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Abstract— We report on the results of an EIT phantom study
using an experimental tank with agar conductivity inhomo-
geneities, used to verify the accuracy of both a boundary
element method (BEM) forward model and a non-linear inverse
solution based on the BEM model. We introduce the shunt
electrode model into the BEM equations for greater accuracy
and derive the associated Jacobian for the inverse problem.
Results show good agreement between measured values and
both forward-computed tank voltages and inverse-computed
conductivities.

Keywords— Electrical Impedance Tomography, EIT, Bound-
ary Element Method, BEM, inverse problem, experimental
verification

I. INTRODUCTION

Estimating the conductivity map inside a volume from
electrical measurements on its surface (an imaging modality
known as Electrical Impedance Tomography (EIT)) has been
a subject of much recent interest (for a recent review see [1].)
Possible biomedical applications include monitoring cardiac
and pulmonary function, detection and characterization of
tumors, monitoring cancer ablation procedures, and building
forward models for bio-electric field inverse problems such
as Electro/Magneto encephalography (E/MEG) and Elec-
tro/Magneto cardiography (E/MCG). There are also indus-
trial applications in the area of process tomography.

EIT is a badly posed inverse problem [1], and the difficulty
of estimating a large number of conductivity parameters in a
stable fashion forces a trade-off, in the general case, between
spatial resolution and accuracy. The fact that the conductiv-
ities depend non-linearly on the measured quantities makes
this trade-off even more difficult. In a particular class of
EIT applications, one can partially address this problem by
modeling the volume as being composed of a relatively small
number of piecewise-constant (or more generally, piecewise
homogeneous) regions and assuming one can obtain the
geometry of these regions ahead of time (e.g., through
application of some anatomical imaging method such as CT
or MRI). In that case the unknowns are reduced to one (or a
few) parameter value(s) per region. As an example, one set
of EIT applications in this class might occur in solving the
bioelectric field inverse problems mentioned above. These
solutions require one to construct a forward model of the
volume conductor; this model in turn requires knowing the
distribution of conductivity in the volume. One approach is

to simply use typical conductivity values from the literature;
however different studies have reported different conductivity
values for human tissues [2]. In situations in which accurate
conductivity values are important, and anatomical imaging
modalities are available, then one could in principle use
EIT to find the conductivities based on a geometric model
of internal inhomogeneity (e.g., organ) boundaries obtained
from the anatomical image.

The advantage, from an EIT point of view, of starting
from a known internal geometry, is two-fold. The number
of unknown parameters to be estimated is greatly reduced,
which permits more robust solutions to this non-linear ill-
posed problem. In addition, using an approach we introduced
in [3], this knowledge can be incorporated into the solution
of the inverse problem of EIT in 3-D by a Boundary Element
Method (BEM) forward model presented in [4].

In this previous work we assumed that the electrodes were
very small (point electrodes), so that we could assume the
value of the gradient of the potential was non-zero only
at those points of the outer surface which lay under the
electrodes, and zero at all other points. Obviously in practical
situations this is not a valid assumption; no matter how small
the electrodes are, they cover a part of the surface. Moreover,
it is shown in [5] that the resolution of an EIT system
improves if one uses large electrodes that fill as much as
of the outermost surface as possible. The use of such large
electrodes changes the boundary conditions to be imposed
on the EIT problem. A sequence of such advanced electrode
models was first introduced by Cheng et al. in [6]. These
models, in order of increasing fidelity (and complexity),
are generally known as the continuum, gap, ave-gap, shunt,
and complete models. A variational formulation, existence
and uniqueness proofs, and the bounds needed to prove
convergence for finite element methods approximating all
these models were first given by Somersalo et al. in [7].

In this paper we first introduce a method to impose the
shunt electrode boundary condition in our 3-D BEM model,
and then discuss results of experiments recently carried out
at the Rensselaer Polytechnic Institute Electrical Impedance
Imaging Laboratory, using a phantom tank and agar “internal
organs”, to validate our BEM forward model and test the
accuracy and robustness of our inverse solution approach. We
report results for both homogeneous and non-homogeneous
conductivity distributions.



II. A SHUNT MODEL FOR BEM-BASED SOLUTION

The shunt model accounts for the fact that the metal
electrodes themselves provide a low-resistance path for the
current, so that all the nodes under each electrode have
the same or, in practice, almost the same, potential. Under
this constraint, the number of unknown voltages decreases
because we now only have one unknown voltage per elec-
trode. However the number of unknown currents increases
accordingly because we no longer know the current density
applied at each boundary node, as would be specified using
point electrodes.

