception significantly bolsters the environ-
mental awareness crucial for seamless human-robot collab-
oration, thereby enhancing safety during close interactions
[1]–[3].

However, the challenge arises when attempting to scale
tactile sensing across extensive surface areas using con-
ventional sensor arrays. These arrays demand high-density
sensing units to capture intricate spatial touch information
accurately. Unfortunately, this pursuit introduces complica-
tions related to scalability, cost-efficiency, and the intricate
complexity of data communication within tactile sensor
design [4], [5].

Recently, a promising solution has emerged in the form of
tactile sensors founded on electrical impedance tomography
(EIT). EIT serves as a non-array technology that excels at
large-area touch sensing in robotics [5], [6]. The technology
is based on nondestructive imaging, where it reconstructs
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conductivity distributions through sparse boundary electrodes
[7]. This reconstruction process encompasses the estimation
of touch location, shape, and intensity by translating mea-
surements of voltage responses to applied current stimula-
tions into conductivity images.

In stark contrast to the traditional array-based sensors, EIT-
based tactile sensors are crafted as flexible, integrated struc-
tures free of discrete internal components. This innovative
approach facilitates the creation of a single, integrated sens-
ing surface. As a result, this holistic fabrication methodology
provides an efficient, scalable, and cost-effective solution for
achieving continuous large-area tactile coverage through EIT-
based sensors.

Nonetheless, the application of electrical impedance to-
mography (EIT) presents inherent mathematical challenges,
primarily due to its ill-posed inverse problem. This charac-
teristic inherently limits the fidelity of image reconstruction
and the precision of contact shape determination within EIT-
based tactile sensors. Furthermore, EIT exhibits location-
dependent spatial performance, wherein perception sensitiv-
ity varies based on the point of touch [8]. This variability
complicates the accurate detection of contact force within
EIT tactile systems.

Addressing these limitations has proven to be a challenge
for conventional model-driven methods such as NOSER [9]
and total variation regularization (TV) [10], primarily due to
their constrained modeling capabilities. Recently, the appli-
cation of machine learning has shown considerable potential
in overcoming EIT tactile sensing challenges. Existing EIT-
based tactile sensing systems have excelled in either shape
detection [11], [12] or force estimation [13].

However, an integrated approach capable of simultane-
ously achieving high-performance force and shape sensing
remains an unsolved problem. While Husain et al. [11]
managed to recognize three fundamental shapes using ma-
chine learning for solving the EIT inverse problem and
image post-processing, they neglected to incorporate force
sensing. Similarly, the work of Park et al. [12] introduced
a novel neural network that enhanced spatial resolution
and shape reconstruction, yet it still lacked the ability to
estimate force. In contrast, Lee et al. [13] successfully
estimated multi-contact forces through a simulation-assisted
mapping pipeline but did not enable shape detection. An
all-encompassing methodology that synergistically combines
model-based and data-driven techniques is paramount for
overcoming these intrinsic limitations.

This paper introduces an innovative EIT-based tactile
sensor that revolutionizes the field by enabling dual-force and
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shape sensing modalities through the implementation of a
novel model-driven multimodal convolutional neural network
(MM-CNN). The proposed MM-CNN entails physics-based
voltage preprocessing and an attention-based reconstruction
network. By harmoniously integrating the strengths of both
model-driven and data-driven techniques, this hybrid ap-
proach achieves a breakthrough in unified force and shape
sensing. The effectiveness of the sensor is substantiated
through quantitative and visual results, showcasing its un-
paralleled ability to sense both force and shape modalities.

II. METHODS AND SYSTEM DESIGN

Figure 1 (Top) depicts an overview of the proposed MM-
CNN network, which is capable of detecting both touch
shape and force intensity. It consists of two key compo-
nents: a pre-processing network and an image reconstruc-
tion network. Figure 1 (Bottom) illustrates the full network
architecture of the MM-CNN network. The specific designs
of the pre-processing and image reconstruction modules are
detailed in the following sections.

