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Abstract

This paper presents an ad hoc Double-Stage Multiply-
Delay-and-Sum (DS-DMAS) confocal algorithm with a
pre-calibration stage and simplified wave propagation com-
pensation adapted for microwave-imaging-based detection
and monitoring of brain stroke onsets. We numerically as-
sesses the algorithm using mimicked clinical scenarios of
detection and follow-up, including a setup with a multi-
view 22-antennas system operating from 0.8 to 1.8 GHz and
both anthropomorphic homogeneous and multi-tissue head
models. The results demonstrate the capability to detect and
monitor the pathology, providing 3D intensity power maps
highlighting the evolving stroke-affected areas.

1 Introduction

Brain stroke is a relevant worldwide health concern, rat-
ing mortality in disability incidence of millions per year.
It consists of either artery occlusions or vessel burns that
provoke ischemia (IS) or intracranial hemorrhages (ICH),
respectively, triggering brain cell death in the affected areas
and generating dielectric contrast variations. For instance,
IS causes a substantial decline in oxygen and nutrients, re-
flected in lower permittivity at the microwave range, and
conversely, ICH causes a rise. These dielectric contrasts
allow microwave imaging (MWI) systems to process and
reconstruct dielectric maps that indicate the pathology’s lo-
cation and/or progression [1], acting like a support instru-
ment of diagnosis. MWI technology provides a low-cost
and harmless alternative to diagnosis and follow-up, com-
plementing the current gold standards of Computed Tomog-
raphy (CT) and Magnetic Resonant Imaging (MRI).

An MWI device comprises two main parts: a hardware one,
usually consisting of an array of antennas and a transceiv-
ing module, and a software one, covering the imaging re-
trieval algorithms [2], classified in quantitative and quali-
tative. The quantitative, also known as tomographic, gen-
erates dielectric maps via inversion algorithms. The qual-
itative ones retrieve intensity maps instead, requiring less
computational load, albeit with less information. However,
qualitative information, such as location and shape estima-
tion, is still valuable medical data that can guide interven-
tions.

Confocal radar-based methods such as Delay-And-Sum
(DAS), Delay-Multiply-And-Sum (DMAS), or Double-
Stage DMAS (DS-DMAS) are widely used qualitative ap-
proaches for brain stroke detection. In [3], the authors use
an optimized DAS that balances the speed of the propaga-
tion wave within a complex region to detect the stroke pres-
ence, while [4], [5] present enhanced confocal algorithms
with join calibration procedures to image ICH cases.

This work proposes a DS-DMAS with a simplified wave
propagation scheme and adaptable calibration stage that
suits the realistic constraints of brain stroke detection and
follow-up, like the variability of the patient morphology. To
test it, we perform a numerical analysis of different stroke
conditions using full-wave simulations done by an in-house
EM finite element (FEM) solver and 3D homogeneous and
multi-tissue anthropomorphic models of the head [6], while
the reference MWI system presented in [7], comprising a
22-monopole antenna array with discrete matching medium
modules operating in a narrowband from 0.8 to 1.8 GHz.

2 The Imaging Algorithm

DAS, also known as confocal MWI, is a well-known
correlation-based method [8], [9] in which time-domain
signals are synthetically focused at a specific point in the
imaging domain (Dol). It images by migrating pulsed sig-
nals [10], and computing the spatial permittivity distribu-
tions by processing the back-scattered signals. It has been
used for medical imaging purposes in cases of early-stage
breast cancer and brain stroke detection [11]-[13]. Specifi-
cally, in this work, we employ a DS-DMAS computing the
energy distribution coherently, which is enhanced with clut-
ter suppression and baseline calibration.

2.1 Clutter Suppression

The collected time-domain back-scattered signals used for
the imaging contain early- and late-time responses. The in-
cident pulse and reflections from the immediate domains
dominate the early-time content, e.g., antenna-matching
medium and skin, and the stroke and internal tissues
backscatter the late-time content. Thus, we apply adequate
signal processing based on a time-gating approach to re-
move early-time content that generally has a greater ampli-
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tude than the stroke one, suppressing the clutter response
and enhancing the overall imaging.

2.2 Baseline Calibration

The baseline calibration is a two-fold procedure that re-
duces the remaining clutter effects and allows monitoring
by differentiating baseline time signals, £, from the tar-
get ones, C,t,gt, i.e., the raw measured backscattered sig-
nals, where n-th indicates the antenna index. This dif-
ference results in the input of the later-used DS-DMAS,
dy = §E — £ Then, to obtain ™', a reference sce-
nario is considered depending on the availability, which
could be, for instance, one using a healthy head model, the
tested head in a preliminary state—one before the exami-
nation—or even one averaging all head tissues in a single
homogeneous one. Here, it is worth noticing the practical
clinical implication of the assumption that would allow for
both scenarios of detection and monitoring.

