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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 [7]. When EIT is applied to the head, the inverse problem be-
and localize brain impedance changes associated with stroke.comes even more ill-posed due to the presence of the poorly
Forward solutions are computed using the finite-element method conducting skull [28].

in two dimensions. We assume that baseline conductivity values In thi dd th bl f t bral strok
are known for the major head tissues, and focus on changes in the n .'S paper We"f‘ _ress epro .em Oracute cerebral stroke
brain compartment only. We use singular-value decomposition detection and monitoring. We consider both types of cerebral
(SVD) to show that different impedance measurement patterns, stroke: ischemic and hemorrhagic. Ischemic stroke occurs
which are theoretically equivalent by the reciprocity theorem, when blood flow is reduced, e.g., due to a clogged artery.
have different sensitivities to the brain compartment in the Tpe most common technique for imaging stroke is magnetic
presence of measurement noise. The inverse problem is solved in . . MRD). H hil fi I MRI
part by standard means, using iterated SVD, and regularizing by resonance imaging ( _)' owever, while conventona .
truncation. To improve regularization we introduce a weighting Shows infarcted (dead) tissue many hours after stroke onset, it
scheme which normalizes the sensitivity matrix for voxels at cannot readily detect ischemic tissue in the acute time window
different depths. This increases the number of linearly indepen- (i.e., within three hours), in which tissue may be rescuable
dent components which contribute to the solution, and forces the 1,y 4, intervention. New MRI techniques such as diffusion
different measurement patterns to have similar sensitivity. When t . ina hold . 31 but MRI device i t
applied to stroke, this weighted regularization improves image 6”59f Imaging _O promise [ 1, but no | eY'Ce_ IS ye
quality overall. 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

. INTRODUCTION for detecting ischemia has been demonstrated experimentally

LECTRICAL impedance tomography (EIT) is a noninvain rodents [20], [21]. In humans, ischemic tissue also generates

E sive method for determining the conductivity distributiorpathological EEG and MEG [22], [31]. The work presented
inside a volume, based upon four-electrode impedance mBgre was motivated in part by the recognition that EIT data
surements taken at the surface. This is useful for makifguld easily be acquired concurrently with EEG, e.g., in mobile
forward models in any bioelectromagnetic imaging applicatioHNits or during continuous brain monitoring in the intensive
including electrocardiography (ECG) [8], electroencephalo§are unit, and provide complementary information on brain
raphy (EEG) [2], [10], and magnetoencephalography (MEGfate. . . .
[17]. In addition, changes in local tissue impedance reflect a/ related problem is hemorrhagic stroke, which occurs when
variety of pathologies, making EIT useful clinically [28]. plood f|||§ the extracellul.ar space or d|§places brain t.|ssue en-

When EIT is applied to the thorax, e.g., to determine tissmﬁ'é?"y- While far fgwer patients presentwnh hgmorrhagm _stroke,
conductivities for ECG [8], the injected current passes relativelyis much more likely to result in death. Ironically, the primary
unhindered between the ribs. Even so, the inverse problemd¢d used to treat cerebral ischemia (t-PA) carries a 6% chance
constructing volumetric images from surface measurementf&ausing brain hemorrhage [1]. Since the conductivity of blood

mathematically ill-posed and computationally very demandirgr. = 0-61 S/m) [12] is approximately four times that of brain
(o = 0.15 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-
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this data can be obtained from structural MRI, or potentiall
from anatomical databases. Second, we adopt the most relic
estimate of average skull conductivity available [32]. Third, t[l
focus onchangesn brain conductivity which might be occur in
stroke, we fix the conductivity of the outer head tissues [scal
skull, and cerebrospinal fluid (CSF)] to baseline values. The
may be obtained as in [10], or using other methods sugges
bellr?violving the EIT inverse problem, we use a standard iFig. 1. Configurations relevant to the four-electrode reciprocity theorem [19].
erative approach for the nonlinear aspect [30], and invert the . —
sensitivity matrix using singular-value decomposition (SVD}ZOdelS are not completely satlsfactory for real appll_cat_lons, but
The SVD implements regularization by truncation [35], and h ?_ use a Z'Dt m_?del htire ast_a f:rstls'?_ep. -LO c[{anfy |Its mtefr%reD-
been used previously in EIT [39], [40]. To the regularizatioha 'gn‘l we E%? ' stma Ie;na 'ﬁa rela |(ins Ip to a class of >-
procedure, we further introduce a matrix weighting, or preconmcl)f ehs ex II ling trans 3 lona syfr]‘nme . lational