By re-ordering a standard system of BEM equations relat-
ing the current density, Γ, to voltages at a set of nodes, Φ,
[4] so that nodes under electrodes are grouped together, and
likewise for those not under electrodes, we get

Φ = TBEMΓ =
[

T1 T2

] [ Γ1

Γ2

]
= T2Γ2. (1)

Here Γ1 represents the current density on the surface at nodes
not under the electrodes, which is therefore equal to zero, and
Γ2 represents the current density under the electrodes, and
is unknown.

We can then augment this system with L equations (L is
the number of electrodes) relating currents at each electrode
node to the known input currents. The total current going
into electrode i is equal to the integral of the current density
over that electrode, i.e., Ci =

∫
SE

Γi dSi. We can write the
discretized version of this equation, for the i’th electrode,
as
∑

j mijΓ
j
i = Ci, where the summation is over all the

nodes of the triangular mesh under electrode i. With the
help of a linear interpolating polynomial expansion function,
first developed by Cruse [8], which we already use for
the integrations involved in the BEM modeling, we can
numerically compute the integral on the surfaces of triangles
under electrode i to find mij’s in this equation. By doing this
for all L electrodes, we construct a matrix M which relates
the current densities of all the nodes under electrodes to the
current applied to the electrodes, i.e.,

MΓ2 = C. (2)

In the shunt model, as mentioned, all the nodes under one
electrode have the same potential. To apply this boundary
condition we can equate the potential at one node on a given
electrode to the potential at every other node on the given
electrode by simply setting the difference of the potential
at the two nodes to zero. Equating the potentials at three
vertices of all the triangles under each electrode makes
the potential everywhere under that electrode equal. The
difference coefficients +1 and -1 are stored in matrix B:

BΦ = 0. (3)

Equations (1), (2) and (3), together, make the following
system of equations: T2 −I

M 0
0 B

[ Γ2

Φ

]
=

 0
C
0

 . (4)

Solving this set of equations results in

Φ = T2

([
BT2

M

]−1 [ 0
C

])
. (5)

To solve the associated non-linear inverse problem for
the conductivities given the voltages and currents, we use
a search algorithm which requires the Jacobian of the map
from conductivity to electrode potential. In [3] we devel-
oped a BEM-based algorithm to analytically compute ∂Φ

∂σ to
construct the required Jacobian matrix. (Note that σ can be
the constant conductivity of any of the distinct regions.) To
impose the shunt electrode model into the Jacobian matrix
computation, we differentiate (1), (2) and (3) with respect to
σ, and then rearrange to get: −T2 I

M 0
0 B

[ ∂Γ2
∂σ
∂Φ
∂σ

]
=

 ∂T2
∂σ Γ2

0
0

 (6)

By solving this system we get

∂Φ
∂σ

= T2

([
BT2

M

]−1 [ −B ∂T2
∂σ Γ2

0

])
+

∂T2

∂σ
Γ2. (7)

Here Γ2 is found by solving the system of equations (4).

III. VALIDATING THE BEM SOLUTION WITH
EXPERIMENTAL DATA

We validated our BEM-based forward mode by comparing
the electrode voltages predicted by the model with experi-
mental results obtained using a 3-D phantom tank. Fig. 1
shows the cylindrical test tank at RPI and also the ACT3
system [9] used to apply the currents and measure the volt-
ages. ACT3 has been used extensively to image validation
and perfusion of human subjects. It can apply independent
currents to 32 electrodes, and measure the voltage on those
electrodes. The tank is made of plexiglas and has an inner
diameter of 290 mm. 256 stainless steel electrodes, each
25.4 mm × 25.4 mm in size, are arranged in 8 rows, with the
bottom layer having its lower edge 240 mm above the tank
bottom. The electrodes occupy 225 mm of vertical extent (8
rows of electrodes and the intervening 7 gaps). The inter-
electrode gaps are the same size horizontally and vertically.
For our experiments we used 32 of the 256 electrodes
configured as 4 rows of 8 equally spaced electrodes. The
unused electrodes were covered with plastic tape to prevent
them from changing the boundary conditions.



Fig. 1. ACT3 and the cylindrical tank used in the experiment.

The voltages generated on the electrodes depend on the
current pattern applied. Since the measured voltages are to be
used in the inverse solution, it is desirable to apply currents
that result in the largest possible voltages. Previous studies
have shown that the current patterns which maximize this
voltage correspond to the eigenfunctions of the current-to-
voltage map [5]. For unknown conductivity distributions,
these patterns can be obtained iteratively by an adaptive
process [5]. However, in this work we used simpler canonical
current patterns which are optimal for circular shapes [1].

For the BEM-based forward model, we discretized the tank
with a triangular boundary mesh with 1620 nodes and 3240
triangles. Each electrode covered 6 nodes and 4 triangles
of this surface mesh. The shunt model was used in the
computations. For each current pattern, we used the forward
model to predict the electrode voltages. The same current
pattern was applied to the experimental tank using ACT3,
and the resulting voltage data measured.

