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A B S T R A C T

One of the most promising clinical applications of Electrical Impedance Tomography (EIT) is real-time mon-
itoring of lung function in ambulatory or ICU due to the rapid, non-invasive and non-ionizing nature of the
measurements. However, to move this modality into routine clinical use will, as a minimum, require the de-
velopment of realistic and computationally efficient forward and inverse meshes of the thorax and the lungs
alongside mechanisms to extract quantitative information from the resulting reconstructed images. The latter
will allow for reduction of artefacts and better localization of conductivity changes within the image domain.
This research aims to contribute towards this goal, by introducing a pipeline for the generation of anatomically
accurate meshes for EIT forward and inverse models. We achieve this by the segmentation of realistic volumetric
data from thoracic CT volumes, and subsequent tessellation. Mesh quality is assessed in terms of aspect ratio,
dihedral and face angles. Moreover, the generated meshes are fused with currently available EIT software, with a
novel electrode placement method, to show the practical application of the generated meshes. Results show that
anatomically constrained unstructured meshes can be generated, conforming to realistic anatomical geometry,
and performing well in EIT numerical computations. Such realistic computational models will further enhance
the performance of EIT reconstruction algorithms, thus offering significant benefits to clinical EIT lung imaging.

1. Introduction

There is substantial evidence that the electrical properties of tissue
vary according to its state of health [1–4], which offers the opportunity
to distinguish healthy and abnormal tissue, once these electrical prop-
erties are known. Hence, if this latent conductivity distribution among
different types of tissue is inferred from measurements, a powerful di-
agnostic tool could be developed. The problem of conductivity dis-
tribution reconstruction from surface measurements is non-linear and
ill-conditioned. This can be typically solved using 2D or 3D Finite
Element Methods (FEM), subject to appropriate regularization strate-
gies [5,6]. The considerable changes in lung impedance with respira-
tion, and the ease of using impedance tomography as a monitoring
technique, led to a significant body of research in lung impedance
imaging [7–13]. Current strategies to provide lung protective ventila-
tion rely on avoiding lung overdistension by reducing tidal volumes and
on opening atelectasis by applying adequate positive end-expiratory
pressure. However, it is currently impossible to continuously measure
regional lung overdistension and atelectasis while a patient is

ventilated. Indeed, this type of information may produce extremely
relevant information that could lead to reducing ventilator-induced
lung injuries. Electrical Impedance Tomography (EIT) can resolve
changes in the distribution of lung volumes between dependent and
non-dependent lung regions as ventilator parameters change. Thus, EIT
measurements may be used to control ventilator settings to maintain
lung protective ventilation on an individual patient basis [11,14–16].

In spite of the aforementioned advantages, EIT still suffers from
certain limitations that could impede its adoption in routine medical
diagnosis. It is well known in theory that a reconstructed EIT image is
unique for noise-free, complete boundary data [16]. However, in
practice, EIT suffers from poor spatial resolution due to noise, low
sensitivity of boundary voltages to inner conductivity perturbations and
the limited number of boundary voltage measurements [17]. Moreover,
reconstructed images are usually difference (rather than static) images
due to the application of the linearization process, which prevents the
use of EIT in diagnosis of a number of diseases and makes it less
comparable to other medical imaging modalities, such as CT and MRI.
An additional challenge is that EIT patient histories generally include
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data from a limited battery of tests, thus, making it difficult to train
sufficiently complete models to study the functional behavior of various
human organs.

An attempt was made to develop a consensus in one aspect, i.e., a
linear reconstruction algorithm for lung EIT, known as GREIT (Graz
consensus Reconstruction algorithm for EIT) [18]. However, latter work
focused on applying the GREIT algorithm on a 2D grid, which neither
incorporates the lungs in the 3D forward model, nor uses any standards
for EIT lung image interpretation. A number of contributions were
made to support 3D imaging in real time, optimal electrode placement,
and measuring the associated image quality [19–23].

Considering the existing progress and challenges, and focusing on
developing dynamic yet realistic FEM models, it is appropriate to build
shape models, which not only incorporate realistic human thorax and
lung information but also exhibit comparable functional behavior. The
latter aspect requires the development of a framework for such ready-
to-use FEM models. Although there exists a spatial resolution limit that
can be achieved independently of mesh density, the use of very coarse
meshes will result to model geometries, which are far from realistic,
thus biasing the final solution. Realistic patient-specific EIT computa-
tional models need to provide a realistic Finite Elements model and
subsequently, a basis for generating new datasets. Moreover, such
models could serve as a platform for creating statistical shape priors and
used for the regularization of the inverse problem.

Modelling sensitivity distributions for various measurement
schemes requires solving a number of computational problems using
high-resolution anatomically accurate 3D models. The main advantages
of structured meshes are their simplicity and the fact that they lend
themselves to high order difference operators. Their main disadvantage
is that they are more difficult to apply in geometries with multiple
connectivity and/or to problems with irregular boundaries (e.g., lobes).
Moreover, structured meshes are also not well suited for local mesh
refinement; that is, refinement of the mesh local to a particular region
of space, without affecting the mesh resolution away from that region
[24].

