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Weighted Regularization in Electrical Impedance
Tomography With Applications to

Acute Cerebral Stroke
M. T. Clay and T. C. Ferree*

Abstract—We apply electrical impedance tomography to detect
and localize brain impedance changes associated with stroke.
Forward solutions are computed using the finite-element method
in two dimensions. We assume that baseline conductivity values
are known for the major head tissues, and focus on changes in the
brain compartment only. We use singular-value decomposition
(SVD) to show that different impedance measurement patterns,
which are theoretically equivalent by the reciprocity theorem,
have different sensitivities to the brain compartment in the
presence of measurement noise. The inverse problem is solved in
part by standard means, using iterated SVD, and regularizing by
truncation. To improve regularization we introduce a weighting
scheme which normalizes the sensitivity matrix for voxels at
different depths. This increases the number of linearly indepen-
dent components which contribute to the solution, and forces the
different measurement patterns to have similar sensitivity. When
applied to stroke, this weighted regularization improves image
quality overall.

Index Terms—Conductivity, finite-element, impedance tomog-
raphy, regularization, stroke.

I. INTRODUCTION

E LECTRICAL impedance tomography (EIT) is a noninva-
sive method for determining the conductivity distribution

inside a volume, based upon four-electrode impedance mea-
surements taken at the surface. This is useful for making
forward models in any bioelectromagnetic imaging application,
including electrocardiography (ECG) [8], electroencephalog-
raphy (EEG) [2], [10], and magnetoencephalography (MEG)
[17]. In addition, changes in local tissue impedance reflect a
variety of pathologies, making EIT useful clinically [28].

When EIT is applied to the thorax, e.g., to determine tissue
conductivities for ECG [8], the injected current passes relatively
unhindered between the ribs. Even so, the inverse problem of
constructing volumetric images from surface measurements is
mathematically ill-posed and computationally very demanding
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[7]. When EIT is applied to the head, the inverse problem be-
comes even more ill-posed due to the presence of the poorly
conducting skull [28].

In this paper we address the problem of acute cerebral stroke
detection and monitoring. We consider both types of cerebral
stroke: ischemic and hemorrhagic. Ischemic stroke occurs
when blood flow is reduced, e.g., due to a clogged artery.
The most common technique for imaging stroke is magnetic
resonance imaging (MRI). However, while conventional MRI
shows infarcted (dead) tissue many hours after stroke onset, it
cannot readily detect ischemic tissue in the acute time window
(i.e., within three hours), in which tissue may be rescuable
by drug intervention. New MRI techniques such as diffusion
tensor imaging hold promise [3], but no MRI device is yet
practical for mobile use or continuous bedside monitoring.

Ischemic tissue is characterized by anomalously high
impedance. This occurs because of cell swelling, which re-
duces the extracellular space, and increases the bulk tissue
impedance by as much as 50% [16], [20]. The utility of EIT
for detecting ischemia has been demonstrated experimentally
in rodents [20], [21]. In humans, ischemic tissue also generates
pathological EEG and MEG [22], [31]. The work presented
here was motivated in part by the recognition that EIT data
could easily be acquired concurrently with EEG, e.g., in mobile
units or during continuous brain monitoring in the intensive
care unit, and provide complementary information on brain
state.

A related problem is hemorrhagic stroke, which occurs when
blood fills the extracellular space or displaces brain tissue en-
tirely. While far fewer patients present with hemorrhagic stroke,
it is much more likely to result in death. Ironically, the primary
drug used to treat cerebral ischemia (t-PA) carries a 6% chance
of causing brain hemorrhage [1]. Since the conductivity of blood
( S/m) [12] is approximately four times that of brain
( S/m), it seems possible to detect hemorrhagic stroke
with EIT as well.

EIT in the head is obviously challenged by the low skull con-
ductivity, since much of the current is shunted through the scalp
and does not enter the brain compartment [28], [37]. Neverthe-
less, recent studies have applied EIT to measure functional brain
activity in humans [39], [40], involving relatively small conduc-
tivity changes. In this paper, we use computer simulations to in-
vestigate how well EIT might detect ischemic and hemorrhagic
stroke in humans.

