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Graph convolutional networks enable fast
hemorrhagic stroke monitoring with electrical
impedance tomography

J. Toivanen, V. Kolehmainen, A. Paldanius, A. Hanninen, A. Hauptmann Senior Member, IEEE and S. J. Hamilton

Abstract— Objective: To develop a fast image reconstruction
method for stroke monitoring with electrical impedance tomogra-
phy with image quality comparable to computationally expensive
nonlinear model-based methods. Methods: A post-processing ap-
proach with graph convolutional networks is employed. Utilizing
the flexibility of the graph setting, a graph U-net is trained
on linear difference reconstructions from 2D simulated stroke
data and applied to fully 3D images from realistic simulated
and experimental data. An additional network, trained on 3D
vs. 2D images, is also considered for comparison. Results: Post-
processing the linear difference reconstructions through the
graph U-net significantly improved the image quality, resulting
in images comparable to, or better than, the time-intensive
nonlinear reconstruction method (a few minutes vs. several
hours). Conclusion: Pairing a fast reconstruction method, such
as linear difference imaging, with post-processing through a
graph U-net provided significant improvements, at a negligible
computational cost. Training in the graph framework vs classic
pixel-based setting (CNN) allowed the ability to train on 2D cross-
sectional images and process 3D volumes providing a nearly 50x
savings in data simulation costs with no noticeable loss in quality.
Significance: The proposed approach of post-processing a linear
difference reconstruction with the graph U-net could be a feasible
approach for on-line monitoring of hemorrhagic stroke.

Index Terms—conductivity, electrical impedance tomography,
finite element method, graph convolutional networks, deep learn-
ing, stroke monitoring, graph U-net

I. INTRODUCTION

HE focus of this work is the use of electrical impedance
tomography (EIT) for the challenging task of stroke
monitoring. Here we propose the use of graph U-nets to drasti-
cally improve the quality of fast, linearized, stroke monitoring
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Fig. 1. Demonstration of the proposed method. Fast, blurry linear difference
(LD) reconstructions are post-processed with a graph U-net, at negligible
cost, resulting in images of comparable quality to computationally expensive
nonlinear methods.

imaging, at negligible cost, to result in improved images of
quality comparable to computationally expensive reconstruc-
tion methods (see Figure [I). The learning is performed on the
underlying graph structure of the image to allow for training
on 2D cross-sectional brain images and subsequent processing
of 3D volumes, exploiting the dimension-free nature of graph
networks in contrast to classic CNN U-nets. This results in a
50x computational savings in data simulation alone.

Worldwide, strokes are a leading cause of death and disabil-
ity [[1]. Approximately 70% of strokes are ischemic, resulting
from a clot or blockage of blood-flow in the brain, and 30%
hemorrhagic (bleeds). The most common type of hemorrhagic
stroke is an intracerebral hemorrhage (ICH), which is usually
caused by disruption of cerebral arteries leading to bleeding
into the brain tissues. In the early stage of ICH, within 1-2 days
from the onset, possible expansion of the hematoma and re-
bleeding form a formidable risk to the patient [2[]. Additionally,
patients with thrombolysis treated acute ischemic stroke are
prone to a secondary cerebral hemorrhage [3]]. Such secondary
hemorrhage in ischemic stroke patients as well as hematoma
expansion or re-bleeding in ICH patients should be detected
immediately.

The follow-up of ICH in the intensive care facility is mainly
based on monitoring of clinical signs and symptoms [2].
However, vigilant observation of subtle neurological signs
of the patient can be challenging, particularly in intubated
and sedated patients. Currently the most reliable way to
monitor ICH is through repeated computerized tomography
(CT) scanning [2]. However, deciding the timing of the control
CT imaging is itself already a difficult problem, and CT
provides only snapshots of the bleeding at the times of the
control imaging. Further, transporting a patient from intensive
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care to radiology and back repeatedly is demanding and can
be dangerous for the patient. Therefore, there is need for an
on-line patient monitoring system that could be used at the
bedside for detecting possible changes in the intracerebral
hemorrhage.

One promising bedside monitoring technology is electri-
cal impedance tomography (EIT). In EIT small alternating
currents are injected through electrodes attached to the pa-
tient’s scalp and the resulting voltages are measured on the
electrodes. The electrical current and voltage data is then
used to reconstruct a three-dimensional image of the electrical
conductivity of the brain, with hemorrhage occuring as higher
conductivity compared to normal brain tissue due to the high
conductivity of blood. This type of absolute EIT imaging
has been studied for early differentiation of stroke types,
see e.g. [4]-[10]. However, stroke differentiation using EIT
is very challenging as one should not overlook even a tiny
amount of bleeding in the clinical decision making, and further
technical challenges arise from the sensitivity of the absolute
EIT problem to modeling errors, such as inaccurately known
electrode locations and head shape. In a continuous bedside
monitoring scenario, the EIT measurement is taken repeatedly
at regular time intervals and the conductivity changes of the
brain between the consecutive EIT measurements is estimated.
This type of difference imaging approach is promising for on-
line stroke monitoring and detection of secondary hemorrhages
as the measurements have good sensitivity for changes in the
amount of highly conductive blood, as suggested by simulation
[11]], animal [[12] and human studies [13], [14], and the
difference imaging setup is also significantly less prone to the
modeling errors.

