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Abstract - Electrical impedance tomography allows biomedical images to be obtained safely, non-invasively and at low 

cost. In the region of the human forearm, aspects such as the low dynamism and the conductive nature of the tissues impede 

the reliable recognition of the nerve terminals. The segmentation of images in electrical impedance tomography is a 

challenging field and has not been addressed for the area of the human forearm up to date. This study presents a 

segmentation tool for synthetic tomograms that emulates the conductive behavior of the human forearm, through a U-Net 

architecture CNN. Segmentation has close to 96 % accuracy and is able to detect the nerve conductivity regions in different 

positions. 

 

Keywords - Electrical Impedance Tomography, Human Forearm, Image Segmentation, Convolutional Neuronal Networks, 

U-Net. 

 

I. INTRODUCTION 

 

Electrical impedance tomography (EIT) is an imaging 

technique based on obtaining an image from the 

distribution of conductivity in a certain volume [1]. 

The basic principle of operation of the EIT consists in 

the repetitive measurement of electrical potentials on 

a subject of study because of an injection of 

alternating current of small and known value [2]. 

In the application of this technique to the biomedical 

field, electrical impedance is used as a contrast agent, 

which allows monitoring of living systems based on 

their characteristic conductivity [3]. In addition, its 

non-invasive, radiation-free, portable and low-cost 

nature has made it a field of research and 

development, with applications in medicine and 

industry [4][5]. 

 

In the present research an innovative methodology is 

provided for the identification of nervous tissue in a 

region that emulates the conductive behavior of a 

human forearm, where numerical simulation has been 

integrated by means of finite elements, image 

processing techniques, and Machine Learning. 

 

1.1. Basics of EIT 

An electrical impedance tomography system is 

mainly composed of the following elements [6], 

which is also represented in Fig. 1: 

 

 An array of electrodes for current injection and 

data acquisition. 

 Electronic instrumentation for multiplexing, 

current injection and data acquisition. 

 Computer system for the execution of image 

reconstruction algorithms (impedance map). 

 Subject of study. 

 
Fig.1. Basic components of an EIT system. Recovered from [6] 

 

Here are several strategies for the injection and 

measurement of values. For the present study, the 

method of injection and measurement by opposite 

electrodes is used, which was used in the background 

of this investigation ([6] and [7]). This pattern, which 

is illustrated in Fig. 2, is based on injecting current 

through opposite electrodes, while obtaining the 

electrical potential measurement in the rest of 

opposite pairs that do not participate in the injection 

process. Once an electric current has been passed 

through each pair - for an array of 16 electrodes - 

there will be 208 different potential measurements. 

The fundamental equation that describes the 

relationship between a conductivity distribution 

because of a current injection corresponds to the 

Poisson equation (equation 1) [8]. 

 

 
Where σ(u   )corresponds to the distribution of 

electrical conductivity, φ (u   )to the distribution of 

electric potential in the region of interest Ω. 



International Journal of Electrical, Electronics and Data Communication, ISSN(p): 2320-2084, ISSN(e): 2321-2950 

Volume-7, Issue-11, Nov.-2019, http://iraj.in 

An Image Segmentation Approach for Synthetic Nervous Tisular Data at The Human Forearm Region with Convolutional Neural Networks 

 

6 

In addition, the boundary conditions defined by the 

equations 2 and 3 are considered. In the equation 

2,φext(u   )equals the distribution of electric potential 

on the surface andpartial Omega is the boundary of 

the study region Ω. It is also considered in equation 3, 

for the distribution of electric current I (u   ), to the 

normal vector of the boundary region n(u   ) [8]. 

 
 

 
Fig.2. Injection and measurement pattern based on opposite 

electrodes. Recovered from [10]. 

 

In any EIT image reconstruction system, the main 

objective is to solve two problems: one of direct 

estimation (forward problem) and another one of 

inverse estimation (inverse problem). The first 

problem is to find the electrical potential at the 

electric boundary, while the second deals with the 

determination of the conductivity distribution in the 

study area [9]. 

 

The direct estimation problem focuses on solving the 

equation 1 to obtain the electrical potentials for the 

electrodes, using a base approximation for the 

electrical conductivity distribution σ(u   )[11]. 

Frequently, to address this problem, we choose to use 

the finite element method, since numerical 

approximations are required for complex geometries, 

which make it impossible to treat it analytically [13]. 

