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Abstract—Electrical impedance tomography (EIT) is a nonlin-
ear and highly ill-posed inverse problem that requires using reg-
ularization technology to get solution. The generalized Tikhonov
regularization method (TRM) is popular in solving the inverse
problem, but its stability is sensitive to the choice of regularization
parameter. It usually needs to get a balance between the accuracy
and stability of the solution, so additional regularization scheme
must be taken for obtaining a stable solution. In this paper, we
propose a novel algorithm based on TRM which is improved
by level set method (LSM). Level set here is used to represent
interfaces between regions with different conductivities, and
the regularization parameter can be changed adaptively during
the iteration process of region boundary searching. Numerical
simulation experiments have shown that the proposed algorithm
obtains perfect stability and higher accuracy in reconstruction
process compared with the algorithm which is based on TRM
only.

I. INTRODUCTION

Electrical impedance tomography (EIT) is a new medical
imaging technique, which has been widely investigated with
many applications in physical and biomedical sciences due to
its relatively cheap electronic hardware requirements and non-
intrusive measurement properties [1]. In EIT, with electrodes
being placed on the surface of the body, different current
patterns are injected into the electrodes, and the corresponding
voltage is measured on the electrodes, then an image is
formed from the reconstructed conductivity distribution [2].
Alternating current patterns are preferred to direct current to
avoid polarization effects. Usually, the frequency of current
applied in EIT is below 1MHz, so the current field can
be considered as a steady current field. This field can be
governed by the nonlinear Laplace equation with appropriate
boundary conditions so that it is impossible to obtain a closed-
form solution of the conductivity distribution. Hence, the
internal conductivity distribution of the unknown object will
be estimated using the boundary voltages based on various
reconstruction algorithms. Because the image reconstruction
of EIT is a highly ill-posed inverse problem, which means
that the small error in measurement will result in large error
of reconstructed image, so the regularization technique has
to be applied in order to obtain a stable solution. Recent
years, many regularization algorithms have been proposed,
such as the singular value decomposition method, information
criterion and matrix coefficient method etc. More recently,

Tikhonov regularization method (TRM) is employed [3], but
it still remains a bit of debate that the stability of the TRM
depends on the setting of the initial values of conductivity
distribution and the selection of regularization parameter.

In this paper, we propose a novel algorithm based on TRM
improved by level set method (LSM) to solve the inverse
problem of EIT. The level set method was initially introduced
for tracking propagating interfaces as in [4, 5], and more
recently it has be applied in shape reconstruction problems
and image processing [6, 7]. Level set has the advantage of
identifying regions with different image or material properties
[8, 9]. So the key feature of our algorithm is using LSM to
represent the interface between domains with different values
of conductivities.

This paper is organized as follows. In section II, the
mathematical model of EIT will be introduced, then, we will
derive our method for solving EIT inverse problem based on
TRM improved by LSM. In section III, some experiments
are presented, and simulation results show that the proposed
algorithm brings better stability and higher accuracy of recon-
struction process. In section IV, we will give a conclusion of
the whole paper.

II. METHODOLOGY

At first, a mathematical model for electrical impedance
tomography is introduced. Let object Ω is a bounded domain
in 𝑅2 (Ω ∈ 𝑅2) with boundary ∂Ω which has outward normal
, and the electrical conductivity distribution of the material
contained in Ω is 𝜎 (𝑠). When the electrical current is injected
into Ω through electrodes which are attached on the boundary
∂Ω, the corresponding induced electrical potential 𝑢 (𝑠) can
be determined uniquely with the nonlinear Laplace equation
which can be derived from the Maxwell equations and Ohm’s
law. The Dirichlet and Neumann’s boundary condition are
shown as (1) and (2), where 𝐽 (𝑠) is the applied current density
on ∂Ω and satisfies the condition expressed by (3), which
specifies a ground state potential.

−∇ ⋅ (𝜎∇𝑢) = 0 𝑖𝑛 Ω (1)

𝜎
∂𝑢

∂𝑛
= 𝐽 𝑜𝑛 ∂Ω (2)



                                                                                                                                          223

∫
∂Ω

𝐽(𝑠)𝑑𝑠 = 0 (3)

Solving the EIT problem is to determine the electrical
conductivity 𝜎 inside Ω using a set of given values of applied
current density 𝐽 and the corresponding observed values of
electrical potential 𝑢 on ∂Ω Such a mathematical model is
obtained from Maxwell’s equations under some conditions.
Here, a 16-electrodes model is used, which is shown in Fig. 1.
This model is discretized and the approximate values of elec-
trode voltages are calculated using the finite element method
(FEM) for obtaining the approximate element conductivity
vector 𝜎 (𝑁 × 1) where the conductivity 𝜎 is supposed as an
approximate constant on each of all elements and 𝑁 is the
numbers of FEM, see Fig. 2.

The forward EIT problem would yield an estimation of
the electric potential field in the inner of the object under
some Dirichlet and Neumann boundary conditions. However,
image reconstruction of EIT is an inverse problem. In order to
reconstruct the conductivity distribution inside the object, the
process of minimizing an objective function 𝜓 (𝜎) with respect
to 𝜎 is needed according to those boundary conditions.

