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Abstract—Electrical Impedance Tomography (EIT) based 
pressure distribution sensors have the advantages of a simple 
structure and the ability to continuously measure pressure over a 
large area, making it a promising solution for large scale 
artificial robotic skin. However, achieving high spatial resolution 
reconstruction of pressure distribution with EIT pressure sensors 
is challenging, because the positions, sizes, and magnitudes of 
pressure of the compressed areas are deeply coupled and 
mutually influenced in the EIT reconstructed results. To address 
this issue, a novel multimodal EIT pressure distribution 
measurement method is proposed. In this method, a structure 
modality EIT pressure sensor is designed to provide independent 
position and size information of the compressed areas to 
complement the pressure distribution measured using a normal 
EIT pressure sensor. A multimodal Convolutional Neural 
Network (CNN) was designed to fuse the multimodal EIT sensors. 
The simulations and experiments demonstrate that the proposed 
multimodal EIT sensor outperforms the regular single modality 
EIT sensor. 

 
Index Terms—Electrical Impedance Tomography (EIT), 
multimodal sensor fusion, pressure distribution measurement 

 

I. INTRODUCTION 

ressure distribution sensors are important to ensure safe 
interaction between environments and robots. This kind 
of sensor (also referred to as artificial robotic skin) is 
supposed to be flexible, as large as it can cover the 

entire robot, and suitable for various curved surfaces [1]. As 
for the pressure sensor that is composed of discrete pressure 
sensors array, it is not easy to achieve the requirement, 
because of its complicated inner cables and structures [2]. 

Electrical Impedance Tomography (EIT) based pressure 
sensor is a promising solution for the requirements above. 
Determined by the principle of EIT, the EIT pressure sensor 
has features of simple structure [3], capabilities of measuring 
the pressure distribution over a large area and curved surfaces. 
More importantly, the EIT pressure sensor can achieve spatial 
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continuous pressure distribution measurement [4]. A more 
thorough comparison between the EIT pressure sensors and 
other types of pressure sensors can be found in the review 
paper [5]. 

Nowadays, different kinds of EIT pressure sensors have 
been developed. A stretchable EIT sensor was developed by H. 
Alirezaei et al., and its flexibility is validated with a humanoid 
face and elbow joint [6]. D. Silvera-Tawil et al. proposed a 
social touch emotions interpretation method based on an EIT 
tactile sensor embedded artificial limb [7, 8]. Y. Zhang et al. 
proposed an EIT tactile sensing method for very large-scale 
areas and complex curved surfaces [9]. K. Park et al. 
developed an EIT pressure sensor for an industrial robotic arm 
[2]. N. Biasi et al. developed an insole-shaped EIT sensor 
prototype, in which, the sensing area has an irregular boundary 
shape [10]. In our former work, an EIT sensor embedded 
Physical Human Robot Interface (PHRI) was developed to 
measure the interaction compression between PHRI and the 
human body [11].  The potential and flexibility of EIT sensors 
have been demonstrated in the studies above. 

However, the sensitivity of EIT sensors is not evenly 
distributed, which means that the measurement of pressure 
magnitude is affected by the position of the compressed area. 
Meanwhile, the size of the compressed area also impacts the 
pressure magnitude measurement, and vice versa. Hence, 
accurately reconstructing pressure distribution with EIT sensor 
is highly challenging. Extra methods are required to rectify the 
reconstruction result of the conventional EIT algorithms, 
especially for pressure magnitude estimation. One typical 
solution is dividing the sensing region into several discrete 

sections and manually calibrating them one by one [12, 13]. 
The other proposed sensitivity rectify method is based on the 
Jacobian matrix (also known as sensitive matrix) in the EIT 
inverse problem [14]. However, these studies are mainly 
aimed at the cases of single compression area with constant 
size, and lack studies on complex situations of varying sizes 
and numbers of compressed areas. 

Recently, single modality Artificial Intelligence (AI) has 
been applied in the EIT reconstruction process and 
outperformed conventional algorithms. However, including 
our previous work [11], Most studies [2, 10, 15, 16] mainly 
focus on reconstructing the position, size, and shape (referred 
to as structure) of the compressed areas, while the studies on 
pressure magnitude measurement are limited. In [17], a single 
modality AI is used but only for segmenting the compressed 
areas from the background, then an extra manual calibration is 
applied for pressure magnitude estimation, which is 
cumbersome. Hence, a method that can directly reconstruct 
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the positions, sizes, and pressure magnitudes of compressed 
areas is needed. 

To address the issue, we propose a novel dual-modality EIT 
pressure sensing method based on multimodal AI and sensor 
fusion. The main idea of multimodal sensor fusion is 
extracting and fusing features from different sensing 
modalities to complement each other [18, 19]. In the case of  
conventional single modality EIT sensor, the magnitude and 
structure of the compressed area are mutually influenced, then 
adding an independent structural modality to provide 
complementary information. Researchers in the medical field 
explored using other tomography methods such as Magnetic 
Resonance Imaging (MRI), optical method, and Computed 
Tomography (CT) [20-22] to provide extra structure 
information to complement EIT. However, the methods above 
are not available for the EIT pressure sensor because the 
devices are too bulky, and an efficient structure modality 
sensor is needed for the EIT pressure sensor. 

To address this issue, a multimodal EIT pressure sensor is 
proposed. It is not only composed of a regular EIT pressure 
sensor that acquires the magnitude of the compressed areas, 
but also a specifically designed structure modality EIT 
pressure sensor. This additional modality acquires extra 
structure information of the compressed areas. To achieve this 
function, the mechanism of saturation state of piezoresistive 
materials is employed to extract the position and geometry of 
the compressed areas without being affected by varying 
pressure magnitudes.  

