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ABSTRACT This study proposes a new feature extraction method for microwave-based brain stroke classification using
differential scattering parameters. In addition to the differences in dielectric properties, a further clinical distinction between
hemorrhagic and ischemic strokes after onset is that hemorrhagic stroke volume tends to evolve during the first few hours,
whereas ischemic stroke volume remains relatively stable. This early-stage behavioral disparity leads to measurable variations
in scattering parameters across successive measurements. Therefore, according to the proposed method, scattering parameters
are acquired from the patient’s head at two distinct times, and the subtraction of these measurements is used as a feature for
classification. A synthetic database of training and test data is generated using three-dimensional magnetic resonance imaging
(MRI)-based numerical head phantoms enclosed by a 21-element modified printed monopole antenna array. The physical
dimensions, dielectric properties, stroke sizes, and lesion locations are systematically varied to represent diverse clinical
scenarios, and realistic noise is incorporated into the simulated data. A standard support vector machine (SVM) classifier is
employed to evaluate the proposed feature extraction method on the generated dataset, yielding average accuracies of 97.11%
and 78.55% at noise levels of =115 dB and —95 dB, respectively; these results indicate improvements of 34.15 and 16.68

percentage points compared to the use of raw scattering parameters.

Keywords Feature extraction, hemorrhagic stroke, ischemic stroke, microwave system, SVM, brain stroke

diagnostics.

I. INTRODUCTION

Stroke remains a major global health challenge, affecting
more than 13 million people each year and resulting in
around 5.5 million deaths annually[1]. Strokes are
categorized into two primary types: ischemic and
hemorrhagic. Over 87% of strokes are ischemic, while about
13% are hemorrhagic [2]. The treatment protocols for these
two types differ significantly, as therapeutic strategies
effective for one type may be detrimental for the other.
Therefore, accurate diagnosis of the stroke type is crucial to
ensure that appropriate treatment is promptly administered
[2].

Given the importance of rapid diagnosis, current clinical
practice relies heavily on advanced imaging modalities such
as magnetic resonance imaging (MRI) and computed
tomography (CT) scanners. Despite their high accuracy,
these equipment are not portable, and their unavailability in
remote areas can lead to delays in treatment. This lack of
access to diagnostic facilities, especially during the critical
first 4.5 hours following an attack, can significantly diminish
the chances of patient recovery and lead to permanent
damage [3].

Over the past few decades, the application of microwave
technology in medical fields has emerged as a significant
area of research interest among scientists [4].

About ten years ago, a novel device that combined
microwave technigques with machine learning algorithms for
stroke type classification was introduced in [5]. The main
goal of this system is to enable early and portable stroke
classification using machine learning algorithms. To achieve
this, suitable training data must be prepared, for which an
array of antennas is positioned around the patient's head,
where the stroke type has already been identified using
conventional methods, to measure the transmission and
reflection coefficients, known as scattering parameters.
These data are then used to train a supervised machine
learning algorithm that can identify the stroke type in new
patients. In this technology, classification accuracy depends
on the feature extraction method and the classification
algorithm. These factors are explored in more detail in the
following review of relevant literature.

In [5], the subspace distance classification (SDC)
algorithm was employed for stroke classification. The data
were obtained from real patients in two clinical cohorts:
one with 20 patients and the other with 25. The area under
curve (AUC) values for hemorrhagic-versus-ischemic
stroke classification for the two cohorts were reported to be
0.88 and 0.85, respectively. In [6], the SDC algorithm was
applied with the aim of detecting subdural hematoma using
broadband microwave technology. The dataset was obtained
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from four human-cranium phantoms with different
hematoma volumes (0, 40, 70, and 110 mL) and 1500
simulated observations. The classification accuracies were
reported to be 100% for the phantom measurements and
between 82% and 96% for the simulated data. A similar
technique was also employed in [7], where the goal was to
differentiate between healthy brains and those affected by
hemorrhagic stroke. The dataset was generated using three-
dimensional numerical phantoms derived from a single MRI-
based head model. At a noise level of —100 dB, the
classification achieved an AUC of 0.93. In [8], a support
vector machine (SVM)-based approach was used to detect
stroke presence within a simplified three-dimensional
physical head phantom. Remarkably, the system achieved
100% detection accuracy, despite being trained on a limited
dataset. This work was further extended in [9], where, in
addition to stroke type classification, stroke localization was
also performed. Both classification and localization achieved
a perfect accuracy, reaching 100%. In [10], the SVM
classification method, combined with Principal Component
Analysis (PCA), was employed to classify data into three
categories: ischemic stroke, hemorrhagic stroke, and no
stroke, under various scenarios. The dataset was derived
from ten two-dimensional numerical phantoms, each
containing five distinct tissue types. In one specific scenario,
the classification accuracy was reported to be 64.3%. In [11],
a similar approach was adopted, utilizing ten three-
dimensional numerical phantoms with four distinct tissue
types, resulting in an improved classification accuracy of
86%. In [12], scattering parameters were transformed into
electric fields, which were then reduced using PCA and
subsequently used for stroke classification via Linear
Discriminant Analysis (LDA). The study employed a three-
dimensional physical phantom and achieved a classification
accuracy of 90%. In [13], three algorithms, SVM, Multilayer
Perceptron (MLP), and k-Nearest Neighbors (k-NN), were
employed to determine the presence or absence of stroke.
The dataset was collected from a three-dimensional
numerical phantom containing seven different tissue types.
Among the algorithms, MLP and SVM demonstrated the
most favorable performance, each achieving an accuracy of
100%, whereas k-NN achieved a lower accuracy of 67%. In
[14], classification of both ischemic and hemorrhagic strokes
was performed using an SVM model in combination with
mutual information derived from computed graph degrees.
These graph degrees, extracted from signal data, were used
as classification features. The dataset was based on ten MRI-
derived three dimensional numerical phantoms. The
classification achieved an accuracy of 89%. In [15], the
Euclidean distance of the reflected signal was used as input
to an SVM classifier. The dataset was obtained from ten real
rabbit heads, in which the induced strokes varied in both size
and position. The classification achieved an accuracy of
96%. In [16], a deep learning technique was employed for
hemorrhagic stroke detection. The dataset was obtained
using two-dimensional stochastic head models containing

