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ABSTRACT This paper investigates the role of prior internal structural, morphological, and dielectric
information in constructing linearized inversion kernels for microwave imaging-based brain stroke
monitoring, with emphasis on structural-model mismatch and regularization effects. Although detailed
anatomical models are often assumed to improve reconstruction accuracy, their availability, reliability,
and practical integration remain limited in realistic clinical scenarios. A systematic methodological
framework is therefore adopted to assess how the inclusion, simplification, or absence of morphological
information affects the performance of the inversion kernels constructed under the Born approximation
and regularized using the truncated singular value decomposition. A multi-patient numerical study is used
to capture anatomical variability and evaluate inversion operators with progressively reduced structural
complexity, ranging from multi-tissue representations to homogeneous models. Stroke evolution, including
both hemorrhagic and ischemic cases, is simulated and analyzed under varying spatial-resolution, lesion-
morphology, and lesion-location conditions. In addition, this work first harmonizes the terminology and
definitions of imaging metrics commonly used in recent microwave medical imaging literature, providing
a consistent framework for their interpretation and cross-study comparison, and second proposes a unified
statistically based metric, referred to as the Spearman-weighted metric, providing a global score that
enables direct and consistent comparison across inversion kernels. The results indicate that reconstruction
quality is only weakly dependent on the level of structural detail embedded in the inversion kernel. In
many cases, simplified models are sufficient to capture the main features of stroke evolution, suggesting
that highly detailed patient-specific information may not be strictly necessary for monitoring-oriented
applications. Overall, the proposed framework provides a general methodological basis for evaluating
structural-model mismatch in inversion kernels and supports the use of reduced-complexity inversion
strategies when accurate prior information is unavailable.

INDEX TERMS A priori information, Born approximation, brain stroke monitoring, inverse scattering,
inversion kernels, microwave imaging, simplified model, truncated singular value decomposition.

I. INTRODUCTION

MEDICAL microwave imaging (MMWI) is a
centimetric-resolution diagnostic and monitoring

technique that exploits the frequency-dependent dielectric

contrast between biological tissues and pathophysiological
alterations at microwaves to generate images in a non-
ionizing, non-invasive, potentially real-time, and continuous
manner [1]. Hence, it might serve as a complementary
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neuroimaging modality to current gold standards, including
magnetic resonance imaging (MRI), computed tomography
(CT), X-ray, and positron emission tomography (PET),
which are costly, bulky and even harmful in the case of
the later three [2], [3], and have limited applicability in the
case of stoke monitoring.

Stroke is a highly prevalent and severe neurological con-
dition characterized by a sudden disruption of oxygen-rich
blood flow to the brain, leading to impaired or transient
neurological function. In the acute phase, stroke evolves
as a highly dynamic and patient-specific pathology, with
neuronal loss occurring at a rate of millions of cells per
minute. Two main types are distinguished: intracerebral
hemorrhage (ICH), which accounts for a smaller fraction
of cases but is associated with higher mortality, and acute
ischemic stroke (AIS), which is more frequent and caused by
vascular occlusion. The stroke prognosis critically depends
on prompt intervention within the first hours after onset,
encompassing rapid diagnosis, treatment administration, and
continuous monitoring. This time-sensitive intervention is
essential to improve clinical outcomes and reduce the risk
of long-term disability, functional deficits, or even death.

From an electromagnetic (EM) perspective, stroke moni-
toring involves tracking a clinically fast, time-variant, con-
centrated dielectric contrast within a non-accessible, highly
complex, multi-layer, lossy, and dispersive domain. MMWI
estimates this dielectric contrast by solving an ill-posed, ill-
conditioned, and nonlinear inverse-scattering problem [4]–
[6]. In this process, a limited number of scattered-field
samples are collected outside the domain of imaging (DoI),
which, in this work, corresponds to the head. These mea-
surements are then mapped through an inversion or imaging
kernel to generate scan-like images. Consequently, if the
kernel is not sufficiently representative of the actual sce-
nario, the resulting modeling errors may propagate into the
reconstruction and degrade image quality.

The introduction of a priori anatomical information—
such as morphological features, including shapes, struc-
tures, dimensions, boundaries, discontinuities, and/or dielec-
tric distributions—serves as a regularizing and potentially
enhancing element. In medical applications, several studies
have explored incorporating such prior information by lever-
aging complementary imaging modalities, including MRI,
CT, and ultrasound (US). In the context of breast imaging,
[7] introduces a soft-prior regularization framework that
integrates MRI-segmented anatomical regions into the in-
verse problem without enforcing exact EM properties within
each tissue class, thereby improving the reconstructions.
The work in [8] uses a delay-and-sum US beamforming
algorithm to obtain maps, which are then segmented via
k-means clustering to generate an inhomogeneous numerical
model of the DoI. This anomically-informed background
is then used with an EM finite element method (FEM)-
based model that supports a contrast source inversion (CSI)
method to generate quantitative reconstructions. Similarly,

[9], [10] demonstrated that patient-specific structural maps,
acquired via radar based techniques, substantially improve
reconstruction quality. Meanwhile, in the context of bone
imaging, [11] uses prior structural information about differ-
ent tissues as an inhomogeneous background to assess bone
density in an osteoporosis-affected leg, thereby enhancing
localization of the tibia and fibula and monitoring changes.
In this case, the a priori information is obtained either from
MRI with k-means clustering or from a blind FEM-CSI
(without a priori information). For stroke, [12] addressed
the lack of patient-specific prior knowledge by proposing
a two-step method that directly extracts a patient-specific
background model from the same measurement data used
for diagnosis. Previous studies [11], [12] demonstrated that
prior knowledge can be not only extracted from another neu-
roimaging modality but also retrieved from the microwave
measurements themselves.

A broader perspective on prior knowledge, beyond these
application-specific contributions, is discussed in [13]. It
provides a unified perspective by introducing a space-time-
frequency (STF) classification framework for prior knowl-
edge in MMWI, encompassing both quantitative and quali-
tative algorithms across various imaging applications. The
analysis is conducted using the distorted Born iterative
method (DBIM) and pulse-radar experiments, and the results
show overall performance improvements when accurate prior
information is available.

Against this landscape, a fundamental and still open
question emerges: what level of accuracy in the a priori
anatomical and dielectric information embedded in the in-
version kernel is required to achieve meaningful, clinically
relevant MMWI outcomes? This is especially relevant in real
clinical scenarios, where this information may be inherently
limited and distorted [14]. Furthermore, even in an ideal
scenario with complete structural information available, the
intra-tissue dielectric variability introduces an additional
distortion in the inversion kernel. These considerations open
the possibility of exploring different clinically motivated
inversion kernel configurations from a complete patient-
specific multi-tissue model to a simplified homogeneous
head model, each motivated by realistic clinical practice.
Addressing this question systematically and rigorously re-
quires not only evaluating the degree of prior anatomical
information embedded in the inversion kernels, but also
consistently assessing the imaging quality.

Quantitative imaging performance metrics are widely used
to assess the quality of imaging reconstructions [15]–[19].
However, to the best of our knowledge, the metrics cur-
rently used in the literature are evaluated separately and
independently, without a homogenized terminology, making
cross-study comparisons difficult and sometimes ambiguous,
as discussed in [15], [20]. Each metric provides specific
information about a particular aspect of the reconstruction
quality, such as localization accuracy, shape fidelity, or
dielectric property retrieval error. Nevertheless, when redun-
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dant information is present across different imaging metrics,
a statistical average over the metrics may not be the fairest
or most balanced approach.

With the end of rigorously and systematically addressing
the question of anatomical prior information for stroke moni-
toring, here we present an extensive multi-subject and multi-
variable 2-D numerical study that, first, provides a controlled
framework and, second, retains the complexity of the inverse-
scattering problem while offering lower computational cost.
As variables, it covers stroke and head morphology, stroke
placement, intra-tissue permittivity variability, spatial resolu-
tion, and number of radiating elements, as well as different
signal-to-noise levels and evolving worsening and recovery
scenarios, accounting for more than 180,000 brain stroke-
monitoring scenarios. As an imaging algorithm, we employ
a differential approach and a non-iterative linearized one
based on the Born approximation and truncated singular
value decomposition (TSVD), previously applied to stroke
monitoring in e.g. [21]. Then, to assess the results, we
employ feature-specific imaging metrics on both qualita-
tive (normalized contrast maps) and quantitative (complex
contrast maps) retrievals, as well as a proposed unified,
statistically motivated Spearman-Weighted Metric (SWM).