ditioning, scheme which normalizes the sensitivity matrix for the volumetric con hL;CtIV!ty ash trans_atlona syr?]metry
different depths. This weighting scheme has been applied preyend Some axis, e.g., theaxis so thatr = o(z, y), then
ously in geophysics [34] and EEG/MEG [15], but to our knowIE e solution to (1) in two dimensions may be put into relat_lon
edge has notbeen applied previously to the EIT inverse proble th a correspondlr_lg 3-D pr_oblem as follows. For an .ObJeCt
By analyzing the singular values, rank, and condition of the se%f—he'ghtL ' sepe_lrat|02n of variables [2.3] allows the solution to
sitivity matrix, we show that weighting increases the number &aplace s equationY*¢ = 0) to be written as

linearly independent measurements which contribute to the so- ad b
lution, forces the different EIT injection patterns to have similar Oz, y, 2) = Y dulw, y) cos <f Z) ®3)
sensitivity, and improves image reconstruction quality overall. k=0
wherez € [0, L]. Inserting (3) into (1) and using = o(z, y)
Il. THEORY leads to an equation for eagh(z, %)

A. Forward Problem
km

2

Low-frequency § < 10 kHz) current injected into the scalp Vs - (0V2¢k> -0 <f) ¢r =0 (4)
gives rise to quasistatic electric fields, which may be computed
using techniques from electrostatics. To a good approximatiavhereV, = (8/dz, 8/dy) is the 2-D gradient operator. We
the electric and magnetic fields are decoupled and the localed Cartesian coordinates in (3), but (4) also holds in cylin-
tissue impedance is real [33]. The “impressed” current pass#al coordinates i (z, v) — ¥i(r, 6).
primarily through the extracellular space [11], and is kept low Equation (4) shows that by solving (1) in two dimensions,
({in; < 100 pA injected at the scalp surface) so as not to elicdnly thek = 0 contribution to (3) is obtained. Most 3-D prob-
neural activity. lems of interest have no exact symmetry, so any 2-D results are

With these simplifications, electric current in the conductivenly approximate. Yet numerical evidence suggests that the EIT
media is governed by Poisson’s equation for the electric potgroblems in 2-D and axially symmetric 3-D geometry are sim-
tial ® subject to Neumann boundary conditions ilarly ill-posed [25], so the numerical findings of the present
study may be expected to extend well to three dimensions.

V- (eV®)=0 inQ 1)
g_@ _ _Ju onan ) C. Reciprocity Formulation
124 g

Our starting point for EIT is the Geselowitz—Lehr theorem
whereV = (8/0z, 8/8y, 8/9z) is the three-dimensional [14], [27] relatingchangesin local conductivity to changes in
(3-D) gradient ands(z, y, z) is the local tissue conductivity. surface potential. Fig. 1 shows the four-electrode measurement
The volume( is bounded by the surfac@Q with outward configuration. Obviously, we mustrequireAB and C# D. At

unit normal 7. The normal current density at the scalp-aifimet: (¢2), the conductivity is a scalar fielgh (o). Current/;
boundaryJ, = J - i is specified piecewise; it is nonzero only(2) is passed through a pair of electrodes AB (CD), setting up an
at the electrodes. Equation (1) reduces to Laplace’s equatRjfctric potential fieldp; (¢2) throughout the volume. The po-

(V2& = 0) in each tissue layer, i is piecewise constant.  tential difference measured across the @b} ({AB}) is de-
notedA®, (A®,). Due to well-known practical problems with
B. Reduction to Two Dimensions measuring and computing the potential at the injection elec-

It is common in the literature to use approximate two-dimeAtodes, itis usually assumed that pgisB } and{CD} share no
sional (2-D) models as a starting point for investigation, sin@ectrodes[18]. For convenience, itis also assumedthat/,.
their solution is simpler mathematically, faster computationally, APPlying techniques like those used to derive Green’s second
and easier to visualize. Physically, the current always flows ieorem [14], [27] to the product, /> and ..y, it may be
three dimensions, butwhen EIT is applied to the thorax, both iftown that
jection and measurement electrodes are commonly confined to - -
a plane [28] to simplify the problem. We acknowledge that 2-D Zy =2 == /Q AgLy(o1) - La(o2) d2 ®)
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where the mutual impedanég = ¢, /1;, the change in conduc-
tivity Ao = o2—071, and the lead field vectdr, = —V®, /I;. If
the change\o represents an actual change in the volume fro
t; to to, then this forward expression is exact.