Since the human body represents a complex non-homogeneous and
non-isotropic medium with a variable cross-section area, the funda-
mental issues are the nature and relative contribution of various organs
and tissues to the bioimpedance signal. Thus, modelling sensitivity
distributions for various measurement schemes requires solving a
number of computational problems using high-resolution anatomically
accurate 3D models. Unstructured meshes are naturally adapted to re-
present domains of arbitrary connectivity, or with boundaries of arbi-
trary shapes. They can also be refined locally.

Considering the above, in this work, we tackle one very important
and quintessential aspect of the problem, specifically, the generation of
anatomically-valid, unstructured thoracic meshes for both the forward
and inverse models. In summary, the novelties introduced by the cur-
rent work include: (i) Rapid 3D image reconstructions, using realistic
3D forward and 3D inverse thorax meshes, and (ii) A new framework
for the generation and attachment of electrodes onto arbitrary 3D
meshes in the context of 3D EIT imaging.

2. Background

2.1. Image reconstruction in EIT

In EIT, typically a current ( 1mA) is injected through a single (or
multiple) ring of electrodes, attached around the medium under study.
Current is injected into one electrode pair and the voltages between
other electrodes are then recorded. When using the adjacent protocol,
current injection is successively shifted so that all electrode pairs are
used based on a single frequency (typically 50 kHz) or multiple fre-
quencies (up to 1MHz). The governing equation for the voltage field
produced across the body Ω is [25]:

+ =( ) 0 (1)

where σ is the electric conductivity of the medium, is the electric
potential, ω is the frequency, and ε is the electric permittivity. In order
to estimate σ, two interconnected problems, i.e., forward and inverse,
need to be solved. The forward problem relates to determining the
voltage distribution for a known conductivity distribution in the imaged
domain, while the inverse problem consists of conductivity image re-
construction using the measured voltages at the surface of the medium.
Fig. 1 shows a high level overview of this process for the adjacent
current injection protocol, where actual measurements taken from the
body (shown in solid grey) are combined with the voltages obtained
from a mathematical model (shown in grid form) in order to obtain the
reconstructed conductivity image.We represent the forward operator g
by g(m) = d, where m is the model and d is the boundary measurement
voltage vector. The goal is to come up with the model, which yielded
the actual measured voltages, denoted by dT . The simplest approach to
achieve this is by minimizing the sum of squared errors [25]:

d g m|| ( ) ||T F
2 (2)

where F denotes the Frobenius norm.
We assume no model null-space and that only the data misfit term as

described in Equation (2) is required to solve the inverse problem. Thus,

Fig. 1. EIT imaging system: Rotating current injection (I) is performed between pairs of adjacent surface electrodes (shown in blue color) on a cross-section of the
human thorax, and resulting voltages (V) are measured between other pairs of electrodes and passed to a PC for impedance distribution reconstruction.
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by linearizing the g operator, we may employ linear methods, e.g.,
Conjugate Gradient (CG), to derive the critical points of Equation (2).
This is achieved by linearizing the forward problem in the neighbor-
hood of the reference model m ,0 using Taylor series expansion:
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Ignoring the higher order terms,

= +g m g m G m m( ) ( ) ( )0 0 (4)

where G is a rectangular matrix that gives the sensitivity of the forward
problem to the model parameters at =m m0:

=
=
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i m m0 (5)

Next, we use Taylor series expansion to linearize the inverse pro-
blem:

= +d g m g m G m m( ) ( ) ( )0 0 (6)

Let = =d d g m and m m m( )0 0 denote the perturbations, so

=d G m (7)

which is the linearized inverse problem for the perturbation of m about.
=m m .0
As the problem is ill-posed, i.e., small errors in the measurements

may introduce large errors in the reconstruction, the minimization of
the voltage error in Equation (2) is not likely to yield sufficiently good
results. This is because, in practice, linear Least Squares calculations
usually involve singular matrices or matrices that are close to being
numerically singular, i.e., small eigenvalues. For a unique solution,
additional information about the conductivity is required, which is
known as the prior. Regularization mitigates these singularities. This
can be done by discarding small eigenvalues or penalizing the magni-
tude of acceptable solutions and the data misfit. In other words, the
minimization problem of Equation (2) can be written as [25]:

+d G m R mmin (|| ( ) || || || )T
2 2 (8)

The first part of Equation (8) is the data misfit, while the second part
is the regularization term. The fudge factor (or hyperparameter)
controls the trade-off between the two terms and not only considers the
possibility of minimizing the norm of m, but also the norm of some
linear function (i.e., R) of the mode. When = …R n, 0,1,2,n and n is
an n-th order discrete difference operator, the second term in Equation
(8) penalizes the slope, roughness, or higher order derivatives of the
model, respectively.

3. Methodology

3.1. System overview and image pre-processing

The proposed pipeline for realistic 3D forward and inverse mesh
generation entails a framework for the segmentation of CT volumes of

the thorax to the actual tetrahedral mesh generation and attachment of
electrode rings, as shown in Fig. 2. To further evaluate the meshes,
following electrode attachment and tetrahedralization, the EIT elliptical
differential equation is solved on the volume meshes using fast 3D-3D,
forward-inverse, dual models in order to produce conductivity images
of the thorax.

In order to segment the CT images, as there are many stacks of
slices, the goal is to use techniques that require little or no manual
intervention. For each CT volume, we start by thresholding slices using
the algorithm proposed in Ref. [26]. This iterative method computes
the value of a threshold so that two groups of pixels, i.e., foreground
and background, are well separated. It works as follows: Let Ti be the
threshold value at step i and µ µ,1 2 be the average intensities of the
body pixels and non-body pixels, respectively. Then, the threshold for
step i + 1 is set to the mean of µ µ,1 2. The threshold updating procedure
is repeated until there is no change in the threshold value, i.e., =+T Ti i1 .
A sample thresholded image of one of the training images is shown in
Fig. 3(b).