To summarize, the main contributions of this paper are
threefold. First, a systematic evaluation of the impact of the
degree of detail in prior anatomical and dielectric informa-
tion on MMWI reconstruction quality is presented, based
on a set of clinically motivated inversion kernel models that
account for realistic scenarios in brain stroke monitoring.
Second, a homogenization of the terminology and definitions
of the imaging metrics used in the recent MMWI literature
is proposed, providing a consistent framework for their inter-
pretation and cross-study comparison. Third, a methodology
for combining the individual metrics into a single statistically
based representative quantity is introduced: the Spearman-
weighted metric (SWM). It provides a global quality score
for the reconstructed dielectric contrast maps, enabling a
direct and consistent evaluation of inversion kernels with
different amounts of prior anatomical information. All these
contributions aim to provide a practically grounded analysis
of the trade-off between the complexity of the inversion
kernel and the achievable imaging quality in the clinically
relevant scenario of brain stroke microwave monitoring.

The paper is organized as follows. Section II illustrates
the problem statement and the imaging performance metrics.
Details regarding the numerical framework and the MMWI
scenario used to address the assessment are described in
Section III. In Section IV, numerical results are discussed,
and Section V concludes the paper.

This paper thoroughly expands on the preliminary work
presented in [22].

y
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FIGURE 1. Dielectric property maps of an eleven-tissue head model
obtained from an MRI slice: (a) real part of εr and (b) imaginary part of εr .
Dimensions are in mm. The 48 points indicate the position of the
source-line elements.

II. PROBLEM STATEMENT
A. The inverse scattering problem
A typical brain MMWI scenario is shown in Fig. 1. An
antenna array of Na elements is placed in proximity to
the head, coupled to the tissues using a matching medium,
and collects the scattered signals to reconstruct the spatial
distribution of the complex dielectric properties within the
DoI, i.e., the head. Since the scattered data can be collected
only within a limited region outside the DoI, the inverse
problem is inherently ill-posed, making the estimation of
the dielectric properties challenging. Considering a bounded,
reciprocal, non-magnetic background (µb = µ0), with known
complex permittivity εb(r) containing a dielectric scatter of
unknown complex permittivity, the contrast function at a
given instant tm is defined as ∆ε(r, tm) = ε(r, tm)− εb(r),
where r is a position vector, µb and µ0 the permeability of
the background and free-space, respectively. The scattered
field Esc(r, tm) at any position is defined as in [4], [5]:

Esc(r, tm) = ω2µ0

∫
V

∆ε(r′, tm)Gb(r, r
′)

·Etot(r′, tm) dV ′,

(1)

where ω = 2πf is the angular frequency with f the
frequency of the excitation, and Gb(r, r

′) the background
Green function. From (1), it is evident that the scattered field
depends on both the contrast function and the total field,
Etot, which itself depends on the contrast, making the rela-
tionship nonlinear; additionally, Gb is generally unknown for
non-homogeneous or enclosed backgrounds, e.g., the head
tissues. The work in [23] derived a model that overcomes
this limitation for the case of point-like field sampling, i.e.,
when the receiver measures the field component p̂i · E(ri)
at a discrete location ri, where p̂i is the polarization of
antenna or the field probe. For such cases, Gb, that in general
has no-closed form solution in a non-homogeneous media,
is replaced by a Green’s vector, equivalent to the incident
field of the i-th receiver when it transmits, divided by a
scalar normalization constant µb(ri)Ji∆Ωi, with Ji∆Ωi the
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normalizing current element, wherein Ji is its density and
∆Ωi its volume. Thus, the scalar response Rik at port i-th
due to excitation at port k-th can be written as:

Rik(tm) =
jω

µb(ri)Ji∆Ωi

∫
V

µb(r
′)∆ε(r′, tm)Einc

i (r′)

·Etot
k (r′, tm) dV ′,

(2)

where Einc
i is the field radiated by the i-th port, and µb(ri)

the permeability at the discrete location ri. The response
Rik(tm) has units (V/m) and is a discretized measurement
of the scattered electric field.

In the 2-D TM case, the volume integral reduces to a
surface integral, and ∆Ωi→∆Si, with ∆Si the area of the
normalizing current element Ji∆Si. Thus (2) becomes:

Esc
ik(tm) =

jω

Ji∆Si

∫
S

∆ε(r′, tm)Einc
i (r′)

·Etot
k (r′, tm) dS′,

(3)

where Esc
ik(tm) is scatter field at tm. To deal with the

nonlinearity of the resulting formulation, approaches based
on the Born approximation have proved to be effective
when dealing with weak scatterers. In stroke monitoring,
its viability depends on the adopted background model,
which determines the contrast function of the scattering
problem. Moreover, when moving to a differential approach
as in [21], [24]–[26], the Born approximation becomes
increasingly valid, since ICH or AIS lesions induce localized
and magnitude-limited contrast variations. Thus, the first-
order Born approximation is applicable, whereby the total
field is approximated by the incident field, i.e., Etot

k (r, tm) ≈
Einc

k (r). Accordingly, a time-dependent contrast function
that represents the spatio-temporal permittivity variation
between two consecutive time instants between t0 and t1
can be defined as ∆ε(r, t0, t1) = ε(r, t0)− ε(r, t1). The
resulting differential scattered field due to lesion progression
is ∆Esc

ik = Esc
ik(t0)− Esc

ik(t1) and can be expressed as:

∆Esc
ik ≃ jω

Ji∆Si

∫
S

∆ε(r′, t0, t1)E
inc
i (r′)Einc

k (r′) dS′. (4)

Both incident fields, Einc
i and Einc

k , can be obtained either
through numerical simulations or measurements [27] from a
representative reference background, i.e., the patient-specific
head tissues. However, from a practical point of view, no di-
rect measurements of the field distribution in S are available;
therefore, the incident fields in (4) are typically evaluated
using forward electromagnetic simulations of a reference
known model, usually corresponding to the healthy head
tissues. Thus, the accuracy of image reconstruction depends,
among other factors, on how well the computational model
mimics the conditions under which the differential data
∆Esc

ik are acquired. Any mismatch between the simulated
and the real head anatomy, including the tissue permittivity
distribution, or antenna coupling, introduces a modeling
error that propagates directly into the inverse problem, and
consequently into ∆ε(r, t0, t1).

To compute a numerical solution of (4), the imaging
domain S is discretized into Nc triangular cells, each of
area ∆s. Thus (4) becomes:

∆Esc
ik ≃ jω

Ji∆Si

Nc∑
j=1

∆ε(rj , t0, t1)E
inc
i (rj)E

inc
k (rj)∆sj ,

(5)

where rj is the centroid of the j-th cell. For a multi-static
system configuration with Na antennas or probes, where
i, k ∈ {1, ..., Na}, (5) can be written in a compact matrix
form as:

[∆Esc] = [K] [∆ε], (6)

where [∆Esc] is a N2
a × 1 vector collecting the differential

scattered field for all receiver-transmitter pairs (i, k), [∆ε]
is a Nc × 1 vector representing the unknown permittivity
contrast associated with the temporal evolution of the stroke
in each j-th cell, and [K] is N2

a ×Nc linear operator whose
each single element κ(i,k),j is defined as:

κ(i,k),j =
jω

Ji∆Si
Einc

i (rj)E
inc
k (rj). (7)

B. Truncated Singular Value Decomposition Imaging
The linear system in (6) is ill-conditioned and ill-posed,
even assuming full anatomical prior acknowledgment, and
the direct inversion of K leads to unstable solutions. To
regularize and stabilize the solution, the TSVD approach [6]
is used:

[∆ε] ≃
T∑

n=1

1

σn
([un]

∗[∆Esc]) [vn], (8)

where [·]* indicates the conjugate transpose, σn, [un], and
[vn] are the n-th singular value, left, and right singular vec-
tors, respectively, obtained via the singular value decomposi-
tion (SVD) of the discretized operator [K]. Specifically, the
TSVD is applied to the linearized operator obtained under
the distorted Born approximation since, during monitoring,
the reference model used for linearization is a distorted
version of the actual situation. The truncation index T acts
as a regularization parameter and is determined using a
threshold defined in terms of the cumulative energy of the
first n singular values [28], [29]. Since the singular values
decay quickly, most of the energy corresponds to the first n
singular values. Therefore, we adopt a conservative threshold
corresponding to 99.99% of the cumulative energy, which
balances solution stability and image quality.

C. Imaging metrics
In MMWI, the quality of the retrieved maps is important
for accurate diagnosis and treatment planning. Qualitative
microwave imaging (MWI) algorithms aim to identify the
presence, spatial location, extent, and morphology of anoma-
lies in the background tissue, providing clinically relevant
information that, depending on the application, may be
sufficient. Additionally, quantitative MWI algorithms aim
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to reconstruct complex-valued dielectric contrast maps, pro-
viding complementary information on tissue properties that
may indicate relevant clinical information, such as stroke
typology. Regardless of the algorithm, image quality is
essential in medical scenarios. In line with criteria adopted
in neuroimaging [30], [31], a MWI reconstruction can be
considered acceptable for medical diagnosis if its spatial
resolution can accurately delineate the location, extent, and
morphology of the expected dielectric variations, such as the
caused by a ICH or AIS progression, if it exhibits sufficient
contrast relative to the background, i.e., healthy tissues. For
quantitative reconstructions, the real and imaginary parts
of the contrast map should also be consistent with the
expected values. When a reference image is available, such
as in controlled experiments to validate MWI systems and
algorithms, it is also possible to assess the global structural
similarity between the reconstructed and reference maps,
as well as the linear correlation between their respective
distributions. Accordingly, various imaging metrics are used
to quantify the quality of the retrieved contrast maps.