In the envisioned stroke monitoring scenario, EIT mea-
surements of the patient with a confirmed ICH is repeated
at regular intervals, e.g., every 2-10 minutes, and an image
reconstruction algorithm is used to compute 3D images of the
conductivity change in the brain between the measurements.
Detected changes indicative of changes in the ICH would
indicate an immediate need for control CT imaging or medical
intervention. The EIT based stroke imaging could also be used
to monitor for secondary hemorrhages in the treatment of
ischemic stroke patients. Stroke monitoring can also utilize
the patient’s CT image, routinely taken at admission, to gen-
erate a patient-specific 3D computational mesh and improved
regularization model [[15].

Classic image reconstruction algorithms, such as
linearization-based approaches, for stroke monitoring
suffer from artifacts, sub-optimal resolution and localization
of inclusions. Improved detection of hemorrhage growth can
be obtained by non-linear optimization-based approaches such
as the nonlinear monitoring algorithm presented in [[15]], [[16].
However, these approaches lead to long computation times in
3D EIT, impractical for on-line monitoring in intensive care.

In recent years, machine learning approaches have been
utilized to overcome the above computational challenges in
EIT [17]]. There are three distinct approaches: direct learned
reconstructions; learned post-processing; and iterative model-
based reconstructions. In the first approach, a network is
trained to directly form an image from the measured data

[18], [[19]. This approach, while fast, often does not generalize
well to testing data that is different from the training data
or strongly corrupted by noise. In the second case, a neural
network is trained to improve an initial reconstruction, such
as a D-bar reconstruction or an early iterate of a variational
method, with a post-processing network [20]—[23]]. In the third
case, a neural network is trained to learn more efficient update
steps in an iterative algorithm to speed-up the reconstruction
[24], [25], as well as components in a variational approach
[26], [27]. The two latter approaches have been shown to
improve robustness to noise and out-of-distribution test data.
Additionally, the explicit modeling allows for more flexibility
with respect to measurement geometries. Nevertheless, a com-
mon limitation exists with respect to accessibility of training
data, necessary for supervised training. This is especially a
problem in 3D where very little measurement data is available,
and even accurate simulations to create reference data can take
a considerable amount of time. In this work we address the
problem of training data creation in 3D by utilizing an efficient
training in 2D with the ability to generalize to 3D. This can
be achieved by using a training geometry and dimension-
independent graph convolutional network. Another solution
to eliminate training data generation are recent generative
approaches such as Deep Image Prior [28|]-[30], which need
many model evaluations and unfortunately currently do not
scale to 3D.

The generalization capability of graph neural networks in
the context of EIT has been recently presented in [31]] and [32].
In the former, a graph based U-net was introduced that was
trained on early iteration total variation (TV) reconstructions.
In a proof-of-concept experiment the authors showed that the
network can be applied to 3D input data coming from two very
different reconstruction methods, Levenberg-Marquardt and
the t** method (a direct method based on complex geometrical
optics solutions). However, how well this approach of training
on data coming from a lower dimension (e.g. 2D) and process-
ing higher dimensional data (e.g. 3D) through a trained graph
neural network works remained unexplored. Consequently, in
this work, we present, for the first time, a detailed study of
the effect of training in 2D and processing on 3D data, for
the example of stroke monitoring with EIT. We demonstrate
that, for our problem, the results of training on 2D data are on
par, if not superior to, training on the 3D data itself. As the
computational cost of generating complex 3D training data is
high, and the subsequent neural network training longer, such
time savings could be advantageous in complex settings. We
focus here on graph U-nets and train them to post process
linearized difference imaging reconstructions, using both 2D
and 3D simulated training data. The approaches are tested
with out-of-distribution 3D stroke monitoring data coming
from a detailed six-layer anatomical head model [33[, and
experimental data from a 3D-printed head model. The results
demonstrate that the graph U-net post-processing significantly
improves the detection of hemorrhage growth for the linearized
algorithm, resulting in performance similar to the non-linear
monitoring algorithm [[15] but with a short, and clinically
feasible, computation time.

Clearly methods to improve image quality in EIT recon-
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struction that are not based on deep learning exist and vary
widely. Alternatives include, but are not limited to, inclusion
of a priori information via anatomical atlases [34], post-
processing based on edge-sharpening [35]], Schur complements
[36], or even mere thresholding, and noise classification [37].