To extract the thoracic wall, the image is inverted, holes are filled
using region filling and the resulting image is labelled as thorax and
assigned a value of ‘1’, as shown in Fig. 3(c). The lung lobes are seg-
mented by removing the background in Fig. 3(b). Here, background
pixels are identified as follows: they are non–body pixels and connected
to the borders of the image. Thus, every connected region of non–body
pixels, which touches the border is considered as background and dis-
carded. Next, the lung lobes are filled, which results to the image of
Fig. 3(d). In order to extract the bone structures, as the intensity of the
bones is much higher than that of the surrounding tissues, we threshold
the CT image using the 0.96 quantile, fill in the holes of the resulting
images and remove any remaining isolated pixels. This results in the
image of Fig. 3(e). Finally, by assigning different labels, we obtain the
multi-labelled image in Fig. 3(f). A complete segmentation of the vo-
lume set is shown in panels (g-i) of Fig. 3.

3.2. Dataset

For the experiments, we used the sequences from the POPI-model
[27], obtained from the Léon-Bérard Cancer & CREATIS Lab Center,
France. The images were acquired using a Philips 16 Slice Brilliance CT
Big Bore Oncology™ configuration. Each slice of the DICOM files has a
resolution of 0.976562mm × 0.976562mm × 2mm. The size of the 3D
volume is 512 × 512 × 141 voxels. As the objective is to create Finite
Element models for simulations that may require matrix inversion, it
was necessary to reduce the dimensions of the input dataset. The
images were cut in the X and Y dimensions to the smallest size still
containing all patient features. The images were then reduced by re-
taining every third point in the X and Y dimensions to get a final
working image of 161 × 121 × 141 voxels.

3.3. Electrode generation and placement

The structure and performance of the electrode system greatly in-
fluences the original information extraction, real-time properties of the
system, image resolving power, and in particular, information

Fig. 2. Thoracic imaging system overview.
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extraction from the center area, where EIT measurement sensitivity is
poor, making the design of the electrode system, a pivotal part of any
EIT system. Because the imaging area of EIT is often circular or
spheroidal, some important structural parameters of the EIT electrode,
such as the electrode width, the distance between electrodes, etc, im-
pose restrictions on each other. The mutual influence of these para-
meters is rather complex, which makes the design and parameter se-
lection of the electrode configuration an arduous task. In practice,
electrodes can be made of larger or smaller areas resulting in smaller or
larger inter-electrode gaps, respectively, representing a trade-off, i.e.,
larger electrodes provide better contact, however the resulting inter-
electrode gap is smaller, thus leading to larger shunting currents from
the electrodes, which are not involved in excitation. This shunting ul-
timately reduces the ability of the probe to sense at distance, as a
fraction of the injected current does not travel into the tissue, but rather
has a return path through the electrode array itself.

Electrode generation on an unstructured mesh constitutes a major
challenge as incorrect modelling of electrode dimensions may affect the
FEM simulations, since they are the lead fields for current injection and
pick-up. In order to create good quality electrodes, the thorax mesh
needs to be locally refined in order to accommodate for the electrodes.
Electrodes placed at a mid-thoracic level show a good approximation of
the global lung behavior [28]. Placing electrodes too low may result in
a large contribution of mediastinum or abdominal impedance changes
in the center of the EIT image.

In what follows, we describe the development of an automatic
method for placing 16 circularly shaped electrodes on an unstructured
mesh. Any number of electrodes can be used as long as the restrictions
of inter-electrode spacing are adhered. The proposed algorithm only

requires the definition of the Z coordinate at which the electrodes need
to be placed. The algorithm works as follows: Once the Z coordinate is
specified, e.g., at zl, the thoracic mesh is cut through with a plane
perpendicular to the Z-axis at zl. Next, in order to find the intersection
points, the coordinates, where the edges of each mesh element, in the
neighborhood of z ,l intersect the plane are calculated. This is performed
using the concept of the intersection of a plane with a triangle. Using
the plane equation in vector form, =n X X( ) 00 , where n is a unit-
length normal vector, X a point position vector, and X0 a point position
vector at some point p0, a point pk is situated on the left side of the
plane, when >n p X( ) 0k 0 , on the right side of the plane, when

<n p X( ) 0k 0 , and finally, on the plane itself, when =n p X( ) 0k 0 .
The problem of finding the intersection of mesh elements with a

plane can be simplified, by considering a triangular element as a
combination of three edges (or lines). Thus, the problem of finding
intersections can be reduced to that of finding the intersection of lines
and a cutting plane. However, in order to find such intersecting edges,
the location of each edge node needs to be determined. We are only
interested in edges whose nodes lie on both sides (upper and lower) of
the cutting plane. These edges can be found using the aforementioned
formulation of the signed distance function of a point from a plane.