For qualitative evaluation of MWI reconstructions, as in
[15], a binarized form of the MWI reconstructions is com-
pared with a known binary ground truth. However, selecting
the binarization threshold for the qualitative reconstructions
is nontrivial because the images are subject to the inherent
smoothing associated with the necessary regularization [32].
To address this, we use the spatial resolution criteria of
the MWI system itself as the binarization metric, which is
approximately equal to the half width of the image point-
spead function (IPSF) main lobe, proportional at −4 dB
relative to its peak value [33]. Values above this threshold
are considered regions where a permittivity contrast arises
due to actual scatterers. Accordingly, any value in the
qualitative MWI reconstructions above −4 dB is set to 0 and
1 otherwise.

To compute the imaging performance metrics, let
A = ∆εr, the reconstructed complex permittivity contrast
map, where εr = ε/ε0 is the complex relative permittivity,
A its normalized version, and Â ∈ {0, 1} the binarized
version one. Instead, B is the expected relative permittivity
contrast map, i.e., the ground truth, B its normalized ver-
sion, and B̂ ∈ {0, 1} the binarized version. The binarized
reconstructed and the ground truth mask are vectors where
Â = [â0, â1, ..., âj ] and B̂ =

[
b̂0, b̂1, ..., b̂j

]
, with âj and

b̂j the j-th cell position values. The lesion area has values
of 1, and the non-lesion one has values of 0. The metrics
used to evaluate the MWI reconstructions are described in
the following:

1) Dice Similarity Coefficient (DSC)
The Dice Similarity Coefficient (DSC) [15], [34], [35] eval-
uates the fraction of overlap between the reconstructed and
ground-truth stroke progression regions, i.e., between Â and
B̂, normalized by the total number of cells with 1 values in

both sets:

DSC =
2
∑Nc

j=1 âj b̂j∑Nc

j=1

(
âj + b̂j

) . (9)

The DSC ranges from 0, indicating no overlap, to 1, indi-
cating a perfect match between the binarized reconstruction
and ground truth.

2) Boundary-Based Metric (BBM)
The boundary-based metric (BBM), presented in [15] is a
normalized Hausdorff distance (HD) on its 95% percentile
(HD95) [36], [37], which is widely used in medical imaging
to delineate the boundary errors of anatomical structures;
variations of HD have been used in other studies [18],
[35]. The metric is computed as follows: HD computes the
maximum of all shortest distances from all points in Â to the
points in B̂. Then, HD95 calculates the 95th percentile of
these distances to avoid outliers. Finally, HD95 is normalized
with respect to the maximum Euclidean distance, Dmax,
between Â and B̂.

To compute the BBM, let CÂ = {rj : âj = 1} and CB̂ =

{rj : b̂j = 1} denote the sets of cells coordinates in Â and
B̂, respectively, where rj is the spatial position of the j-th
cell in the DoI. The 95th-percentile Hausdorff distances are
calculated as:

hÂ = P95

{
min
r∈CB̂

∥rj − r∥2 : rj ∈ CÂ

}
, (10)

hB̂ = P95

{
min
r∈CÂ

∥rj − r∥2 : rj ∈ CB̂

}
, (11)

where P95{·} denotes the 95th percentile over the set of
minimum distances, and ∥ · ∥2 is the ℓ2 norm, i.e., the
Euclidean distance. To obtain a normalized metric, the
maximum spatial extent of the combined regions CÂ and
CB̂ is used as a normalization factor and defined as:

Dmax = max
ri,rj ∈CÂ ∪CB̂

∥ri − rj∥, (12)

which represents the largest possible distance within the
union of the reconstructed and reference regions. The BBM
is then defined as:

BBM = 1−
max(hÂ, hB̂)

Dmax
, (13)

where a value closer to 1 corresponds to perfect morphologi-
cal consistency, meaning that the reconstructed and reference
stroke regions closely match in both shape and boundary,
whereas a value of 0 indicates no morphological consistency.

3) Structural Similarity Index (SSIM)
The structural similarity index (SSIM) [16] measures the
global perceived image similarity between the binarized
reconstruction Â and ground truth B̂. This metric intends
to approximate how humans perceive the difference between
two images, with particular sensitivity to the shape, spatial
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distribution, and continuity of the stroke region. The SSIM
is defined as:

SSIM =
(2αÂαB̂ + c1)(2βÂB̂ + c2)

(α2
Â
+ α2

B̂
+ c1)(β2

Â
+ β2

B̂
+ c2)

, (14)

where αÂ and αB̂ are the mean values of Â and B̂,
respectively, β2

Â
and β2

B̂
are their variances, βÂB̂ is their

cross-covariance, c1 = (0.01L)2 and c2 = (0.03L)2 are
stabilization terms that prevent numerical instability in re-
gions with near-zero mean or variance, and L = 1 denotates
the dynamic range of the binary inputs Â and B̂. The SSIM
has been used in some studies to evaluate MWI repeatability
[18], [38], and imaging performance assessment [39], [40].
The SSIM is bounded from 0, no similarity, to 1, perfect
similarity between the binarized MWI reconstruction and the
expected one.

4) Contrast-to-Noise-Ratio (CNR)
The contrast-to-noise ratio (CNR) [41] is an object-
independent metric widely used to quantify the detectability
of a target against a background. It provides a measure of
how distinguishable a dielectric contrast is with respect to the
surrounding medium. In the brain stroke monitoring context,
CNR evaluates the difference between the mean values
within the expected contrast area, i.e., to injury evolving, and
that of the background, divided by the standard deviation of
the background:

CNRA =
|αAs

− αAb
|

βA
, (15)

where αAs
and αAb

are the mean values of A in the expected
stroke region and the background region, respectively, and
βAb

is the standard deviation of A in the background region.
The CNR range is [0,+∞), with higher values indicating
greater contrast of the lesion region. To enable meaningful
comparisons across other image performance metrics and
inversion kernels, the CNR is normalized to the CNR ob-
tained from the ideal image point spread function (IPSF),
computed in a homogeneous background with no model
mismatch, tissue heterogeneity, or structural approximation.
Thus, in this reference case, CNRIPSF can be considered as
the upper bound of the achievable CNR for the given system
configuration. The normalized CNRN is therefore defined as:

CNRN =
CNRA

CNRIPSF
. (16)

Consequently, CNRN = 1 means that the MWI recon-
struction reproduces the lesion-to-background contrast of an
ideal IPSF response, whereas CNRN < 1 indicates a contrast
loss, possibly due to model errors, tissue heterogeneity, or
kernel inaccuracies.

5) Peak-Signal-to-Noise-Ratio (PSNR)
The peak-signal-to-noise ratio (PSNR) [42] is a widely used
metric in MMWI [43], [44]. In brain stroke imaging, it quan-
tifies the ratio between the maximum image intensity and the

mean squared error (MSE) relative to the reference image,
reflecting how accurately the reconstructed map preserves
the lesion-related intensity distribution. PSNR is defined as:

PSNR =
max(A)2

MSE
, (17)

where MSE = 1
Nc

∑Nc

i=1(Ai − B̂i)
2 is the mean squared

error between the reconstructed image A and the reference
image B̂. The PSNR range is [0,+∞), where larger values
correspond to higher contrast. To enable comparisons with
other image performance metrics, the PSNR is normalized
to the PSNR obtained from the ideal image point spread
function (IPSF), calculated from a simulation campaign
using a homogeneous head model whose dielectric properties
correspond to a weighted average of the head tissues. The
normalized PSNR is therefore defined as:

PSNRN =
PSNRA

PSNRIPSF
, (18)

where PSNRN values closer to 1 mean that the reconstructed
stroke-related intensity distribution is comparable to that of
an ideal IPSF response, whereas PSNRN < 1 indicates a
high deviation from the ideal IPSF response.

6) Pearson Correlation Coefficient (PCC)
The Pearson correlation coefficient (PCC) is a statistical
measure of linear similarity between two images or signals.
In MMWI [45], it quantifies the degree of linear corre-
spondence between the reconstructed and reference intensity
distributions. It is defined as:

PCC =

∑Nc

j=1 (aj − αA) (bj − αB)√∑Nc

j=1 (aj − αA)
2
√∑Nc

j=1 (bj − αB)
2
, (19)

where aj and bj are the j-th elements of A and B,
respectively, and αA and αB are their mean values over all
Nc cells.

A PCC value of 1 indicates perfect linear correlation, 0
no correlation, and −1 perfect anti-correlation. Thus, PCC
values of 1 indicate perfect linear correlation between the
reconstructed and expected distributions, i.e, that the nature
of the stroke progression is correctly identified, and values
closer to 0 indicate no linear correlation. Across all evaluated
monitoring scenarios considered in this work, only positive
PCC values are observed.