The remainder of the paper is organized as follows. Sec-
tion [[I] describes the learning problem: a brief overview of
electrical impedance tomography, the linear difference (LD)
reconstruction method to be used as input images in the
training, and the nonlinear (MO) reconstruction algorithm
used as a quality standard, and the graph U-net framework.
Details of the simulation of training data, and out-of distri-
bution testing data, are provided in Section along with
a description of the metrics that will be used to assess the
quality across the reconstruction methods. Results for out-of-
distribution testing data on a complex head model, as well
as experimental data, are presented in Section [[V] Further
comparison of the networks, and discussion of the results, are
described in Section [V] and conclusions drawn in Section

II. METHODS

A. Electrical impedance tomography

This section gives an overview of the forward model of EIT
and the setup for the stroke monitoring application. We briefly
review the linearized reconstruction approach, which we post
process with the graph U-net, and the non-linear difference
imaging algorithm [[15], [[16]] which we use as reference for
assessing the quality across images.

1) Forward model: As we consider both 2D and 3D recon-
structions, we consider the domain Rd (d = 2;3) and
model the L electrodes attached to the boundary as subsets
(segments/patches) of the exterior boundary, denoted e« @

the electrodes, and the corresponding voltages U(j) 2 R are
measured on all electrodes. Here 197 and UY? denote the
applied current and measured voltage from the j™ current
conservation of charge, and our choice of electric potential
ground, we have

19 =0 u® =o: (1)

=1 =1

The voltages U9 are boundary measurements of the interior
electromagnetic potential ud)(x) that is modeled with the
conductivity equation

r ( Qru®)=0;x2 ; )

where (X) is the the conductivity and the boundary conditions
of the complete electrode model (CEM) [38]], [39] for j =

1;:::;P and “ =1;:::;L, are given by

] 0)) .
u®(x) + z- (X)@u@in(x) =U9; x2e. (3)

z .
a) .
(x)g@u@n(x)* ds = 1%; 4)
a)

0020 oy 2 n £ )

@n

Here z- denotes the contact impedance between the electrode
e and the body , and n the outward unit normal vector on
the boundary @ . Proof for the existence and uniqueness of
the solution for the variational formulation of the model (I)-(®)
can be found in [39].

In this paper, the numerical solution of the model (I)-(@)
is based on the finite element method (FEM); for details of
the implementation see [40], [41]. In the following, we denote
the FEM based solution for a single current pattern 1) 2 R-
by @ U( ;1d) 2 R- where we consider a discretized
version of , such that = E:l h”h, where n 2 Ry are

=1

piecewise linear basis functions of a FE mesh of
The measurement noise e 2 RP L is modeled as additive
noise, leading to the measurement model

V=U()+e (6)

RPL

where V. 2 is the vector of the measured noisy

voltages for all applied current patterns and U( ) =

2) Monitoring of hemorrhagic stroke using EIT: The
growth of an ICH, or occurrence of a secondary hemorrhage,
is expected to present as a localized change in the brain
conductivity due to an increased volume of highly conducting
blood at the hemorrhage location. Thus, the aim in EIT
monitoring is to monitor the status of the hemorrhage by
reconstructing changes of the conductivity,

= 2 1 (N

based on EIT measurements V; and V>, taken at times t; and
ty, roughly 2-10 minutes apart. The acquisition of a single
EIT measurement is very fast, typically multiple frames per
second. The acquisition of the single frame is short compared
to the changes in the hemorrhage status and the measurement
is also fast compared to the time between consecutive measure-
ments, implying that it is feasible to model the measurements
separately with the stationary model

Vk=U( ) +e, k=12 (®)

3) Linear difference imaging algorithm: The linear differ-
ence (LD) imaging algorithm, see e.g. [42], [43]], is based on a
linearization of the forward model (8) and aims to reconstruct
the change in conductivity between V1 and V; by solving
the regularized linear least-squares problem

" =argmin kL o(V J K+kR K ; (9

where V =V, Vi, e=es
of the noise precision matrix of e so that LT,L ¢ =

e1, L ¢ is the Cholesky factor
1_
o=
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(e, + &) 1, the Jacobian matrix J of U( ) is evaluated at
a linearization point ¢, and R is a regularization matrix.

In this paper, as in [15]], [[16], the linearization point ¢
was obtained by solving a non-linear least squares fitting
problem for the best fitting spatially constant conductivity
using the measurement data Vi. The regularization matrix R
was constructed utilizing a distance-based correlation model
[44] resulting in regularization that promotes spatially smooth
conductivity changes. For implementation details, see [15],
[16]. Figure |I| (column 2) shows a sample reconstruction
produced using this LD method in 49 seconds.

