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tissue displacement has significant impact on electrical impedance
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A B S T R A C T

Objective: Intracerebral hemorrhage (ICH) occupies intracranial space and causes brain tissue displacement and
fluid volume shifts. We assess how hematoma expansion (HE) affects electrical impedance tomography (EIT)
measurements and reconstructed images of the conductivity change caused by HE.
Methods: We developed a novel multi-physics model of ICH with mechanical tissue deformation during HE. We
simulated EIT measurements with the multi-physics model and a traditional static model using five ICH loca-
tions. The effects of tissue deformation on the results of monitoring of ICH with EIT were assessed by comparing
the measurement data from the multi-physics and traditional models and by comparing the corresponding
reconstructed conductivity change from two image reconstruction algorithms.
Results: The simulated measurement data and the reconstructed images of the conductivity change using the
multi-physics and the traditional model are radically different regardless of the image reconstruction algorithm
used.
Conclusions: The effect of tissue displacement caused by HE on EIT monitoring of ICH is significant. Specifically,
the displacement of cerebrospinal fluid (CSF) can mask the effects of increased ICH blood volume. However, the
effects of displaced CSF could be easier to detect with EIT than the ICH blood volume increase and thus could be
used as an indicator of HE in EIT bedside monitoring of ICH and improve the detectability of HE, especially for
ICH located deep in the brain.
Significance: Currently there are virtually no imaging methods for continuous monitoring of stroke. There has
been recent resurgence in interest to develop electrical impedance tomography (EIT) devices and algorithms for
monitoring progression of stroke. In-silico studies show promising results, but there are very little clinical results.
In-silico models are usually used for development and evaluation of algorithms for EIT image reconstruction. In
previous studies the stroke has been usually modeled as local change in electrical conductivity and the fluid and
tissue displacement caused by the increased blood volume in ICH has not been considered. In this paper we
present a novel multi-physics model of ICH, simulated EIT measurement results and reconstructed images with
comparisons to the traditionally used ICH modeling methods. Our multi-physics approach to modeling of ICH
shows that the effect of tissue and fluid displacement during HE needs consideration when developing clinical
applications of EIT.
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1. Introduction

Stroke is the second leading cause of death worldwide and is a sig-
nificant cause of disability (Katan and Luft, 2018). Intracerebral hem-
orrhages (ICH) account for 10–30 % of all acute strokes and are
associated with very high morbidity and mortality (Renedo et al., 2024;
Poon et al., 2014; Pinho et al., 2019). Unlike for ischemic stroke, no
single intervention has unequivocally been shown to improve functional
outcomes for ICH. The treatment of ICH is based on the best possible
medical treatment, and in the most severe cases on neurosurgical
intervention (Greenberg et al., 2022). One of the strongest predictors of
functional outcome is the initial ICH volume (Broderick et al., 1993) and
the subsequent hematoma expansion (Mayer et al., 2021).

Hematoma expansion (HE) occurs in about 70% of ICH patients and
occurs usually during the first couple of hours after the initial event
(Davis et al., 2006). Hematoma expansion in ICH patients is currently
detected with computed tomography (CT). Such imaging is under-
standably intermittent, prompted by changes in patient’s clinical signs
and symptoms, or according to fixed timing of control CTs (Greenberg
et al., 2022). The unmet clinical need for real-time detection of HE has
prompted a search for suitable bedside imaging modalities. In addition
to bedside head CT scanning, which is still relatively rare and has some
limitations (Goertz et al., 2024), there has been recent interest in
developing electrical impedance tomography (EIT) for bedside HE
monitoring (Toivanen et al., 2024; Ouypornkochagorn et al., 2023; Shi
et al., 2021; Yang et al., 2017; Dai et al., 2013; Xu et al., 2010).

In EIT monitoring, HE has been considered to be detectable as
electrical conductivity changes that are caused by the increased volume
of blood (Toivanen et al., 2024; Ouypornkochagorn et al., 2023; Shi
et al., 2021; Yang et al., 2017; Dai et al., 2013; Xu et al., 2010). In EIT
these conductivity changes are reconstructed based on electrical mea-
surements of the patient’s head. In the measurement setup, a set of
electrodes are attached to the patient’s head. Then small and safe
alternating currents are fed through a selected set of electrodes and the
resulting voltages are recorded on all electrodes. These measurements
are then repeated, potentially even within seconds, and the two sets of
measurement are used to reconstruct the conductivity changes that have
occurred between the measurement sets. EIT is inexpensive,
radiation-free and in theory suitable for continuous bedside monitoring
of ICH, although that has yet to be shown in a clinical setting.