7) Normalized Root-Mean-Square-Error (NRMSE)
The normalized root mean square error (NRMSE) has been
used in various MMWI applications [18], [46], [47], and
measures the average per-cell magnitude of discrepancy
between the reconstructed map A(·) and the ground truth
B(·). It is defined as:

NRMSE(·) =

√
1

NC

∑NC

j=1

(
A(·)

j − B(·)
j

)2

∆(·)
, (20)
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where the superscript (·) denotes either the real or imaginary
part, dubbed R and I , respectively. The normalization term
is defined as ∆(·) = min(δA(·) , δB(·)), where:

δζ(·) = max(ζ(·))−min(ζ(·)) : ζ ∈ {A,B}, (21)

denotes the dynamic ranges of the corresponding
components.

The NRMSE ranges from 0, representing no differ-
ence, to 1, representing the maximum difference in the
reconstructed permittivity contrast map. To avoid ambigu-
ous analysis relative to the other metrics, we introduce
NRMSEN = 1−NRMSE, with values between 0 and 1
indicating the maximum and minimum error, respectively.
NRMSEN is computed separately on the real and imaginary
parts of the complex permittivity contrast.

Each metric used in this work evaluates a particular
characteristic of the reconstructed images. Specifically, they
measure how accurately the spatiotemporal variations in the
dielectric properties of brain tissues caused by the evolution
of an ICH or AIS match the expected ones, in terms of
localization, size, shape, overlap, structural similarity, statis-
tical dependence, and contrast. Overall, this study considers
eight metrics: six to evaluate the quality of the qualitative
reconstructions, and two to evaluate the quantitative accuracy
of the retrieved contrast maps.

D. Spearman Weighted Metric (SWM)
All the metrics described in the previous section provide
valuable feature-specific information about imaging perfor-
mance; however, as individual metrics, they lack the co-
hesiveness and fidelity that a comprehensive, multi-metric
approach can offer. Nonetheless, a naive approach, such as
an even-averaged one, may yield biased outcomes because,
if similar features are measured by more than one metric,
they weigh more in a simple overall average. To address
this issue, here we propose a correlation-aware weighted
Spearman correlation coefficient, hereafter referred to as the
Spearman weighted metric (SWM). The Spearman correla-
tion captures monotonic relationships between the metrics
without assuming linearity, which is appropriate given the
non-linear nature of the studied scenario. SWM computes
the Spearman correlation matrix among the imaging metrics
under consideration. Specifically, this study uses the eight
aforementioned metrics. Then, the weights are computed
from the correlation matrix, penalizing highly correlated
pairs and rewarding less correlated pairs. Finally, the weights
are merged into a single balanced score.

The core of the SWM lies in the problem-specific correla-
tion matrix and in its construction. As a generalist approach,
we propose using a significant and representative inverse-
scattering scenario for the problem at hand.

The Spearman correlation matrix ranges from −1 to 1,
where 0 indicates no correlation, and 1 and −1 indicate
perfect positive and negative correlations, respectively. Only
positive values are observed in this study. The proposed

SWM is computed as follows: let ρp,n represent a single
entry of the Spearman correlation coefficient between the
p-th and n-th metrics. We define:

cp =

M∑
n=1
n̸=p

ρp,n, (22)

representing the sum of the correlations between the p-th
metric and all the other metrics, where M is the total number
of imaging metrics. The weight associated with the p-th
metric is then defined as:

wp =
1

cp
, (23)

and the final score, SWM, is computed as the weighted
average of the metrics:

SWM =

∑M
p=1 wp mp∑M

p=1 wp

, (24)

where mp denotes the p-th metric value. Thus, metrics that
are less correlated with the others receive larger weights and
therefore contribute more to the final score, while highly
correlated metrics are down-weighted. The resulting weights
for each metric are then used to calculate and report the
SWM values across all studied cases.

III. FRAMEWORK ASSESSMENT
A. Clinical Scenario
To generalize anatomical complexity and obtain a non-
patient-dependent conclusion, we consider an anatomical
baseline comprising 20 human adult subjects. These consist,
each, of a realistic segmented head model with eleven seg-
mented tissue classes [48], respectively named, cerebrospinal
fluid (CSF), gray matter, white matter, fat, muscle, mus-
cle/skin, skull, blood vessels, peripheral fat, dura mater, and
bone marrow, from which a single sagittal slice is extracted.
These models are defined as DoI and have an isotropic spatial
resolution of 0.5mm per pixel. Figure 1 shows an example
of a sagittal slice with the corresponding dielectric proper-
ties (all the other sliced models used are available in the
supplementary materials). The tissues’ dielectric properties
are assigned according to the values reported in [49], and
depicted in Fig. 2, where the shaded regions represent a ±5%
uncertainty band around the nominal values, accounting for
the inter-subject biological variability. However, it is worth
noting that the uncertainty-aware dielectric prior remains, as
the actual patient-specific information is unavailable.

To emulate the stroke spatiotemporal evolution, the dielec-
tric properties of the pixels indicating the progressing lesion
region are modified to match those of blood for ICH, and
are set to 10% below the reference tissue properties for AIS.

A similar approach has been adopted in previous
works [50], [51]. Table 1 reports the real part, ∆ε′r, and
imaginary part, ∆ε′′r , of the relative complex permittivity
contrast ∆εr = ε

(lesion)
r − ε

(tissue)
r between the stroke

lesion and the surrounding gray and white matter at 1GHz.
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FIGURE 2. Frequency-dependent dielectric properties of head tissues: (a)
real part and (b) imaginary part of εr . Bone marrow is dubbed Bone M.

TABLE 1. Dielectric contrast at 1 GHz between stroke and brain tissues.

ICH AIS

Gray matter White matter Gray matter White matter

∆ε′r -7.96 -19.95 5.25 3.86

∆ε′′r 5.96 11.74 -1.77 -1.12

Three lesion morphologies are considered. First, a capsule-
like one that accounts for unidirectional axial progression.
Second, a circular model in which lesions expand radially
from a focal origin. The third is a realistic anthropomorphic
shape, derived from a clinical MRI previously evaluated
in [52], [53], which captures the axial and radial growth
of stroke lesions and accounts for the irregular evolution of
strokes. These are named CAP, SPH, and ANM, respectively,
from here on. All lesions are placed in the left lateral
hemisphere at three distinct locations, as shown in Fig. 3.
These locations correspond to a clinically relevant brain
region, the middle cerebral artery (MCA) extension, which
is commonly involved in stroke pathology [54], [55]. The
spatial coordinates of the three positions, denoted as C1,
C2, and C3, are detailed in Table 2.

TABLE 2. Coordinates of the centers for the SPH/ANM and CAP configura-

tions. The x coordinate is fixed at −32 mm for all cases.

SPH / ANM CAP
C1 C2 C3 C1′ C2′ C3′

y −46 4 54 −29 16 61

B. Problem Setup
For simulation, we employ an in-house two-dimensional
(2-D) finite element method (FEM) EM solver. The simula-
tions are conducted with Na = 48 line-source elements serv-
ing as both transmitting and receiving antennas, uniformly
distributed around the DoI as shown in Fig. 1. The simulated
data are then sub-sampled in post-processing to synthetically
reduce the antenna array size to Na ∈ {24, 18, 12}, later used
to analyze the effect of Na, while maintaining the uniform
angular distribution of the elements around the DoI. For the
differential scattered field data ∆Esc in (6), the reference
head models use the original isotropic spatial resolution
of 0.5mm per pixel, as well as eleven tissues, and so
represents the best (optimistic) scenario in which full patient-
specific anatomical information is available. Additionally,
the dielectric properties of all tissues are considered to
have an intra-tissue variability within ±5%. Conversely,
the imaging kernel K is built from forward simulations
performed at coarser spatial resolutions of 1, 2, 3, and
4mm per pixel. Note that assuming a different mesh and
inter-tissue dielectric variability avoids the inverse crime and
makes the whole approach more robust and realistic. Then,
the mesh discretization of the DoI uses a structured triangular
mesh, in which each pixel of the reference head models is
subdivided into two triangles, so that the input pixel size of
the head models directly determines the mesh resolution and
limits meshing interpolation errors. Moreover, to allow the
freedom to select any location for the line-source elements,
we use an unstructured mesh outside the DoI.