4) Nonlinear stroke monitoring algorithm: The nonlinear
stroke monitoring (MO) algorithm [[15] is used as reference
for evaluating the image quality of the learning-based post
processing of LD images. The MO method utilizes non-linear
difference imaging [45]], parallel level sets regularization [46]
and a priorconditioned least squares algorithm [47], [48].
The algorithm utilizes prior information from the patient CT,
which is taken for diagnosis of the stroke at the time of
patient admission to the hospital, for the construction of the
patient specific 3D mesh and parallel level set regularization,
favoring similar alignment of level-set lines in the CT and EIT
reconstruction of the baseline conductivity 1 at time ;.

The algorithm also allows utilization of a region of interest
(ROI) constraint for the conductivity change

supp( ) = (10)

The ROI can be chosen based on the patient CT image and,
for ICH monitoring, a natural catch-all choice is to use the
full brain volume. Given the selected ROI, the conductivity at
the later measurement time ty is modeled as

1+K

ROI

Y

where K is an extension mapping that zero-extends the
conductivity change from the ROI to the whole domain. In
case no ROI is used, K equals the identity matrix with the
same dimension as 1.

The change in conductivity between the two measure-
ments Vi1 and V5 is estimated by the non-linear optimization
problem

2:

n (o]
~=argmin kCe(V OC)K2+p(~) ; (12
where the diagonal blocks of [ contain the Cholesky factors
of the noise precision matrices of measurements V1 and Vo,

_ V1 _ U( 1) )
V=0 9T g +K ) (13)
~= 1, e= B, (14)

€2

and the regularization functional

p)=p ( )+p.(2)

allows independent regularization models for ~ and ;.
The regularization model for is chosen to be the
smoothed total variation regulzarizer [49]

p ()=TV( )=

15)

1=2
kr k¥+ 2

dx; (16)

Simulated training data Graph Inference in 3D
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Fig. 2. Graph convolutional networks can be trained on 2D or 3D input data.
The graph U-net is trained on linear difference (LD) reconstructions, and then
applied to linear difference images from simulated and experimental voltages.
The resulting processed reconstruction is shown on the right.

Supervised training

where > 0 is the regularization weight coefficient, ¥
is the gradient of the conductivity change, and > 0 is a
small smoothing parameter that ensures differentiability. This
is a reasonable choice since the conductivity change caused by
stroke expansion is due to a localized change of blood volume.
The conductivity 1, the baseline conductivity at mea-
surement time t;, is expected to correlate well with the
structure of the patient CT. This information is utilized via the
parallel level sets based, spatially and directionally weighted,
smoothed TV regularization that promotes similar alignment
of level sets in 1 and the CT based reference image [40],

giving

z

pl( l):WTV( 1): 1

1=2
dx;
A7)
where |, > 0 is the regularization weight coefficient, (X) is
the reference image, and the tensor B( ) is chosen such that
aligned edges (or level sets) in  1(X) and the reference image
(x) are promoted. The solution of (12) is based on a Lagged
Gauss-Newton iteration equipped with a line search algorithm.
For more details on the implementation, see [15[], [[16]], [46].
Figure [T] (right) shows a sample reconstruction produced using
this MO method in 5 hours and 3 minutes.

B. Graph convolutional networks (GCNs)

Following the work of [31]], we chose to work with graph
convolutional neural networks instead of the typical convolu-
tional neural networks (CNNs). We opted for the graph setting
as our reconstructed quantity, the internal conductivity change,
is recovered over an irregular finite element mesh. While we
could interpolate our result to a classic pixel/voxel grid, per-
form the learning with CNNss, and interpolate back to the finite
element mesh, the natural setting for our work is the irregular
mesh. Furthermore, performing the learning on graphs allows
even greater flexibility to process reconstructions coming from
different dimensions, i.e. 3D data vs 2D, a feat not naturally
possible for the CNN setting where the learned filters are
specific to the dimension of the data (e.g., 3x3 convolutional
kernels for 2D, or 3x3x3 convolutional kernels for the 3D
setting). Additionally, the number of learned parameters can be
significantly lower in the graph setting requiring approximately
327 thousand parameters, whereas a classic CNN U-Net has
around 30 million parameters in 2D, and 90 million in 3D.

Following [31f], three kMax pooling layers, each with a
7/8 reduction in the number of nodes, were used and three
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graph convolutions [50] performed per layer with 32 channels
employed at the top layer and 256 at the bottom layer. The
clone-cluster unpooling was used for the decoder side of
the network and skip-connections utilized. The output of the
network is defined over the input graph, determined by the
given adjacency matrix A, with no change in dimension. As
the (sparse) adjacency matrix and graph structure are sent into
the trained network as inputs, this allows the network to be
dimension-independent.