Three aspects of the present approach have direct bearing on
the results. First, we assume that head geometry is known, since
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this data can be obtained from structural MRI, or potentially
from anatomical databases. Second, we adopt the most reliable
estimate of average skull conductivity available [32]. Third, to
focus onchangesin brain conductivity which might be occur in
stroke, we fix the conductivity of the outer head tissues [scalp,
skull, and cerebrospinal fluid (CSF)] to baseline values. These
may be obtained as in [10], or using other methods suggested
below.

In solving the EIT inverse problem, we use a standard it-
erative approach for the nonlinear aspect [30], and invert the
sensitivity matrix using singular-value decomposition (SVD).
The SVD implements regularization by truncation [35], and has
been used previously in EIT [39], [40]. To the regularization
procedure, we further introduce a matrix weighting, or precon-
ditioning, scheme which normalizes the sensitivity matrix for
different depths. This weighting scheme has been applied previ-
ously in geophysics [34] and EEG/MEG [15], but to our knowl-
edge has not been applied previously to the EIT inverse problem.
By analyzing the singular values, rank, and condition of the sen-
sitivity matrix, we show that weighting increases the number of
linearly independent measurements which contribute to the so-
lution, forces the different EIT injection patterns to have similar
sensitivity, and improves image reconstruction quality overall.

II. THEORY

A. Forward Problem

Low-frequency ( kHz) current injected into the scalp
gives rise to quasistatic electric fields, which may be computed
using techniques from electrostatics. To a good approximation,
the electric and magnetic fields are decoupled and the local
tissue impedance is real [33]. The “impressed” current passes
primarily through the extracellular space [11], and is kept low
( A injected at the scalp surface) so as not to elicit
neural activity.

With these simplifications, electric current in the conductive
media is governed by Poisson’s equation for the electric poten-
tial subject to Neumann boundary conditions

in (1)

on (2)

where is the three-dimensional
(3-D) gradient and is the local tissue conductivity.
The volume is bounded by the surface with outward
unit normal . The normal current density at the scalp-air
boundary is specified piecewise; it is nonzero only
at the electrodes. Equation (1) reduces to Laplace’s equation
( ) in each tissue layer, if is piecewise constant.

B. Reduction to Two Dimensions

It is common in the literature to use approximate two-dimen-
sional (2-D) models as a starting point for investigation, since
their solution is simpler mathematically, faster computationally,
and easier to visualize. Physically, the current always flows in
three dimensions, but when EIT is applied to the thorax, both in-
jection and measurement electrodes are commonly confined to
a plane [28] to simplify the problem. We acknowledge that 2-D

Fig. 1. Configurations relevant to the four-electrode reciprocity theorem [19].

models are not completely satisfactory for real applications, but
we use a 2-D model here as a first step. To clarify its interpre-
tation, we note its mathematical relationship to a class of 3-D
models exhibiting translational symmetry.

If the volumetric conductivity has translational symmetry
along some axis, e.g., theaxis so that , then
the solution to (1) in two dimensions may be put into relation
with a corresponding 3-D problem as follows. For an object
of height , separation of variables [23] allows the solution to
Laplace’s equation ( ) to be written as

(3)

where . Inserting (3) into (1) and using
leads to an equation for each

(4)

where is the 2-D gradient operator. We
used Cartesian coordinates in (3), but (4) also holds in cylin-
drical coordinates if .

Equation (4) shows that by solving (1) in two dimensions,
only the contribution to (3) is obtained. Most 3-D prob-
lems of interest have no exact symmetry, so any 2-D results are
only approximate. Yet numerical evidence suggests that the EIT
problems in 2-D and axially symmetric 3-D geometry are sim-
ilarly ill-posed [25], so the numerical findings of the present
study may be expected to extend well to three dimensions.

C. Reciprocity Formulation

Our starting point for EIT is the Geselowitz–Lehr theorem
[14], [27] relatingchangesin local conductivity to changes in
surface potential. Fig. 1 shows the four-electrode measurement
configuration. Obviously, we must require AB and C D. At
time ( ), the conductivity is a scalar field ( ). Current
( ) is passed through a pair of electrodes AB (CD), setting up an
electric potential field ( ) throughout the volume. The po-
tential difference measured across the pairCD ( AB ) is de-
noted ( ). Due to well-known practical problems with
measuring and computing the potential at the injection elec-
trodes, it is usually assumed that pairsAB and CD share no
electrodes [18]. For convenience, it is also assumed that .