An important requirement for a stroke-monitoring MMWI
system is to maximize the amount of incident power that
penetrates the head, so that sufficiently strong scattered
signals from the stroke can be collected outside the head,
enabling imaging. This is commonly achieved by using
a matching medium to maximize wave penetration. An
additional requirement is to achieve the highest possible
spatial resolution, given the system’s operating frequency,
to identify sufficiently small variations. Thus, the selection
of both the operating frequency and the matching medium
is critical, and a non-trivial one, though. In this respect,
in [56], [57], analytical studies have been performed by
using simplified multi-layer models, finding the band around
1 GHz and a matching medium permittivity of 20 a good
trade-off candidate. However, to extend this conclusion to
a more realistic and complex scenario, in this work, we
consider a 2D scenario shown in Fig. 1, selecting the line-
source element at 12 o’clock (the red one in Fig. 1), which is
placed approximately at 20.5mm from the head contour, and
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FIGURE 3. Different stroke morphologies and positions. a) SPH, b) CAP, and c) ANM. The coordinates of the center positions are reported in Table 2.
For the spherical and anthropomorphic cases, the positions are identical, whereas for the CAP case, these are shifted posteriorly to ensure that all
configurations lie within the brain. The dimensions are in mm.
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FIGURE 4. Normalized-Reflection coefficient Γ versus matching medium
ε′r and frequency (GHz).

perform a parametric study in a lossless matching medium
varying the real part of the relative complex permittivity of
the matching medium, ε′r, from 1 to 80 at different operating
frequencies from 0.5 to 4GHz.

Three different scenarios are simulated: an eleven-tissue
head model surrounded by matching medium, a scenario
in which the head region is a perfect electric conductor
(PEC), and a homogeneous background filled with matching
medium. In each parametric simulation, the field is collected
in the coordinates of the transmitting probe, and a normalized
reflection coefficient is defined as:

Γ =

∣∣Etot
MT − Einc

∣∣
|Etot

PEC − Einc|
, (25)

where Etot
MT and Etot

PEC are the total electric field at the
probe location for the multi-tissue head model and PEC
head model, respectively, and Einc is the incident field
in the homogeneous background. The numerator denotes
the scattered field produced by the head tissues, while the
denominator normalizes it with respect to the scattered
field of the PEC scenario; the latter provides a reference
for the maximum reflected field in the direction to the
probe position. Accordingly, Γ indicates how much energy
is reflected by the head tissues with respect to the field
reflected by a PEC. Since Γ ≤ 1, it follows from (25)

that |Esc
MT| ≤ |Esc

PEC|. The results are shown in Fig. 4.
Higher reflections are observed in the absence of a matching
medium, i.e., when ε′r = 1. For the relative permittivity of
the matching medium below ε′r ≈ 10, higher reflections
are present across almost the entire frequency range. A
frequency band with high reflections is observed roughly
between 1.5 and 2.5 GHz for ε′r < 40, suggesting impedance
mismatch. At frequencies above 3.5 GHz with ε′r > 40, the
reflections decrease; however, in this frequency band, the
field penetration depth into the head tissues is minimal due
to the high dielectric losses in biological tissues, making
such conditions unfavorable for detecting anomalies in deep
brain tissues.

These results are consistent with those obtained from a
simplified cross-section of the head tissues studied in [56],
[57], confirming the validity of the analysis. It is worth
noting that at frequencies below 1 GHz, the reflections
are reduced for some ε′r values, but the spatial resolution
is correspondingly reduced. Based on these findings, the
operating conditions used in the remainder of this study are
a frequency of 1 GHz and a matching medium with ε′r = 20,
which offers a good trade-off between spatial resolution and
impedance matching to head tissues.

C. Inversion Kernels
To evaluate the impact of prior anatomical information,
structural and dielectric encoding, on imaging retrieval,
we establish five inversion kernels K, guided by practical
limitations in real clinical scenarios, in which neuroimaging
modalities, such as MRI and CT, may not be routinely
available, and have intrinsic well-known and limiting dif-
ficulties of accurately segmenting head tissues [58]. MRI
provides strong soft-tissue contrast [58], [59] and enables
good discrimination of the most of intracranial tissues [58],
[60]. CT provides good contrast for osseous structures [61]
such as the skull, but limited discrimination of the sur-
rounding soft tissues due to their similar Hounsfield unit
ranges [62] making the external tissues, i.e., skin, fat and
skull, difficult to segment individually. Then, to build the
kernels, the eleven-tissue head models are systematically re-
duced, retaining only the tissues that can be segmented most
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FIGURE 5. Inversion kernels. The real part ε′r is shown in the top row, and
the imaginary part ε′′r in the bottom row. Columns correspond to the
kernel KA, KB , KC , and KH . For visualization, the head maps are
displayed at 35% smaller visual scale than in Fig. 1. KMT is reported in
Fig. 6.

reliably. These models are shown in Fig. 5 and summarized
in Table 3, where the vertical bar (|) marks tissue boundaries
and the plus sign (+) indicates tissues merged into a single
equivalent tissue whose dielectric properties are the area-
weighted average of the constituents.

TABLE 3. Inversion kernel operators for the assessment.

Kernel Reference head model

KMT Skin† | Fat | Bone‡ | CSF | Gray matter | White matter∗

KA Skin† + Fat | Bone‡ | CSF | Gray matter | White matter∗

KB Skin† + Fat + Bone‡ | CSF | Gray matter | White matter∗

KC Skin† + Fat + Bone‡ + CSF | Gray matter | White matter∗

KH Skin† + Fat + Bone‡ + CSF + Gray matter + White matter∗
†Skin: skin + muscle; ‡Bone: skull + bone M + dura; ∗White matter: white + vessels
See Fig. 2 for the tissue names.

The kernel KMT, which incorporates the most prior in-
formation, considers six “tissues”, and may account for
cases where MRI and CT simplified priors are available.
The kernel KA accounts for a common limitation in MRI-
based segmentation where the external tissue layers, i.e., skin
and subcutaneous fat, are anatomically thin and spatially
adjacent, making their mutual delineation challenging [58],
[63], [64]. Therefore, the skin and fat are merged into a
single equivalent tissue, whose dielectric properties are given
as the area-weighted average of the two tissues. A model
in which the skin, fat, and skull are merged into a single
tissue can also be considered realistic, and therefore, the
kernel KB is also studied here. Moreover, the kernel KC

accounts for a limitation arising from the nature of the
CSF, which is anatomically thin, typically between 1 and
3 mm, comparable to the voxel size in low-resolution CT,
MRI, or PET scans [65], [66], making its segmentation
difficult. Accordingly, the CSF is merged with the external

(a) (b) (c) (d)

30

60

0

FIGURE 6. Different resolutions of the KMT for ε′r: (a) 1 mm, (b) 2 mm, (c)
3 mm, and (d) 4 mm. For visualization, the head maps are displayed at 35%
smaller visual scale than in Fig. 1.

tissues, skin, fat, and skull. The kernel KH represents the
less favorable case when no prior information, apart from
the head shape, is available. All tissues are merged into
a single homogeneous medium, whose dielectric properties
are the area-weighted average of all constituent tissues.
Although simplified, it offers the significant advantage of
being available in most clinical settings.

For each of the kernels described above, we evaluate four
isotropic pixel sizes: 1, 2, 3, and 4 mm, which directly define
the mesh resolution of the DoI in the forward simulations to
build the kernels. Resolutions of 1 and 2mm are typically
considered the standard in CT and MRI acquisitions. Reso-
lutions of 3 and 4mm are common in conventional clinical
MRI and CT when acquisition time is reduced, in low-field
MRI systems, and in PET scans [65]–[67]. Regardless of
the quality of the available prior information, the following
question arises: is a high-resolution anatomical prior strictly
necessary for accurate microwave imaging in brain stroke
monitoring, or can a coarser structural model of head tissues,
with an inherently reduced computational cost, still provide
sufficient information for accurate monitoring of an ICH
or AIS lesion? The results addressing this question are
presented in Sect. IV.

D. Spearman correlation matrix
To quantitatively evaluate the performance of the kernels
described above, the SWM, described in Sect. II-D, is used.
For this purpose, the Spearman correlation matrix across
all imaging performance metrics is required to compute
SWM. Therefore, we consider as a representative inverse-
scattering scenario a homogeneous head whose dielectric
properties are the weighted average of the tissues, and 51
circular ICH and AIS lesions distributed across it, each with
a diameter λb/4 ≈ 1.2 cm, where λb is the wavelength of
the background medium. This diameter corresponds to the
minimum spatial resolution of first-order Born and Rytov
approximations for tomographic-based imaging [68], [69].
Hence, to consider the best-performing case, the imaging is
performed by projecting the ICH and AIS contrasts into the
truncated K operator.

Figure 7 reports the Spearman correlation coefficients
among the adopted metrics for both stroke types. The lower
triangular part of the matrix, shown in red, contains the
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FIGURE 7. Spearman correlation coefficients among the eight imaging
metrics. The lower triangular part, shown in red, reports the ICH
coefficients, whereas the upper triangular part, shown in blue, reports the
AIS coefficients.

coefficients obtained for ICH, whereas the upper triangular
part, shown in blue, contains those obtained for AIS. Each
stroke-specific correlation matrix is individually symmetric.
However, the combined matrix is not expected to be com-
pletely symmetric because ICH and AIS constitute different
scattering problems.