This dimension independence can be seen, for example, in
the structure of the graph convolutional layers and propagation
rule of [50],

Hi+1 — D 1=2 (A+ I)D 1:2H(i)W(i):

For a graph with N nodes, the next feature matrix H+1 2
RN T0*D 5 determined by multiplying a scaled version of
the adjacency matrix A by the current feature matrix H® 2
RN 7™ and the trainable weight matrix W 2 RF(O FO+D)
Unlike traditional convolutional layers in CNNs which learn
the convolutional filters (aggregation functions), this GCN
layer relies on a fixed rule for the aggregation of information
within local neighborhoods D 1™2(A + 1) D 172 where D is
a diagonal matrix with Dj; = 1+ i Aij. This is key to how
data coming from a 3D domain can be processed through a
network trained on 2D data. Any data to be processed is sent in
with its corresponding adjacency matrix. The trainable param-
eters W are independent of that size. The kMC Max pooling
layers use cluster assignments corresponding to the adjacency
matrix, these are also provided by the user for all samples to
be processed by the network. The interested reader is referred
to [31], [51] for additional details.

C. Improving reconstructions with post-processing

In this work we are adapting the post-processing approach
to learned image reconstruction. Specifically, here we are
given the computationally cheap reconstruction from the linear
difference imaging ", which suffers from strong blurring and
noise artifacts. We aim to recover the ground-truth difference
image by training a post-processing network G to improve
the initial reconstructions. This is done by minimizing the
mean squarednerror fogyoptimal parameters over a set of
i that is

X
= argmin

.. Nl
training data ;

ke (M) K (18)
As outlined above, the network architecture is chosen as the
GCN U-net from [31]. This allows for domain-independent
training and especially for training on 2D simulations and
testing on 3D experimental data as will be described in the
following section. The workflow for the training and inference

is illustrated in Figure 2]

III. SAMPLES AND METRICS
A. Learning samples

The 2D and 3D linear difference imaging samples for the
networks were obtained as follows. First, a large number

of computational head phantoms with initial and expanded
hemorrhages were created and subsequently used to simulate
EIT measurement datasets by solving the EIT forward problem
(1)-@). The voltage datasets were then used with the linear
difference (LD) imaging algorithm described in Section [[I-A3]

For each head phantom, biologically appropriate conductiv-
ity values at 1 kHz frequency from [52] were used in both
2D and 3D. The value 0.06948 S/m was used for the skin
layer and brain, 0.009 S/m for the skull and 0.312 S/m for
the hemorrhage. We note that the conductivity value used
for the hemorrhage is lower than the conductivity of blood,
0.7 S/m, as was used also in [16]], in an effort to avoid
creating an unrealistically strong signal from the hemorrhage.
The initial hemorrhage was simulated as a filled circle in
2D and as a ball in 3D, both with radius randomly chosen
from the range [1, 2.33]cm. The expanded hemorrhage was
simulated as a combination of the initial hemorrhage and an
additional half-ellipse in 2D or half-ellipsoid in 3D, both with
a randomly chosen main axis direction and main axis length
randomly chosen from the range [1.5-7.47]cm. The simulated
hemorrhage was rejected if it overlapped the skull. To create
more variability, the conductivity values used for skin, brain
and skull were randomly adjusted by 0 to  25%. The outer
surface and skull geometries of the 2D and 3D head phantoms
were kept unchanged across the samples (Fig. [3). Adjacent
current patterns of ImA were applied to the 16 electrodes
used in the 2D samples, and the 32 pairwise current injection
patterns of [[15] used in the 3D training samples. In total,
4,000 head phantoms were created in 2D and 12,000 in 3D,
corresponding to 2,000, and 6,000, initial V; and expanded
hemorrhage V; voltage data pairs. Noisy realizations of these
simulated voltage measurements were obtained by adding
Gaussian zero-mean random noise with standard deviation
of 0.68 mV to the simulated noiseless measurements. The
standard deviation of the noise was 0.067% of the maximum
amplitude of the noiseless voltages and corresponds to the
approximated relative noise level of the prototype stroke
measurement device from [[16].

Fig. 3. Model geometries used in the manuscript. From left to right: The
head cross-section geometry used for 2D samples (skull not plotted), the 3D
six-layer computational head model test sample geometry, and the 3D head
geometry used for 3D samples and laboratory test samples. Electrodes are
plotted with black.

Linear difference imaging estimates were computed using
the simulated data by solving the minimization problem (9):
2000 in 2D, 6000 in 3D. To build the regularization matrix
R, the conductivity values were assumed to correlate within a
distance corresponding to one third of the width of the head
model.

The FE meshes used for data simulation and the forward
model of the inverse problem were dense and had refinement
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near the electrodes for sufficient accuracy of the FEM solution
of the model (I)-(3). In the inverse problem, the conductivity
was approximated in a separate, coarser mesh for suitably
uniform resolution representation of the unknown image. More
details on the computational meshes used in 2D and 3D are
shown in Table [

B. Independent testing samples

The proposed approach, processing noisy/blurry LD images
with a graph U-net, was tested with simulated data from a
realistic 3D six-layer head model [33]], as well as experimental
data from a laboratory experiment with a 3D-printed head tank
and skull.