Skull
Scalp

D. Iterative Nonlinear Solution

Equation (5) is nonlinear iAo by its presence idz(o; +
Ag). This may be handled iteratively [30]. The first step is t
assume that\e is in some sense “small,” making it valid to
linearize the dependence dxw»

Z2 — Zl ~ —/ AO’El(O'l) . EQ(O’l) dS. (6)
Q

Following [30], we seek an iterative solution to the nonlinee
problem (5) via the linear problem (6), in which our estimate fc
o evolves according to a discrete maf* 1) = (™ 4 Ag(™),
wheren is the iteration step. Such a map is useful if it leads to ¢
estimate ofr which minimizes the difference between measure
and computed impedances At that pointo; = o2 and the
solution of (6) approaches that of (5). CSF

A slight reinterpretation of (6) gives an iterative algorithm fo Brain
computing the conductivity field which has minimum least-
squares error relative to the measured impeda#CeSVe first  rig 2 FE mesh consisting of 1141 nodes and 2166 elements. The brain
define a measurementin terms of four distinct electrodeg:= compartment alone has 1176 elements. Outer radii are equal to 8.0 cm (brain),

. i i i ; .2cm F), 8.7 cm (skull), and 9.2 cm Ip). Th val r nsider

O g, & On e ight AN ypca 10 Th dak ara shows an mpedance anomay ocaed n Regon'.
estimates ofr, written o™ ando*+1), On the left side, the
mutual impedanc¢; is replaced b)ZfL"), the computed value
of Z for measurement at iteration step, andZ; is replaced
by Z%,, the measured value of for the same.. We thus have

where the parametere (0, 1] is introducedad hocto improve
convergence [35]. The choice of such parameters is typically
subjective and problem dependent [34]. The vajue- 0.33
worked well for this problem.

VAR AONS _/ (a("+1) — a(n)) HM 40 @ Our algorithm stops when either of the two convergence cri-
S Q # teria are satisfied. First, if the Euclidean norm of the conduc-
where the densitﬁf]‘) = Lan(o™) - Lop(a™). tivity step becomes less then some tolerance, i.e.,
The finite-element method (FEM) discretizes the problem do- o+ — ™| < 1073 s/m (11)

main{2 into small volume elemen®;, called voxels. This al- then the minimization procedure is presumed to have reached a

IQV.VS th? integral in (7) to be replaced by a sum. .The Condul%'cal minimum. Second, if the mutual impedance change is less
tivity ¢ is assumed constant over each voxel, while the POt&R= 1 some tolerance. i.e

tial ¢ varies linearly over each voxel [30]. This allows (7) to be

M
written 1 (n+1) _ 7(m)? 2
() NS ) (4 () M ; (ZM K ) < 42
7t — 70 = 37 80 (Gt _ 8 -
poTe kz_:_l pk (a"‘ 7k ) ® then the result is said to no longer be changing with adequate

signal-to-noise ratio. Heré} is the voltage measurement noise
level discussed below, andis a normalization parameter de-
scribed in [34]. In this study, these two criteria acted similarly
n) _ n to terminate the search after approximately 30 steps.
sW=- / H™ dQ. 9) ! pproximately P
k

where voxels are indexed liye [1, N]. The sensitivity matrix
S is defined

This linear formulation is only approximate, valid for smaw, ~E- Regularization Via SVD

Moreover,SfL’,z) tends to be singular, so that the corresponding We assume a finite numbéd of measurements’,, where

inverse problem of solving (8) fats\™ is ill-posed and re- # € 7[/11’ -« ar]- The problem of inverting (8) for the vector

quires regularization. Aoy, the so-called tomographic reconstruction problem, is
Given an approximate solution to the linear inverse probletirposed, primarily becaus&/ < N, which makesﬁ‘fb’;) sin-