Applying techniques like those used to derive Green’s second
theorem [14], [27] to the products and , it may be
shown that

(5)
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where the mutual impedance , the change in conduc-
tivity , and the lead field vector . If
the change represents an actual change in the volume from

to , then this forward expression is exact.

D. Iterative Nonlinear Solution

Equation (5) is nonlinear in by its presence in
. This may be handled iteratively [30]. The first step is to

assume that is in some sense “small,” making it valid to
linearize the dependence on

(6)

Following [30], we seek an iterative solution to the nonlinear
problem (5) via the linear problem (6), in which our estimate for

evolves according to a discrete map: ,
where is the iteration step. Such a map is useful if it leads to an
estimate of which minimizes the difference between measured
and computed impedances. At that point and the
solution of (6) approaches that of (5).

A slight reinterpretation of (6) gives an iterative algorithm for
computing the conductivity field which has minimum least-
squares error relative to the measured impedances. We first
define a measurementin terms of four distinct electrodes:

, corresponding to in Fig. 1. On the right-hand
side of (6), we take “1” and “2” to be two successive theoretical
estimates of , written and . On the left side, the
mutual impedance is replaced by , the computed value
of for measurement at iteration step , and is replaced
by , the measured value of for the same . We thus have

(7)

where the density .
The finite-element method (FEM) discretizes the problem do-

main into small volume elements called voxels. This al-
lows the integral in (7) to be replaced by a sum. The conduc-
tivity is assumed constant over each voxel, while the poten-
tial varies linearly over each voxel [30]. This allows (7) to be
written

(8)

where voxels are indexed by . The sensitivity matrix
is defined

(9)

This linear formulation is only approximate, valid for small .
Moreover, tends to be singular, so that the corresponding

inverse problem of solving (8) for is ill-posed and re-
quires regularization.

Given an approximate solution to the linear inverse problem
(8) for each , e.g., via the Moore–Penrose pseudoinverse
described next, the solution to the original nonlinear problem
may be obtained by iterating [30]

(10)

Fig. 2. FE mesh consisting of 1141 nodes and 2166 elements. The brain
compartment alone has 1176 elements. Outer radii are equal to 8.0 cm (brain),
8.2 cm (CSF), 8.7 cm (skull), and 9.2 cm (scalp). These values are considered
typical [10]. The dark area shows an impedance anomaly located in Region 3.

where the parameter is introducedad hocto improve
convergence [35]. The choice of such parameters is typically
subjective and problem dependent [34]. The value
worked well for this problem.

Our algorithm stops when either of the two convergence cri-
teria are satisfied. First, if the Euclidean norm of the conduc-
tivity step becomes less then some tolerance, i.e.,

S/m (11)

then the minimization procedure is presumed to have reached a
local minimum. Second, if the mutual impedance change is less
than some tolerance, i.e.,

(12)

then the result is said to no longer be changing with adequate
signal-to-noise ratio. Here, is the voltage measurement noise
level discussed below, andis a normalization parameter de-
scribed in [34]. In this study, these two criteria acted similarly
to terminate the search after approximately 30 steps.

E. Regularization Via SVD

We assume a finite number of measurements , where
. The problem of inverting (8) for the vector

, the so-called tomographic reconstruction problem, is
ill-posed, primarily because , which makes sin-
gular [45]. For the mesh in Fig. 2, this is improved somewhat
by assuming the outer tissues (scalp, skull, and CSF) are known
and fixed, but still . Even if , the EIT inverse
problem is generally ill-posed, i.e., remains singular, due
to instrument noise and the blurring nature of the volume con-
ductor. In this paper, we use the method of SVD to regularize
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the inverse problem, and obtain a solution with minimum error
and minimum norm , where denotes

the norm [39], [40].
At each iteration step , the linear system (8) may be ex-

pressed in matrix notation as

(13)

This system of equations may be solved approximately for
using the SVD method [24], [35]. Briefly, any matrixmay be
decomposed as , where , i.e.,
is the diagonal matrix constructed from the ordered set of
singular values , and and are orthogonal matrices con-
structed from the left and right eigenvectors of. This decom-
position allows an approximate solution to be written

(14)

where represents the Moore–Penrose pseudoinverse, given
by [24]. The key to its utility is that denotes
the pseudoinverse of , suitably truncated prior to inversion in
order to exclude singular values which are zero, or less than
some tolerance . This truncation is the mechanism of regu-
larization in SVD. Of all the solutions with minimum error

, it gives the unique solution satisfying the additional con-
straint of minimum norm .