We determine these edges by going through each element and ap-
plying the distance rule, and only preserve the element edges whose
nodes are situated at opposite sides of the plane. Once the edges are
selected, their intersection points with the cutting plane are determined
using the shape shown in Fig. 4. As shown in the figure, for a point M to
be on the plane, Equation = =n M X n M w( ) 00 must hold, where
w is a scalar. Moreover, for point M to be located on the line connecting
edge points p x y z( , , )1 1 1 1 and p x y z( , , )2 2 2 2 , it should satisfy the line

Fig. 3. Segmenting a CT slice: (a) Cross-section of chest CT, (b) Thresholded image, (c) Thorax region, (d) Lung lobes and trachea, (e) Bone structures, (f) Multi-
labelled segmented image, (g) 3D reconstruction, (h) Lateral view, (i) Ventral view.
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equation, = +M p p p t t( ) , [0,1]1 2 1 . Substituting this into the plane
equation and solving for t, we obtain

= =t
n p

n p p
w

w w
.

( )
1

1 2

1

1 2 (9)

where =w n p.k k for k = 1, 2. Therefore, the point of intersection is
given by,

= +M p w
w w

p p( )1
1

1 2
1 2 (10)

This process is performed for all selected edges, thus resulting to the
set of mesh intersection coordinates. However, these coordinates
cannot be used as electrode centers as they do not necessary adhere to
the equal inter-electrode spacing requirement. In order to resolve this,
the cloud of mesh intersection points is approximated using MATLAB's
spline interpolation function with 16 control knots, i.e., the number of
control knots is set equal to the number of electrodes. The end product
of this process is a set of equally spaced points around the thorax at the
defined height/slice. Once these coordinates are determined, the cor-
responding elements that the points fall into on the thorax mesh are
marked and passed on to the refinement step.

The marked elements and their neighbors are the input to the local
refinement step. In order to refine the mesh locally, we use the Red-
Green-Blue (RGB) subdivision method [29]. This generates the same
limit surface of the Loop subdivision [30], independently of the order of
application of local operators. It also supports dynamic selective re-
finement and generates conforming meshes at all intermediate steps.

3.4. Tetrahedral mesh generation

The problem of generating high quality FEM meshes of the human
body remains a significant barrier to progress in EIT. The mesh must be
sufficiently fine to represent potentials with the necessary accuracy to
predict the measured voltages as a function of conductivity. In turn, this
sets the requirements for the accuracy of representation of the surface
shape of the region to be meshed, and the geometry of the associated
electrodes. The mesh needs to be finer in areas of high field strength,
and in particular, near the edges of the electrodes. TetGen was used for
tetrahedral mesh generation [31]. TetGen offers a suite of techniques to
generate tetrahedral meshes from three-dimensional point sets or do-
mains with piecewise linear boundaries. In particular, we employed the
module that computes the Constrained Delaunay Tetrahedralization
(CDT) from the isosurface mesh produced by the Computational Geo-
metry Algorithms Library (CGAL).

During tetrahedralization, bone structures are not used as this re-
quires a finer mesh in these regions, which would heavily impact on the
total number of elements and associated computations. Moreover, as
difference imaging is used, bone structures will not be visible in the
final EIT image since the associated conductivity changes are

considered negligible, however, this assumption is not always true [32].
Instead, the thoracic wall and lung surface meshes are used in the tet-
rahedralization process. TetGen assumes that the surfaces of the input
objects are already meshed and represented as a polyhedron. This
polyhedron is also known as a Piecewise Linear Complex (PLC). The
output is a constrained Delaunay volume mesh that contains quality
tetrahedral elements. The implementation first generates a new surface
mesh and then a tetrahedral mesh using a size parameter to control the
resolution, which was set to 2. This setting was used at the surface mesh
generation stage for both the lobes and the thoracic wall. Larger size
numbers did not yield any tetrahedralization, as this would result in
intersecting facets in the tetrahedralization step.

There are several quality measures in the literature for tetrahedral
volume meshes. In this research, we used the quality measures available
in TetGen. For high accuracy FE meshes, it is generally necessary that
the shapes of tetrahedra have bounded aspect ratios. The aspect ratio of
a tetrahedron is the ratio of the maximum side length to the minimum
height. For a quality mesh, this value should be as small as possible. A
similar but weaker quality measure is the radius-edge ratio. The radius-
edge ratio Q is the ratio of the circumsphere radius R to the length of
the shortest edge L, defined as Q = R/L. For all well-shaped tetrahedra,
this value is small, while for most badly-shaped tetrahedra, this value is
large. After tetrahedralization, automatic mesh quality evaluation is
performed and a mesh quality report on the smallest and largest vo-
lumes, the shortest and longest edges, the smallest and largest dihedral
angles, radius-edge ratio histogram, aspect ratio histogram, dihedral
angle histogram is generated by TetGen.

3.5. Sensitivity field

The sensitivity of the voltage measurements to variations in the
conductivity distribution can be computed with the forward model.
Initially, the lead field is often unknown, but may be found by FEM
modelling to the extent that the volume dimensions and conductivity
distribution are known. The lead field illustrates the sensitivity dis-
tribution of the pick-up electrodes (PU) for current carrying (CC)
electrodes. For tetrapolar measurements, the change in the voltage
difference, V Vm n , or sensitivity to a variation in the conductivity
distribution, , given that the current was injected through the elec-
trode pair (i, j) is given by Ref. [25]:

=V V E E( )m n PU m n CC i j( , ) ( , )
(11)

where ECC(i,j) is the actual electric field resulting from the applied
current at electrode pair (i,j), and EPU(m,n) is the electric field that would
result from the application of a unitary current stimulus at measure-
ment pair (m, n). Moreover, optimum electrode configuration is crucial
in order to focus the measurements on the desired tissue volume.