A dual-modality Convolutional Neural Network (referred to 
as multimodal CNN) enhanced conventional algorithms is 
designed to fuse the information from two modality sensors 
and reconstruct the pressure distribution. This AI enhance 
conventional algorithms strategy is also referred to as “two-
step method”. It is robust against noise in the studies of single 
modality EIT [23, 24], and it is deduced to remain the same 
feature in multimodal CNN. In this method, the data acquired 
from magnitude modality EIT sensor is first process using a 
conventional algorithm (Tikhonov regularization is selected, 
based on our previous study [11]) to obtain a preliminary 
reconstruction and then input into magnitude modality of the 
multimodal CNN. For structure modality, the Parametric 
Level Set (PLS) method [25] is adopted to bridge the structure 
modality sensor and the multimodal CNN because of its 
excellent performance in structure reconstruction. On the other 
hand, the proposed structural EIT sensor simplifies the 
conductivities as two phases, which are compressed and 
uncompressed areas regardless of the number of compressed 
areas and pressure amplitudes. This feature satisfies the 
requirement of the PLS method that the number of 
conductivity phases is needed as prior, where the regular EIT 
pressure sensors are not suitable. 

The innovation of this paper lies in the proposal of a 
multimodal EIT sensor featuring a specially designed structure 
modality. It facilitates the utilization of a multimodal sensor 
fusion approach for EIT pressure measurement, thereby 
enhancing performance. The structure of this paper is as 
follows: In section 2, the proposed multimodal EIT sensor is 
presented and the mechanism of achieving multimodal is 
illustrated. In section 3, the multimodal AI enhanced EIT 

reconstruction method is explained. In section 4, the 
simulation study results of the algorithm are presented. In 
section 5, the experimental validation of the multimodal EIT 
sensor is presented. 

II. DEVELOPMENT OF MULTIMODAL EIT PRESSURE SENSOR 

The architecture and mechanism of the multimodal EIT 
sensors are illustrated in this section. The sensor is mainly 
composed of two isolated EIT sensors that are stacked, as 
shown in Fig. 1 (a). The top sensor measures pressure 
magnitude distribution. It is composed of Velostat conductive 
film and a conductive cloth patches matrix. Velostat is the 
main body of the sensor, and 16 square electrodes (made of 
copper tape) are mounted on the edges evenly. The shape of 
the sensor is a square with a length of ������� =  150 ��. The 
length of the electrode is �� =  6 �� , and the distance 
between each two electrodes is �� =  36 �� . The flexible 
padding is for retaining conductive cloth patches matrix, and 
the spacer mesh is placed between Velostat and conductive 
cloth patches matrix. These two parts are both 3D printed with 
TPU-60 flexible filament. The sensitivity of the sensor can be 
controlled by adjusting the hardness of the flexible padding 
and the sparsity of the spacer mesh. 

The mechanism of the EIT sensor is that the conductivity of 
Velostat is lower than the conductive cloth. When they are 
forced to contact, the current that is injected through the 
electrodes into the Velostat partially flows through the low-
resistance conductive cloth. This is how an increased pressure 
will lead to an equivalently increased conductivity. More 
details of the mechanism can be found in this study [26].  

The structure modality sensor is placed under the magnitude 
modality sensor. The settings of the two sensors are the same, 
including the geometry of the Velostat film, the conductive 
cloth patches, and the arrangement of the electrodes. 
Differently, there is no spacer mesh in the structure modality 
sensor, which makes it more sensitive to pressure. The two 
EIT sensors are electrically isolated by a non-conductive layer. 
A top frame and a middle frame are used to compress 
electrodes against two EIT sensors respectively to ensure 
stable contact. The sensing area is a square area that is not 
covered by the top frame, and its area is (150 − 2 × 6)� =
19044 ���. 

The operating principle of the multimodal sensor is shown 
in Fig. 1 (b). Both EIT sensors are piezoresistive, and the local 
conductivity changes according to the pressure that is applied, 
but the sensitivity of the two sensors is different. The structure 
modality sensor is highly sensitive, and it saturates quickly 
under lower pressure because the spacer mesh is not used in 
this sensor. The conductive cloth patches easily make full 
contact with the Velostat layer. At this point, the structure 
modality sensor is no longer sensitive to the changes of 
pressure. Hence, the output of the structure modality sensor is 
a binary quantity of “compressed” and “uncompressed”, 
which only preserves the geometric information of the 
compressed areas. However, the magnitude modality sensor 
has lower sensitivity due to the spacer mesh and its response 
still depends on the magnitude of the pressure.  

To acquire data from the proposed multimodal EIT sensor, 
a dual-channel EIT data acquisition device is modified from 
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our previous work [11]. The main improvement is expanding 
data acquisition channels to two channels. In programming 
design, multi-threads technology is adopted to accelerate the 
data acquisition process and ensure the synchronization 
between two modalities. Adjacent current injection protocol 
[27] is used for both modalities. More details about the data 
acquisition device can be seen in Supplementary Material 1. 

 

III. MULTIMODAL CNN IMAGING METHOD 

In this section, a “two-step” multimodal AI enhanced EIT 
reconstruction method is presented for fusing two modality 
EIT sensors. Firstly, applying conductivity distribution 
reconstruction algorithms to the magnitude modality sensor to 
acquire a preliminary pressure distribution estimation with the 
pressure magnitude information. For this purpose, the 
Tikhonov regularization is adopted. Then the shape 
reconstruction algorithm of the PLS method is applied to the 
structure modality sensor. This combination reconstructs more 
accurate images of the position and geometry of the 
compressed areas to complement the magnitude modality. 
Finally, a multimodal CNN is used for sensor fusion to 
achieve better reconstruction. 