Simulation based EIT studies use computational head models to
simulate the EIT measurements. Such models have traditionally been
three-layer or otherwise simplified models (Li et al., 2017; Ouy-
pornkochagorn et al., 2023) or more realistic six-or-more-layer models
(Paldanius et al., 2021; Jehl et al., 2016). However, these models use

tissue swapping within fixed tissue boundaries to simulate HE, and are
thus ignoring key phenomenon of HE: the mass effect and sulcal
effacement.

Mass effect is the phenomenon in which a lesion or contusion, in this
case ICH and HE, takes up space within the restricted skull space and
causes the surrounding brain tissues to be compressed and even injured.
Sulcal effacement is a consequence of mass effect; compression of brain
tissues pushes adjacent gyri together and cerebrospinal fluid (CSF) gets
pushed out of the sulci (Fig. 1). Following the Monro-Kellie’s hypothesis
(Mokri, 2001) that states that the sum of volumes of brain, CSF and
intracranial blood is constant, sulcal effacement results in reduction in
total CSF volume within the cranium (Mokri, 2001), given that CSF and
blood are the only components capable of leaving the cranium. A
simulation model of mass effect has been previously described in liter-
ature in simulation of ischemic stroke development (Bing et al., 2020)
and deformation of brain tissues has been simulated in relation to tumor
growth (Angeli and Stylianopoulos, 2016).

Reduction of CSF volume is extremely relevant to EIT monitoring of
HE. The conductivity of CSF is around 2.0 S/m and the conductivity of
blood is around 0.7 S/m (Gabriel et al., 1996). Therefore, reduction in
CSF volume might overpower perceived conductivity changes from
changes in blood volumes caused by HE, especially with ICH deep within
the brain tissues. This initially unintuitive conductivity decrease caused
by hemorrhagic strokes have been noted in some stroke EIT literature,
see e.g. Goren, 2020; Dai et al., 2018; Yang et al., 2017, and have been
speculated to result from displacement of CSF. Our previous simulation
study (Paldanius et al., 2021) has shown that CSF is critically important
for accurately simulating EIT measurements.

In this paper, our aim is to assess how the tissue displacement and
geometrical changes during HE affect the EIT measurement and the
subsequent EIT image reconstruction of the conductivity change
resulting from HE between two measurements. For this we introduce a
novel multi-physics in-silico head model for EIT measurement data
simulation. This model combines simulation of the mass effect, sulcal
effacement and CSF volume reduction caused by HE with electrical
simulation of the EIT measurement. We compare the results from our
multi-physics model to results from the traditional, undeformable,
tissue-swapping based head model introduced in (Paldanius et al.,
2021). We test two EIT image reconstruction algorithms to see how
these geometric effects are observed in EIT reconstructions of the con-
ductivity change to assess detectability of the changes caused by HE in
EIT based monitoring of ICH.

Fig. 1. Sulcal effacement in an ICH patient. Right hemisphere of the brain has normal anatomy, the left exhibits sulcal effacement caused by an ICH lesion and
associated swelling. The volume of the ICH lesion was measured to be 18 ml.
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2. Materials and methods

2.1. Head model

In this study, two different modeling approaches were used in EIT
data simulation to study the effect of tissue displacement on EIT mea-
surements and reconstructions. For purposes of this study, we developed
a multi-physics model, which uses the novel approach of simulating the
biomechanics of tissues and their deformation caused by hematoma
expansion (Fig. 2). The reference model uses the traditional approach of
simply using static geometry and inserting a lesion of blood in the brain
parenchyma. For comparability, the same finite element meshes were
used with both models. In the traditional model the size of the ICH lesion
was increased by swapping the material in a small volume surrounding
the original lesion from white matter to blood. In the multi-physics
model, the deformation of the tissues caused by HE is simulated. The
ICH lesion sizes simulated in this study were relatively small, with the
initial lesion being 8 ml in volume and growing to 14 ml, which is the
median size of ICH lesion reported in literature (Robinson et al., 2022).