Overall, similar correlation patterns are observed for the
two stroke types, and most of the adopted metrics are highly
correlated. The highest correlations are observed between
DSC, PCC, PSNRN , AND CNRN . In particular, DSC is
highly correlated with all the other metrics, with coefficients
ranging approximately from 0.84 to 1.00, except for its
slightly lower correlation with BBM, ρ = 0.79. NRMSR

and NRMSI are also highly correlated with each other,
since both quantify reconstruction errors of complementary
image components. On the other hand, BBM exhibits the
lowest correlations, approximately between ρ = 0.66 and
ρ = 0.79, indicating that boundary agreement of the re-
constructed dielectric profile with respect to the expected
one provides complementary information that other metrics
can not capture. These results confirm the presence of
substantial redundancy among several metrics and motivate
the correlation-aware weighting adopted in the SWM.

IV. NUMERICAL RESULTS
A. Minimum Non-Redundant Antennas
To determine the minimum number of required antennas,
Na, in the multi-static array, the non-redundant sampling
theory developed in [70], [71] for electromagnetic fields over
bounded domains is adopted here. The minimum number of
non-redundant samples must be slightly larger than N0:

N0 ≈ 2P

λeff
, (26)
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FIGURE 8. Singular values of different operators: (a) SV of MT operators
with different numbers of antennas, and (b) all five different operators
with 24 antennas.

which corresponds to a Nyquist-like sampling condition
required to capture the spatial variations of the scattered field
without aliasing, with P the perimeter of the observation
domain, i.e., the perimeter of a head cross-section, and λeff

the effective wavelength in the antenna host medium:

λeff =
λ0√
ε̄r

, λ0 =
c

f
, (27)

where ε̄r = 20 represents the relative permittivity of the
antenna matching medium, and f = 1 GHz the operating
frequency.

The head perimeter P is computed from the twenty cross-
section head models described in Sect. III-A. The mean value
of P across all cases is 620mm, with a standard deviation
σP = 22mm. Substituting the lower and upper bounds of the
head perimeter into (26) yields a required number of degrees
of freedom between 18 and 19 across the twenty head mod-
els. Since the number of samples should be chosen slightly
larger than the estimated number of degrees of freedom,
Na = 24 antennas are selected. This choice introduces only
marginal redundancy while providing additional robustness
to measurement noise, as may occur in practical clinical
scenarios. It is also supported by the metric-based results
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FIGURE 9. Impact of the number of antennas on the reconstructed
dielectric contrast using the KMT operator, for the 5→ 15 mL case. Top
row: ∆ε′r , middle row: ∆ε′′r , and bottom row: |∆εr,norm|. Columns
correspond to increasing number of antennas (Na = 12, 18, 24, 48). For
visualization, the head maps are displayed at 35% smaller visual scale
than in Fig. 1.

presented below, which indicate that Na = 24 yields good
reconstruction performance. Beyond a certain number of
probes, additional ones do not proportionally improve image
quality, indicating that only redundant information is added.
Figure 8a shows the singular values (SV) of KMT vs Na.

Increasing the number of antennas Na expands the spectrum
of [K] and the overall decay becomes slower, and the tail
singular values become smaller. This behavior indicates that
additional antenna pairs yield highly correlated data and thus
provide only marginally new information. As the number of
antennas decreases, the singular values decay more sharply,
meaning the operator quickly exhausts its independent spatial
degrees of freedom. For each imaging kernel, the truncation
index T is selected as the smallest index for which the
cumulative singular-value energy reaches 99.99% of the total
energy, as stated in Sec. II-B. The adopted cumulative-energy
threshold represents a conservative compromise that retains
the dominant information content of the imaging kernel and
suppresses the low-energy singular components that are most
sensitive to noise and modeling errors. In particular, for KMT

with Na=24, the adopted cumulative-energy criterion yields
T = 150. Figure 8b compares the singular values of the five
inversion kernels for Na = 24. All kernels behave similarly,
with very similar curves and a slow decay, which suggests
comparable information content and conditioning.

Hereafter, the retrieved reconstructions represent the real
∆ε′r and imaginary ∆ε′′r parts of the complex relative permit-
tivity contrast, ∆εr. The color scales have been chosen using

(a) (b) (c) (d)
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FIGURE 10. Impact of the number of antennas on the reconstructed
dielectric contrast using the KH operator, 5→ 15 mL case. Top row: ∆ε′r ,
middle row: ∆ε′′r , and bottom row: |∆εr,norm|. Columns correspond to
increasing number of antennas (Na = 12, 18, 24, 48). For visualization,
the head maps are displayed at 35% smaller visual scale than in Fig. 1.

the expected dielectric contrast between the lesion and gray
matter reported in Table 1, for ∆ε′r from approximately −8
to 8, and −5 to 5 for ICH and AIS, respectively; and for ∆ε′′r
from approximately −6 to 6, and −2 to 2 for ICH and AIS,
respectively. Gray matter is selected as the representative
surrounding brain tissue for defining consistent visualization
ranges. Although the linear inversion based on the Born
approximation and TSVD regularization does not provide
fully quantitative estimates of the dielectric properties, the
reconstructed dielectric profiles provide semi-quantitative in-
formation, including the spatial distribution, the approximate
complex dielectric contrast, and the growing/shrinking, i.e.,
temporal evolution or transformation, of an ICH or AIS
lesion.

Figures 9 and 10 report an SPH case 5→ 15mL, which
will be used for reference; other cases are reported in com-
plementary materials. These show the impact of the number
of antennas on the reconstructed dielectric contrast maps
for the KMT and KH operators, respectively. In both cases,
increasing Na from 12 to 48 leads to a clear improvement
in lesion localization, contrast, and spatial correspondence in
the real, imaginary, and normalized-magnitude dielectric pro-
files. For Na = 12, the reconstructions are contaminated by
background artifacts, while Na = 18 provides only a partial
improvement. A marked transition is observed at Na = 24,
where the ICH stroke lesion becomes distinguishable with
reduced background artifacts. The MWI reconstruction with
Na = 48 provides only marginal visual improvements,
mainly in artifact reduction. This indicates a saturation effect:
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FIGURE 11. Spearman-weighted metrics for a single patient (5→15 mL),
C1 positions, using the SPH stroke model, as a function of the number of
antennas. (a) ICH strokes, and (b) AIS strokes.

most of the useful information is already captured with
24 antennas, which is also observed in Fig. 8a, where the
singular values for Na = 24 and Na = 48 antennas
have a common flattened behavior at around −40 dB, which
corresponds to approximately the 99.99% of the total kernel
energy. Similar results are found in [69] for a 3D case.

To quantitatively evaluate the visual assessment, the SWM
is computed for the studied case and reported in Fig. 11
as a function of the number of antennas for all kernels
and for both ICH and AIS cases. For all kernels, the best
image quality is observed when increasing the number of
antennas up to Na = 24, whereas the improvement from 24
to 48 is much smaller. This trend is consistent across stroke
types and confirms the visual observations from Figs. 9–10.
Moreover, KMT, KA, and KB generally achieve the highest
SWM values, while KC and KH show lower performance
for sparse antenna configurations and benefit more from
increasing Na. Overall, the SWM analysis confirms that
Na = 24 represents a good trade-off between reconstruction
quality and system complexity. As a reference baseline,
the shape spread function (SSF) is introduced to evaluate

0  8-8Δ 0  6-6Δ 0  5-5Δ 0  2-2Δ

(a) (b) (c) (d)

(e) (f) (g) (h)

FIGURE 12. Reconstruction comparison between ICH (columns 1-2) and
AIS (columns 3-4) using 24 antennas and the KMT operator. Top row:
growing lesions (5→15 ml). Bottom row: shrinking lesions (5←15 ml). For
visualization, the head maps are displayed at 35% smaller visual scale
than in Fig. 1.

the reconstruction performance of a given imaging operator
K for arbitrary dielectric contrast distributions under ideal
conditions, i.e., in the absence of noise and background-
model mismatch. SSF is defined as the orthogonal projection
operator onto the truncated right-singular-vector subspace
of the imaging kernel K. When applied to a known di-
electric contrast distribution ∆ε, it yields the corresponding
subspace-projected dielectric contrast ∆εSSF:

[∆εSSF] =

T∑
n=1

([vn]
∗ [∆ε]) [vn], (28)

where [·]* indicates the conjugate transpose, [vn] the n-th
right singular vectors of the discretized imaging operator, and
T the truncation index. In Fig. 11, the SSF curve corresponds
to the SWM obtained from ∆εSSF, where the ideal dielectric
contrast distribution of the considered lesion is projected
onto the truncated imaging kernel KMT ; the contrast ∆ε is
zero throughout the background and assumes the expected
dielectric contrast only within the lesion region.