F. Matrix Preconditioning

The matrix has greatest sensitivity to voxels nearest the
measurement surface. This causes deeper variations to be
blurred or not detected, a significant contributor to ill-posed-
ness in physical terms. A similar situation arises in a variety
of linear inverse problems, including problems in geophysics
[34] and EEG/MEG [15]. A correction scheme is motivated by
noting that (13) may always be written

(15)

provided the matrix is nonsingular, i.e., has a unique and
well-behaved inverse . The simplest way to ensure that
is nonsingular is to make it diagonal

(16)

and require all . With this weighting scheme, a formal
solution may be written as

(17)

where represents the Moore–Penrose pseudoinverse of
. Such a scheme is useful if the problem of inverting the

matrix is less ill-posed than inverting.
An effective choice for the normalizes for the total sen-

sitivity in each voxel, by summing over all measurements [15],
[34]

(18)

In EEG/MEG, the inverse problem analogous to (13) involves
the lead field matrix rather than , and a weighting scheme
analogous to (15)–(18) is referred to as the “weighted minimum
norm” approach [15].

To our knowledge, this weighting scheme has not been ap-
plied previously to the EIT inverse problem. We demonstrate

below that weighting increases the number of linearly indepen-
dent measurements that contribute to the solution, balances the
differences between the various measurement patterns, and im-
proves image reconstruction overall.

G. Independent Measurements

We first consider the number of linearly independent mea-
surements which contribute to . One way to count them
is the following. Given a total number electrodes, there are
at most unique electrode pairs available
for current injection. Potentials at the injection electrodes are
excluded [18], leaving only electrodes to measure
voltage. Since one electrode must be used as a reference, there
are at most independent voltage measurements. Taking
all injection and measurement pairs gives in-
dependent impedance measurements theoretically. For
surface electrodes, this implies injection pairs, and a
total of possible measurements.

In most applications, this number is reduced further by in-
voking the four-electrode reciprocity theorem [19], which states
that for any measurement set, the mutual impedance is
preserved under an interchange of injectionAB and measure-
ment CD pairs. This relation is apparent in (6) since

as . If this reciprocity argument is applied in the OPP
measurement pattern (defined below), then effectively there are
not but only independent injection pairs, resulting
in independent measurements. For

, this implies injection pairs, and
total possible measurements. This simplification speeds data ac-
quisition by a factor of order .

The above argument ignores noise. In practice a variety of
EIT measurement schemes appear in the literature [28]. In the
“adjacent” or “neighboring” pattern (ADJ), the injection and
measurement pairs are each composed of adjacent electrodes,
and the two pairs are moved independently around the disc [30].
In the “opposite” or “diametric” pattern (OPP), the injection
pairs are composed of diametrically opposed electrodes, but the
measurement pairs are composed of adjacent electrodes as be-
fore [28].

By ignoring noise, it is possible to apply re-referencing and
reciprocity sequentially and show the theoretical equivalence
between ADJ and OPP measurement patterns. Yet this equiv-
alence is violated in the presence of instrument noise and back-
ground EEG. Indeed, quite a few authors [5], [7], [43]–[45] have
noted that the different measurement patterns have different sen-
sitivities, and this choice affects image quality. There have even
been efforts to derive optimal measurement schemes. One such
scheme assumes a cosine-distributed current injection pattern
[45]. For a homogeneous sphere, this has the effect of gener-
ating straight equipotential lines through the volume, and casts
the EIT problem to be more like X-ray computed tomography
(CT), which is soluble. While a sinusoidal current pattern may
be applied to any body, it seems unlikely to have the desired
effect of generating straight current paths when applied to the
highly heterogeneous head.

In what follows, we consider both ADJ and OPP pat-
terns, along with a composite pattern (ALL) based upon

measurements. We use SVD to show that
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has different properties in each case resulting in different sever-
ities of ill-posedness. We then show that the above weighting
scheme balances the overall sensitivities of these patterns, and
improves image quality.

III. N UMERICAL RESULTS

A. Head and Stroke Models

For the purposes of electrical modeling. It is usually assumed
that the head is comprised of four tissues: brain, CSF, skull,
and scalp, each characterized by a single, scalar conductivity.
The conductivities of the three soft tissues are essentially agreed
upon: brain ( S/m [12]), CSF ( S/m [4]), and
scalp ( S/m [12]). We use these values here.