(8) for eachn, e.g., via the Moore—Penrose pseudoinvedse gular [45]. For the mesh in Fig. 2, this is improved somewhat

described next, the solution to the original nonlinear problely assuming the outer tissues (scalp, skull, and CSF) are known

may be obtained by iterating [30] and fixed, but stillAf < N. EvenifM > N, the EIT inverse

M problem is generally ill-posed, |e€/§’,1) remains singular, due

gl(c"“) — UIE"J +n Z(5+)§c"> [Z; _ Zfbn)} (10) to instrument noise and the blurring nature of the volume con-

=1 # 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 errdrelow that weighting increases the number of linearly indepen-

|Z* — Z(|| and minimum norm| Ac (||, where|| - || denotes dent measurements that contribute to the solution, balances the

the L, norm [39], [40]. differences between the various measurement patterns, and im-
At each iteration stem, the linear system (8) may be ex-proves image reconstruction overall.

pressed in matrix notation as

AZ = SAo. (13)

This system of equations may be solved approximatelyXer
using the SVD method [24], [35]. Briefly, any matrkmay be
decomposed a8 = UAVT, whereA = diag(\,,), i.e., A
is the diagonal matrix constructed from the ordered setfof
singular values,,,,, andU andV are orthogonal matrices con-
structed from the left and right eigenvectorsSofThis decom-
position allows an approximate solution to be written

G. Independent Measurements

We first consider the number of linearly independent mea-
surementsy which contribute toS. One way to count them
is the following. Given a total numbeY. electrodes, there are
at mostV, = N.(N, — 1)/2 unique electrode pairs available
for current injection. Potentials at the injection electrodes are
excluded [18], leaving only{ N, — 2) electrodes to measure
voltage. Since one electrode must be used as a reference, there
are at mostN, —3) independent voltage measurements. Taking
Ao~ STAZ (14) injection and measurement pairs gives = N,(N. —3) in-
whereST represents the Moore—Penrose pseudoinverse, givlependentimpedance measurements theoreticallyfer 16
by ST = VATUT [24]. The key to its utility is thatt denotes surface electrodes, this impli@g, = 120 injection pairs, and a
the pseudoinverse df, suitably truncated prior to inversion intotal of M, = 1560 possible measurements.
order to exclude singular values, which are zero, or less than In most applications, this number is reduced further by in-
some tolerance,,. This truncation is the mechanism of reguvoking the four-electrode reciprocity theorem [19], which states
larization in SVD. Of all the solution& ¢ with minimum error that for any measurement sef the mutual impedancg), is
||AZ]|, it gives the unique solution satisfying the additional corpreserved under an interchange of injectiéB } and measure-
straint of minimum nornj|Ag/||. ment{CD} pairs. This relation is apparent in (6) sinte&Z,, —
0 asAa;, — 0. Ifthis reciprocity argument is applied in the OPP
F. Matrix Preconditioning measurement pattern (defined below), then effectively there are
The matrixS has greatest sensitivity to voxels nearest theot IV, but only N./2 independent injection pairs, resulting
measurement surface. This causes deeper variations toirbdZ. = (N./2)(N. — 3) independent measurements. For
blurred or not detected, a significant contributor to ill-posedY. = 16, thisimpliesV, /2 = 8 injection pairs, and/,. = 104
ness in physical terms. A similar situation arises in a varietgtal possible measurements. This simplification speeds data ac-
of linear inverse problems, including problems in geophysiéslisition by a factor of ordeNe.
[34] and EEG/MEG [15]. A correction scheme is motivated by The above argument ignores noise. In practice a variety of
noting that (13) may always be written EIT measurement schemes appear in the literature [28]. In the
AZ = (SW)(W LAg) (15) adjacent” or ne!ghborlng pattern (ADJ), the_ injection and
measurement pairs are each composed of adjacent electrodes,
provided the matrixXW is nonsingular, i.e., has a unique angnd the two pairs are moved independently around the disc [30].
well-behaved invers&v—". The simplest way to ensure ttlf |, the “opposite” or “diametric” pattern (OPP), the injection

is nonsingular is to make it diagonal pairs are composed of diametrically opposed electrodes, but the
W = diag(wz) (16) measurement pairs are composed of adjacent electrodes as be-
fore [28].
I