A. EIT principle 

The time differential EIT inverse problem is explained 
firstly, and both magnitude and structure EIT modality sensors 

are submitted to this theory. It is reconstructing the 
perturbation of the conductivity distribution inside a given 
domain Ω. The stimulation current I is injected through the 
border of Ω to form an electrical field. When the EIT pressure 
sensor is being compressed, the local conductivity of the 
compressed area varies, as Ω�  shown in Fig. 2, and Γ is its 
boundary. The voltage V on the boundary of Ω  varies 
accordingly and is measured to reconstruct Ω�. Ω� represents 
the conductivity remaining area, which is referred to as 
background.  

 
Using the Finite Element Method (FEM), the EIT problem 

is linearized as: 
Δ� ≈ �Δ�                                     (1) 

where Δ� ∈ ℝ�×�  is the vector of internal conductivity 
perturbation inside Ω , Δ� ∈ ℝ�×�(� ≪ �)  is its 
corresponding boundary voltage variation vector, and � ∈
ℝ�×� is the Jacobian matrix, as: 

���(�) =
����

���
= − ∫ ∇�(��)

⬚

����� �
∙ ∇�(��)��       (2) 

where ∇�(��) and ∇�(��) are gradients of the potential fields u 

when the current is injected into the ���  and ���  electrodes 
pairs, respectively [28].  

When the shape of the sensor and current injection protocol 
is set, the sensitive matrix is determined. Then, to intuitively 
show the unevenness of the sensitivity distribution of the EIT 
sensor, the method in [29, 30] is adopted. In this method, the 
sensitivity matrix is visualized as sensitive maps. The 
sensitivity maps are shown in Supplementary Material 2. As 
shown, the sensitivity is highly uneven, and the center area of 
the sensor is always with low sensitivity. 
 

B. Conventional algorithms for “two-step” method 

1) Tikhonov regularization 
Based on equation (1), the conductivity variation 

distribution of Δ��� in magnitude EIT sensor is estimated by 
solving equation (3) as follow: 

Δ��� = arg ���(‖�Δ�� − Δ��‖�
� + �‖LΔ��‖�

�)     (3) 
where subscript M indicates that the data is sourced from the 
magnitude modality sensor, Because the Jacobian matrix J is 
ill-posed, Tikhonov regularization is adopted to obtain stable 
solutions [31]. Where � is the regularization parameter, and L 
is regularization matrix. This paper uses the non-iteration form 
of the standard Tikhonov regularization, so matrix L is used as 
identity matrix I. The equation is written as: 

 
Fig. 2. Illustration of EIT principle. Ω�  is the conductivity 
varying area, and Ω�  represents the conductivity remaining 
area. Stimulation current I is injected to electrical field and 
voltage V is measured to reconstruct Ω�. 
 

 
Fig. 1. The structure of the multimodal EIT pressure sensor 
(a) The 3D modal of the sensor. (b) Illustration of the 
mechanism of the multimodal sensor. As shown, the 
conductivity magnitude of magnitude modality sensor varies 
with different pressure, and that of structure modality sensor 
dose not, because the structure modality sensor works in the 
saturation state. It can provide more accurate geometric
information of compressed areas then enhance magnitude
modality sensor. 
 

Ω -

I

V

Ω +
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Δ��� = (��� + ��)����Δ��                    (4) 
 
2) Parametric Level Set method 

The Parametric Level Set (PLS) method is a shape 
reconstruction method and outperforms direct conductivity 
distribution recovering methods such as Tikhonov 
regularization in the aspect of geometry reconstruction of 
conductivity varying areas. So, its geometric reconstruction 
result of the compressed areas is more suitable for the 
structure modality of the multimodal network. Limited by the 
length, only the basic ideology of the PLS method and how 
the PLS integrated with our structure modality EIT sensor are 
introduced in this part, and more details of the PLS method 
can be found in [25, 32-34]. 

The main idea of the PLS method assumes that the internal 
conductivity of the given domain is composed of a few 
separate areas with piece-wise constant conductivities, and 
each piece is referred to as one phase. Instead of directly 
recovering the conductivity distribution by pixels, this shape 
reconstruction method aims to estimate the constant values of 
conductivities and boundaries of these areas.  

With the Level Set Function (LSF) of the PLS method as 
shown in equation (5): 

�

�(�) > 0     ∀� ∈ Ω�,

�(�) = 0      ∀� ∈ Γ,

�(�) < 0      ∀� ∈ Ω�.

                               (5) 

where the conductivity distribution ∆�� of the given domain Ω 
in Fig. 2 is expressed: 

∆��(�) = ∆��� �1 − ���(�)�� + ∆������(�)�     (6) 

where the subscript S indicates structure modality, ∆���  is 
background conductivity, ∆���  is that of the conductivity 
varying area Ω� . �(�)  is the Heaviside function, where 
�(�) = 0, � < 0  and �(�) = 1, � ≥ 0 . In this paper, the 
Gaussian Radial Basis Functions (Gaussian RBFs) is used as 
function �(�):  

�(�) = ∑ �� ��(�)�
���                            (7) 

where ��(�) is the ��� RBF kernel, ��  is the weight of the it, 
� ∈ [1,2, ⋯ , �]. The equation (1) is then rewritten as: 

Δ�� ≈ �Δ��(�, Δ���, Δ���)                        (8) 
and the shape reconstruction of the conductivity varying areas 
is solving the minimization problem: 

[��, Δ����, Δ����] = 
arg min (‖�Δ��(�, Δ���, Δ���) − Δ��‖�

�)            (9) 
Correctly assuming the number of phases is needed in the 

PLS method. The equations above illustrate the cases of two 
phases imaging, where two piece-wise constant conductivities 
of ∆��� and ∆��� are assumed in PLS modeling. According to 
the study of multiphase PLS [35], underestimating the number 
of phases leads to errors in the reconstruction of the image. 
Hence, the PLS method is not able to extract structural 
information of the compressed area from a regular EIT 
pressure sensor (neither could our previously developed sensor 
[11] ).  