The inverse estimation problem, on the other hand, 

pretends to find the conductivity distribution σ(u   )for 

a domain based only on the distribution of potential at 

the border φext(u   )and the applied current  J [8]. 

 

In the case of the inverse problem estimation, it must 

be considered that the conductivity distribution is 

affected in a non-linear way by the electrical 

properties of the subject, so any change in the 

conductivity regions must imply a change in the 

electrical potential of the border. However, the 

measurements of these values are usually not 

sensitive to local changes away from the 

measurement points [14]. For these reasons, it is said 

that the inverse estimation problem is weakly stated 

(ill-posed), which is usually the main reason for the 

poor spatial resolution characteristic of the 

tomographic reconstruction in EIT  [15]. 

Fig. 3 shows the reconstruction process based on the 

two problems described above. 

 

 
Fig.3. Direct and inverse estimation problems in EIT. 

Recovered from [16] 

 

1.2. Background and related work 

At the date of this investigation, it is not found within 

the literature  a study that addresses the problem of 

image segmentation in electrical impedance 

tomography for the specific region of the human 

forearm. 

 

This section contemplates therelated work in EIT 

applications to the human forearm, in order to expose 

its application interest. Subsequently, applications of 

the methods of image segmentation in EIT 

tomograms are presented. Finally, the use of Machine 

Learning is exposed in the problem of segmentation 

in medical imaging. 

 

1.2.1. Applications of EIT in the humanforearm 

region  

One of the first works related to the study of 

bioimpedance in the region of the human forearm, 

had the purpose of obtaining information about 

changes in the blood flow of several body regions 

[17]. Although the area of the left forearm was 

considered through the bioimpedance measurement, 

tomographic images of the region are not available.  

 

Another study of interest is presented in [18]. In this 

case, the possibility of obtaining images of the 

peripheral vessels of the forearm as they expand and 

contract during the cardiac cycle is hypothesized. A 

prototype EIT tomography device is shown, which 

can be adapted to the human forearm with 16 

electrodes as shown in Fig.5, which also takes 

measurements of biophysical signals that assist in the 

characterization of the cardiac cycle from 

tomographies. A result of several tomographies over 

a period for this characterization is seen in Fig.6. 

 

In the field of applicative interest in the forearm, 

another study is presented in [20] where a high 
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precision manual gesture recognition system based on 

electrical impedance tomography is shown. The 

system interconnects the forearm using a wrist wrap 

with integrated electrodes, which allows to measure 

the internal conductivity distributions caused by the 

real-time skeletal and muscular movement of the 

forearm and passes the data to a neural network for 

gesture recognition. The hand gesture recognition is a 

communication way that attracts a lot of attention 

since it can be widely used for human-computer 

interaction.  

 
Fig.5. Electrical impedance tomograph for the human forearm 

region. Recovered from [18] 

 

 
Fig.6. Tomography of the human forearm for characterization 

during the cardiac cycle. Recovered from [18] 

In the work of [20] it was possible to distinguish 

nineteen gestures with the hands, which were 

designed for recognition, and with the subgroup 

method round robin proposed, they achieved an 

accuracy of more than 98 percent. Some of their 

results are depicted in Fig.7. 

 

Fig.7. Gestures with the hands with their associated 

conductivity in the forearm area. Recovered from 

[20] 

1.2.2. Application of segmentation methods in EIT 

tomography 

The application of an image segmentation technique 

is very useful in electrical impedance tomography, 

because at a practical level or medical study, it is 

common to have interest in some structures or organs 

more than in others. For this reason, it is very often 

carrying out a segmentation that helps differentiate or 

highlight these regions. 

 
Fig.8. Bioimpedance analysis in the human forearm. Recovered 

from [19] 

 

The study of [21] analyzed the application of 

electrical impedance tomography in pulmonary and 

cardiovascular monitoring, where the location of 

relevant functional structures or organs within 

reconstructed images, such as the lungs and the heart, 

is required. 

 

In this study, an algorithm for the automatic detection 

of cardiac and pulmonary regions in a temporal series 

of EIT images is described. Using reconstruction 

based on anatomical models, the candidate regions 

are identified in the frequency domain and image-

based classification techniques are applied. This 

algorithm was validated in a set of EIT and computed 

tomography (CT) data recorded simultaneously in 

pigs. At the end of the study it was possible to obtain 

an image, like the one showed in the Fig.9. 