The sensitivity of a transfer impedance measurement in a limited
volume with four surface electrodes can be determined by examining
the dot product, as in Equation 11 (also see Fig. 5). In some volume
positions where the vectors are perpendicular to each other, the mea-
sured impedance is insensitive to local resistivity changes. In other
positions, the angle is > 90°, thus, sensitivity is reversed.

3.6. Image reconstruction

In order to perform image reconstruction, EIDORS was used
[33,34]. EIDORS is an open source software suite for image re-
construction in EIT and diffuse optical tomography. We assume that the
smoothness of the conductivity distribution is isotropic within the
thorax and lungs. As the number of elements is high, a dual re-
construction model is employed in the simulation studies. The dual
reconstruction model uses a fine FEM mesh to implement the forward
solution, and a coarser FEM mesh for the inverse solution. The 21/2 -D
assumption from the Geophysics community [35] is invoked that all

Fig. 4. Mesh elements clipped by a plane.
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source and receiver electrodes are co-planar at Z = 0. In other words,
the medium properties are assumed to be constant in the Z direction.

3.6.1. 3D-3D dual reconstruction
The quality of the generated meshes was tested on FEM simulations

for the solution of the forward and inverse problems using EIDORS
[34]. As a 3D inverse model is used, it is of paramount importance to
correctly model the 3D flow of current inside the thoracic volume. This
was achieved by increasing the number of electrode rings to two in
order to increase the resolution of the simulations in the Z direction.
The resulting simulations were fast, compared to those on finer meshes.

In the employed 3D-3D method, the forward problem was solved on
the fine mesh, using a forward operator F, which takes the initially
assigned element conductivity values, fine, and produces the voltages at
each node of the mesh, i.e., =V F ( )fine . Next, the reconstruction model
was defined over the coarse mesh, where the element conductivities on
this mesh, coarse, are related to the conductivity values of the fine mesh
by a matrix multiplication, i.e., = P .fine coarse Each element P[ ]i j, re-
presents the fraction of the fine element i enclosed in the coarse element
j. Next, the Jacobian matrix was defined over the coarse Jcoarse and fine
Jfine meshes as follows:

= = =v J J P Jfine fine fine coarse coarse coarse (12)

where =J J Pcoarse fine . As the Jacobian matrix of the fine mesh is quite
large, EIDORS uses an adjoint approach to calculate it.

4. Results

All reconstructions were carried out using MATLAB 2010a
(Mathworks Inc.) using an Intel Xeon 5130, 2.00 GHZ processor with
3.25 GB of RAM.

4.1. Electrode placement

We performed RGB refinement on the thorax mesh in order to refine
it near the electrodes. Once the mesh is locally refined, the faces within
a specified radius of the center were found. An example result of this
process is shown in Fig. 6. In this particular setting, the mesh was cut
along the Z coordinate at the 70th slice. The coordinates of the inter-
sections and their respective centers were extracted using B-splines and
refined using the RGB algorithm.

In general, due to the unstructured nature of the mesh, the gener-
ated electrode surfaces do not occupy the same area. This is an un-
desirable outcome as it affects the contact surface area of the electrode.
This would lead to a variation in the amount of injected current per unit
area at different electrode positions. Thus, it was necessary to ensure
that all electrodes have equal surface areas. To achieve this, the elec-
trode with the minimum number of faces among the set of 16 electrodes
was determined and the surface areas of the remaining 15 electrodes
were modified, by iteratively removing the faces furthest from the

center. This process was performed until all electrode surface areas
become equal or the surface area variance meets a pre-specified
threshold criterion. In the mesh of Fig. 6, a variance of 0.012 between
electrode surface areas was achieved.

4.2. Tetrahedral mesh generation

The result of the tetrahedralization process and associated mesh
statistics for the volume of Fig. 6 with incorporated lungs are shown in
Fig. 7 and Table 1, respectively. For all meshes used in the simulations,
the radius-edge ratio of the tetrahedron was set to 1.4 to ensure a good
quality mesh. The fine mesh of Fig. 7 is comprised of 48052, 257660,
528814 points, tetrahedra and triangles, respectively. The number of
elements in the final mesh could be further reduced if regions of high
field strength inside the object and where the potential gently decreases
are found.

Considering the parameters of Table 1, starting from the aspect ratio
parameter, which is a measure of the quality of an element (i.e., ratio of
the diameter of the enclosing sphere to the diameter of the enclosed
sphere), an ideal aspect ratio is close to unity. It can be observed that
the aspect ratio of 693 elements is greater than 10, which is on the high
side (five being a good upper bound goal).

However, 92.21% of the elements fall below the aspect ratio value
of 5, which is acceptable [36]. Next, we inspect the dihedral angles
parameter in the table. This parameter ultimately determines the suc-
cess of any FEM, i.e., large dihedral angles cause large interpolation and
discretization errors, robbing subsequent numerical simulations of their
accuracy, while small dihedral angles render the stiffness matrices as-
sociated with the FEM method fatally ill-conditioned [37]. In general,
dihedral angles of a well-sized tetrahedral mesh are bounded between

°10. 7 and °164. 8 [37]. According to Table 1, 99.73% of the generated
dihedral angles fall between the recommended values, which confirms
the good quality of the generated mesh. Finally, the values of the face
angles reveal that 99.99% of face angles lie above 10°, which reinforces
that mesh quality is accurate and acceptable.