The conductivity of the living human skull has been the
source of much debate. In the most widely cited work on the
skull [36], Rush and Driscoll immersed a human skull in a
saline tank of known conductivity, and found that the saturated
skull had an equivalent conductivity equal to 1/80 that of the
immersing fluid. Since then, most three- and four-layer head
models in EEG and MEG have assumed [37],
[38], as though the living skull were saturated with brain-like
fluid, i.e., rather than CSF-like fluid. Taking S/m,
this implies S/m, the number commonly used in
the literature [38].

It is becoming clear, however, that the skull conductivity has
been underestimated for some time [10], [32]. The study by
Law [26] suggests an average skull conductivity
S/m [10], giving . Like the Rush and Driscoll
finding [36], this result is difficult to interpret because the mea-
sured conductivities were highly variable and it is not assured
that soaking a dry skull in saline reconstitutes its conductivity
accurately (P. Nunez, personal communication). The most reli-
able skull measurements were made recently on a fresh human
cadaver [32], where it was found that on average the skull con-
ductivity S/m. This is in rough agreement with [26],
implying a similar ratio . The ratio is the main
determinant of EIT sensitivity. Taking S/m implies

. We use S/m here.
Fig. 2 shows the finite-element (FE) mesh used for simula-

tions. It includes 1141 nodes and 2166 triangles. Similar to the
one used by Bayfordet al. [5], this mesh has more triangles in
the skull layer to better accommodate the steeper potential gra-
dients.

To determine the absolute detection capability of each pat-
tern, we computed the changes in surface potential for five focal
anomalies, meant to mimic the conductivity changes associated
with ischemic and hemorrhagic stroke. Each anomaly was com-
prised of 32 elements, with area equal to 5.47 cm. The five
regions were numbered in order of increasing depth. The third
region is shown as a dark area in Fig. 2. Others were shifted ra-
dially by two FEs. The size of the anomalies were fixed in this
study, but a more complete study should include dependence on
both size and depth.

We assume that ischemic tissue may be characterized by a
contiguous region with conductivity equal to 50% that of brain:

S/m [20]. We assume that a hemorrhage may be
characterized by a contiguous region with conductivity equal to

TABLE I
DETECTED�� (�V)—HEMORRHAGE

TABLE II
DETECTED�� (�V)—ISCHEMIA

that of blood: S/m [12]. This assumes that blood
completely displaces brain tissue, which is the most common
occurrence. It probably does not apply to the case where blood
replaces only the extracellular fluid, which would tend to de-
crease the bulk tissue conductivity, since blood has a lower con-
ductivity than extracellular fluid.

B. Detection Sensitivity

The larger the change in the measured potentials, the more
easily an anomaly will be detected above the measurement
noise. Tables I and II show the changes in surface potential

for each anomaly,
assuming A. We compared ADJ, OPP, and ALL
patterns. To make a more direct comparison, in the ALL case
we report the average over the largest 104 values ofonly.
(If all 1560 values are considered, then the averagefor ALL
falls between ADJ and OPP.)

In all cases, the maximum and average are ordered ac-
cording to ADJ OPP ALL. The relation between OPP and
ADJ may support some of the statements in [5]. Our restric-
tion to the brain layer prefers OPP over ADJ patterns, which
makes intuitive sense because the lead fields in OPP configu-
rations penetrate the brain compartment more deeply and sen-
sitively than ADJ configurations [28]. It stands to reason that
restricting to the scalp layer, in contrast, would prefer ADJ over
OPP, but this issue is not pursued here.

The fact that the ALL pattern has highest sensitivity sug-
gests it may be possible to select optimal measurement patterns,
equivalent to neither OPP nor ADJ, which are particularly sensi-
tive to certain regions of the volume. This argument is much like
that made by Genceret al. [13] in the context of optimal EEG
reference electrode placement, and is extended here to EIT.
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In practice, the detectability of must be considered in re-
lation to the noise levels. Injecting A into our
FE model results in ranging over V. The ac-
quired signal is assumed to be a sum of the impressed potential

and two additive noise contributions: 1) amplifier noise
results in the addition of a Gaussian random variable to each
time point [zero-mean and 0.6V root-mean square (RMS)];
2) resting EEG contributes a broad-banded signal with ampli-
tude on the order of 10V. By injecting at 100 Hz for 5 s/pair
with 250-Hz sampling, then using the FFT to determine ampli-
tude and phase of the impressed potentials, the retrieval error

is approximately Gaussian and less than 0.01V RMS. We
use this value here, but higher frequencies and better signal an-
alytic techniques could further reduce and speed acquisition
time.