2.1.1. Finite element mesh
The segmented geometry used as a basis for the head model was

obtained from Population Head Model repository (Lee et al., 2016).
These segmentations had anatomically detailed six-layer head models
consisting of scalp, skull, CSF, greymatter, white matter and cerebellum.
The segmented geometry files were imported into ScanIP Simpleware
and any problems with the geometries were manually cleaned up. The
original segmented models were missing the dura mater, so an
approximation of falx cerebri was created by defining a boundary in the
CSF volume between the hemispheres of the brain. Also, 32 circular
electrodes with a diameter of 10 mm were defined on the scalp ac-
cording to the modified 10-5 system for EIT from Goren et al. (2018a).
The initial ICH was modeled as a sphere with a 25 mm diameter inside
the brain parenchyma. Another sphere with diameter of 30 mm was
defined surrounding the 25 mm sphere to enable material swapping
when using the traditional model. Based on this geometry, five finite
element (FE) meshes of approximately 5 million elements were gener-
ated, each with a different location for the ICH. A finer refinement was
used around the electrodes and the thin structures, such as the skull. The
five finite element meshes were exported to COMSOL Multiphysics 6.1
for the traditional and multi-physics model simulations. Image recon-
struction models described later are based on independent conventional

discretizations that do not utilize any information of the possible de-
formations due to the ICH expansion.

2.1.2. Mechanical model
The mechanical model of hematoma expansion used in this study

built in the Solid Mechanics interface of COMSOL. As the skull is very
rigid compared to the tissues within the cranial cavity, both the skull and
the skin were modeled as rigid bodies to save computational resources.
Brain tissues were modeled as nearly incompressible hyper-elastic ma-
terials using the two parameter Mooney-Rivlin model (Bergström,
2015), where strain energy density is defined by equation;

Ws = C10(I1 − 3) + C01(I2 − 3) +
1
2

κ(Jel − 1)2 (1)

where C10 and C01 are the Mooney-Rivlin parameters, κ is the bulk
modulus, which for nearly incompressible material was left at the
default value of 100 times the initial shear modulus, I1 and I2 are iso-
choric invariants of the elastic right Cauchy-Green deformation tensors
and Jel is the elastic volume ratio. The parameters used for different
tissues are shown in Table 1.

A thin layer boundary condition was set on the boundary that ap-
proximates the location of falx cerebri. The layer was given a thickness
of 1 mm and modeled as linear elastic material (Table 2) for which
Hooke’s law relates the stress tensor to the elastic strain tensor;

σ = σex + C : εel (2)

where C is the 4th order elasticity tensor containing the material prop-
erties, “:″ is the double-dot tensor product and εel is the elastic strain and
elastic strain energy density is

Ws =
1
2

εel : (C : εel + 2σ0) (3)

where σ0 is the initial stress.
As a fully-fledged fluid-structure interaction simulation was deemed

to be computationally infeasible, the same approach used by Bing et al.
(2020) to model the CSF was used in this study to simulate volume
change of CSF and blood. Both of these fluids were modeled as
compressible hyper-elastic tissues using the parameter shown in Table 1
and bulk modulus κ = 1 to enable change in the tissue volume. This
enabled computationally lighter modeling of the mass effect, sulcal
effacement and the CSF volume reduction during an ICH.

The growth of the ICH was modeled by adding a boundary load
condition on the boundary between the original lesion and brain tissue;

FA = − pn (4)

where FA is the boundary load vector, p is the pressure and n is the
normal of the element. The pressure on the boundary was then gradually
increased until the original lesion with diameter of 25 mm and volume
of 8 ml would grow to volume of 14 ml and diameter of roughly 30 mm
to match the size of the lesion in the traditional model.

Tissue displacement magnitude caused by the hematoma expansion
with each of the simulated ICH lesion locations was visualized as semi-
transparent 3D volumes and the resulting CSF volume reductions in both
hemispheres were measured.