and require alkv;, # 0. With this weighting scheme, a forma

solution may be written as i . . . :
n reciprocity sequentially and show the theoretical equivalence
Ao =~ W(SW)TAZ (17)  petween ADJ and OPP measurement patterns. Yet this equiv-
where(SW)™ represents the Moore—Penrose pseudoinverseaténce is violated in the presence of instrument noise and back-
SW. Such a scheme is useful if the problem of inverting thground EEG. Indeed, quite a few authors [5], [7], [43]-[45] have
matrix SW is less ill-posed than inverting. noted that the different measurement patterns have different sen-
An effective choice for thev, normalizes for the total sen- sitivities, and this choice affects image quality. There have even
sitivity in each voxel, by summing over all measurements [19)een efforts to derive optimal measurement schemes. One such

By ignoring noise, it is possible to apply re-referencing and

[34] scheme assumes a cosine-distributed current injection pattern
Y _1/2 [45]. For a homogeneous sphere, this has the effect of gener-
9 ating straight equipotential lines through the volume, and casts
Wk = [E:l SM’“] ) (18) the EIT problem to be more like X-ray computed tomography
=

(CT), which is soluble. While a sinusoidal current pattern may
In EEG/MEG, the inverse problem analogous to (13) involveése applied to any body, it seems unlikely to have the desired
the lead field matrix. rather tharS, and a weighting scheme effect of generating straight current paths when applied to the
analogous to (15)—(18) is referred to as the “weighted minimuhnighly heterogeneous head.
norm” approach [15]. In what follows, we consider both ADJ and OPP pat-
To our knowledge, this weighting scheme has not been apfns, along with a composite pattern (ALL) based upon
plied previously to the EIT inverse problem. We demonstrafef, = N,(N. — 3) measurements. We use SVD to show that
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has different properties in each case resulting in different sever- TABLE |

ities of ill-posedness. We then show that the above weighting DETECTEDS® (11V)—HEMORRHAGE
scheme balances the overall sensitivities of these patterns, and
improves image quality.

Adjacent Opposite All Pairs

max | ave | max | ave | max | ave
2.83 1044 | 10.65 | 2.19 | 14.89 | 8.30
1.52 1034 | 7.10 [ 1.85] 9.51 | 5.98
0.97 | 0.29 | 4.74 | 1.79 | 5.89 | 4.42
0.73 | 0.27 | 3.72 | 1.73 | 4.21 | 3.50
0.64 | 0.26 | 3.32 | 1.71 | 3.63 | 2.95

I1l. NUMERICAL 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 conduetivity
The conductivities of the three soft tissues are essentially agreed
upon: brain ¢, = 0.15 S/m [12]), CSF . = 1.8 S/m [4]), and
scalp ¢, = 0.44 S/m [12]). We use these values here. DETECTEDEfPBbFV)'Ll enErA

The conductivitys, 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 assumegc, = 80 [37],
[38], as though the living skull were saturated with brain-like
fluid, i.e., rather than CSF-like fluid. Taking, = 0.33 S/m,
this impliess; = 0.0042 S/m, the number commonly used in
the literature [38].

It is becoming clear, however, that the skull conductivity h"’}ﬁat of blood:a;, = 0.61 S/m [12]. This assumes that blood
Eeen zugderestlmated for some imlf [10(11’ [3.2].' Tfe study t?:¥Jmpletely displaces brain tissue, which is the most common
aw [26] suggests an average skull conductivity = 0.018 occurrence. It probably does not apply to the case where blood

S/m [10], givingoy /o, = 8.33. Like the Rush and Driscoll replaces only the extracellular fluid, which would tend to de-

finding [36], this result s difficult to interpret because the ME%ease the bulk tissue conductivity, since blood has a lower con-
sured conductivities were highly variable and it is not assur

that soaking a dry skull in saline reconstitutes its conductivity
accurately (P. Nunez, personal communication). The most relj- . L

able skull measurements were made recently on a fresh hu anDetectlon Sensitivity

cadaver [32], where it was found that on average the skull con-The larger the change in the measured potentials, the more
ductivity o, = 0.015 S/m. This is in rough agreement with [26],easily an anomaly will be detected above the measurement
implying a similar ratior;, /os = 10. Theratios; /o isthe main noise. Tables | and Il show the changes in surface potential
determinant of EIT sensitivity. Taking; = 0.44 S/m implies 6 = A®cp(o + Ao) — Adcp(o) for each anomaly,
o+/os = 30. We user;, = 0.015 S/m here. assuminglag = 100 pA. We compared ADJ, OPP, and ALL