A. Pre-processing net

The pre-processing network comprises three sequential
modules: a pre-reconstructor, a mask layer, and a thresh-
olding module, as illustrated in Figure 1 (Top). In order
to transform the boundary voltage into a two-dimensional
image, we employed a linearized, one-step inverse solution
involving Tikhonov regularization. Subsequently, an obtained
one-dimensional conductivity vector is reshaped into a two-
dimensional image, denoted as Ipre. The progression can be
outlined as follows:

Ipre = reshape((JTWJ+ λ2R)−1JTW∆V )) (1)

where reshape(·) is the reshape operator, JT signifies the
transpose of sensitivity matrix J [14], λ is a regularization
hyperparameter value. In this study, we used a moderate
hyperparameter λ=0.15 to balance image quality and sta-
bility. W is the weight of matrix, and R is regularization
matrix [15]. Additionally, RM = (JTWJ+ λ2R)−1JTW
denotes reconstruction matrix. The Newton’s One-Step Error
Reconstructor (NOSER) prior [9] is used for calculating the
matrix R. The proposed pre-reconstructor module, derived
from (1), provides two key benefits. First, the module in-
tegrates physics-based priors, enabling faster training con-
vergence. These informative priors provide regularization,
guiding the model toward physically plausible solutions.
Second, it transforms the raw voltage measurements into
a concise image encoding spatial and structural insights.
Specifically, projection onto an image plane captures the
essential conductivity distribution in the spatial domain.
This representation retains pertinent details, furnishing an
informative perspective of the conductivity characteristics.

For the EIT-based tactile sensor in this study, external
contact creates local impedance changes that are negative
in polarity. However, boundary noise can introduce positive
artifacts degrading the reconstruction. To extract only valid

negative changes, we implement a mask layer module gen-
erating a binary mask Imask containing this region, denoted
as Imask:

Imask = H(Ipre) (2)

where H(·) denotes the Heaviside step function, also known
as the unit step function.

Then, the valid negative impedance change region is
extracted by applying the mask:

Imult = Imask ⊙ Ipre (3)

where ⊙ is Hadamard product operator.
Apart from positive conductivity artifacts, reconstructed

images may contain spurious negative artifacts deteriorat-
ing quality. These stem from noise and inconsistencies. To
mitigate this, we implement a thresholding module using a
modified ReLU function to remove minor negative artifacts
while retaining valid contact-induced changes:

Ithresh = MReLU(Imult) (4)

For a given matrix or vector x, the modified ReLU function
MReLU(x) is defined as:

MReLU(x) =

{
0, x < τ
x, x > τ

(5)

where τ= |t ·xargmaxi|xi|| is the threshold value determined
by the maximum absolute value in x multiplied by a scaling
factor t. The value of t is chosen empirically through trials
[8], [14].

B. Image reconstruction network

The image reconstruction network architecture is shown
in Figure 1 (Bottom). Our prior work [16] used a basic
convolutional network prone to EIT’s inherent location-
dependency. To address this, the proposed MM-CNN incor-
porates an attention mechanism providing spatial guidance
to focus on salient features and suppress unnecessary ones.
Specifically, we implement a convolutional block attention
module (CBAM) [17] with sequential channel and spatial
attention layers for adaptive feature refinement. This boosts
performance without substantially increasing complexity.

Additionally, the network employs three convolutional
layers for feature extraction followed by four deconvolutional
layers for reconstructing the output image. All convolutional
and deconvolutional layers use 3 × 3 filters with stride 1.
The max pooling layers are configured with 2× 2 filter size
and stride 0. For upsampling, we apply 3 × 3 transposed
convolution with stride 1 and an upsampling factor of
(2,2) along the rows and columns. ReLU activation is used
throughout the network, and batch normalization is applied
after each convolutional/deconvolutional layer to improve
generalizability and accelerate training.