C. Singular Value Decomposition

To quantify the effect of preconditioning with ,
we computed for and the condition number

, the maximum singular value
, and the Rank (the number of singular values

greater than some tolerance ) for each pattern, assuming
S/m. To determine , Presset al. [35] suggest

using times the expected noise levels, which would imply
m. We obtained better tomographic recon-

structions with m. (Note that the singular
vectors are normalized to unity, so the singular valuescarry
the units of the matrix.)

Table III shows the results for the unweighted matrix. The
condition numbers are ordered according to ADJOPP
ALL, but practically speaking are very similar, always adequate
for single-precision computation. The maximum eigenvalue

and Rank are also ordered according to ADJOPP
ALL, but the effect is much more pronounced. Since the max-
imum eigenvalue presumably makes the largest contribution
to (13) (recall the eigenvectors are normalized to unity), this
suggests that the three patterns considered will behave very
differently in the presence of noise. This seems to support the
claim in [5], that the OPP pattern is preferable to ADJ.

Table IV shows the results for the matrix product . The
condition numbers are essentially unchanged, with the excep-
tion of OPP, which is possibly not quite inadequate for single-
precision computation. The most notable effect is that and
the Rank of are increased significantly relative to those of

. Since a larger number of singular values and vectors may
now contribute meaningfully to the inverse, it seems plausible
that the tomographic reconstructions obtained from will be
better than those from. This is demonstrated clearly for hem-
orrhage, and to a lesser degree for ischemia.

D. Tomographic Reconstruction

We applied our inverse procedure to ten cases, comprised
of hemorrhagic and ischemic anomalies at the five Region lo-
cations described in Section III-A. Fig. 3 shows by contour
plotting the result for a hemorrhage in Region 3, defined in
Fig. 2. The two columns correspond to unweighted (left) and
weighted (right) regularization, and the three rows correspond

TABLE III
THE MATRIX S

TABLE IV
THE MATRIX SW

to the three measurement patterns: ADJ (top), OPP (middle) and
ALL (bottom). In all cases the anomaly is clearly visible.

For both weighted and unweighted cases, the ADJ pattern
leads to erroneous variations deep in the brain volume. For the
unweighted case, this is accompanied by erroneous variations at
distant locations of any radius. Most notably, for all unweighted
cases, the solution has erroneous variations near the outer brain
surface. This is presumably a numerical instability caused by

having disproportionately high sensitivity there. This defect
in the tomographic reconstruction is repaired almost entirely by
preconditioning.

To summarize the results for both stroke types and all Re-
gions, we computed the percent correlation

(19)

between the actual conductivity distribution, and the com-
puted conductivity distribution obtained by iterating (10) to
convergence. Each iterative solution was initialized with a con-
stant brain conductivity S/m.

Table V shows the results for the hemorrhage case, which
initially has 90.83% correlation. Several consistencies are ap-
parent. First, in all cases, the final correlation is much higher
than the initial correlation, demonstrating that the iterative algo-
rithm converged to a more optimal solution. Second, with few
exceptions (weighted OPP and ALL, Region 2) the percent cor-
relation is higher for more superficial regions, presumably be-
cause the effect of preconditioning is imperfect at rendering the
sensitivity equal at all depths. Third, with only one exception
(Region 2, ALL), the percent correlation is increased by pre-
conditioning with . Together these results imply that cere-
bral hemorrhage should be detectable and even localizable with
these techniques.