In the proposed structure modality EIT sensor, the 
conductivity variation of the compressed areas is constant 
under different pressures. Therefore, regardless how many 
areas are being compressed, the conductivity of the sensor can 

always be expressed by two phases, enabling the PLS method 
in structural reconstruction of the compressed areas. 

C. Multimodal CNN 

1) Architecture 
The architecture of the multimodal CNN is shown in Fig. 3 

(a), where the red dashed line box represents the magnitude 
modality. The vector of ���  is voltage data from magnitude 
modality sensor  (adjacent current injection protocol is used in 
this paper, so 16 electrodes provide 208 voltage data), and 
converted by Tikhonov regularization into the preliminary 
estimation of the conductivity distribution variation of ���� . 
Before inputting feature extractor 1 for magnitude modality, a 
two steps pre-processing is applied to the ���� . First is 
negative value truncation, then is global 0-1 normalization that 
is schematically shown in Fig. 3 (b). The curves in Fig. 3 (b) 
with different colors represent different frames of data, ���

��� 

represent the maximum value of all the elements in all input 
frames. � ∈ [1,2, ⋯ , �]  is the ���  frame in all N frames of 
input, � ∈ [1,2, ⋯ , �] is the ��� element in each frame.  

The ���� is then input into feature extractor 1, which has a 
typical CNN structure. As shown in Fig. 3 (d), it contains 
sixteen CNN blocks and each of them is composed of a 3 × 3 
convolution layer, a Batch Normalization (BN) layer, and an 
Exponential Linear Unit (ELU) layer. It also contains five 
pooling layers for down sampling, and except for the last 
average pooling layer, the others are max pooling layers. The 
output of the CNN feature extractor is then flattened into a 
1 × 4096 vector. 

The blue dashed line box in Fig. 3 (a) represents the 
structure modality of the model, where the input is voltage 
data ��� from the structure modality sensor, and the current 
injection protocol is also the adjacent protocol. The PLS 
method is adopted for preliminary structural estimation of the 
conductivity variation ���� instead of Tikhonov regularization. 
The data flow of the structure modality is similar to that of the 
magnitude modality, and the CNN feature extractor 2 is the 
same as the feature extractor 1 shown in Fig. 3 (d). In this 
modality, instance 0-1 normalization is used to process 
preliminary results of the PLS rather than global 0-1 
normalization in magnitude modality. The schematic of the 
instance 0-1 normalization is shown in Fig. 3 (c), where ��

��� 
represent the maximum value of the ��� frame in all N frames 
of input. After the processing in structure modality, the other 
1 × 4096 vector is obtained. 

The output vector of each modality is concatenated to form 
a 1 × 8192 vector and processed by two Fully Connected (FC) 
blocks. As shown in Fig. 3 (a), each FC block contains an FC 
layer, a BN layer, and a Rectified Linear Unit (ReLU) layer. 
After reshaping into a 51 × 51 matrix, 2D Gaussian filtering 
with a standard deviation of � = 1 is applied to the output of 
���  to eliminate potential discrete noise points. The 
multimodal CNN is built with Pytorch 2.0, and its output type 
is regression with the Mean Squared Error (MSE) as loss 
function. 
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2) Training strategy 

Since it is difficult to get enough training data from 
experimental setups for AI model training, simulation data 
were acquired with FEM for training. For the multimodal 
CNN in this paper, one group of training data contains one 
frame of conductivity distribution ground truth and two frames 
of voltage data for magnitude modality and structure modality 
respectively, rather than one voltage in single modality 
networks. Hence, a specific training data acquisition method is 
needed, as shown in Fig. 4.  

First, the conductivity distribution models of ground truth 
are generated with FEM simulation as target data for network 
training. In the models, the shape of conductivity varying 
areas is elliptical with random parameters (positions, major 
and minor axis) and piecewise constant inner conductivity. 
The areas do not overlap in the case of multiple areas. The 
conductivity of background is heuristically set as 1 �/�, and 
that of conductivity varying areas are set as random values 
between 0.95 − 0.75 �/� . The voltage data Δ��  are 
generated and processed with Tikhonov regularization for the 
magnitude input of the network. 

Then the structure of the conductivity variation is extracted 
by replacing the conductivities of conductivity varying areas 

with a constant conductivity of 100 �/�, and maintaining the 
background conductivity. With this step, the new models only 
contain two kinds of conductivities, one of which is for 
background, and one is for conductivity varying areas. The 
voltage data Δ��  are generated with the new models, then 
input into the structure modality of the network after being 
preprocessed by the PLS method. 

In total, 12000 groups of data were acquired in simulation, 
each of them contains a set of Δ��, Δ�� and the ground truth. 
10000 groups were used as training data, equally split into 
groups of one, two, three, and four varying areas. The other 
2000 groups were used as testing data, and the number of the 
groups that contain one, two, three, and four conductivity 
varying areas equals 500. 

In the training process, no specific customized training 
strategy was added, as the adopted multimodal network is 
symmetric and balanced between modalities. Meanwhile, no 
artificial noise was added to the training and testing data set 
during training. The Adaptive Moment Estimation (ADAM) 
was selected as the solver, with a constant learning rate �� =
1��� . The training is performed for 200 epochs with a 
minibatch size of 128, and the training data shuffled in every 
epoch.  

 

IV. SIMULATION VALIDATION 

In this section, the multimodal CNN is verified with 
simulation tests, including the accuracy of imaging with 
different conductivity varying areas, and the robustness to the 
noise. For reference, the imaging results of the global 0-1 
normalized Tikhonov regularization are given. Meanwhile, a 
single modality CNN is also presented for the ablation study. 
It is obtained by removing the structure modality of the 
multimodal CNN and only maintaining the magnitude 
modality. The other settings are the same as multimodal CNN, 
including training data and strategy.  