Fig. 2 shows the finite-element (FE) mesh used for simulgatterns. To make a more direct comparison, in the ALL case
tions. Itincludes 1141 nodes and 2166 triangles. Similar to the report the average over the largest 104 valuestobnly.
one used by Bayfordt al. [5], this mesh has more triangles in(If all 1560 values are considered, then the averaéor ALL
the skull layer to better accommodate the steeper potential di@ls between ADJ and OPP.)
dients. In all cases, the maximum and average are ordered ac-

To determine the absolute detection capability of each pabrding to ADJ< OPP< ALL. The relation between OPP and
tern, we computed the changes in surface potential for five fod&slDJ may support some of the statements in [5]. Our restric-
anomalies, meant to mimic the conductivity changes associatah to the brain layer prefers OPP over ADJ patterns, which
with ischemic and hemorrhagic stroke. Each anomaly was comakes intuitive sense because the lead fields in OPP configu-
prised of 32 elements, with area equal to 5.47 cifhe five rations penetrate the brain compartment more deeply and sen-
regions were numbered in order of increasing depth. The thsiively than ADJ configurations [28]. It stands to reason that
region is shown as a dark area in Fig. 2. Others were shifted rastricting to the scalp layer, in contrast, would prefer ADJ over
dially by two FEs. The size of the anomalies were fixed in thi©PP, but this issue is not pursued here.
study, but a more complete study should include dependence ofthe fact that the ALL pattern has highest sensitivity sug-
both size and depth. gests it may be possible to select optimal measurement patterns,

We assume that ischemic tissue may be characterized bgquivalent to neither OPP nor ADJ, which are particularly sensi-
contiguous region with conductivity equal to 50% that of brairtive to certain regions of the volume. This argument is much like
o; = 0.075 S/m [20]. We assume that a hemorrhage may ltkat made by Gencaat al. [13] in the context of optimal EEG
characterized by a contiguous region with conductivity equal teference electrode placement, and is extended here to EIT.

o lw o]~

Adjacent | Opposite | All Pairs

max | ave | max | ave | max | ave
1.36 | 0.21 | 5.05 | 1.03 | 6.46 | 3.87
0.85 1 0.17 | 3.56 | 0.95 | 4.73 | 3.10
0.54 1 0.15 | 248 1 0.94 | 2.98 | 2.31
0.40 1 0.14 | 1.92 | 0.91 | 2.19 | 1.83
0.34 1 0.14 | 1.721 0.90 | 1.89 | 1.55

i A =)

e

ctivity than extracellular fluid.
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In practice, the detectability @f® must be considered in re- TABLE Il
lation to the noise levels. Injectinfys = 100 A into our THE MATRIX S

FE_ mod_el res_ults iM®cp ranging overi2509 #V. The ac- . Adjacent | Opposite | All Pairs
quired signal is assumed to be a sum of the impressed potential : : .
A®cp and two additive noise contributions: 1) amplifier noise Cond | 5.13 6.00 6.49
results in the addition of a Gaussian random variable to each Amax 0.13 1.00 3.08
time point [zero-mean and 04V root-mean square (RMS)]; Rank 24 34 18

2) resting EEG contributes a broad-banded signal with ampli-

tude on the order of 1QV. By injecting at 100 Hz for 5 s/pair TABLE IV

with 250-Hz sampling, then using the FFT to determine ampli- THE MATRIX SW

tude and phase of the impressed potentials, the retrieval error

8V is approximately Gaussian and less than Q.UIRMS. We Adjacent | Opposite | All Pairs
use this value here, but higher frequencies and better signal an- Cond 5.89 7.39 6.60
alytic techniques could further redué® and speed acquisition Arax 17.9 944 93.7
time. Rank | 74 60 66

C. Singular Value Decomposition )
to the three measurement patterns: ADJ (top), OPP (middle) and

o ALL (bottom). In all cases the anomaly is clearly visible.