2.1.3. Electrical model
The simulation of EIT measurements was performed using the Elec-

tric currents interface in COMSOL in similar fashion as in our previous

Fig. 2. Example of simulated mechanical deformation of tissues caused by
hematoma expansion. 2D slice from 3D model with dark lines denoting the
original tissue outlines. Hematoma expansion from 8 ml to 22 ml was used here
for illustrative purposes.

Table 1
Linear elastic material properties for falx cerebri (Bing et al., 2020).

Tissue Density (kg/m3) Poisson’s ratio Young’s Modulus (MPa)

Falx Cerebri 1133 0.45 31.5
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works (Paldanius et al., 2021; Toivanen et al., 2024). The electrodes
were numbered from 1 to 32 (Fig. 3) and 32 independent current in-
jection patterns were setup using MATLAB LiveLink for COMSOL. The
contact impedance ze was set at 2 kΩ for all electrodes. The injection
current was set at 1 mA at 1 kHz frequency to match the minimum
frequency of the stroke EIT prototype measurement device (Toivanen
et al., 2021). The electrical properties for the tissues shown in Table 3
were obtained from literature published by Gabriel et al. (1996).

As the simulations were performed as frequency dependent, COM-
SOL solves for following equations;

∇⋅J = Qj,v (5)

where J is the current density and Qj,v is an external current source,

J = σE+ jωD+ Je (6)

where σ is the conductivity of the material, E is the electric field, D is the
electric displacement field, Je is external current density,

E = − ∇V (7)

and where V is the electric potential.
The electrodes were modeled with a single Neumann boundary

condition following the implementation by Fouchard et al. (2015);

− n⋅j =
1

ze ‖ Ae ‖
(

∫

Ae
VdΓ + zeie − ‖ Ae ‖ V) (8)

where n ⋅ j is the normal current density, ze is the contact impedance, ie is
the injected current, Ae is the surface area of the electrode, and V is the
electric potential.

Three EIT measurement simulations were performed for each of the

five ICH lesion locations; the initial ICH, hematoma expansion with the
traditional approach and hematoma expansion with the multi-physics
model. The electrode potentials were extracted in post processing and
exported as a.csv table to be used for image reconstruction.

2.2. Reconstruction of conductivity changes

The simulated measurement data from the head models, with added
noise, was used to reconstruct 3D images of conductivity changes using
the stroke monitoring algorithm from Toivanen et al. (2024) and with
the linear difference imaging algorithm from Toivanen et al. (2021,
2024). The noisy realizations of data were obtained by adding Gaussian
zero mean random noise with a standard deviation of 0.0184 mV to the
simulated noise-free measurements to match the approximated noise
level of a prototype stroke EIT measurement device (Toivanen et al.,
2024, 2021). For the image reconstructions, the shape of the head and
the electrode locations were assumed known and the approximate
location of the skull was assumed to be available from a CT image but
other structures inside the head were assumed unknown.

For the image reconstruction algorithms, electrode voltages were
computed in a mesh of 116,235 nodes and 597,631 elements with
refinement near the electrodes as is required for accurate numerical
solving. The conductivity was approximated in a coarser mesh of 38,433
nodes and 207,453 elements to give a uniform resolution representation
for the unknown image.

2.2.1. Modeling of EIT for image reconstruction
The patient’s head in the EIT measurement setup is modeled as

Table 2
Mooney-Rivlin parameters for the tissues (Bing et al., 2020).

Tissue Density (kg/m3) C10 (Pa) C01 (Pa)

Grey matter 1040 10 500
White matter 1040 45 2200
Cerebellum 1040 10 500
CSF and blood 1000 0.01 50

Fig. 3. Electrode locations based on modified 10–5 system (Oostenveld and Praamstra, 2001) for EIT as suggested by Goren et al. (2018b). The cross-section image
shows the initial ICH lesion of one of the simulated ICH locations.

Table 3
Dielectric properties of the tissues used in the simulation at 1 kHz frequency
(Gabriel et al., 1996).