In the tests, 400 groups of data are generated randomly, 
where the numbers of groups that contain one, two, three, and 

Fig. 4. The process of generating training data for  
multimodal CNN. Ground truth is generated first, and 
voltage data is generated in simulation then input into 
magnitude modality after preliminary processing using 
Tikhonov regularization. Then the structure of ground truth 
is extracted to generate voltage data for structure modality, 
where the preliminary processing method is PLS. 
 

Fig. 3. Illustrations of the proposed multimodal CNN, (a) 
Illustrations of the data flow and the multimodal CNN 
structure, and (b) shows the schematic of global 0-1 
normalization in magnitude modality, (c) shows the
schematic of instance 0-1 normalization in structure modality, 
(d) shows the framework of CNN feature extractor, which is a 
universal model for both magnitude and structure modalities.  
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four conductivity varying areas are the same as 100. 
Meanwhile, white Gaussian noise with Signal-to-Noise Ratio 
(SNR) of 40 dB, 20 dB, and 10 dB was added to the data 
respectively, to verify the robustness of the algorithms.  

A. Criteria 

General EIT criteria are used in this test, the first one is 
Relative Image Error (RIE): 

��� =
������������

�����
                              (10) 

where ������ is the reconstructed conductivity distribution and 

���  is the ground truth of the conductivity distribution. The 

smaller the RIE, the more accurate the reconstruction results. 
The second criterion is Imaging Correlation Coefficients 

(ICC): 

��� =
(�������������)∙(��������)

��������∙�����
                   (11) 

where ������  is the average value of ������ , and ����  is the 

average value of ��� . Larger ICC suggests accurate 

reconstruction. 

B. Simulation results 

Fig. 5. shows the simulation results. The first row is for RIE, 
and the second row is for ICC. Different columns are for 
different SNRs. The data in blue, red, and black are 

calculation results from multimodal CNN, single modality 
CNN, and Tikhonov regularization respectively. Overall, the 
lower RIE and higher ICC suggest that the results of the two 
CNN enhanced methods both outperform Tikhonov 
regularization. In the tests of single and two conductivity 
varying areas, multimodal CNN outperforms single modality 
CNN. When the number of areas increases to three, 
multimodal CNN barely has any advantage. In four conductive 
varying areas tests, the single modality CNN has more 
reconstruction accuracy. This trend is clearer when the SNR is 
higher, that is the data have less noise. 

The figures for different noise levels suggest all methods 
are robust against noise. The RIE and ICC of all methods 
under ��� = 40 �� circumstance have barely any difference 
from that of noise free cases. Even when the noise reaches the 
level of ��� = 10 �� , the reconstruction accuracy is only 
slightly decreased. The results confirm that the "two-step 
method" has high noise resistance, whether the AI model is 
single modality or multimodal. It is inferred that the 
robustness of the conventional algorithm is the key issue, 
which acts as the filter and increases the quality of the data 
that is input into the AI model, such as Tikhonov and PLS in 
this study. 

 

 

V. EXPERIMENTAL VALIDATION 

In this section, the proposed multimodal EIT pressure 
distribution sensor is experimentally validated. The results of 

single and multiple areas compression tests are presented, 
including reconstructed pressure images and pressure 
magnitude estimation. Besides the reconstruction results of 
multimodal CNN, the results of single modality CNN and 
Tikhonov are also provided as comparison. Because the single 

 
Fig. 5. The simulation results, figures in the first row are for RIE, and in the second row are ICC, different columns represent 
reconstruction results under different SNR. As shown, two AI enhanced methods outperform Tikhonov regularization, and 
multimodal CNN outperforms single modality CNN in the cases of reconstructing one and two conductive varying areas. 
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modality CNN only uses the data from the magnitude 
modality of the multimodal sensor, which is a regular EIT 
pressure sensor, the comparison between multimodal CNN 
and single modality CNN also represents the comparison 
between the proposed multimodal sensor and the regular EIT 
pressure sensors. 

 

A. Experiment platform 

The experiment platform is shown in Fig. 6. The frame is 
made of aluminum plate profiles. A 7 × 7 threaded holes array 
is central symmetrically arranged on the top of the frame. It is 
used to position and install the modularized indenters, while 
also to cooperate with the compression handle and bolt of the 
indenter to apply pressure to the EIT sensor. The center of the 
matrix is aligned with the center of the frame. The distance 
between the holes is � = 18 ��. Each indenter is equipped 
with an independent loadcell (type: FX293X-040B-0100-L) to 
monitor the pressure applied to the EIT sensor. The details 
about the experimental platform and the coordination 
alignment between the sensor and the experimental platform 
are shown in Supplementary Material 3. 

 

 

B. Multimodal EIT sensor mechanism validation 

A test is designed to validate the mechanism of the 
proposed multimodal sensor. In this test, the raw voltage data 
were acquired from both sensor modalities when the pressure 
was applied, and the conductivity magnitude variation of both 
sensors was calculated with Tikhonov regularization. An 
indenter with diameter of � =  30 ��  was used to apply 
pressure to the sensor. The pressure increases from 0 kPa to 
200 kPa with a step of 20 kPa. To obtain the clearest possible 
results, the more sensitive position of (36, 36) is used.  