The simulated head model EIT measurements were com-
puted using the electric currents interface in COMSOL follow-
ing [15], [33]. The different tissues in the head model were
simulated using the conductivity and permittivity values shown
in Table |l that originate from [52]]. Four different volume
spherical cortical hemorrhages with identical center points and
diameters of 15, 20, 25 and 30 mm were simulated. The 32
circular electrodes with a diameter of 1 cm on the scalp were
used for 32 current injections of 1 mA at 1 kHz frequency
and the resulting electrode voltages were recorded. Noisy
realizations of the recorded voltages were obtained by adding
Gaussian zero mean random noise with standard deviation
equal to 0:067% of the maximum amplitude of the noiseless
voltages. The noisy voltage data were paired to create four
stroke monitoring test cases with volumetric changes of the
hemorrhage of 0.00 ml (20 to 20 mm diameter), 2.42 ml (15
to 20 mm diameter), 3.99 ml (20 to 25 mm diameter) and
5.96 ml (25 to 30 mm diameter). Details of the computational
meshes used with the head model can be found in Table [}
and more details of the head model and data simulation can
be found in [[15]], [33].

The experimental data was measured using the KITS5 stroke
EIT prototype device [16]. The measurement setup used a
3D-printed geometrically realistic adult head shaped tank,
and a geometrically and electrically realistic 3D-printed skull,
both based on [53]. The head tank was filled with saline of
conductivity 0.40 S/m and hemorrhages of different volumes
were created by suspending conductive 3D printed cylinders
in the saline. The cylinders all had conductivity of 4.73 S/m,
height of 54 mm, and diameters of 24, 30 and 40 mm. The
32 electrodes with a diameter of 1 cm were used for 32
pairwise current injections of 1 mA at 12 kHz frequency and
the resulting electrode voltages were recorded. The measured
voltage data were paired to create six stroke monitoring test
cases with 0.00 ml (30 to 30 mm diameter), 24.43 ml (O to
24 mm diameter), 38.17 ml (0 to 30 mm diameter), 67.86 ml
(0 to 40 mm diameter), 29.69 ml (24 to 30 mm diameter) and
13.74 ml (30 to 40 mm diameter) hemorrhage expansions. The
measured conductivity values for the experimental data test
case are shown in Table [ll| and details of the computational
meshes can be found in Table [l

The six-layer independent test sample geometry is distinct
from the 3D training sample geometry and the 2D training
sample geometry is not a cross-section of either of these

TABLE I
NUMBER OF NODES AND ELEMENTS IN THE COMPUTATIONAL MESHES
USED FOR DATA SIMULATION, COMPUTATION OF VOLTAGES, AND
DISCRETIZATION OF THE UNKNOWN CONDUCTIVITY FOR SOLVING THE
INVERSE PROBLEM.

Data simulation ~ Voltages  Conductivity
2D training
Nodes 14,873 10,195 7,187
Elements 29,078 19,823 14,021
3D training
Nodes 116,547 67,651 36,496
Elements 634,459 349,487 197,422
Head model
Nodes 400k 116,235 38,433
Elements 25M 597,631 207,453
Experimental
Nodes n/a 77,840 57,526
Elements n/a 417,205 316,788

TABLE II

CONDUCTIVITY AND PERMITTIVITY VALUES FOR ALL DATASETS.

Training Head model Experimental

Tissue (S/m) (S/m) (F/m) (S/m)

Scalp 0.06 0.32 434932 0.40

Skull 0.009 0.02 2702 0.02-0.13

CSF n/a 2.00 109 n/a

White matter 0.06 0.06 69810 0.40
Gray matter 0.06 0.10 164062 0.40
Cerebellum n/a 0.12 164358 n/a
Blood 0.312 0.70 5259 4.73

geometries (Fig. [3). The laboratory test samples and the
3D training samples use the same head-shape and electrode
locations. However, the simulated hemorrhage shapes (ball vs.
cylinder) and the FEM discretizations are different.

C. Metrics

The quality of the input reconstructions, the network pro-
cessed reconstructions, and the reference reconstructions from
the stroke monitoring algorithm were evaluated using the fol-
lowing metrics. The overall point-wise correspondence of re-
constructions and truths was measured using the mean square
error (MSE) and the peak signal to noise ratio (PSNR). The
localization of the hemorrhage expansion was measured using
the center of mass (CM) distance between reconstructions and
the truths using a thresholding level corresponding to half
the maximum value for each reconstruction separately. The
volume errors between the reconstructions and the truths were
evaluated based on volumes determined by thresholding with
half the maximum value for each reconstruction separately.