Tissue Conductivity (S/m) Permittivity (F/m)

Scalp 0.32 434,932
Skull 0.02 2702
CSF 2.00 109
White matter 0.06 69,810
Gray matter 0.10 164,062
Cerebellum 0.12 164,358
Blood 0.70 5259
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domain Ω⊂R3, and the L electrodes attached to its surface with circular
surface patches eℓ, l = 1, 2, …, L. The P current injections through
selected electrodes are denoted with I(k) ∈ RL, k = 1, 2, …, P, and the
corresponding induced voltages on all electrodes are denoted with
U(k) ∈ RL. Correspondingly, a single current injection is denoted with I(k)ℓ

and the corresponding voltages on electrodes with U(k)
ℓ for the kth cur-

rent injection on the ℓth electrode for ℓ = 1, 2, …, L. With this notation,
the conservation of charge and our choice of electric potential ground,
we can write

∑L

ℓ=1
I(k)ℓ = 0

∑L

ℓ=1
U(k)

ℓ = 0. (9)

here, the voltages U(k)
ℓ are boundary measurements of the interior

electromagnetic potential u(k)(x) that is modeled with the conductivity
equation

∇⋅(σ(x)∇u(k)(x)) = 0, x ∈ Ω (10)

and the boundary conditions of the complete electrode model (Cheng
et al., 1989; Somersalo et al., 1992) (CEM) for k= 1, …, P and ℓ = 1, …,
L

u(k)(x) + zℓσ(x) ∂u(k)(x)
∂n = U(k)

ℓ , x ∈ eℓ (11)

∫

eℓ

σ(x) ∂u(k)(x)
∂n dS = I(k)ℓ , (12)

σ(x) ∂u(k)(x)
∂n = 0, x ∈ ∂Ω\

⋃L

ℓ=1
eℓ, (13)

where zℓ is the contact impedance between the electrode eℓ and the body
Ω, n denotes the outward unit normal vector on the boundary ∂Ω and the
isotropic conductivity distribution σ is assumed to belong to
L∞
+ (Ω) := {ς ∈ L∞(Ω)|essinfς > 0}. The existence and uniqueness of the
solution (u,U) ∈ H1(Ω) ⊕ RL∕R of the model (9)–(13) was proven and its
variational form derived in Somersalo et al. (1992).

The aim of the EIT monitoring is to detect the growth of a hemor-
rhagic stroke as a change in conductivity

δσ = σ2 − σ1 (14)

between measurement times t1 and t2. Because the hemorrhage is un-
likely to change meaningfully during a single measurement set, the
measurements at t1 and t2 can both be modeled separately with the
stationary model

Vi = U(σi) + ei, i = 1, 2, (15)

where U(σ) maps the given conductivity to voltages on the electrodes
according to Eqs. (9)–(13), and e models the measurement noise. In this
paper, the forwardmodelU(σ) is based on the finite element method and
details of the implementation can be found in Vauhkonen et al. (1998),
Kaipio et al. (2000).

2.2.2. Stroke monitoring algorithm
The stroke monitoring algorithm used in this paper is the same as in

Toivanen et al. (2024) and it utilizes non-linear region-of-interest dif-
ference imaging (Liu et al., 2015), parallel level sets regularization
(Kolehmainen et al., 2019) and a priorconditioned least squares algo-
rithm (Arridge et al., 2014; Harhanen et al., 2015). The algorithm uti-
lizes information from the patient CT that is taken for diagnosis of the
stroke at the time of patient admission to the hospital.

The algorithm utilizes a region of interest (ROI) constraint for the
conductivity change, so that

supp(δσ) = ΩROI ⊆ Ω. (16)

The ROI can be chosen based on the patient CT image and for intrace-
rebral hemorrhage monitoring a safe choice that is used also in this
paper is to use the full brain volume. Based on the ROI, the conductivity
at the later measurement time t2 is modeled as

σ2 = σ1 + Kδσ, (17)

where K is an extension mapping that zero-extends the conductivity
change from the ROI to the whole domain.

The change in conductivity δσ between the two measurements V1
and V2 is obtained by solving the generalized Tikhonov problem

σ̃ = argmin
σ̃

{
‖ L̃e(Ṽ − Ũ(σ̃))‖2 + p(σ̃)

}
, (18)

where the diagonal blocks of L̃e contain the Cholesky factors of the noise
precision matrices of measurements V1 and V2,

Ṽ =

[
V1
V2

]

, Ũ =

[
U(σ1)

U(σ1 + Kδσ)

]

, (19)

σ̃ =

[
σ1
δσ

]

, ẽ =
[
e1
e2

]

, (20)

and the regularization functional

p(σ̃) = pδσ(δσ) + pσ1 (σ1) (21)

allows independent regularization models for δσ and σ1. We use the
same regularization models in this paper as were previously used in
studies of stroke monitoring (Toivanen et al., 2021, 2024) that utilize
measurement data from static, non-deformable models.