The test results are shown in Fig. 7, where the x-axis is the 
pressure, and the y-axis is the maximum magnitude of the 
reconstructed conductivity variations. The blue line with 
round marks is that of the structure modality sensor, while the 
red line with squire marks is the data of the magnitude 

modality sensor. As the blue line shows, the reading of the 
structure modality sensor becomes stable after pressure 
increases to 100 kPa, meaning that the sensor reaches 
saturation state. The magnitude modality sensor starts to sense 
from 140 kPa and its conductivity still increases with the 
increasing pressure up to 200 kPa. This test validates that in 
the pressure range of 140 kPa to 200 kPa, the proposed 
multimodal sensor is effective. 

 

 

C. Single compressed area tests 

In this test, two representative positions are selected as the 
centers of the compressed areas. One position is (0, 0), where 
the sensitivity is the lowest around all the sensing areas. The 
other is (36, 36), where the sensitivity is highest around all 
reachable test positions. Two circular indenters with different 
sizes (diameters of 30 mm and 40 mm) were used to apply 
pressure to the sensor. Four test cases are formed in total, with 
the permutation and combination of different sizes and 
positions of the indenters. To illustrate more clearly, a model 
is set for each case, as shown in Fig. 8. For each case, four 
pressures were applied, which are 140 kPa, 160 kPa, 180 kPa, 
and 200 kPa.  
 
1) Pressure distribution images 

The imaging results are shown in Fig. 8. In total, the 
multimodal CNN clearly reconstructs conductivity variation 
areas caused by pressure in all the cases and outperforms the 
other two algorithms. In case 1 and case 3, the compressed 
area is located at a low sensitivity position of (0, 0), and the 
reconstructed images using single modality CNN have 
distortion, while that of Tikhonov regularization are blurred. 
In case 2 and case 4, the compressed area is located at a high 
sensitivity position of (36, 36), all three methods can clearly 
reconstruct images. However, the blue area in Tikhonov 
imaging results is significantly larger than the red area, 
suggesting that the compressed area is not clearly segmented 
from the background. Two CNN enhanced algorithms clearly 
distinguish the boundary of the compressed areas. The 

 
Fig. 7. Validation of the multimodal sensor. In the pressure 
range of 140 kPa to 200 kPa, the magnitude of structure 
modality sensor maintains constant, and that of magnitude
modality sensor increase with increasing pressure. The 
mechanism of multimodal sensor is effective. 

 
Fig. 6. The experiment platform. The indenter is modularized 
and can be positioned with threaded holes. Each indenter has 
an independent loadcell to monitor the pressure. 
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reconstructed compressed area using single modality CNN is 
relatively smaller than the model in all the cases, while that of 
multimodal CNN is relatively larger when the diameter of 
compressed areas is 30 mm in cases 1 and 2. 

In all cases, the reconstructed conductivity variation of Δ�� 
using multimodal CNN correctly reflects the variation of local 
pressure. With the pressure increasing, the color of the 

reconstructed image changes from yellow to deep red, which 
is consistent with the color bar at the bottom of the figure. The 
images reconstructed by Tikhonov regularization also show 
the pressure variations, but they are not clear in cases 1 and 3 
of low sensitive area tests. The images of single modality 
CNN cannot show the pressure variation in cases 2 and 4. 

 

 
Fig. 8. Results of the single compressed area test. The diameter of the compressed areas is 30 mm in case 1 and 2, and 40 mm in 
case 3 and 4. For each case, four pressure of 140 kPa, 160 kPa, 180 kPa, and 200 kPa were applied. In all the cases, the 
multimodal CNN clearly reconstructs the geometry of compressed areas, as well as the conductivity variation caused by varying
pressure, outperforms single modality CNN and Tikhonov regularization. 
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2) Pressure magnitude estimation  

To show the pressure magnitude measurement more clearly, 
the data for images in Fig. 8 are reshaped into their vectors 
form by row and lined together in Fig. 9. In Fig. 9, the 
columns from the top to the bottom show the results of 
multimodal CNN, single modality CNN and Tikhonov 
regularization. Because Fig. 9 is the presentation of the data in 
Fig. 8 from different perspectives, the cases 1, 2, 3, and 4 in 
Fig. 9 are consistent with that in Fig. 8 respectively. The data 
in black, blue, green, and red are the reconstructed 
conductivity under the pressure of 140 kPa, 160 kPa, 180 kPa, 
and 200kPa respectively.  

As results show, the magnitude of Tikhonov reconstructed 
Δ�� increases with the increase of pressure, but in cases 1 and 3 
(the compressed area is in the low sensitivity position), the 
magnitude of Δ�� is significantly lower than that in cases 2 and 
4 (high sensitivity position). This result clearly demonstrates 
that the uneven sensitivity of EIT sensors has significant 
impacts on magnitude detection. In the comparison of cases 1 
and 3, with the same pressure, the bigger the compressed area, 
the higher the magnitude. This trend is also shown in the 
comparison between cases 2 and 4. The results show that the 
size of the compressed area also affected reconstructing the 
magnitude of Δ�� . Therefore, it is difficult to measure the 
magnitude solely using Tikhonov regularization and similar 
conventional algorithms.  

The single modality CNN is not sufficient to rectify the 
impacts of uneven sensitivity and the varying compressed area 
sizes on the Δ��  magnitude reconstruction, even though it is 
better than Tikhonov regularization. In cases 2 and 4, the 
magnitude of Δ��   is not increased along with the pressure 
increase. Moreover, most of the reconstructed Δ��  surpass 1, 
which does not consist with the condition that the input data of 
the CNN are processed with 0-1 normalization. It is also the 
reason why the color of the reconstructed compressed area 
using single modality CNN in Fig. 8 is the same as deep red, 
and not changing under different pressures.  