IV. RESULTS

We will explore how well our 2D and 3D trained graph
U-nets generalize to unseen 3D data, and compare them to a
reliable, but computationally costly, nonlinear reconstruction
method (MO), but first we verify that the networks perform
well on data similar to the training data. Figure [] shows
the result of the 2D graph U-net (gUnet2D) network on 2D
simulated data consistent with, but not included in, the training
data. Unsurprisingly, the networks perform very well on data
similar to the training data. The results were analogous for
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the 3D network on the 3D data that was similar to training.
Figure [3] directly compares the estimated probability density
functions of the error metrics using 200 test data samples,
omitted from the training process, supporting the claim that
the networks significantly improve the metrics for data similar

TRUTH LD-GUNET2D

to the training data.
LD MO

o

@

&

Fig. 4. Results for processing simulated LD reconstructions, consistent with
training/validation data, through the LD-gUnet2D network.

Next, we explore how well the networks generalize to
reconstructions coming from noisy voltage data from the
complex 6-layer 3D head model. Figure [6] shows that the 2D
and 3D graph U-nets each significantly sharpen the input (LD)
images removing the many artifacts present in the LD images.
Both the 2D and 3D trained gUnets struggle with the smallest
growth case (15 to 20 mm) with the 3D network appearing
to remove the growth completely; given the low-quality (LD)
input image for that case, this result is not unexpected. Directly
comparing the 2D and 3D network results, we see that the
2D-trained network resulted in images with higher contrast
(on par with the MO method) and fewer artifacts. The scales
on all of the cases are nearly the same for the 3D network,
which presents a challenge when this means the artifacts are
the same magnitude as the true inclusions. The spherical shape
of the recovered spherical shell change is better recovered in
the 2D network as well. Error metrics for the input images
(LD), 2D and 3D gUnet processed images, and reference
stroke monitoring algorithm are shown in Table [T} The error
metrics support the findings of visual inspection. The values
of the point-wise computed MSE and PSNR for the input
images are strongly affected by the spherical shell shape of the
true conductivity changes that is not recoverable by the linear
difference imaging algorithm. However, both the 2D and the
3D networks tend to improve or keep the MSE and PSNR
metrics approximately the same, except for two cases where
the 3D network worsens the MSE value significantly (3.99
ml and 5.96 ml volume changes). The center of mass error
metric shows that the networks do not significantly change
the location of the estimated conductivity change, except in the
2.42 ml case where the input image is very poor. The artifact
removal effect of both networks is obvious from volume error
values which improved for all cases. Note that the networks
were only trained on directional expansions, not spherical
expansions.

Lastly, we explore how well the networks generalize to the
experimental lab data. Figure [7] compares the results of the 2D
and 3D gUnets to those from the nonlinear stroke monitoring
algorithm (MO) for the 3D reconstructions from the experi-
mental lab data. Both networks produce significantly sharper

TABLE III
ERROR METRICS FOR THE COMPUTATIONAL HEAD MODEL
OUT-OF-DISTRIBUTION TEST CASE. THE FIRST COLUMN SHOWS THE TRUE
DIAMETERS OF THE SIMULATED HEMORRHAGE BLOOD SPHERES (?1-72).
THE FOLLOWING COLUMNS SHOW THE ERROR METRICS FOR THE INPUT
IMAGES (LD), THE 2D AND 3D GUNET PROCESSED IMAGES, THE
REFERENCE STROKE MONITORING IMAGES (MO). IMPROVEMENTS OVER
THE LD IMAGES ARE HIGHLIGHTED IN GREEN AND THE BEST VALUE FOR
EACH CASE IS SHOWN IN BOLD.

?1-?2 [mm] LD gUnet2d gUnet3d MO
MSE ( 10 ®) [SZ/m?]
20-20 4.34 0.055 0.0013 0.074
15-20 481.21 479.53 479.57 472.59
20-25 841.50 844.68 852.40 819.64
25-30  1124.00 1097.78 1171.30  1039.60
PSNR [dB]
20-20 n/a n/a n/a n/a
15-20 29.30 29.32 29.32 29.38
20-25 26.87 26.86 26.82 26.99
25-30 25.62 25.72 25.44 25.96
Center of mass error [cm]
20-20 n/a n/a n/a n/a
15-20 5.19 9.73 7.40 1.37
20-25 3.03 2.26 3.07 0.87
25-30 1.43 1.49 1.49 0.72
Volume error [cm3]
20-20 107.59 8.04 1.87 101.47
15-20 238.03 10.44 1.05 97.045
20-25 52.93 1.97 17.02 75.77
25-30 36.09 -0.34 10.89 35.85

images with less prominent artifacts than both the input linear
reconstructions (left) and nonlinear, computationally costly,
stroke monitoring algorithm images (right). This is particularly
pronounced when looking at the 3D volume plots. The targets
are easily visible in the post-processed gUnet columns whereas
there are common artifacts surrounding the targets in the far
right column.