The conductivity change caused by the hemorrhage expanding, and
thus our primary unknown δσ, is expected to be localized and regular.
Therefore, the regularization model for δσ is chosen to be the smoothed
total variation regularizer (Rudin et al., 1992)

pδσ(δσ) = TV(δσ) = αδσ

∫

Ω

(
‖ ∇δσ‖2 + β2)1∕2dx, (22)

where αδσ > 0 is the regularization weight coefficient, ∇δσ is the
gradient of the conductivity change and β > 0 is a small smoothing
parameter that ensures differentiability. The values αδσ = 5 ⋅ 10− 3 and β
= 10− 3 were used in this paper.

The secondary unknown σ1, the absolute conductivity at measure-
ment time t1, is expected to correlate well with the structure of the pa-
tient CT. This information is utilized via a parallel level sets based,
spatially and directionally weighted smoothed TV regularization that
promotes similar alignment of level sets in σ1 and the CT-based reference
image (Kolehmainen et al., 2019), giving

pσ1 (σ1) =WTV(σ1) = ασ1

∫

Ω

(
‖ ∇σ1‖

2
B(κ) + β2)1∕2dx, (23)

where ασ1 > 0 is the regularization weight coefficient and the tensor B(κ)
is chosen such that aligned edges (or level sets) in σ1 and the reference
image κ are preferred. In this paper, the reference image contains only
the approximate location of the skull and no other structural informa-
tion. For more details on the implementation, see Kolehmainen et al.,
2019; Toivanen et al., 2021, 2024. The values ασ1 = 10− 7 and β = 10− 3

were used in this paper.
In this paper, the non-linear optimization problem (18) was solved

using a lagged Gauss-Newton iteration (Vogel, 2002) equipped with a
bounded line search algorithm that enforces σ1 > 0 and σ2 > 0. The
Gauss-Newton search direction was solved using a priorconditioned
least squares algorithm (Arridge et al., 2014; Harhanen et al., 2015).
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2.2.3. Linear difference imaging algorithm
The linear difference imaging, see e.g. Barber and Seagar, 1987 and

Bagshaw et al., 2003, algorithm in this paper aims to reconstruct the
change in conductivity δσ between the two measurements V1 and V2 by
solving the generalized Tikhonov problem

δ̂σ = argmin
δσ

{
‖ Lδe(δV − Jδσ)‖2 + Rδσ

}
(24)

where δV = V2 − V1, δe = e2 − e1, Lδe is the Cholesky factor of the noise
precision matrix of δe so that LTδeLδe = Γ− 1

δe = (Γe1 + Γe2 )
− 1, the Jacobian

matrix J is evaluated at the linearization point σ0 and R is a linear reg-
ularization matrix.

In this paper, as in Toivanen et al. (2021, 2024), the linearization
point σ0 was obtained by solving a non-linear least squares fitting
problem for the best fitting spatially constant conductivity using the
measurement data V1 and the linear regularization matrix R was con-
structed utilizing a distance based correlation model (Lieberman et al.,
2010) to create a smoothness promoting regularizer which is a popular
choice for linear difference imaging.

3. Results

3.1. Tissue displacement caused by the ICH

Tissue displacement caused by the simulated hematoma expansion
from 8 ml to 14 ml volume is visualized in Fig. 4. The tissue displace-
ment is mostly contained within the same hemisphere as the initial ICH.
CSF volume reductions caused by the hematoma expansion from 8 ml to
14 ml are presented in Table 4 and likewise, most volume reduction is
within the hemispehere with the ICH.