4.3. Image reconstruction

• 3D-2D reconstruction

EIT simulations using 3D meshes for both the forward and inverse
problems based on a realistic model of the thorax including the lungs
were performed. For the initial 3D forward, 2D inverse reconstruction,
simulated data were generated using two 3D FEM meshes with 45998
and 257660 elements (i.e., mesh of Fig. 7), respectively. The former
uses a circular inclusion, while the latter is adapted to the lungs with a
larger number of elements, based on the complete electrode model and
trigonometric current patterns [38]. Data for the reference frame was
generated using a homogenous background conductivity with = 10 .
The inverse problem was solved using the regularization procedures
previously described using a 21/2 -D reconstruction.

4.3.1. Sensitivity distribution
The sensitivity field between electrode pairs (6, 7) and (14, 15) is

shown in Fig. 8 for the mesh of Fig. 7(a). It can be seen that sensitivity
remains high near the electrode regions, where current was injected.
The reciprocal current density JPU near the electrodes is very high, and
one may be led to believe that sensitivity is high in this zone.

The pick-up electrode pair should be appropriately positioned so
that the corresponding volume is in a high sensitivity zone of the PU
electrodes in order to detect interesting physiological processes taking
place in the tissue. Fig. 8 demonstrates that the dot product JPU∙JCC has
high values near the PU electrodes.

4.3.2. 3D thoracic current density distribution
To visualize the current density distribution in 3D, a 0.3 change in

Fig. 5. Four-electrode system with current density and reciprocal current
density lines. Sensitivity is shown at a single point. The dot product of the two
current density vectors and therefore, the sensitivity is small, as the vectors are
nearly perpendicular.
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conductivity was applied to the lung regions in order to simulate the
effect of an inhomogeneity. Here, the mesh is adapted to the lung lobes,
which results in the ultra-fine mesh of Fig. 7 and re-displayed in
Fig. 9(a) with the electrodes attached. In this mesh, as the resolution of
the volume mesh is high, there is no need for refinement near the
electrode regions. This was done following the use of the same forward
solver to generate simulated data with no noise to evaluate whether the
simulated conductivities can be recovered well using a variety of a

priori assumptions. The simulated data used 16 equi-spaced electrodes
on a plane driven with the adjacent current drive protocol. Fig. 9(b)
shows the use of the L-curve method for the choice of the hyperpara-
meter. This method plots the semi-norm of the regularized solution,
log || M ˆ ||10 versus the norm of the corresponding residual vector,
log || J ˆ V ||10 1 , parametrically over . The most suitable value of the
regularizing parameter is determined by selecting one intermediate
point on the corner of the L-curve. Measurements involving one or more
of the driving electrodes were discarded giving 208 independent mea-
surements per data frame. The estimated current density is shown as a
vector field in Fig. 9(c and d). This figure demonstrates the non-planar
nature of current streamlines and why it is not possible to apply CT
reconstruction algorithms for use in EIT, as current cannot be confined
to flow on a 2D plane. The change in direction of the current stream-
lines as current passes through regions of varying conductivity can also
be observed.

For the aforementioned mesh, the resulting reconstructions did not
generate clear delineations of the lobes, as shown in Fig. 10. This un-
derlines the lack of suitability of using 3D-2D dual models for lung EIT,
particularly, in the context of the axial variability of the lungs in the
thorax. In summary, the ultrafine mesh of Fig. 7, supported by the
statistics of Table 1, provides an accurate platform for solving the for-
ward problem, and generating synthetic data. However, as its large dual
reconstruction models use a high density FEM to implement the

Fig. 6. Electrode generation: (a) Selected elements are adaptively refined using the RGB algorithm and finally a radius is selected to enclose all faces lying underneath
a particular electrode to comprise the final electrode, (b) zoom-in version.

Fig. 7. Tetrahedralization of the thorax and the lobes: (a) Surface view, (b) Side view, (c) Cross-sectional view.

Table 1
Mesh statistics.

Aspect ratio histogram Histogram (degrees) Dihedral angle Face angle

< 1.5: 4628 0-10: 1393 23
1.5–2: 56236 10-30: 46659 61964
2–2.5: 77174 30-50: 146662 359375
2.5–3: 55265 50-70: 62946 213393
3-4: 42896 70-80: 4058 176509
4-6: 15049 80-110: 159308 232386
6-10: 5719 110-130: 61951 13803
10-15: 661 130-150: 23980 172
15-25: 28 150-160: 6274 2
25-50: 4 160-170: 2089 1
50-100: 0 170-175: 0 0
100-: 0 175-180: 0 0
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forward solution (voltages at electrodes), and a low density mesh for
the inverse solution, the 3D-2D approach was not able to produce
sufficiently good reconstructions.