The proposed multimodal CNN rectifies the impacts of the 
sizes of compressed areas and uneven sensitivity of the sensor, 
and its results basically reflect the pressure variation. In all 
cases, the reconstructed conductivity magnitude increases with 
increasing pressure. Comparing cases 1 and 2, where the size 
of the compressed area is the same, the magnitudes of the 
reconstructed conductivity are basically the same when the 
pressures are the same. The comparison between cases 3 and 4 
also leads to the same conclusion. Comparing cases 1 and 3 
(also cases 2 and 4), the multimodal CNN also corrects the 
influence of the size of compressed areas on the magnitude of 
reconstructed Δ��.  

To further understand the error of the three reconstruction 
methods, the magnitude of reconstructed Δ�� are calculated in 
all cases under different pressures. The magnitude calculations 
method for three different reconstruction methods are slightly 
different. For the Tikhonov regularization, the maximum of 
the reconstructed Δ�� is selected as the magnitude, because its 
reconstructed compressed areas are smooth but with blurred 
edges. The reconstruction results of single modality CNN and 
multimodal CNN have clear edges but lack smoothness, with 

discontinuous noise present. Therefore, for each reconstructed 
image of Δ�� , the threshold is set to 75% of the maximum  
value. Values exceeding this threshold are averaged to 
produce the final magnitude estimation.  

 

 
For each pressure condition, the measurement error is 

calculated as the difference between the maximum and 
minimum magnitudes. The biggest error across all pressure 
conditions is considered as the error of the reconstruction 
method. When the pressure is 200 kPa, the amplitude 
estimated by Tikhonov regularization achieves the maximum 
error, which is 0.76. Since the data is 0-1 normalized, it can be 
considered that the error is 76% of the range of the sensor. The 
Single modality CNN achieves the maximum error of 57% 
when the pressure is 160 kPa, and the multimodal CNN 
reaches the maximum error of 21% when the pressure is 180 

 
Fig. 9. Magnitude estimation in single compress area tests, 
the setting of the cases is the same as that in Fig. 8, with 
different colors representing different pressures. The 
multimodal CNN outperforms single modality CNN and 
Tikhonov regularization. Its magnitude reconstruction of Δ��
reflects the pressure variation and is less impacted by the size 
of the compressed area and uneven sensitivity of the sensor. 
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kPa. The results above show that the added structure modality 
effectively improves the accuracy of EIT sensors in pressure 
measurement. However, this result is still not satisfactory. 
Therefore, in future research, we will use more capable AI 
models to further improve the accuracy. 
 
3) Localization validation 

The localization accuracy of the sensor is validated. In this 
study, the indenter with a diameter of 30 mm was used to 
compress the sensor each time in different positions, and the 
distance between the centroid of the reconstructed compressed 
area and the indenter was calculated as a localization error. 
The image mass method in the reference [2] is adopted to 
evaluate the positions of the reconstructed compressed areas. 
In total, 25 evenly distributed positions have been tested. The 
distance between two adjacent positions is 18 mm along the x-
axis and the y-axis. Each position was compressed with a 
constant pressure of 200 kPa. The results are shown in Fig. 10. 

 
In Fig. 10, the black solid dots represent the true position of 

the indenter, and the red crosses, green triangles, and blue 
circles represent the estimated positions of the indenter 
obtained using the Tikhonov regularization, the single 
modality CNN and the multimodal respectively. The line 
segments connecting the marks demonstrate the 
correspondence between the estimated positions and their 
corresponding true positions. The figure shows that the 
positions estimated by three methods near the boundary of the 
sensor tend to be closer to the center. The multimodal CNN 
outperforms the other two method with localization error of 
������ = 6.4 ± 5.5 �� , while that of the single modality 

CNN and the Tikhonov regularization are ������ = 7.6 ±
5.8 �� and ���� = 7.7 ± 6.6 ��, respectively. From all the 
experiments above, it can be inferred that the size of the 
compressed area has been effectively measured by the 
proposed multimodal EIT sensor when it is bigger than that of 
the indenter with diameter of 30 ��, which is approximately 
4% of the total sensing area. 
 

D. Multiple compressed areas tests 

 
1) Pressure distribution images of two areas 

The imaging results of the two compressed areas test are 
shown in Fig. 11, where Fig. 11 (a) is the reconstructed 
conductivity distribution images. Case 5 is used to evaluate 
the ability to reconstruct the compressed areas in different 
sensitivity positions. Both compressed areas have the same 
diameter of 30 mm, but area A1 is located at position (0, 0), 
which is the least sensitive position of the sensor, while area 
A2 is located at (36, 36), which has the highest sensitivity 
around all reachable test positions. Two different pressures of 
140 kPa and 200 kPa were used for testing. For a clearer 
presentation, the hollow red legend in the models represents 
the area with 140 kPa pressure, and the solid red legend 
represents that with 200 kPa pressure.  

As shown in Fig. 11 (a), multimodal CNN clearly 
distinguishes two compressed areas, and the sizes of the two 
reconstructed areas are almost identical, which is also 
consistent with the models. Meanwhile, the pressure variations 
are reflected in the reconstructed images. The high-pressure 
areas are in deep red, and the low-pressure areas are in light 
red. The results indicate that the multimodal CNN effectively 
rectifies the impact of different sensitivities on reconstructed 
images. Single modality CNN can clearly recognize areas in 
high sensitivity areas, but areas in low sensitivity areas have 
significant blurred fringes. The Tikhonov regularization is 
barely able to distinguish two compressed areas. The image of 
the compressed area in the low sensitive position is faded and 
merged into the fringe of that in the higher sensitive position. 

Case 6 is used to evaluate the ability to reconstruct the 
compressed areas with different sizes. The larger compressed 
area of A1 (diameter of 40 mm) and smaller area of A2 
(diameter of 30 mm) are located at (-36, -36) and (36, 36) 
respectively. Due to the symmetry of the sensors, the 
sensitivity of the two positions can be considered the same. As 
the figures show, the multimodal CNN still reconstructs the 
compressed area clearly, and the size difference of the 
compressed areas is distinguishable from the images. 
Meanwhile, the pressure changes are distinguishable from the 
reconstructed images. Single modality CNN also clearly 
reconstructs two areas, but the images are relatively smaller 
than the models, and pressure changes are also indicated in the 
images. Tikhonov regularization distinguishes two targets in 
this case, but the boundaries of the images are blurred. 