Fig. 1. An arrangement of 16-electrodes mode

Fig. 2. Ω is discretized by FEM with N (N=480) elements

To minimize the objective function 𝜓 (𝜎), a deterministic
approach based on the least squares method must be utilized.
Moreover, for obtaining stable solutions of the ill-posed EIT
inverse problem, some regularization techniques are needed. A
possible scheme is to use the TRM mentioned in [10], which
is expressed as (4),

𝜓(𝜎) =
1

2

∑
∥𝑈𝑚− 𝑈𝑘∥2 + 𝛼∥𝐿𝜎∥2 (4)

where 𝜎 is the unknown conductivity distribution vector in
the object, 𝑈𝑚 is the boundary measured voltage vector by
injecting a certain pattern of current on the electrodes, 𝑈𝑘 is

the conductivity distribution at the k-th iteration of computing
peripheral voltages, which can be obtained using the FEM.𝑈𝑚
and 𝑈𝑘 are all referred to 𝜎. 𝛼 is a regularization parameter
and L is a regularization matrix connecting adjacent elements
of the different conductivities. In the paper, we use Newton-
Raphson (NR) method to get the solution of (4). NR method is
commonly used in solving the EIT inverse problem for its fast
convergence and good reconstruction quality, but an additional
regularization must be applied for obtaining a stable solution
because the stability of the TRM is sensitive to the setting
of the initial value of conductivity and the parameter 𝛼.This
usually needs to make balance between the accuracy and the
stability of the solution. In this paper, LSM is utilized for
its advantage in identifying regions with different image or
material properties. For simplicity of presentation, we assume
Ω contains two different materials with piecewise constant
conductivities 𝜎1 and 𝜎2(𝜎1 and 𝜎2 are positive real numbers).
Let Ω𝑖 be the region containing material with conductivity
𝜎𝑖(𝑖=1, 2) and Γ be the interface between the two regions.
Then, 𝜎(𝑠) can be represented as (5),

𝜎(𝑠) = 𝜎1𝐻(𝜙(𝑠)) + 𝜎2(1−𝐻(𝜙(𝑠))) 𝑖𝑛 Ω (5)

where the function 𝐻(𝑠) is expressed by (6),

𝐻(𝑠) =

{
1 , 𝑠 ≥ 0
0 , 𝑠 < 0

(6)

and 𝜙(𝑠) is the level set function which satisfying the
following expressions in (7).

⎧⎨
⎩

Ω1 = {𝑠 ∈ Ω∣𝜙(𝑠) > 0}
Ω2 = {𝑠 ∈ Ω∣𝜙(𝑠) < 0}
Γ = {𝑠 ∈ Ω∣𝜙(𝑠) = 0}

(7)

To determine the material interface Γ, it has to determine
the level set function 𝜙 depending on the position of the point
s with respect to the boundary between regions with different
values of 𝜎 Clearly, a lot of different level set functions can
satisfy above requirement. A signed distance function is used
as defined in (8).

𝜙(𝑠) =

{
𝑑 (𝑠,Γ) if 𝑠 ∈ Ω1

−𝑑 (𝑠,Γ) if 𝑠 ∈ Ω2
(8)

It is known that 𝜙 satisfies the partial differential equation
in (9),

∣∇𝜙∣ = 1 𝑖𝑛 Ω (9)

because 𝜙 is a level set function that is positive inside Ω1

and negative outside Ω1.Then, the solution of (9) is defined as
the unique steady state solution to (10), see [11] for details.

∂𝑑

∂𝑡
+ 𝑠𝑖𝑔𝑛(𝑑) ⋅ (∣∇𝑑∣ − 1) = 0 𝑑(𝑠, 0) = 𝜙 (10)

Applying idea from Vese and Chan in [12], we can extend
the level set function representation of 𝜎(𝑠) in (5) in the case
of Ω contains more than two materials. Hence, our algorithm
which is derived from two unknown conductivity values can
be easily generalized to recover more conductivity values and
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interfaces between those conductivity values. Except for the
upper bound, the number of unknown conductivity values
need not be specified. The redundant regions will disappear or
merge with other regions during the iterative process. In order
to find 𝜎1, 𝜎2 and and the location of Γ, 𝑈𝑚 and 𝑈𝑘 are
denoted as 𝑈𝑚(𝑠) and 𝑈𝑘(𝑠, 𝜎) separately. So the objective
function 𝜓 (𝜎) in (4) can be extended as (11),

𝜓(𝜙, 𝜎1, 𝜎2) =
1

2

∑
∥𝑈𝑚(𝑠)− 𝑈𝑘(𝑠, 𝜎)∥2 +𝛼∥𝐿𝜎∥2 (11)

Notice, 𝜓 is the function of 𝜎,and 𝜎 is the function of 𝜙, 𝜎1
and 𝜎2. Gradient descent is applied to solve the minimization
problem in our algorithm. Consider the following iterative
scheme in (12) and (13) for 𝜙, 𝜎1 and 𝜎2.