• 3D-3D dual reconstruction

The challenge in achieving faster simulations is to maintain the
realism of the topology of the mesh in Fig. 7, while significantly de-
creasing the number of tetrahedral elements. The latter objective can be
achieved if the mesh does not contain interior organs, thus allowing the
use of mesh decimation techniques to reduce the size of the interior
elements [39]. In this research, the size of the mesh was reduced, by
first, sampling every second point in the X, Y and Z directions. More-
over, TetGen offers an option, the ‘-pq’ switch, which creates volumes,
containing other sub-volumes, where the size of the meshes is well-
graded with respect to the input boundary [40], i.e., in the thoracic
wall, mesh size is small near the boundary and gradually increases in
the interior. The statistics of the forward mesh are shown in Table 2,
under the entry for forward (FWD) mesh. A 3D mesh, which does not
contain the lungs, is employed in the inverse stage, thus simplifying the
meshing process and keeping the number of tetrahedral elements re-
latively low. The statistics of the inverse (INV) mesh are shown in
Table 2. It is important to emphasize that it is not possible to use the
same model mesh for the solution of both the forward and inverse
problems, as this would constitute an inverse crime.

The inverse mesh of Table 2 is comprised of 6972 tetrahedra and
1432 vertices. By examining the entries of Table 2, only 5 elements
have aspect ratios greater than ten, while the remaining elements fall
within acceptable margins [37,40]. Next, by inspecting the dihedral
angles of the table, and considering that dihedral angles of a well-sized
tetrahedral mesh are bounded between °10. 7 and °164. 8 , it can be ob-
served that 99.89% of all dihedral angles fall within acceptable values.
Finally, the values of the face angles reveal that they all lie above 10°,
which is another indication of the quality of the generated mesh. Ac-
cording to Table 2, the forward tetrahedral mesh is comprised of 46219
tetrahedra and 9139 vertices, respectively. Going through the entries of
the table, only 300 elements have aspect ratios greater than ten, while
the remaining elements fall within acceptable margins. More than
89.9% of the dihedral angles fall between °10. 7 and °164. 8 , which is an
indication of the good quality of the mesh. Finally, almost 99.9% of the
values of the face angles are above 10°.

The inverse mesh of Table 2 is comprised of 6972 tetrahedra, which
is considerably smaller than the mesh of Fig. 7, consisting of 257660
tetrahedra. To test the performance of the generated meshes, FEM si-
mulations for the solution of the forward and inverse problems were

carried out in EIDORS. As the 3D inverse model is used, it is of para-
mount importance to correctly model 3D current flow inside the thorax.
This was achieved by using two electrode rings to increase the resolu-
tion in the Z direction. The resulting simulations were fast, when
compared to those with the finer meshes. It takes on average 1.14s and
0.53s to solve the forward and inverse problems, respectively. These are
significant improvements in EIT 3D reconstruction, when considering
the 3D nature of the inverse model. In the employed 3D-3D method, the
forward problem was solved on the fine mesh. The reconstruction
model was defined over the coarse mesh. As the Jacobian matrix of the
fine mesh is quite large, EIDORS uses an adjoint approach to calculate
this.

Using the spatial extent of the lungs as ground truth, it was possible
to estimate the accuracy of the reconstructions, when it comes to re-
covering the volume of the lung lobes in their entirety. In order to carry
out the former, the volume sum of each element corresponding to the
left and right lobes in the original mesh was calculated and the same
process of volume calculation was performed in the segmented volume
mesh of Fig. 11(c).

As an unstructured mesh was used, the volume of each tetrahedron
varies. The original volume of Fig. 11(a) was calculated in terms of the
number of voxels to be equal to 4.5747e+004, while the thresholded
conductivity mesh of Fig. 11(c) gives a total of 3.0806e+004 voxels.
Therefore, the reconstruction makes up to 67.34% of the original vo-
lume. Reconstruction accuracy can be further improved by increasing
the value of the hyperparameter, however, to the expense of introdu-
cing artefacts outside the locations of the lobes. This may be proble-
matic in instances where the original shape of the lungs is unknown.
Naturally, increasing the number of electrode rings will also contribute
in improving the quality of the reconstructions by increasing the re-
solution along the Z direction.

5. Discussion

A system pipeline for generation of quality meshes in EIT forward
modelling and inverse reconstruction simulations was introduced.
Additional investigations into the behavior of the generated meshes
under different current patterns, multiple electrode rings, types of re-
construction algorithms and associated priors are not within the scope
of the current work. When designing EIT solutions, there are two fun-
damental aspects, which need to be carefully considered. First, the use
of additional electrodes will not result in significant gains in resolution
near the center of the mesh. Second, care should be placed in avoiding
the use of meshes, which are significantly finer than the smallest var-
iations in conductivity that the EIT system can distinguish as this will

Fig. 8. Sensitivity is illustrated at tetrahedral centroids: (a) frontal view, (b) top view. Red and blue regions refer to regions of maximum and minimum sensitivity,
respectively.
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result in greater ill-conditioning of the system matrix.
In the context of EIT, there is a number of 3D real-time imaging

studies in the state-of-the-art. In 2016, Schullcke et al. [19], sought the
practical feasibility of a double electrode band, using two independent
EIT devices for real-time multi-plane imaging. However, the utilized
meshes were based on cylindrical phantoms. It would be interesting to
explore the use of the models developed in the current research with the
approach proposed in Ref. [19] to evaluate performance improvements
using realistic models of the thorax and the lungs. A similar study by
Wagenaar and Adler [41] explored improvements when using two
electrode rings around the thorax for volumetric EIT reconstructions.
The goal was to characterize the phantom and the in-vivo performance

of 3D EIT with two electrode planes. First, phantom measurements
were used to measure the reconstruction characteristics of seven sti-
mulation and measurement configurations. Next, measurements were
performed on healthy volunteers as a function of body posture and
various electrode configurations. Phantom results indicated that the
proposed approach provides reasonable resolution in the electrode
plane, however, it is affected by low vertical resolution. Moreover, the
study lacked in using adequately realistic meshes so as to augment the
quality of the reconstructions, since a cylindrical phantom is an over-
simplistic approximation of the human thorax. The approach closest to
the present work is that of Grychtol et al. [6], where the capabilities of
GREIT were expanded to 3D, by building FEM models from the Visible

Fig. 10. Evolution of D21/2 reconstructed images with varying hyperparameter values: (a) = 10 12, (b) = 10 5, and (c) = 10 2.