3.2. Measured voltages

Electrode voltage differences δV = V2 − V1 between the approxi-
mately 14 ml hemorrhage and the approximately 8 ml hemorrhage
computed using the traditional head model and the mechanical head
model for the five different hemorrhage locations are shown in Fig. 5.
The voltage differences from the traditional head model (top row) are
consistently smaller than the corresponding voltage differences from the
mechanical head model. In the traditional head model, the voltage dif-
ference is caused only by the blood volume replacing brain tissues. In the
mechanical model, the voltage difference is dominated by the conduc-
tivity change from the displaced CSF and reduced CSF volume.

3.3. Reconstructed conductivity changes

Conductivity changes δσ reconstructed using the stroke monitoring
algorithm are shown in Fig. 6 as semi-transparent 3D volumes. All
traditional model reconstructions (top row) show a relatively well
defined and limited positive change caused by the increase in blood
volume. In contrast, the multi-physics model reconstructions (bottom
row) show a wider, closer to the surface negative change caused by the
decrease in CSF volume. With the multi-physics model, the negative
change in conductivity is completely overwhelming the positive change.
This is partially because the negative change is larger in magnitude and
in volume, and partially because it is at least partially happening closer
to the electrodes than the positive change, thus having a much larger
effect on the electrode voltages.

To show that the reconstruction results are not a quirk of the chosen
image reconstruction algorithm, the conductivity changes δσ recon-
structed using the well established linear difference imaging algorithm
are shown in Fig. 7 as semi-transparent 3D volumes. These re-
constructions, even though they have lower contrast and more back-
ground variability than the monitoring algorithm reconstructions,
support the earlier findings; there is a clear positive trend in the tradi-
tional model reconstructions (top row) from the increase in blood vol-
ume and a clear negative trend in the multi-physics model
reconstructions (bottom row) from the displaced and reduced CSF.

Reconstructions with different measurement noise levels are shown
in the supplementary material to demonstrate that the measurement
noise level does not change the fundamental difference seen in the re-
constructions when using data from the two different data simulation
models.

4. Discussion

Hematoma expansion and surrounding oedema is usually limited to

Fig. 4. Tissue displacement induced by hematoma expansion from 8 ml to 14 ml is visualized as semi-transparent 3D volumes. The displacement magnitude is in
millimeters. The displacement is strongest near the ICH location but affects a much larger volume than the actual hematoma volume. It is mostly contained within the
same hemisphere as the ICH lesion.

Table 4
Comparison of simulated CSF volume reduction in the hemisphere with an ICH
lesion with hematoma expansion from 8 ml to 14 ml and the hemisphere
without a lesion. Units are in milliliters.

ICH location Right (lesion) Left (no lesion)

Top − 3.59 − 2.33
Back − 3.92 − 2.09
Side − 3.87 − 2.1
Front − 3.68 − 2.34
Deep − 4.48 − 1.8
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the affected hemisphere. Deformation of brain tissue of the unaffected
hemisphere may occur if hemorrhage and oedema of the affected
hemisphere occupies space enough to cause a midline-shift. Similar
behavior was seen with the CT images (for example Fig. 1) used as
reference for this study. The tissue displacement (Fig. 4) caused by the
hematoma expansion in our multi-physics model was mostly contained
on the same hemisphere as the ICH lesion, giving a good approximation
of real-world behavior.

Voltage differences caused by changes in the hemorrhage were
clearly larger in the multi-physics model compared to the traditional
model (Fig. 5). This implies that the sulcal effacement, even though
masking the actual conductivity increase from the increase in blood
volume, could make hematoma expansion easier to detect with EIT. This
is most evident with the ICH lesion located deep in the brain paren-
chyma, where in the traditional model the voltage changes are very
small. When the tissue displacement simulation is combined with the
EIT simulation, the voltage change magnitude produced by hematoma

expansion are similar regardless of lesion location. This was supported
by the reconstructions of conductivity change in Figs. 6 and 7 that
showed larger changes when using data from the multi-physics model
than when using data from the traditional model. This was best shown
with the “deep” inclusion location where the change was clearly
detectable only when using data from the multi-physics model. The
reconstructed images using the monitoring algorithm (Fig. 6) closely
resemble the actual tissue displacement in the multi-physics model
(Fig. 4), indicating the tissue displacement, especially that of the CSF
volume (Table 4), has larger effect on the EIT measurement than the
increased conductivity caused by the hematoma expansion.