To include both growth and shrinkage cases, Fig. 12
extends the analysis by considering both ICH and AIS
evolutions. This is particularly important for a monitoring
approach, as it confirms that the adopted tomographic MWI
algorithm correctly identifies whether the stroke extent is
increasing (growing) or decreasing (shrinking) over time.
This result shows that the sign and magnitude of the vari-
ation in ∆ε for the real and imaginary parts are correctly
recovered. The normalized magnitude maps confirm that the
lesion is correctly detected, regardless of whether its extent
is expanding or shrinking.

B. Resolution and Tissue Variability
A parametric analysis of the spatial resolution of the prior
input information together with the intra-tissue dielectric
variability is presented in this section. For each of the five
kernel operators, the pixel resolution is varied from 1 to
4mm, while the scattering data ∆Esc used for inversion is
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FIGURE 13. Impact of the spatial resolution on the reconstructed dielectric contrast in 5→ 15 mL, ICH case, expressed as the normalized quantity
|∆εr,norm|. Columns correspond to different operators, while rows correspond to spatial resolutions of 1, 2, 3, and 4 mm. The number of antennas is
fixed to Na = 24. Head dimensions match Fig. 1.

always computed at the reference resolution of 0.5mm, as
described in Sect. III. The normalized differential contrast
maps |∆εr,norm| of this analysis for a hemorrhagic monitor-
ing scenario are shown in Fig. 13. Across all kernel operators
and all input pixel resolutions, the evolving stroke region is
spatially consistent with the expected lesion location. This
preliminary observation suggests that a coarser pixel map of
4mm, directly linked to a coarser mesh and reduced com-
putational resources for the forward EM simulations to build
K, achieves imaging results comparable to those obtained at
1mm resolution. This finding is particularly relevant, as in
three-dimensional (3-D) scenarios the computational cost of
the forward solver scales significantly with mesh density, as
well as for iterative methods.

To quantitatively support these findings, the SWM metric
is calculated for each case and reported in Fig. 14. For both
the ischemic and hemorrhagic cases, the resolution of the
input pixel map has no significant impact on the imaging

retrieval performance. A marginal decrease in metric values
is observed at a resolution of 4 mm relative to 1 mm, but
the values remain close to each other, suggesting that when
patient-specific anatomical prior information is available, a
high-resolution structural model is not strictly necessary for
accurate stroke monitoring. Among the five kernels, KMT

achieves the best SWM, indicating that when no complete
anatomical information is available, the overall quality of
image retrieval is reduced. Conversely, KH and KC, the most
structurally simplified kernels, have the lowest reconstruction
accuracy across all resolutions and pathology types.

To further assess intra-tissue dielectric variability, differ-
ent kernel operators under varying tissue heterogeneity are
evaluated. In these kernels, the dielectric properties assigned
to each tissue have a variance of 5% relative to the nominal
values reported in Figs. 2a and 2b, thereby modeling a more
realistic representation of the biological variability present
in head tissues. The imaging performance with and without
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FIGURE 14. Spearman-weighted metrics for a single patient (5→15 mL),
C1 positions, using the SPH stroke model, as a function of resolution. (a)
ICH strokes, and (b) AIS.

intra-tissue variability is compared in Fig. 15 for a single
representative head model. The results indicate that, at 1mm
resolution, the six-tissue kernel KMT achieves the highest
performance independently of whether tissue heterogeneity
is included, suggesting that intra-tissue dielectric variability
does not contribute additional discriminative information in
the imaging retrieval. Consistently, for all kernel operators
and spatial resolutions, incorporating tissue heterogeneity
does not report improvement in SWM, suggesting that di-
electric variations within individual tissue regions are not
crucial for achieving high-quality imaging.

These findings relax a modeling requirement of the kernel
K and suggest that electromagnetic solvers assuming homo-
geneous surface or volume tissue properties can accurately
reconstruct ∆χ, even when the data for inversion comes from
a scenario with intra-tissue dielectric variability.

C. Extended Follow-up
After selecting Na = 24 and a kernel resolution of 4mm, the
monitoring capability of the proposed approach is assessed
by considering progressive lesion evolution scenarios. In
particular, three volume transitions are analyzed, namely
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FIGURE 15. Spearman-weighted metrics for a single patient (5→15 mL),
C1 positions, using the ICH SPH stroke model, as a function of resolution
and variance. Rows correspond to different operators, while columns
represent resolutions, each shown for both the no-variance and variance
cases.

0 → 5mL, 5 → 15mL, and 15 → 25mL, which represent
increasing levels of dielectric perturbation associated with
stroke progression. The analysis is first reported for the SPH
model, while the corresponding results for the CAP and
ANM cases are provided in the supplementary materials.

Figure 16 shows the monitoring reconstructions obtained
for the SPH case using the five kernel operators. For each
operator, the real part ∆ε′r, the imaginary part ∆ε′′r , and the
normalized magnitude |∆εr,norm| are reported for the three
considered monitoring transitions. Rows are arranged from
the most anatomically detailed operator, the six-tissue model
(KMT, top), to the simplest structural operator (KH, bottom).

In all cases, the reconstructed lesion remains localized
within the expected stroke region, confirming that the system
can track lesion evolution. The nominal permittivity values
for gray and white matter (ε′r ≈ 51 and 43, respectively)
increased to those characteristic of blood (ε′r ≈ 62). Conse-
quently, the real part of the contrast in the evolving region,
defined as ∆ε′r = ε′r(t0)−ε′r(t1), is expected to be negative,
which is observed consistently in all reconstructions. In
addition, the imaginary part of the contrast, ∆ε′′r , is expected
to be positive, as observed in all reconstructions.

Among all kernels, KMT, KA, and KB provide the recon-
structions with the fewest background artifacts in the real,
imaginary, and normalized magnitude of the retrieved dielec-
tric contrast. By contrast, KC and especially KH show a more
diffuse response and background artifacts, particularly for the
smallest monitoring variation 0→ 5mL. Nevertheless, even
in these more challenging cases, the lesion position remains
identifiable, indicating that the monitoring information is
preserved across all operators, although with different levels
of accuracy. A reduction in reconstruction performance is
observed for the 15→25 mL transition. Although the local
dielectric contrast remains unchanged, a larger spatial di-
electric contrast increases the magnitude of the scattered
field. Consequently, the latter becomes a more significant
component of the total field, reducing the validity of the Born
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FIGURE 16. Monitoring reconstruction comparison for different operators for the spherical stroke model. For visualization, the head maps are
displayed at 35% smaller visual scale than in Fig. 1.

0

0.4

0.6

0.8

1

0.2

0  5 
5  15 

15  25 

(mL)DSC

BBM

SSIM

PSNR
N

PCC

CNR
N

NRMSE
R

NRMSE
I

FIGURE 17. Average metrics for all patients (monitoring), C1 positions,
using the ICH SPH stroke model. Bars indicate the standard deviation
across patients.

approximation. Combined with the TSVD regularization,

this explains the lower imaging performance metrics for the
largest volume transition.

These qualitative results are quantitatively evaluated, and
for each kernel operator, stroke pathology (ICH or AIS),
and lesion location (C1, C2, and C3), the imaging quality
metrics are computed across all twenty head models. Fig-
ure 17 shows, for each metric, the average value across the
twenty head models along with the corresponding standard
deviation of these twenty models. The low standard deviation
suggests no substantial variation across all head model cases,
demonstrating high consistency with respect to inter-subject
anatomical variability. The supplementary materials include
an extensive collection of plots for all evaluated cases.

A quantitative summary of these findings is shown in
Fig. 18, which reports the SWM averaged across all patients
for the SPH stroke morphology, considering the three lesion
locations C1, C2, and C3, and the three monitoring intervals.
The bar plots in Fig. 18 report a quantitative summary of
the imaging performance metrics separately for the three
monitoring cases, namely, 0 → 5mL, 5 → 15mL, and
15→ 25mL. For all cases, KMT, KA, and KB achieve the
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FIGURE 18. Spearman-weighted metrics computed across all patients for
different monitoring scenarios: (a) 0→5 mL, (b) 5→15 mL, and (c)
15→25 mL. The color gradient encodes the dimensions of stroke
variation, with red indicating ICH and blue indicating AIS. Results are
shown for a spatial resolution of 4 mm, zero variance, and the SPH stroke
model.

highest SWM values, with limited variations across the three
lesion positions while KC and KH have lower metric values,
in agreement with background artifacts in the reconstruc-
tions observed in Fig. 16. In addition, the quality of the
reconstructions decreases as the monitoring interval moves
from 0 → 5mL to 15→25mL. This indicates that larger
lesion areas may make image retrieval slightly more difficult
using the kernels considered for this study. Nevertheless,
despite this reduction, the overall retrieval performance of
each kernel remains consistent across different lesion shapes,
as reported in the supplementary materials. It is worth noting
that the monitoring scenario 0 → 5mL achieves the best
imaging performance metrics, regardless of lesion shape.

However, as the lesion increases in size and develops more
complex morphology, the reconstruction problem becomes
more challenging, resulting in lower-quality imaging. Among
all evaluated cases, the directional capsule-shaped lesion
achieves the highest SWM values, as its morphology evo-
lution is less challenging.