For optimization, we jointly minimize MSE and MAE loss
terms to leverage their complementary advantages. While
MSE encourages smooth convergence, MAE reduces the in-
fluence of outliers and preserves fine-grained details essential
for reconstructing the conductivity peak accurately.
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Fig. 1. (Top) An overview of MM-CNN network. (Bottom) The network architecture of MM-CNN network.

C. Tactile sensor fabrication

Figure 2 (a) shows the manufacturing process for the EIT
sensor’s materials. These comprise soft polyurethane foam,
ionic liquid, Flexible Printed Circuit Board (FPCB), and
Ecoflex. The FPCB forms the base while Ecoflex provides a
flexible border, enabling conformation to uneven surfaces.
The porous foam measures 10 mm × 10 mm × 5 mm.
Sixteen electrodes evenly distributed on the FPCB provide
connectivity. Construction involves placing the foam on the
FPCB, filling with tap water as the ionic liquid, and sealing
with an Ecoflex film to prevent leakage. The resulting sensor
is depicted in Figure 2 (b).

Gas bubbles

 Soft polyurethane foam

Sectional view of PCB substrates

+ +

Ionic liquids

Ecoflex

Electrode

Flexible 
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Ecoflex
100 mm

Connection terminal

(a) (b)
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Fig. 2. Square tactile sensor. (a) Fabrication of flexible EIT-based tactile
sensor.

D. Sensing system

A 16-electrode data acquisition circuit is designed (Figure
3). An AD5940 impedance measurement IC is used, capable
of 0-200kHz signal generation and 200kHz bandwidth mea-
surements [18]. A 40kHz excitation balances speed and ac-
curacy, consistent with existing EIT systems [19], [20]. Four
16:1 multiplexers (ADG706) enable sequential electrode
addressing. A 4-wire approach [18] measures impedance

changes. This acquires 120 values from unique electrode
pairs without repetition. A microcontroller (STM32) controls
the multiplexers, coordinates the AD5940, and transfers data
to a computer. Further implementation details are in our prior
work [21].

11.6cm

7
.5

cm

STM32 ADG706

AD5940

Bluetooth 

interface

16 addressable 

electrodes

Fig. 3. The data acquisition board.

III. SIMULATION STUDIES

A. Training

Dataset generation: Numerical simulations were conducted
using the open-source EIT toolkit EIDORS [22] to verify the
touch detection efficacy of the MM-CNN tactile sensor. A
square sensor model was constructed with a size of 2 × 2
and discretized into 96 × 96 × 2 triangular finite elements.
The current stimulus was set to 0.01 mA with a background
conductivity of 1.0 S/m, and 16 sensing electrodes were
evenly distributed around the boundary.

To simulate touch interactions, randomized conductivity
perturbations were introduced, decreasing local values be-
low the 1.0 S/m background. The disturbance region was
assigned values ranging from 0.5-0.9 S/m, corresponding
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Fig. 4. Typical conductivity distribution samples with different shape
targets and varied conductivity values.

to simulated touch forces of 5 N down to 1 N. Solving
the forward model yielded corresponding sets of boundary
voltages for each perturbation. In total, the dataset consisted
of 8084 samples with five geometric touch shapes (circle,
triangle, rectangle, square, L-shape) and varying conductivity
levels. Figure 4 provides three representative conductivity
distribution examples with different target shapes and values.

(a) (b)

Fig. 5. (a) Loss curves of training set and (b) validation set against epoch
during training.

Training Settings: For training, the input comprised the
120 boundary voltage measurements, while the output target
was the associated 2D conductivity distribution. The MM-
CNN model was implemented in Keras with a TensorFlow
backend. The generated dataset was partitioned with a 90/10
split into training and validation sets respectively. A batch
size of 64 was utilized. Optimization was performed using
the ADAM algorithm with a learning rate of 0.00001. The
model was trained for 300 epochs, showing convergence of
the training error as depicted in Figure 5 (a). As observed in
Figure 5 (b), the validation error closely tracked the training
error throughout, without evidence of divergence.