In previous bio-impedance simulation studies, for example
(Ouypornkochagorn et al., 2023; Culpepper et al., 2023; Xiang et al.,
2020; Atefi et al., 2016; He et al., 2020), it has been generally assumed
ICH or HE would only cause a positive conductivity change. However,
conductivity decreases caused by hemorrhagic strokes have been noted
in some stroke EIT literature (Goren, 2020; Dai et al., 2018; Yang et al.,

Fig. 5. The effect of hematoma expansion on noise-free simulated measurements visualized using electrode potential difference data δV = V2 − V1 from the
traditional head model (top row) and the multi-physics head model (bottom row) for the five different hemorrhage locations. As defined by Eq. (15), V2 are the
simulated electrode potentials after hematoma expansion and V1 are the simulated electrode potentials during the initial ICH. Each plot contains all simulated
electrode potentials on the x-axis, while the y-axis represents how the potentials have changed after the hematoma expansion. Note how δV corresponding to the
multi-physics model consistently has larger magnitude compared to δV corresponding to the traditional model, implying that detection of hematoma expansion could
be easier from the multi-physics model voltages.

Fig. 6. Conductivity changes reconstructed with the stroke monitoring algorithm using data from the traditional model (top row) and the multi-physics model
(bottom row) for the five different hemorrhage locations during hematoma expansion from 8 ml to 14 ml. The reconstructions are visualized as semi-transparent 3D
volumes. The traditional model reconstructions show the expansion of the simulated hemorrhage as positive values and the multi-physics model reconstructions show
the displaced CSF as negative values that completely overwhelm the positive change from the blood volume increase.
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2017), and have been speculated to result from brain tissues displacing
CSF volumes. Simulations performed on our novel multi-physics model
and results presented in this article support these earlier speculations on
the role of the CSF in EIT measurement of hemorrhagic strokes.

The findings of this study should be considered also when con-
structing physical phantoms. Even with a realistic head shape and cra-
nial cavity (Avery et al., 2017; Zhang et al., 2017; McDermott et al.,
2017), the phantom might give unrealistic result if only a simple
conductive element is used to model the ICH and the effects of CSF
displacement and volume reduction are ignored.

As computational resources continue to improve, more complex
multi-physics approaches to modeling stroke become possible. Our re-
sults call for including the effects of tissue deformation into EIT stroke
simulations. Future research should include building a fluid-structure
interaction type of simulation, which would incorporate reduction of
venous blood volume and secondary effects of ICH such as swelling and
tissue death near the lesion. Similar modeling approach could be used in
evaluating development of ischemic strokes and in studies exploring the
capability of EIT in differentiation of ischemic and hemorrhagic strokes.

5. Conclusion

We present a novel multi-physics approach to modeling of electrical
impedance tomography (EIT) measurements during intracerebral hem-
orrhage (ICH) that integrates mechanical tissue deformations caused by
hematoma expansion (HE). We studied the effect of tissue displacement
caused by HE on reconstructed conductivity change images in EIT. We
used simulated EIT measurement data from two different computational
head models: a traditional static model with tissue swapping and fixed
tissue boundaries, and a multi-physics model that simulates tissue
deformation and CSF displacement during ICH expansion. The data from
these models was used to reconstruct images of conductivity changes
caused by ICH HE and the reconstructions were consistently radically
different. The data from the traditional model resulted in relatively well
defined and limited positive changes whereas the data from the multi-
physics model resulted in a more diffuse negative change.

Comparison of the results from the different models revealed that the
effect of CSF displacement caused by HE on reconstructed images is
significant and can completely mask the positive conductivity change
caused by increased blood volume. The simulated EITmeasurement data
changed more during HE when tissue displacement was also simulated,
implying that the HE could be easier to detect because of the CSF
displacement. This is evident especially when the ICH is located deep in

brain parenchyma, such as in basal ganglia.
Our novel multi-physics approach to simulating HE during acute ICH

presents a method to improve stroke modeling for development of EIT
algorithms. Our work calls for using more accurate data simulation
models for simulation-based EIT studies and demonstrates how impor-
tant it is to consider effects of CSF volume and distribution changes on
reconstructed EIT images. Ignoring these effects could even lead to
discarding of valid results that do not match the expected result of
positive conductivity change during ICH and HE.
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