we computed forS and SW the_ condlt_lon number o poth weighted and unweighted cases, the ADJ pattern
Cond = 10g;0(Amax/Amin), the maximum singular value |o44s to erroneous variations deep in the brain volume. For the
Amax, and the Rank (the number of singular valuds, nyeighted case, this is accompanied by erroneous variations at
greater than some tolerance,,) for each pattern, assumingistant locations of any radius. Most notably, for all unweighted
op = 0.15 S/m. To determiné\,q;, Presset al. [35] suggest c,qeq the solution has erroneous variations near the outer brain
using  times tth expected noise levels, which WOP'd IMPIYrface. This is presumably a numerical instability caused by
Aol = 0.001 ©"m. We obtained better tomographic recong pying disproportionately high sensitivity there. This defect

: : N 5 .
structions withAwer = 0.01 ©°m. (Note that the singular j, he tomographic reconstruction is repaired almost entirely by
vectors are normalized to unity, so the singular valugscarry preconditioning

the units of the matrix.)
Table 11l shows the results for the unweighted ma8ixThe
condition numbers are ordered according to ARJOPP <

To quantify the effect of preconditioning withW,

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

ALL, but practically speaking are very similar, always adequate . Zk: Tkk
for single-precision computation. The maximum eigenvalue %Corr = - — x 100 (19)
Amax @nd Rank are also ordered according to ADDPP < \/Zk: Ik \/Zk: %k

ALL, but the effect is much more pronounced. Since the maﬁ—t th wal ductivity distributiest. and th
imum eigenvalue presumably makes the largest contributi frveen the actual conduclivity distributior, and the com-

to (13) (recall the eigenvectors are normalized to unity), thpé“ed conductivity distribution;* obtained by iterating (10) to

suggests that the three patterns considered will behave Vté?é{vergence. Each iterative solution was initialized with a con-

differently in the presence of noise. This seems to support &t brain conductivity, = 0.15 S/m. .
claim in [5], that the OPP pattern is preferable to ADJ. able V shows the results for the hemorrhage case, which

Table IV shows the results for the matrix prodS3. The initially has 90.83% correlation. Several consistencies are ap-

condition numbers are essentially unchanged, with the excgﬁ_rent. First, in all cases, the final correlation is much higher

tion of OPP, which is possibly not quite inadequate for singl 'tﬁn the initial cgrtrelatlon, derrlpnsTratlr i]'that;he |te(rjat|v$ha:cgo—
precision computation. The most notable effect is that, and rithm converged to a more optimal Solution. Second, with Tew

the Rank ofSW are increased significantly relative to those oc?xce_ptlo_ns (_Welghted OPP and ALL Reg|_on 2) the percent cor-
relation is higher for more superficial regions, presumably be-

S. Since a larger number of singular values and vectors ma S .
now contribute meaningfully to the inverse, it seems plausib? use the effect of preconditioning is imperfect at rendering the

that the tomographic reconstructions obtained f&W will be sensitivity equal at all depths. Third, yvith_oply one exception
better than those frord. This is demonstrated clearly for hem—(Reglon 2, ALL), the percent correlation is increased by pre-

: - conditioning with W. Together these results imply that cere-
orrhage, and to a lesser degree for ischemia. bral hemorrhage should be detectable and even localizable with
these techniques.

Table VI shows the results for the ischemia case, for which the
We applied our inverse procedure to ten cases, compriseifial correlation is 99.66%. This high initial correlation fore-
of hemorrhagic and ischemic anomalies at the five Region Ishadows a more challenging imaging problem. In most cases the
cations described in Section IlI-A. Fig. 3 shows by contoduterative algorithm converged to a more optimal solution, but the
plotting the result for a hemorrhage in Region 3, defined idifferences in the initial and final correlation values tend to be in
Fig. 2. The two columns correspond to unweighted (left) anile third or fourth significant figure, rather than the second, as
weighted (right) regularization, and the three rows correspomds the case for hemorrhage. Overall the effects of Region depth

D. Tomographic Reconstruction
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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) oppositd, @aids(e) a
Right column is with weighting: (b) adjacent, (d) opposite, and (f) all pairs.

