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Abstract: In Electrical Impedance Tomography
(EIT) it is necessary to use some regularization
because of the ill-posed nature of the problem.
We present here a subspace regularization
method for EIT. In this method we use available
prior information and form the regularization
matrix using this prior. The results show that
the new method has the same good properties
as the so-called subspace constraint method but

avoids the associated problem of overmodelling.

constructed so that it's null space equals the subspace
5-. In this way we can "draw" the solution towards our

prior.
METHOD
As briefly explained in the previous section, we aim
to construct a regularization matrix tr which contains
the available prior information. In EIT the prior
information could be anatomical data obtained from
MRI together with known resistivities of different tissues
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In EIT different current patterns are applied to the
body through electrodes attached on the surface and
the corresponding voltages are measured. Based on this
boundary data the internal impedance (or resistivity)
distribution is approximated.
When absolute resistivity values are considered,

we have to solve a nonlinear ill-posed
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where p is the resistivity, f (p) is the resistivity to
voltage mapping, Vs are the measured voltages, -L is
some regularization matrix and o is a regularization
parameter. The objective function in (1) can also be
written in the discretized form
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where 7 stands
vector.

1, . . . , N, near which the true resistivity
distribution is assumed to be. This set of distributions is
called the learning set. For this learning set we calculate
the covariance f

pn, n --

inverse

problem. Because of the ill-posedness we have to use
regularization techniques to obtain stable solutions.
The regularized version of the EIT inverse problem
can be written in the form

-j"

We use the idea given in [5], [6] to find the desired
subspace,S-. The procedure is as follows. First we form
a set of expectable resistivity distributions (vectors)

(2)

for transpose and p is the parameter

In EIT the most often

used regularization matrices
are the identity matrix and the matrices corresponding
to the first and second difference operators t1]-t3]

The implicit assumptions when these matrices are
used are that p is either small, slowly changing or
smooth. We have developed a method of constructing
the regularization matrix which uses more precisely the
available prior information; not only the smoothness
prior that is assumed with the first or second difference
matrices. The method is based on determining a smalldimensional subspace .9-, in which the true solution
is assumed to be well approximated. The matrix -L is

where

M
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the matrix p _ lpt,. . . , pN). To find

the

set can be approximated with the smallest mean square
error, we calculate the M largest eigenvalues and the
corresponding eigenvectors tr-, n'L - 1,... ,M of. l.
These M eigenvectors span the subspace ,9-. This kind
of procedure is widely known as Principal Component

Analysis (PCA) [7].
We could force the solution to be in ,9-,, as was done
in [5], [6]. However if our prior assumptions about the
resistivity distribution are not correct, we might obtain
misleading results. This overmodelling can be avoided
using the regularization of the form (1).

In the regularization approach we minimize the
functional (2) with respect to p and use the
regularization matrix ,L whose null space is ,9-. The
matrix of this form can be shown to be

L
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where 1 is the identity matrix and W is the matrix
having the vectors u)m) m - I,. . . , M as it's columns.
To solve the minimization problem in (1) we use
Newton's type method and the iteration is

Pt+r:h*L'Pi
where
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and -f is the Jacobian of the mapping f (p).In practice
the term oLpt can be left out which has been done also
here.

RESULTS

We tested the method with simulations and

compared it to one standard method, where L _
diag(Jr J) t3] We used the same technique as in [3]
i.e. we iterated the modified Newton's method only once
and used the best homogenous distribution as the initial

distribution po.
We constructed some test distributions and solved
the inverse problem using the standard method and
the subspace method. The prior that we used in the
calculation of I included the (simulated) heart and the
lungs in different states, modified from the distribution
shown in the Fig. 1a). In the matrixW in (3) we used
three (M :3) largest eigenvectors of the matrix f .
The results from two different situations are shown in
Fig. 1. The parameters o were adjusted experimentally
for each case.
As it can be seen) if the prior information is correct,
the subspace regularization method gives a better result
than the standard one, Fig. 1 b)-c). If we are far
from our prior, as in Fig. 1 e)-f), the standard method
gives only a slightly better result than the subspace
regularization method.
DISCUSSIOI\

With the subspace regularization method we obtain
better reconstructions than with the standard method
if our prior information is correct. In the real
measurement situation, e.g. when EIT is applied to
the human thorax, the prior information is available
and should be implemented to the reconstruction. This
method also avoids the overmodelling i.e. if the prior
is far from the true distribution we do not obtain
the structures that were in the learning set. The
disadvantage of this method is that the construction of
the learning set can be somewhat tedious and it has to
be formed specially for each application.
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In b) and c)
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