In our first experiment we filled the tank to 540 mm
with a homogeneous saline solution with conductivity of
410 mS/m. Two exemplary sets of data corresponding to
two of the 31 canonical current patterns are presented in
the top row of Fig. 2, and the differences, or errors, between
model prediction and measured voltages, are presented in the
lower row, both shown as a function of electrode number
(the electrodes are numbered consecutively around each
row starting from the +x at top.) The predicted electrode
voltages agree well with the experimentally measured data.
We computed an error metric as the value of percent norm
error, defined as

%norm error = 100

√∑N
i=1 (Ei − Vi)

2√∑N
i=1 V 2

i

. (8)

Here Ei is the potential at electrode i predicted by the
forward model, Vi is the potential experimentally measured
at electrode i on the test tank, and N is the total number of
electrodes. We report this number in the title line of the top
row of plots, along with the value of signal to noise ratio
(SNR) defined as SNR = 20 log10 (1/(norm error)).

In a second experiment, to study the effects of internal
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Fig. 2. Comparing the model prediction and experimental results for 2 of
31 independent canonical current patterns applied to the homogeneous tank.
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Fig. 3. Cylindrical tank and the internal agar “lungs” and “heart”
(dimensions are in millimeters); left: top view, right: side view

conductivity inhomogeneities we put two cylindrical agar
“lungs” with a conductivity of 110 mS/m and one cylindrical
agar “heart” with a conductivity of 680 mS/m inside the tank.
Fig. 3 shows the dimensions and placement of these objects.
We modeled the lungs with 572 nodes and 1136 triangles
and the heart with 190 nodes and 376 triangles.

Fig. 4 shows the results of applying the same current
patterns shown in the homogeneous case. The norm error
and SNR are again reported on the plot. The agreement
between the predicted and the measured electrode voltages
was good, although less than for the homogeneous case. We
speculate that this degradation is primarily due to geometric
inaccuracies in the shape and location of the objects.

We used the experimental data to test the algorithm
presented in [3] to solve the EIT inverse problem when
the geometry is known and the only unknowns are the
conductivities of internal regions. In this method, the inverse
problem is treated as a non-linear optimization problem
solved by a large-scale iterative algorithm based on the
interior-reflective Newton method to estimate a limited num-
ber of conductivity parameters. We assumed the background
conductivity (here that of the saline used to fill the tank)
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Fig. 4. Comparing the model prediction and experimental results for the
inhomogeneous tank containing two “lungs” and one “heart”.

TABLE I
PERCENT ERROR IN RETRIEVED CONDUCTIVITIES

Current Pattern No. ∆Heart Cond.(%) ∆Lungs Cond.(%)

1 0.002 7.653
8 50 2.787

28 50 7.810
31 0.032 12.484

1 to 31 2.017 2.328

was known, so the measured electrode voltages were used
to find the conductivity of the lungs and heart. The percent
error in retrieved conductivities achieved using the measured
voltages corresponding to applying current patterns 1, 8, 28
and 31 are reported in Table I along with the result of
using the data collected by applying all the 31 canonical
current patterns (theoretically the maximum information we
can get using 32 electrodes). On average we got better
result using all the available information; however accuracy
for the heart conductivity varied widely over the current
patterns. Since after setting up the instrument and electrodes,
applying different current patterns is very easy and can be
done rapidly, it is practical to apply all the patterns to get all
possible information to use in the inverse solution.

Running the algorithm on a 2.60GHz Intel P4 PC with
1GB RAM took almost 7 minutes to achieve a reasonable
convergence after five iterations. Using 31 data sets instead
of one had a negligible computational burden.

IV. CONCLUSION

The experimental results of this study indicate that to
solve the inverse problem of 3-D EIT for a volume which
can be modeled as a combination of isotropic piecewise-
constant regions with a known geometry, the BEM-based
approach is accurate and robust in a practical environment.
Using 32 electrodes and all 31 canonical current patterns we

could retrieve the conductivities of internal objects with good
accuracy in this real experiment with real sources of noise
such as geometrical error.

The results of this work show that the BEM-based ap-
proach presented to solve the inverse problem of EIT may
be an accurate and practical method to actually find the
conductivity values instead of using values found in the
literature for constructing a forward model.

In this work we assumed the geometry was known a priori.
However it is possible to parameterize the surfaces of the
3-D inhomogeneities using some basis shape functions, use a
BEM approach to solve the forward problem, and then solve
the inverse problem of EIT to find both the shape parameters
and conductivities. In [10] we introduced such an approach
based on modeling the surfaces using B-splines.
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