 
Fig.9. Bioimpedance analysis in the human forearm. Recovered 

from [21] 
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Another study that uses a segmentation technique is 

the case of [22], where it is stated that reconstruction 

images generally experience the problem of fuzzy 

boundaries, so to solve this problem and improve the 

contrast, an image segmentation method based on the 

minimization of the projection distance (PDM) was 

proposed. Unlike the traditional selection method for 

the optimal threshold (from experience), the method 

they propose can determine this threshold from the 

initial EIT image by minimizing the distance between 

the calculated projection of the segmented image and 

the data from measured projection, which can take 

full advantage of the original projection data as a 

feasible segmentation criterion. The simulation and 

experimentation tests show that the proposed method 

can improve the contrast of the image as seen in the 

Fig. 10. 

 

 
Fig.10. Segmentation using the technique of minimization of 

the projection distance. Recovered from [22] 

 

1.2.3. Machine Learningas an approach for the 

segmentation problem: CNN 

Machine learning is a set of paradigms based on 

automatic learning, which allows to perform a task 

effectively without the need to have explicit 

instructions, this by means of pattern recognition or 

inferences. It is a very useful tool in image 

segmentation, since it allows a program to be able to 

find and segment a region of interest from the image 

with the use of background information, thanks to a 

previous training process.  In the research of [23] an 

innovative method of lung image segmentation based 

on the Echo State neural network is proposed. It is a 

work that combines the textural characteristics of 

different pixels in the lung images to increase the 

performance of the segmentation of the region of 

interest. To segment lung images, a two-step process 

was performed. First, unsupervised edge detection 

was performed to separate the lung images from the 

foreground of the background. This process began 

with the identification of texture characteristics that 

clearly represent the edge of the lung through the 

texture analysis process. In the second step, the 

obtained characteristics were given as input to the 

ESN networks, as a training pattern, to obtain the 

segmented lung region. In the Fig.12 it is possible to 

observe the results of this work. 

 
Fig.12. Application of machine learning to the techniques of 

image segmentation. Recovered from [23] 

 

Another case of application of machine learning is 

observed in the work [24], where the segmentation of 

the mandible is studied, since it is an essential step in 

the planning of craniomaxillofacial surgery, which 

aims to segment the jaw from multiple cuts. 

However, the study describes that one of the main 

disadvantages of most existing methods of mandible 

segmentation is that they require numerous expert 

knowledge of high quality, which is difficult to 

achieve in practice due to the shortage of doctors and 

experts. Therefore, to address this problem, a method 

based on deep learning, which is end-to-end trainable, 

was proposed in an automatic, precise and efficient 

way. Unlike the popular convolutional neural 

network (CNN), the proposed symmetric 

convolutional neural network (SCNN) requires the 

convolution and deconvolution computation to be 

symmetric to achieve a good segmentation 

performance. In addition, by benefiting from the end-

to-end form, SCNN could automatically perform 

mandibular segmentation from raw image data. In 

this same field, another study of interest is presented 

in [25], where a deep-learning convolutional neuronal 

network (DL-CNN) was implemented to distinguish 

between the interior and exterior of the urinary 

bladder using 160,000 regions of interest of the 

images of computed tomography urography (CTU). 

The main purpose of this study is the computer-

assisted detection of bladder cancer, so it is essential 

to distinguish this organ. In the Fig.13 it is possible to 

observe one of the segmented images, product of this 

study. 

 
Fig.13 Image segmentation with the help of a CNN. The cyan 

contour is the result obtained with the network, while the blue 

one is that drawn by a radiologist. Recovered from[25] 
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II. METHODOLOGY 

 

2.1. Parameterization 

As a way to obtain a feasible dataset for training a 

machine learning model, a parameterization strategy 

was needed in order to develop a sampling based on 

the range defined for each parameter. This sampling 

is then given to the simulation tool and a complete 

dataset is obtained.  

 

To obtain tomographies and test the image 

segmentation tool, a synthetic geometric model of the 

human forearm was developed, which can be seen 

inFig.14. This design tries to represent a simplified 

version of this section of the human body, 

contemplating the most important tissues present in 

the study region (where the nerves are the regions of 

interest for the segmentation problem). 

 

Once the geometrical model of the forearm was 

established, the theoretical conductivity of each of the 

tissues must be established, a value that is 

indispensable when performing an electrical 

impedance tomography. In orderto perform a 

simulation as close as possible to a real model, this 

characteristic was defined with the information 

presented in [7] and is shown in Table 1. 