and weighting withW are minimal for ischemia. With few ex- but the effects of weighting are negligible, and not even con-
ceptions, the more superficial Regions are more readily imagsgstently an improvement. Evidently, ischemia is a much more
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TABLE V preconditioning. This improves image quality overall, as seen
PERCENT CORRELATION—HEMORRHAGE in the right column of Fig. 3.
Adjacent Opposite Al Pairs We app_lled the _technlque to ischemic apd hemorrhagu_:
T ow W S W stroke, using plausible values for the associated changes in
R 5 SW S S i i brain conductivity. For hemorrhage, the anomaly is easily
119595 | 97.51 | 95.41 | 96.61 | 95.55 | 97.22 detected, and the dependencies on measurement pattern and
2 19431 | 95.52 | 92.91 | 93.16 | 93.47 | 92.89 preconditioning are partly understandable in terms of the rank
319249 | 9451 | 92.40 | 93.23 | 92.75 | 93.46 of the sensitivity matrix. For ischemia, the anomaly appears
1 0201 19443 | 9164 | 92.63 | 91.84 | 93.11 detectab_l_e, z_ind the dependences on measgrement pattern and
0 i 16 9100 [oz12 T9197 9318 preconditioning are far less pronounced. This could be partly
b [ 9264 [ 94.16 | 1. it A I 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.
TABLE VI More studies are necessary to determine objective criteria for
PERCENT CORRELATION—ISCHEMIA : i i y _J g
stopping the iteration, as well as for regularization performed
Adjacent Opposite All Pairs at each iteration step.
Rl s W g SW g oW Clearly a 2-D, geometrically perfect head model is an ide-
1 19975 1 99.73 1 99.88 | 99.87 1 99.89 | 99.86 al_lzat|0n. This approach should be extendeq to 3-D. The FEM
5 19972 199.80 1 99.75 1 99.76 1 99.50 1 99.72 will allow for correct head geometry. Errors in head geometry
i : i b - - will lead to systematic differences between measured and com-
3 199.71 | 99.66 | 99.74 | 99.77 | 99.76 | 99.76 puted values of the mutual impedangg but, if geometry is in-
4 199.72 1 99.66 | 99.70 | 99.75 | 99.72 | 99.75 cluded consistently, then reasonably good localization may pre-
5 199.58 | 99.69 | 99.70 | 99.73 1 99.73 | 99.75 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
challenging problem than hemorrhage, at least for the paramezeerdetermined by design. Local variations in the tissue con-
values employed here. Because the potential changes in Tabludtivities, especially in the skull, will lead to systematic er-
are easily measurable, however, it seems clear that ischensits in computing the lead fields and thereby the sensitivity ma-
changes should be detectable in practice. Furthermore, becdtizeThis would most likely lead to localization errors, but still
the iterative algorithm usually converges to a more optimal spermit reliable detection, and that alone may be enough to pos-
lution, it seems promising that ischemic tissue could also be dfively impact clinical brain and stroke monitoring.
proximately localized, especially with better techniques. Sug-Many extensions are possible, which should improve tomo-
gestions for improvements are given in the Discussion. graphic reconstruction. Practically speaking, using more elec-

Surprisingly, even in the hemorrhage case, for which the irtrodes will make the sensitivity matrix more square. Algorith-
provements are visible, the correlation function does not exhibiically, the present approach is equivalent to the weighted min-
a consistent improvement for ALL and OPP patterns over tiiaum norm algorithm used commonly in EEG and MEG, but
ADJ pattern, even though such an improvement is clearly vigther methods exist which have yet to be applied to EIT, e.g., the
ible in Fig. 3. This may be because the correlation treats thR®CUSS algorithm [15], which solves the EEG/MEG linear in-
two conductivity distributions as vectors with mutually orthogverse problem by starting with the weighted minimum norm so-
onal components, and gives identically zero contribution if tHetion, then iterating to sharpen the image. This approach seems
correct conductivity is obtained at a neighboring element, m@rticularly well suited for stroke detection, since stroke is usu-
matter how nearby. Other measures of image similarity showtly characterizable as a single, contiguous region. A further im-
be studied to allow reliable interpretations based upon purgiyovement, applicable to both the estimation of baseline con-
numerical measures. 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.

We have used a standard iterative approach to solve the EIT
inverse problem for brain anomalies, assuming that the other ACKNOWLEDGMENT
tissue conductivities are known. Inversion and regularization
were accomplished using SVD techniques. To improve regular-The authors thank Dr. O. Portniaguine at the Scientific Com-
ization, however, we introduced a matrix preconditioning stéf!ting and Imaging Institute, University of Utah, for helpful dis-
that accounts for the depth dependence of the sensitivity n§&SSIONS.
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