Overall, these results indicate that integrating prior
anatomical information about the DoI reduces the inversion
kernel’s modeling error. Consequently, the MWI reconstruc-
tions exhibit fewer artifacts, a cleaner background, accurate
lesion size, position, and boundary definition, good contrast
between the lesion and surrounding tissues, and permittivity
contrast values recovered with lower error. The qualitative
MWI reconstructions help define the site and progression of
a stroke lesion, while the quantitative data provide informa-
tion on lesion shrinkage or growth and on the stroke type.
Kernels that incorporate more prior anatomical information,
such as KMT, provide MWI reconstructions of superior
quality, which is directly reflected in higher SWM val-
ues. Nonetheless, anatomically simplified inversion kernels,
without detailed anatomical priors, can still identify lesions,
albeit with lower precision. This implies that, although the
best performance is achieved when accurate prior informa-
tion is available, anatomically simplified kernels can still
provide clinically meaningful insights when such detailed
information is unavailable. Additionally, Table 6 reports the
relative SWM percentage difference with respect to the KH

case, computed as (SWMKH
− SWMKi

)/SWMKi
, where

i ∈ {MT,A,B,C}. It shows that there is an improvement
of 4.03, 3.5, 2.76, and 1.06% for the KMT, KA, KB, and
KC kernels, respectively. It highlights the added value of
incorporating anatomical information about the head tissues
into the monitoring problem.

D. Lesion-distorted Kernel
Up to this point, we have distorted the operator assuming
Einc

i is a healthy head — no lesion. However, the prior
information may also include the stroke-affected area at the
onset, as part of the initial condition, or at the time of the
initial clinical evaluation. Hence, to assess this point, we
build a stroke-informed kernel using the initial onset as an
incident scenario in (4). Specifically, and as an example, we
consider a spherical ICH case in which the volume varies
from 5mL to 15mL, and from 15mL to 25mL, while the
operator is built using the case at 5mL. Then, we compare
the effect of the stroke inclusion on both the multi-tissue and
homogeneous cases, dubbing the new operators KMTstroke

and KHstroke
, respectively.

Visually, both operators yield similar localization of the
evolving lesion in the real, imaginary, and normalized-
magnitude components of the reconstructed map, as can
be noticed by comparing the maps in Fig. 19 with the
corresponding maps in Fig. 16. To quantitatively evaluate the
reconstructions, the imaging performance metrics for these
cases are reported in Tables 4 and 5. In particular, the quan-

VOLUME , 17

This article has been accepted for publication in IEEE Open Journal of Antennas and Propagation. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/OJAP.2026.3724057

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

 For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



Author et al.: Preparation of Papers for IEEE OPEN JOURNAL OF ANTENNAS AND PROPAGATION

5→15 mL 15→25 mL

0  8-8 0  6-6 0.5  10 0  8-8 0  6-6 0.5  10

∆ε′r ∆ε′′r |∆εr,norm| ∆ε′r ∆ε′′r |∆εr,norm|

KMTstroke

KHstroke

FIGURE 19. Reconstruction comparison for one patient at position C3 using 24 antennas and a spatial resolution of 4 mm, for a spherical ICH stroke
model, using a lesion-distorted kernel. For each operator, KMTstroke

and KHstroke
, the first three columns refer to the 5→15 mL interval and the last

three columns to the 15→25 mL interval. Columns show the reconstructed real permittivity ε′r , imaginary permittivity ε′′r , and normalized magnitude
|∆εr,norm|. Head dimensions match those in Fig. 1.

TABLE 4. Reconstruction metrics for 5→15 mL volume variation

DSC BBM SSIM PSNRN PCC CNRN NRMSER NRMSEI

No-lesion Kernel

KMT 0.53 0.84 0.97 0.18 0.55 0.32 0.69 0.83
KH 0.36 0.83 0.97 0.16 0.35 0.28 0.77 0.86

Lesion-distorted Kernel

KMT 0.42 0.81 0.96 0.15 0.43 0.26 0.67 0.77
KH 0.44 0.89 0.96 0.15 0.45 0.26 0.71 0.84

No-lesion kernel: SWMMT = 0.63, SWMH = 0.59.
Lesion-distorted kernel: SWMMT = 0.57, SWMH = 0.60.

TABLE 5. Reconstruction metrics 15→25 mL volume variation

DSC BBM SSIM PSNRN PCC CNRN NRMSER NRMSEI

No-lesion Kernel

KMT 0.31 0.83 0.95 0.10 0.37 0.25 0.57 0.73
KH 0.24 0.77 0.96 0.13 0.24 0.22 0.69 0.79

Lesion-distorted Kernel

KMT 0.24 0.81 0.95 0.10 0.27 0.21 0.59 0.73
KH 0.29 0.76 0.96 0.12 0.32 0.22 0.72 0.80

No-lesion kernel: SWMMT = 0.53, SWMH = 0.52.
Lesion-distorted kernel: SWMMT = 0.50, SWMH = 0.53.

titative results indicate that the lesion-informed kernel has a
slight degradation in SWM for the KMTstroke

kernel and only
marginal differences for the KHstroke

kernel, in consistency
with the reconstructions in Fig. 16 and Fig. 19. As outlined

TABLE 6. Operators SWM performance relative to KH [%]

KMT KA KB KC

4.80 4.21 3.41 1.17

in Sec. IV-C, the imaging kernel is constructed using a
mesh resolution of 4 mm. At this resolution, the lesion
geometry cannot be represented exactly, thereby introducing
a modeling error, which can explain the slight degradation
observed in the SWM metric relative to the standard kernel.

E. Noise Level Assessment
To assess the noise sensitivity of the reconstructed MWI
images for inversion kernels at different SNR levels. The
scattered fields Esc

t0 and Esc
t1 are independently contaminated

with zero-mean additive white Gaussian noise at SNR values
of 50, 75, and 100 dB. Figure 20 presents the outcomes for
both ICH and AIS lesions for one of the twenty analyzed
head models. The reported values are the mean of all stroke
lesions across all inversion kernels, showing a systematic
degradation as SNR decreases. Moreover, at low SNR, the
ICH cases retain higher SWM values than the AIS cases,
indicating that ICH lesion monitoring is comparatively more
robust to noise. This highlights the importance of two essen-
tial aspects in real-world applications: first, a measurement
environment with minimal electromagnetic interference, and
second, an MWI system characterized by a low noise floor.
In this case study, when the SNR is ≥ 75 dB, the image
quality for both lesion types becomes similar.
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FIGURE 20. Spearman-weighted metrics for a single patient for different
kernels K, averaged across positions, models, and lesion sizes, using 24
antennas, 4 mm resolution, and zero variance, shown as a function of
noise level: (a) ICH case and (b) AIS case. The black dashed lines in (a)
and (b) indicate the SWM mean value of all kernels over all lesions for the
AIS and ICH cases, respectively.

V. CONCLUSION AND PERSPECTIVES
This work has presented a systematic investigation of the
role of anatomical a priori information in the construction
of inversion kernels for microwave imaging–based brain
stroke monitoring. Using a large-scale numerical framework
spanning a wide range of clinically relevant scenarios —
covering different stroke types, morphologies, positions, an-
tenna configurations, and model resolutions —we assessed,
using multiple metrics, the impact of progressively simplified
anatomical representations on the quality of the reconstructed
images. The results consistently indicate that the recon-
struction performance is mildly dependent on the level of
structural detail embedded in the inversion kernel. While
fully detailed multi-tissue models achieve the highest perfor-
mance, simplified kernels that preserve only coarse anatom-
ical information—or even a homogeneous representation of
the head—can still reliably capture the main features of
stroke evolution, including localization, extent, and temporal

progression, in agreement with previously reported, 3-D
cases [22], [53].

This trend is further confirmed by the proposed Spearman-
weighted metric, which enables robust, non-redundant aggre-
gation of multiple complementary imaging metrics. From
a system design perspective, the analysis also shows and
confirms that moderate system configurations, such as a
limited number of antennas and coarse spatial discretiza-
tions, are sufficient to achieve stable and meaningful recon-
structions, with only marginal gains obtained by increasing
system complexity. These findings highlight an important
practical implication: although beneficial, the availability of
highly accurate, patient-specific anatomical information is
not a strict requirement for effective microwave-based stroke
monitoring. Overall, this study provides a general and repro-
ducible methodological pathway to evaluate the distortion
of anatomical prior kernels and supports the adoption of
reduced-complexity inversion strategies in realistic clinical
settings. This paves the way toward more robust, accessible,
and portable monitoring systems, particularly in scenarios
where conventional neuroimaging modalities are unavailable
or impractical.

Possible next steps include extending the assessment to
realistic 3-D configurations and studying antenna effects
like polarization and alignment errors, evaluating different
types of a priori information, and validating the results
experimentally.
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