 

 
Fig.14 Geometric model implemented with the COMSOL 

program; the outer layer represents the skin and the space 

between muscles and nerves represents the fat. N = Nerve. Own 

elaboration. 

 

 
Table1:Theoretical conductivity of the tissues in the forearm 

area [7] 

 

Observing the conductivity values of the tissues 

inside the forearm, one of the greatest difficulties of 

the studies in this region of the human body is 

evident, and it is the similarity between several of 

these tissues, including the nerves. 

Once a geometric base model has been established, 

and the tissue conductivity has been assigned, the 

next step is to establish ranges of displacement and 

rotation to the structures. This is performed as a way 

to give variability to the dataset. 

 

The ranges of nerve displacements can be seen in 

Table 2. 

 

 
Table 2: Ranges for the location of centers 

 

In addition to the previous ranges, the possible 

rotational movements of other involved tissues have 

been defined, to give greater variability to the training 

set and to allow the nerves to be in regions of 

different conductivity. 

 

These structures allowed a lesser displacement due to 

the shape of the proposed model. However, to avoid 

the dynamism that they can present in a real model, it 

was decided to add a rotation movement on its own 

center, so that images can be generated where 

muscles and bones have different orientations in the 

transverse region of the forearm. 

 

The ranges for the orientation angles of muscles and 

bones can be seen in Table 3. 

 

 
Table 3:Ranges for orientation angles 

 

2.2. Image Reconstruction 

When an electrical impedance tomography is 

performed, electrical potential data are obtained (at 

least for the case study, since other types of data can 

be obtained), through the electrodes. To reproduce 

these measurements as images, a reconstruction tool 

must be used, which generates and processes all the 

electrical data, resulting in a tomogram. 

 

To comply with this step, the EIDORS library of 

MATLAB is used[26], which is open source, and was 

created specifically for the approach of algorithms in 

the direct and inverse modeling of an electrical 

impedance tomography.EIDORS performs the 

simulation with the function 

ng_mk_extruded_modeldeveloped by [27]. 
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Table 4:Important parameters of EIDORS 

 

The EIDORS library offers many possibilities when 

reconstructing an image, which are defined according 

to the parameters selected for the reconstruction. 

Table 4 shows some of the most important ones and 

therefore directly affects the quality or characteristics 

of the generated images. 

 

The number of electrodes is the first parameter to be 

defined, in this case a value of 16 was used because a 

future work to develop a 16-electrode device is being 

carried out. The hyperparameter was selected 

according to the previous research carried in [6], 

which had previously worked on tomographies of the 

forearm area. The injected current is 5 mA, this value 

was used since in the EIT device that is owned, the 

electrodes measure 0.8 cm wide, so a very high 

current value would dangerously raise the current 

density (intensity per unit area) that could cause 

damage to the skin with which it has contact [7]. 

 

The regularization method proved to be of great 

importance for the improvement of the spatial 

resolution of the tomogram. In Fig.15 a tomogram 

obtained by regularization of Laplace is observed. 

This study used this method as a basis, but it did not 

achieve enough spatial resolution to guide the 

nervous identification, the reconstruction algorithm 

was modified to implement a regularization with the 

Tikhonov method, the result of can be observed in the 

Fig.16. 

 
Fig.15 Tomogram generated with EIDORS, applying the 

regularization of Laplace 

 

In addition, it is important to note that for the 

measurement of the electrical potential difference of 

the electrodes, a Gaussian noise distribution of 25 dB 

was added, to emulate a real measurement 

environment and to ensure greater variability in the 

generated images. For this study, a total of 2000 

tomograms were passed through the simulation tool, 

with only 1700 feasible tomograms as a result of 

conflicting geometries in some of the original data. 

 
Fig.16 Tomogram generated with EIDORS, applying the 

regularization of Tikhonov 

 

2.3. Image preprocessing 

Both the generated tomograms and the ground truth 

images are in a RGB space, with dimensions of 

752x602 pixels. The tomograms obtained have the 

format of the Fig.16. The ground truth images are 

created from the merely geometrical data, from which 

the tomogram is obtained, and it highlights the nerve 

geometric regions. This kind of image can be seen in 

Fig.17. 

 

 
Fig.17 Ground truth image generated with MATLAB 

 

However, the network that will be in charge of 

segmentation needs both, tomograms and ground 

truth images, to be in a different format and size than 

the original. 