2.3 DS-DMAS Confocal Imaging

For the imaging process, we employ the DS-MDAS ap-
proach, as outlined in Algorithm 1, which iterates over each
focal point 7 € Dol. For each antenna n, the correspond-
ing time delay is determined like 7;(¥) = 2|7 — 7| /v, where
|7 — 7;| indicates the distance between the antenna location,
7;, and the focal point, 7, and v is the velocity of signal prop-
agation in the medium. Then, the contributions from the n-
th antenna are time-shifted, aligning them to the focal point
of interest. The obtained contributions, B;(f — t;(7)), are
summed coherently to be processed in two multiplication

Algorithm 1: DS-DMAS Beamforming Algorithm

Data: d, from N antennas, Dol defined as a 3D grid of
focal points ¥, and propagation velocity of the
signal v(¥)

Result: 3D intensity map I(7) of scattered energy.

foreach 7 do

Initialize I(¥) = 0;
forn=1t N do
Compute the time delay 7;(7);
Extract the time-shifted signal B;(t — 7;(7));
end
forn=11t N do
j=(n modN)+1,
Ct,7) = Bilt — (7)) - Bt — ,(7):
end
forn=1t N do
j=(@m modN)+1,;
Di(1,7) = Gi((7)) - C;((7)):
E;(t,7) = sign(D;(¢,7)) - \/|Di(¢,7)|;
end
Compute the coherent sum of contributions: S(¥);
Assign intensity value to focal point: I(7);
end

stages (lines 7 to 13 of Algorithm 1). At the end of these
stages, the resulting signal, D;(¢,7), is normalized (line 14
of Algorithm 1). Finally, all contributions are summed into
a unique signal as

-

S(?): El(t7?)7 (1)

i=1

and the intensity I(7) for each focal point is computed by
integrating this signal in the time domain as expressed as

I(7) = / S(7 1) dr, )

that are assigned to the pixel at the focal point of interest.
This process is repeated across all focal points, generating
a 3D intensity map of the scattered energy.

3 Numerical Assessment

As mentioned in the introduction, to assess the proposed
approach, we consider the 22-antenna MWI system placed
around the head in two-ring arrays [7] and full-wave sim-
ulations using an EM in-house FEM solver and realistic
head models [6], mimicking detection and monitoring sce-
narios. The frequency band considered for the simula-
tion ranged from 0.8 to 1.8 GHz, using twenty-one samples
evenly spaced by 50 MHz.

3.1 Stroke Detection

To test the detection and localization capabilities of the pro-
posed approach, we mimic an ICH employing a spherical
10cm>-radio target, homogeneously filled with a material
with blood properties, that is localized at different positions
within the brain area. Then, the first assessment, and the
least complex of the studies cases, considers a single tis-
sue head filled homogeneously with a material averaging
the properties of the head. In this case, we use the head
without a stroke as a calibration reference and three differ-
ent ICHs as targets, as signaled by the red contour lines in
Fig. 1. Moreover, the calculation of v assumes the same
single-tissue non-stroke scenario.

Figure 1 shows the retrieved intensity maps for all three
cases, displayed in the standard, transverse, sagittal, and
frontal views. From this, it is clear that strokes are always
detected and, most of the time, well-localized, with more
difficulty determining the z-component in the case of the
stroke placed most internally. This is probably due to the
lack of information on this axis since no antennas are placed
on top of the head in the studied configuration [7].

Maintaining the same stroke positions, the second test em-
ploys a multi-tissue head composed of skin, fat, bone, CSF,
gray matter, white matter, and cerebellum. However, for
baseline calibration and v calculation, the homogeneous
single-tissue non-stroke head model is considered. It is a
valuable practical assumption from the clinical applicabil-
ity point of view. Figure 2 gathers the results, which pre-
sented similar performance.
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Figure 1. Normalized values of the reconstructed intensity
map of a stroke at different locations using a single-tissue
head model; (a-c) stroke located in the lateral left hemi-
spherical region, (d-e) stroke located in the medial region,
(g-1) stroke located in the lateral right hemispherical region

3.2 Stroke Monitoring

The detection and localization of brain strokes are crucial
for the first evaluation. However, the follow-up is a fun-
damental unmet medical requirement with the potential to
support the afterward interventions. In this section, we
studied the feasibility of our approach to monitoring an
evolving brain stroke onset. To that end, we employ the
homogeneous head model while placing an ICH capsule-
shaped stroke. Then, two changing states are considered:
first, a healthy condition, at fy, evolving to a 5-cm? stroke
onset, at f;, and second, from 7, an axial growth reach-
ing the 25-cm? at #,. To monitor the changes in the stroke
from one time instant #,,_; to another instant #,, over time,
we used a calibrated signal @~ ! taken at time instant f,,,_;
as a reference signal for the subsequent monitoring stages.
Hence, the differential signal contains information about
the changes in the stroke volume. Moreover, we employ
the homogeneous head model for the v computation, simi-
lar to the detection test.

Figure 3 shows the two monitoring studied cases, indicating
in each case the variation zone. The results confirm the
capability of the approach to perform the monitoring job,
though limitations in the shape retrieval.
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Figure 2. Normalized values of the reconstructed intensity
map of strokes at different locations using a multi-tissue
head model; (a-c) stroke located in the lateral left hemi-
spherical region, (d-e) stroke located in the medial region,
(g-1) stroke located in the lateral right hemispherical region
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Figure 3. Monitoring of stroke onsets progression indicate
whit normalized intensity maps; (a-c) Case 1: healthy con-
dition to 5 cm? stroke, (d-f) Case 2: 5 to 25 cm? stroke.

3.3 Conclusions and Perspectives

The presented work validated the feasibility of the Double
Stage Delay-Multiply-And-Sum (DS-DMAS) algorithm to-
gether with clutter suppression and a baseline calibration
for the detection and monitoring of brain onsets in realistic



clinical scenarios. The study outcomes demonstrated the
system’s reliability in detecting and localizing brain strokes
of different volumes: 5, 25, and 45 cm? at different intracra-
nial positions. Moreover, the MWI algorithm allows the
follow-up of brain strokes, which is a promising application
in clinical settings and hospitals. The confocal imaging al-
gorithm exposed in this work shows to be a reliable solution
for brain stroke monitoring, requiring only a reference sig-
nal at any instant to follow up the evolution of a potential
stroke effectively.

For the future, an experimental validation is planned, as
well as further improvement and tuning of the algorithm.
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