B. Location-dependent performance test

To validate the proposed MM-CNN method for addressing
the location-dependency problem in EIT, a simulation study
was conducted using newly generated test data not present in
the training set. As illustrated in Figure 6, 49 distinct touch
locations were defined in a grid pattern over the sensing
area. The grid consisted of a 7×7 array with 0.2 spacing,
covering a 2×2 sensor. The locations were numbered left-
to-right and top-to-bottom in a zig-zag order from 1 to

1.6
2

1
.62

0.2

Fig. 6. 49 positions for single touch force test in the sensing area.

49. At each location, a circular touch perturbation with 0.2
radius and 0.15 S/m conductivity was applied to simulate
localized contact. Reconstructions were then performed at
all locations using the same contact patterns to evaluate
algorithm performance across the sensor area.

For quantitative comparison, the reconstructed conductiv-
ity peaks were normalized to the value at the central position
25. Specifically, each reconstructed peak was divided by the
peak magnitude at location 25. This normalized conductivity
peak were computed from reconstructions generated sepa-
rately using the proposed MM-CNN method, the NOSER
linear algorithm, and the TV iterative algorithm. As depicted
in Figure 7, the peak values from NOSER and TV exhib-
ited substantial offsets from the true simulated conductivity
across locations. In contrast, the normalized peaks from the
MM-CNN method closely fluctuated around the target value.

Fig. 7. Location-dependent test comparison.

To quantify the extent of location-dependent performance,
we define a location-dependent consistency indicator (LDCI)
as follow:

LDCI =
1

P − 1

P∑
p=1

∣∣∣∣∣pv(k)p
− pv

(k)
25

pv
(k)
25

∣∣∣∣∣ (6)

where pv(k)
p

represents the normalized reconstruction peak
at position p, with the peak magnitude at the central sensor
location p=25 used as the normalization reference. The
superscript (k) indicates the reconstruction method, cor-
responding to MM-CNN, TV, and NOSER. To quantify
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spatial accuracy, the LDCI metric was calculated for each
method. Lower LDCI indicates more uniform sensitivity,
with 0 representing perfect uniformity. The proposed MM-
CNN achieved the minimum LDCI of 0.04, compared to
0.45 for TV and 0.60 for NOSER. These results demonstrate
that the proposed method can effectively reduce the location
dependency inherent to EIT, providing the potential for more
precise force detection using EIT-based tactile sensors.

IV. TACTILE SENSOR EXPERIMENT

XYZ stage

Tactile sensor

Indenter
d = 10 mm

Impedance  

acquisition 

board

Force load

Fig. 8. Experimental apparatus for evaluating the tactile sensor perfor-
mance.

Indentation experiments were conducted to evaluate the
force detection capabilities of the proposed MM-CNN
method using a flexible EIT-based tactile sensor. As depicted
in Figure 8, an experimental apparatus was developed for
controlled indentation across the sensor area. The tactile
sensor was fixed horizontally while an indenter with a 10 mm
diameter was mounted to a computer-controlled XYZ stage
programmed to move vertically (z-axis) for indentation. An
inline commercial force gauge (SH-100, NSCING, China)
applied precise indentation forces.

1.33 N

2.08 N

2.39 N

(b)(a)

True force

Predicted force

Fig. 9. Force estimation test. (a) Force estimation results. (b)Three
representive reconstructed images under different forces.

Testing was conducted at 49 locations matching the grid
layout (Figure 6). Approximately equivalent forces were
applied at each position and the true applied force value
was recorded by the commercial force gauge. The impedance
acquisition system measured boundary voltages during in-
dentation, which were input to the MM-CNN model for

image reconstruction. As established through simulations, the
0.5-0.9 S/m conductivity range corresponds to 1-5 N forces.
Thus, the reconstructed conductivity peaks were directly
converted to force estimates without calibration.