 

The ground truth images are those that need a greater 

task of preprocessing. First, they must be grayscale, 

so that any other color is removed from the RGB 

space. Then a binarization is performed, which took 

as its threshold a pixel intensity value of 0.1, so that 

any pixel with an intensity value greater than 0.1 will 

become white and otherwise it will turn black. 

Finally, a size change is applied to both the ground 

truth and the tomograms, since this facilitates the 
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work of the network, the images must have a size of 

256x256 pixels. 

 

2.4. Image segmentation with a CNN network 

For this research, the U-Net convolutional network, a 

widely used network for semantic image 

segmentation, has been used. This network was used 

in [28] for the segmentation of cells in fluorescent 

microscopy images, as mentioned above. In this case 

we have taken the same architecture, taking into 

consideration that the segmentation will be made 

from two classes: background image (in black) and 

nervous tissue (white color). In the original 

application, the segmentation of the edge of the tissue 

was also considered, which is not of interest in the 

case of this work. 

 

The images are taken by a convolutional neuronal 

network (CNN), to obtain a segmentation in a binary 

image where only the location of the nerves in the 

space delimited by the contour of the forearm is 

available. 

This network was configured according to what is 

indicated in Table 5. 

 
Fig.18 Architecture of the U-Net convolutional network. Taken 

from [27] 

 
Table 5: Important configurations of the CNN type U-Net 

 

III. RESULTS AND DISCUSSION  

 

The segmentation strategy based on a CNN type U-

Net was carried out in compliance with the network 

conditions specified in the previous section. 

 

The training of 50 epochs took 4930 seconds to 

complete, from which it was obtained that the best 

average precision during the training was 0.96088. 

This was done from Google Colab, to take advantage 

of the computing resource of a GPU. 

 

InTable 6 the segmentation results can be observed 

for 9 images belonging to the validation set. These 

images were not part of the training of the network. 

As can be seen, the segmentation of the 5 nerves of 

interest was successfully performed in most of the 

images. However, the segmentation of the tomogram 

number 1987 is exposed, where the network was not 

able to distinguish one of the nerves. 

 

Of special interest is the success in nerve 

segmentation in tomograms such as 1005. As can be 

seen, one of the nerves (the one located to the right) is 

practically indistinguishable from the rest of the 

surrounding tissues. Even so, the network was able to 

detect and segment in a case considered as adverse. 

At the level of both the reconstruction and the 

segmentation of the tomogram, it is promising to 

detect the nerves when surrounded by tissues with 

regions of similar conductivity. In this case, the tool 

developed was able to identify the nerves by being 

close to bone tissue, which was expected due to its 

difference in conductivity. However, it has been 

shown that the tool can segment nerves when they are 

close to fat regions and muscle tissue, which 

represent theworst cases for the system. 

 

 
Table 6: Results of nerve identification in validation 

tomographies 

 

IV. CONCLUSION AND FUTURE WORK. 

 

From the development of this research, the following 

conclusions have been drawn: 

 

 From the electrical model and its 

parameterization, as well as the technique of 

image reconstruction in EIDORS, a robust 

training set of 1700 tomograms was obtained, to 

feed a U-Net convolutional neuronal network. 
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 Based on the chosen U-Net model, as well as the 

definition of its hyperparameters for its 

applicability to the research problem, asuccessful  

implementation was achieved. 

 Based on the results obtained on the validation 

set, as well as the comparison with the theoretical 

values of electrical conductivity of the involved 

tissues, it was possible to validate the 

tomographic segmentation tool. 

 

In addition, it is possible to establish a future work 

strategy for this line of research. As a second version 

of the simplified model, the addition of blood 

conductivity regions is desired to emulate a more 

realistic environment. 

 

Then, the integration of real electrical data from an 

EIT system into the reconstruction tool should be 

studied. In this case, another series of variables that 

affect the system, such as exposure to other types of 

noise, can be considered. 

 

For this purpose, it is also intended to generate new 

datasets. One of these can be obtained from 

measurements of an electrical system with geometry 

molds such as those used in this work. 

 

Next, it is intended to implement a version of this tool 

in real time, to study the system in a dynamic 

environment. 

 

Finally, thanks to the tool developed in this research, 

it is possible to specifically detect the position of a 

nerve to position an electrode on it, which 

subsequently will allow to measure the electrical 

signal in it, or to stimulate it. 
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