Table VI shows the results for the ischemia case, for which the
initial correlation is 99.66%. This high initial correlation fore-
shadows a more challenging imaging problem. In most cases the
iterative algorithm converged to a more optimal solution, but the
differences in the initial and final correlation values tend to be in
the third or fourth significant figure, rather than the second, as
was the case for hemorrhage. Overall the effects of Region depth
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Fig. 3. Tomographic reconstruction of a hemorrhage in Region 3, shown in Fig. 2. Left column is without weighting: (a) adjacent, (c) opposite, and (e) all pairs.
Right column is with weighting: (b) adjacent, (d) opposite, and (f) all pairs.

and weighting with are minimal for ischemia. With few ex-
ceptions, the more superficial Regions are more readily imaged,

but the effects of weighting are negligible, and not even con-
sistently an improvement. Evidently, ischemia is a much more
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TABLE V
PERCENTCORRELATION—HEMORRHAGE

TABLE VI
PERCENTCORRELATION—ISCHEMIA

challenging problem than hemorrhage, at least for the parameter
values employed here. Because the potential changes in Table II
are easily measurable, however, it seems clear that ischemic
changes should be detectable in practice. Furthermore, because
the iterative algorithm usually converges to a more optimal so-
lution, it seems promising that ischemic tissue could also be ap-
proximately localized, especially with better techniques. Sug-
gestions for improvements are given in the Discussion.

Surprisingly, even in the hemorrhage case, for which the im-
provements are visible, the correlation function does not exhibit
a consistent improvement for ALL and OPP patterns over the
ADJ pattern, even though such an improvement is clearly vis-
ible in Fig. 3. This may be because the correlation treats the
two conductivity distributions as vectors with mutually orthog-
onal components, and gives identically zero contribution if the
correct conductivity is obtained at a neighboring element, no
matter how nearby. Other measures of image similarity should
be studied to allow reliable interpretations based upon purely
numerical measures.

IV. DISCUSSION

We have used a standard iterative approach to solve the EIT
inverse problem for brain anomalies, assuming that the other
tissue conductivities are known. Inversion and regularization
were accomplished using SVD techniques. To improve regular-
ization, however, we introduced a matrix preconditioning step
that accounts for the depth dependence of the sensitivity ma-
trix , which is biased toward the measurement surface. To
our knowledge this has not been applied previously in EIT. We
demonstrated the effects on the condition number, largest sin-
gular value, and rank of , and found that more independent
measurements enter meaningfully into the inverse solution with

preconditioning. This improves image quality overall, as seen
in the right column of Fig. 3.

We applied the technique to ischemic and hemorrhagic
stroke, using plausible values for the associated changes in
brain conductivity. For hemorrhage, the anomaly is easily
detected, and the dependencies on measurement pattern and
preconditioning are partly understandable in terms of the rank
of the sensitivity matrix. For ischemia, the anomaly appears
detectable, and the dependences on measurement pattern and
preconditioning are far less pronounced. This could be partly
due to our choice of stopping criterion (11), which may stop
the iteration prematurely for ischemia but not hemorrhage,
since percent correlation for ischemia is so high initially.
More studies are necessary to determine objective criteria for
stopping the iteration, as well as for regularization performed
at each iteration step.

Clearly a 2-D, geometrically perfect head model is an ide-
alization. This approach should be extended to 3-D. The FEM
will allow for correct head geometry. Errors in head geometry
will lead to systematic differences between measured and com-
puted values of the mutual impedancebut, if geometry is in-
cluded consistently, then reasonably good localization may pre-
sumably be obtained. A more difficult question is how to obtain
good baseline conductivity values for each of the head tissues.
The simplest way is a four-parameter approach [10], which is
overdetermined by design. Local variations in the tissue con-
ductivities, especially in the skull, will lead to systematic er-
rors in computing the lead fields and thereby the sensitivity ma-
trix. This would most likely lead to localization errors, but still
permit reliable detection, and that alone may be enough to pos-
itively impact clinical brain and stroke monitoring.

Many extensions are possible, which should improve tomo-
graphic reconstruction. Practically speaking, using more elec-
trodes will make the sensitivity matrix more square. Algorith-
mically, the present approach is equivalent to the weighted min-
imum norm algorithm used commonly in EEG and MEG, but
other methods exist which have yet to be applied to EIT, e.g., the
FOCUSS algorithm [15], which solves the EEG/MEG linear in-
verse problem by starting with the weighted minimum norm so-
lution, then iterating to sharpen the image. This approach seems
particularly well suited for stroke detection, since stroke is usu-
ally characterizable as a single, contiguous region. A further im-
provement, applicable to both the estimation of baseline con-
ductivity values as well as stroke monitoring, may be to cast
the static EIT problem inverse problem in a Bayesian frame-
work, which includes prior information about likely conduc-
tivity values, stabilizing the inverse solutions.
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