 
2) Pressure magnitude estimation of two areas 

To show the magnitudes of the reconstructed images in Fig. 
11 (a) more clearly, the data of images are reshaped into their 
vectors form by row in Fig. 11 (b), which is similar to the 

 
Fig. 10. Localization results of compressed areas with 
Tikhonov, single modality CNN, and multimodal CNN. As 
shown, the multimodal CNN (blue circles) outperforms the 
other two methods, reaching the localization error of em-cnn

= 6.4±5.5 mm. 
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figure pairs of Fig. 8 and Fig. 9. In Fig. 11 (b), p1 and p2 
represent the pressure magnitudes of area A1 and A2 
respectively, and the four colors represent the four 
combinations of p1 and p2. The reconstructed results using 
Tikhonov regularization and single modality CNN cannot 
indicate the pressure magnitudes. For the areas with smaller 
size or located in less sensitive positions, the reconstructed 
magnitude is always smaller than that of areas with larger size 
or in sensitive positions.  

Multimodal CNN provides relatively decent reconstructions 
of the magnitudes in two compressed areas tests. In most tests 

of case 5 and case 6, the reconstructed magnitude of the high-
pressure area is bigger than that of the low-pressure area, 
which is consistent with the pressure distribution settings of 
their models. The only exception is the extreme situations 
such as pressure combination with the black legend in case 5, 
where the area A1 is located in the less sensitive region with 
high pressure of 200 kPa, and area A2 is located in the 
sensitive region with low pressure of 140 kPa, but the 
reconstructed magnitude p1 is only slightly higher than p2.  

 
3) Three and four areas tests 

Fig. 12 shows the three and four compressed areas tests. 
Case 7 and case 8 show the measurement results of three 
compressed areas, while case 9 and case 10 show that of four 
compressed areas. Because the conductivity magnitudes 
reconstructed by the single modality CNN all exceed 
maximum range of (0, 1), we multiple them by 0.6 to better 
show the changes of magnitude in images. As shown in the 
figures, both CNN enhancement algorithms outperform 
Tikhonov regularization and clearly distinguish all 
compressed areas.  

As for geometry reconstruction, the images using single 
modality CNN are relatively smaller than the models, the 
same as in the one and two compressed areas tests. Meanwhile, 
except in case 8, it is hard to distinguish the size differences of 

compressed areas very well from the images. multimodal 
CNN realizes a more decent geometry reconstruction of the 
compressed areas in cases 7, 8, and 10. The size differences 
are distinguishable and consistent with the models, except in 
case 9, where the overall measurement results are significantly 
larger than the model. 

In terms of magnitude measurement, single modality CNN 
still barely distinguishes different magnitudes with different 
pressures. The accuracy of magnitude measurement by 
multimodal CNN decreases with the increased number of 
compressed areas. Except for fully compliant with the model 
in case 7, only partial of the magnitude of the compressed 
areas in the remaining cases comply with the models, such as 
areas A1 and A3 in case 8, areas A1 and A4 in case 10. 

 

Fig. 11. Two compressed areas test. (a) The imaging of the compressed areas. (b) The presentation of magnitude reconstruction 
in Fig.11 (a), p1 is the pressure of area A1, p2 is the pressure on area A2. The Multimodal CNN reconstructs clear images of the 
compressed areas in both cases, and distinguish different pressure magnitudes. The Single modality CNN can distinguish 
different compressed areas, but not pressure magnitudes. Tikhonov regularization barely distinguish two compressed areas in 
case 5. 
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VI. CONCLUSIONS: 

In this study, a novel multimodal EIT sensor is proposed for 
pressure distribution measurement under complex pressure 
conditions. Compared with other single modal EIT pressure 
sensors, it contains an independent structural EIT pressure 
sensor, which provides extra structure information of the 
compressed areas as complements. A “two-step” multimodal 
CNN imaging method is designed to fuse two modalities of 
the multimodal EIT sensor. The simulation results show that 
adding extra modality does not reduce its robustness against 
noise, and improves its imaging accuracy in one and two 
conductivity varying areas tests compared to single modality 
CNN. The experimental results show that it effectively 
reconstructs the geometries of the compressed areas, and it is 
also a promising method for reconstructing pressure 
magnitude under complex pressure conditions.  

One thing to be noted is that, as a cost of improving 
performance, adding an extra modality sensor increases the 
system complexity compared to a regular single modality EIT 
sensor. The structural complexity of the sensor is increased, 
because it is composed of two EIT sensors. The channel of the 

data acquisition device is also increased. Meanwhile, the 
simulation data for AI model training is also increased to 
simulate the extra structure modality sensor. 

Our research on the AI model for multimodal fusion is still 
very preliminary, and still to be improved. Even though the 
multimodal AI (the baseline is CNN) used in the paper is able 
to validate the effectiveness of the proposed multimodal 
sensor, it is still not capable enough for complex cases. 
Especially the accuracy of measurements decreases with the 
increasing number of compressed areas. In the next step, we 
will try more capable AI models (such as Unet and ResNet), 
and develop a customized multimodal AI based on this paper 
to achieve better performances. Meanwhile, the imaging speed 
of the system needs to be improved. Even though the raw data 
acquisition speed of the device is 0.2 s for one image, but the 
entire tomography process is slowed down by the iterative 
PLS method to around 6 s. In our next step, it will be modified 
for higher speed. 
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