Fig. 9. Image reconstruction using the thorax
mesh adapted to the lungs: (a) The mesh used to
generate the data, (b) Illustration of the quan-
titative effect of the global hyperparameter
using the L-curve. 3D current density flow si-
mulated between two electrodes based on the
thorax mesh of (a): (c) side view, (d) dorsal
view. Note, the current streamlines overlaid on
the 75th slice of the X-ray CT are also displayed.
The vector field was decimated by 10% for im-
proved visualization of the field distribution.
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Human Project data set [42]. However, the lungs in the study were
defined based on ellipsoidal geometries in anatomically appropriate
regions, thus not fully considering the complex geometry of lung lobes.
Moreover, the resulting reconstructions were of low quality and no
quantification was provided. In the current study, we introduce realistic

and anatomically sound meshes, and show how they can be readily
incorporated into existing software to produce 3D EIT reconstructions.

A number of issues need to be considered in order to move towards
a 4D model of respiration. Indeed, the Finite Element method is a
powerful tool in the simulation of conductivity changes of the lungs.

Fig. 11. 3D reconstruction results with inhomogeneity introduced inside the left and right lungs: (a) original mesh with inhomogeneity, (b) reconstructed con-
ductivity, (c) thresholded conductivity, (d) conductivity of (b) at slice Z= 30, (e) conductivity of (b) at slice Z=35, (f) conductivity of (b) at slice Z= 40.

Table 2
Mesh statistics for the new forward (FWD) and inverse (INV) meshes.

Aspect ratio histogram FWD mesh INV mesh Histogram (degrees) Face angle Dihedral angle

FWD mesh INV mesh FWD mesh INV mesh

< 1.5: 646 349 0-10: 3 0 478 15
1.5–2: 6852 3008 10-30: 22861 251 11659 691
2–2.5: 9026 2128 30-50: 53857 10134 23083 3627
2.5–3: 8309 706 50-70: 33398 7849 9899 2638
3-4: 12172 476 70-80: 27220 5294 463 199
4-6: 6043 209 80-110: 46190 5471 26554 4599
6-10: 1742 91 110-130: 3896 112 11407 1443
10-15: 293 4 130-150: 185 3 4799 580
15-25: 36 1 150-160: 2 0 1408 113
25-50: 0 0 160-170: 0 0 488 39
50-100: 0 0 170-175: 0 0 0 0
100-: 0 0 175-180: 0 0 0 0
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However, using a time sequence of realistic 3D FEM models of the
human organs will result to a significant increase in the number of
image artefacts. This is due to the higher ratio of mesh elements, when
compared to the number of boundary measurements. Moreover, the
convergence speed may be dramatically affected. When 3D models are
to be used for both the EIT forward and inverse problems in practice,
e.g., at the bedside, the computational domain becomes large and
computations need to be carried out over longer time periods.
Subsequently, the scale of the problem becomes large and thus, it is
essential to use methods, which are as efficient and fast as the available
hardware allows. A means forward towards this goal is to investigate
large-scale parallel Finite Element computations such as domain de-
composition techniques [43], which have been successfully applied in
several large-scale flow problems in the mechanical engineering com-
munity. The proposed subdivision has two main purposes, namely, (a)
to distribute element computations to CPUs in an even manner, and (b)
to distribute systems of equations evenly to CPUs for maximum effi-
ciency in the solution process.

In regards to mesh updating, when the requirement is the devel-
opment of an in-vivo 4D simulation environment, e.g., to visualize in
real time the reaction of the lungs as the patient undergoes mechanical
ventilation, due to the unstructured nature of the meshes, new mesh
updating strategies similar to Ref. [44] are needed to handle the
movements of the nodes automatically and reduce the frequency of
remeshing. Another interesting technique was proposed in Ref. [45].
This volumetric deformation technique is a Laplacian editing technique,
which operates on a tetrahedral mesh rather than the traditional tri-
angular mesh. This offers the advantage of minimizing changes in the
volume of tetrahedral elements, thus preventing mesh collapse.

6. Conclusion

We proposed a novel framework for building realistic FEM models
of the thorax directly from CT volumes. The generated meshes provide
an easy to use platform for fast 3D EIT reconstructions, without over-
simplifying organ geometry. They have the potential to pave the way
for the incorporation of dynamic models of lung movement during
breathing, producing real-time 3D EIT reconstructions, which can be
further processed to extract ventilatory parameters. Indeed, the purpose
of this contribution is to contribute towards a general purpose frame-
work for the development of 4D FE phantoms for EIT, rather than to
rigorously evaluate the performance of existing reconstruction algo-
rithms.
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