V. DISCUSSION

The results suggest that the proposed gUnet post-processing
of the LD reconstruction leads to a similar performance in
hemorrhage growth detection as the non-linear stroke moni-
toring algorithm (MO), but in a tiny fraction of computational
time (a few minutes compared to several hours), making it
a potential candidate to a clinical on-line monitoring setup
where fast reconstruction is needed.

A surprising result in this project was the ability to train the
2D gUnets on very few samples. Figure [§] compares results
for the 2D and 3D gUnet networks with varying numbers
of training data. With as few as 20 training samples, and 4
validation samples, the 2D gUnet produced remarkable results
with only a slight degradation in image quality and recovered
magnitudes. By contrast, even 800 training, and 180 validation
samples in 3D proved inadequate. Further investigation is
needed to determine the limits of training on such few samples
in 2D and is left for future work.

A natural question is whether a U-net was necessary for
this task. Could a simpler ResNet suffice? Following the
approach of [24]], we compared to a Graph Residual Network
(denoted here as gResNet), with 10 residual blocks and
3 graph convolutions per block. While there are alternative
choices for the gResNet structure, and tweaks on the numbers
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Fig. 5. Estimated probability density functions and their means for the error metrics for the original linear difference imaging reconstructions (LD), the
reference stroke monitoring reconstructions (MO), and for the 2D and 3D network processed linear difference imaging samples (gUnet2d, top row of images;
gUnet3d, bottom row of images) using data consistent with training and validation.

of parameters that could be performed, in our testing, the
gResNets performed adequately on data similar to the training
data, but struggled to generalize to the more complicated
six-layer head model and experimental data. Figure [J] shows
the speckling/pixelated appearance in the images, whereas the
gUnet images appear more clearly defined.

A. Computational Cost

1) Creating training data: The average combined computa-
tion time for the creation of a single head phantom pair and the
corresponding data simulation with both head phantoms was
0.30 s in 2D and 26.60 s in 3D. Obtaining the linear difference
imaging reconstructions, by solving the minimization problem
(EI), took on average 0.93 s in 2D and 35.42 s in 3D. In both
cases, the regularization matrix in (9) was precomputed once
and re-used with all measurement sets. This precomputation
time is not included in the previously stated times, and was
3.30 s in 2D and 87.20 s in 3D. The training data was created
on CSC Finland’s ePouta cloud server partition with 232 GiB
of memory and 64 AMD EPYC processors.

2) Network training times: The networks were trained us-
ing the supervised learning approach (I8)), with 1600 samples
used for training in 2D, 4800 in 3D, and 300 for validation in
2D and 1200 for validation in 3D. Each network was trained
using a patience of 50 epochs and the Adam optimizer with an
initial learning rate of 0.001. Network training times, approx-
imately, were as follows: 2D gUnet (6 sec/epoch, 17 min) and
2D gResNet (17 sec/epoch, 105 min), 3D gUnet (2 min/epoch,
380 min) and 3D gResNet (7.5 min/epoch, 2527.5 min).
Multiple instances of the training were performed with negli-
gible changes in training times and results. The learning was

performed in PyTorch version 2.2.0+cul2l and timings
correspond to a workstation with an A6000 NVIDIA card.

3) Test data reconstruction times: For the laboratory data
test case, a single linear difference (LD) imaging reconstruc-
tion was computed in approximately 3 min and a single
reference stroke monitoring (MO) algorithm reconstruction in
2.5 h. For the computational head model test case, a single
linear difference (LD) imaging reconstruction was computed
in approximately 50 s, and a single reference stroke monitoring
algorithm reconstruction in 5 h. Note that post-processing
a reconstruction through the trained graph network adds a
fraction of a second.

VI. CONCLUSIONS

In this study, we demonstrate the ability to use graph U-
nets to post-process relatively fast, standard, linear difference
(LD) reconstructions for EIT to produce improved images
of comparable quality to a time-intensive nonlinear stroke-
monitoring (MO) reconstruction method, at a tremendous
savings in computational cost. By training in the graph setting,
instead of the classic CNN framework, we were able to
perform the training on 2D images and then test on 3D data.
This was advantageous for our imaging problem, as generating
the 2D training data was nearly 50x faster, per sample, than
the corresponding 3D training data without even accounting
for the higher number of training samples needed in 3D. The
graph U-nets were remarkably robust to out-of-distribution
training data, generalizing very well to stroke monitoring
data from a complicated six-layer head model, as well as
experimental lab data.

These findings suggest that the proposed reconstruction
pipeline of using linear difference imaging, followed by graph
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Fig. 6. Computational head model test case: Results for processing the |2
linear difference imaging reconstructions (LD) through the 2D and 3D graph-
Unet networks (LD-gUnet2D and LD-gUnet3D), and the reference stroke
monitoring reconstructions (MO).
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U-net post processing, could be a feasible reconstruction
approach for practical on-line monitoring where fast recon-
structions are needed.
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