NOSER TV MM-CNNOriginal

Fig. 10. The results of contact detection experiments.

Figure 9 (a) depicts the force values predicted by the
MM-CNN model compared to distinct applied indentation
forces at different sensor locations. Additionally, Figure 9 (b)
presents reconstructed images generated by the MM-CNN
model for three distinct indentation forces, demonstrating the
model’s force visualization capabilities. Overall, the MM-
CNN achieved a 16.62% force estimation error across all
experimental trials. It should be noted that the network
parameters utilized for both the force and shape detection
experiments were directly derived from training on the
aforementioned simulated datasets, without additional tuning
on real sensor data.

The generalized shape reconstruction capabilities were
examined by testing several complex tactile stimuli on
the real sensor. Figure 10 presents the reconstructions for
selected measurement scenarios. The first column depicts
the experimental recordings obtained by pressing different
objects onto the sensor, including L-shape, rectangular, tri-
angular, and square contact regions. Comparing the three
reconstruction methods, NOSER and TV could partially
capture the impedance change area location, while the pro-
posed MM-CNN more accurately reconstructed the precise
shape. Additionally, NOSER and TV struggled to distinguish
between small shapes like triangles and squares, whereas
MM-CNN reliably differentiated them.

To quantitatively evaluate the reconstruction performance,
we implemented the Mean Intersection over Union (MIoU)
metric to compare the real contact region and reconstructed
impedance distribution:
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(a) (b)

(d)(c)
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Fig. 11. Performance comparison of three reconstruction algorithms in contact shape detection experiment.

MIoU =
1

k + 1

k∑
i=0

pii
k∑

j=0

pij +
k∑

j=0

pij − pii

(7)

where k represents the number of classes and pij denotes the
number of pixels of class i predicted as belonging to class
j. Higher MIoU values indicate improved performance, with
a maximum MIoU of 1 corresponding to perfect reconstruc-
tion.

The MIoU was averaged over six representative contact
cases. The Noser method obtained an average MIoU of 0.36,
the TV algorithm achieved 0.30, while the proposed MM-
CNN method attained the highest score of 0.69. This superior
MIoU demonstrates the MM-CNN enables accurate shape
detection with the tactile sensor system.

Figure 11 presents examples of real-time touch detection
using the proposed MM-CNN method on a flexible EIT-
based tactile sensor (see Supplementary Video 1). Figures
11 (a) and 11 (b) demonstrate force detection capabilities.
An indentation apparatus with integrated commercial force
gauge (SH-100, NSCING, China) was utilized to precisely
apply forces at specified locations. The corresponding 3D
reconstructed images are displayed for both the NOSER
algorithm (left) and MM-CNN (right). Adjacent force bars
indicate the predicted force from each method. As inden-
tation force rises, the image height increases accordingly,
along with the force bar values. The results showcase the
MM-CNN’s improved accuracy by compensating for EIT’s
inherent location-dependency.

Figures 11 (c)- 11 (d) showcase shape detection for four
representative objects. When objects with various profiles
are placed anywhere on the sensor, their shape can be
effectively identified, with intensity reflected by the force

bar. Additionally, the proposed MM-CNN approach enables
multi-point touch detection.

V. CONCLUSION
In this work, we achieve simultaneous contact force and

shape detection using a flexible EIT-based tactile sensor.
The proposed model-driven multimodal convolutional neural
network (MM-CNN) integrates physics-based preprocessing
with a learning-based reconstruction network, synergistically
combining analytical and data-driven approaches. Critically,
the model trained purely on simulated data successfully
generalizes to multi-contact experiments on the real sensor.
Numerical and experimental validations demonstrate the effi-
cacy of the method. Across varied indentation trials, the sen-
sor achieved a 16.62% force estimation error. Additionally,
the sensor achieved accurate reconstruction and identification
of at least six distinct contact shapes along with multi-point
touch capabilities.
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