𝜙𝑘+1 = 𝜙𝑘 − 𝛼𝑘
𝑑𝜓

𝑑𝜙
(𝜙𝑘, 𝜎𝑘

1 , 𝜎
𝑘
2 ) (12)

𝜎𝑘+1
𝑗 = 𝜎𝑘

𝑗 − 𝛾𝑗𝑘
𝑑𝜓

𝑑𝜎𝑗
(𝜙𝑘+1, 𝜎𝑘

1 , 𝜎
𝑘
2 ), 𝑗 = 1, 2 (13)

The 𝛼𝑘 and 𝛾𝑗𝑘 are step sizes with the conditions of 𝛼𝑘 > 0
and 𝛾𝑗𝑘 > 0. They can be obtained by line search during all
the iterations. During the iterative procedure for 𝜙 according to
(12), the new iteration may not be a signed distance function
anymore. In this reconstruction procedure of (12) and (13),
only the sign of 𝜙 is important except for the value of 𝜙
So, while the iteration for 𝜙 is proceeding, we would like
to replace the new iteration by a signed distance function so
that it has the same sign as the corresponding iteration. This
can be done by solving (10). In the succeeding experiments,
this replacement is done as long as 𝜙 is changed by 5%. The
conductivity distribution of the object can be calculated by (11)
after 𝜙 is obtained. So, based on above theory, our algorithm
can be described by three steps:
(a) Solve the EIT forward problem by FEM. The purpose
of this step is to calculate the value of electrode voltages
for obtaining the approximate conductivity distribution in the
interior of the volume under certain Neumann and Dirichlet
boundary conditions.
(b) Minimize the object function based on LSM to a get level
set function . It is accomplished by the iteration process of
searching boundaries between different regions in the object.
The computational models of this step are described in (12)
and (13).
(c) Calculate the interior conductivity distribution of the object
by TRM and level set function base on (11).

III. EXPERIMENT AND RESULT

To verify the efficiency of the reconstruction scheme we
proposed, some simulation experiments were implemented.
The experiment platform is based on a PC with AMD
Athlon(tm) 3200+ CPU (1.99GHz) and 1G-bytes RAM, the
simulation software is Matlab7.8.0. In those experiments,
a 16-electrodes model is employed as mentioned in Fig.
1 and Fig. 2, and the opposite current pattern is used in
experiments. The number of independent measurements is
104, and the measured voltage values Um (expressed in (4))

from the electrodes used are assumption values. The original
conductivity distribution of the object is shown in Fig. 3,
where different grey levels stand for the conductivity values
in different regions. Two experiments are designed based on
the modified NR algorithm. The first experiment uses TRM
only, and the second experiment uses the proposed algorithm
based on TRM improved by LSM. Finally, the performances
of the two schemes were compared in order to highlight the
superiority of the algorithm we proposed.

Fig. 3. Initial conductivity distribution of object

In the first experiment, the conductivity distribution dur-
ing different iteration are shown in Fig. 4(a, b, c), and
the changing of the regularization parameter 𝛼 while the
evolution of objective function 𝜓(𝜎) is shown in Fig. 4(d).
Clearly, the object conductivity was reconstructed gradually
with the iteration being progressed. The reconstruction of the
conductivity distribution during different iteration stages using
TRM improved by LSM are shown in Fig. 5(a, b, c), and the
changing of the regularization parameter 𝛼 while the evolution
of objective function 𝜓(𝜎) is shown in Fig. 5(d).

Obviously, experiments show that the conductivity recon-
struction based on TRM improved by LSM is better than
method using TRM only, and stable solutions can be obtained
by the novel algorithm we proposed. The regularization param-
eter has a relationship with the initial conductivity distribution
in Fig. 4(d) but almost had little relationship in Fig. 5(d). The
regulation parameter can change adaptively when the LSM is
searching for the boundary to minimize the object function.
However, the performance of the algorithm is improved at the
expense of time, it will cost more iteration times.

IV. CONCLUSION

In this paper we proposed a new algorithm based on TRM
which is improved by LSM for the purpose of more accu-
rate and stable reconstruction results in solving EIT inverse
problem. The key feature of the method is using a level
set technique to represent the interfaces between different
regions of the object after discretized by FEM and calculate
sensitivities for the shape evolution. The image reconstruction
can be accomplished by TRM combined with LSM. Numerical
simulation experiments show that the proposed algorithm gives
perfect stability and higher accuracy of reconstruction results
compared with the algorithm which based on TRM only, and
the regulation parameter had little relationship with the initial
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(a) (b) (c)

(d)

Fig. 4. (a), (b), (c) are the resultant conduntivity image after 6, 32, and
50 iteration based on TRM and LSM, (d) is the changing of regularization
parameter during iteration process.

(a) (b) (c)

(d)

Fig. 5. (a), (b), (c) are the resultant conduntivity image after 6, 32, and
50 iteration based on TRM and LSM, (d) is the changing of regularization
parameter during iteration process.

value of the conductivity in the object based on the new
algorithm. In order to apply this approach to solve practical
problems, the efficiency of the algorithms must be improved.
Because the improving of image quality is at the expense of
time, more efficient level set minimization algorithms shall be
researched in the future.
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