five distinct tissue types. This approach achieved a
classification accuracy of 94%. In [17], a wavelet
convolutional neural network (CNN) was employed for
feature extraction and stroke classification. The dataset was
generated using 124 MRI-based three-dimensional
numerical phantoms. The classification accuracy was
84.38% for noise-free data and 81.65% for noisy data. In
[18], the goal was to detect the presence or absence of stroke
using a deep learning approach. The dataset was obtained
from real human subjects, comprising 235 stroke patients
and 196 healthy individuals. The deep learning model takes
three types of input: wavelet-transformed microwave
signals, clinical information (age), and system configuration
parameters (antenna-to-head proximity). The proposed
model achieved a classification accuracy of 76.19%. The
main characteristics and reported performance of the
reviewed microwave-based stroke classification studies are
summarized in Table I.

In previous studies, differences in scattering parameters
results from brains affected by hemorrhagic and ischemic
strokes have been considered as the primary feature for
stroke classification. The main drawback in these studies,
particularly in those employing MRI-based head phantoms
or using human-subject data, is the relatively low
classification accuracy. To address this limitation, in this
study we propose a new feature extraction method based on
early stroke volume change, aiming to enhance the
classification performance. Hemorrhagic stroke regions
typically exhibit a significant increase in volume during the
early hours after onset, whereas the volume of ischemic
stroke regions remains relatively constant. This volume
change results in corresponding changes in the scattering
parameters. Therefore, we measure the scattering data from
the patient’s head at two different time points and use their
difference as the feature for classification. Hence unlike the
scattering features used in the reviewed classification
methods, the proposed differential feature exploits within-
head temporal changes associated with early stroke volume
evolution to distinguish between hemorrhagic and ischemic
strokes. We will demonstrate that this approach significantly
improves classification accuracy.

Il. THE PROPOSED METHOD

A. THEORY

Aside from the differences in dielectric properties between
hemorrhagic and ischemic strokes, another crucial
distinction is that the volume of an ischemic stroke remains
constant after it occurs, whereas in the case of a hemorrhagic
stroke, bleeding can continue during the initial hours
following onset.

In the following, we review studies that have investigated
this topic in detail. Following an ischemic stroke, the
affected brain tissue can be categorized into two distinct
regions based on cerebral blood flow thresholds: the
ischemic core and the penumbra.



TABLE I. SUMMARY OF EXISTING MICROWAVE-BASED STROKE CLASSIFICATION STUDIES.

Ref. Dataset type Feature Classifier method Classification task Reported performance
2D numerical phantom . Subdural hematoma 100% accuracy (physical phantom);
(6] And Physical phantom Scattering parameters sbe detection 82-96% accuracy (numerical phantom)
[8] Physical phantom Scattering parameters SVM Stroke detection 100% accuracy
[9] Physical phantom Scattering parameters SVM St_roke type fmd. 100% accuracy for both tasks
position classification
PCA-reduced Stroke tvpe
[12] Physical phantom scattering electric LDA e Lyp 90% accuracy
fields classification
[10] | 2D numerical phantom PCA SVM Stroke dete_ct_lon_and 64.3% accuracy
type classification
[16] | 2D numerical phantom Scattering parameters Deep learning Hemc:jrg?ea(gligr?troke 94% accuracy
[11] | 3D numerical phantom PCA SVM Stro_kg type 86% accuracy
classification
. . ) . 100% accuracy (SVM and MLP);
[13] | 3D numerical phantom Scattering parameters | SVM, MLP, k-NN Stroke detection 67% accuracy (k-NN)
[71 3D numerical phantom Scattering parameters SDC Hem%r;?;%:gstmke AUC = 0.93 at a noise level of =100 dB
MRI-based 3D Stroke type o
[14] numerical phantom GDMI features SVM classification 89% accuracy
MRI-based 3D Wavelet scalogram Stroke type 84.38% accuracy (without noise);
[17] CNN
numerical phantom features classification 81.65% accuracy (average SNR = 38.7 dB)
. Reflection signal Stroke type o
[15] Animal data Euclidean distance SVM classification 96% accuracy
. . . Stroke type _
[5] Clinical data Logarithm of signals SDC classification AUC =0.88 and 0.85
Wavelet scalograms +
[18] Clinical data age + antenna Deep learning Stroke detection 76.19% accuracy
configuration

Fig. 1 illustrates that the transformation of the penumbra
into the ischemic core occurs gradually, with the overall
stroke volume remaining relatively stable over time.
Positron Emission Tomography (PET) studies have shown
that this conversion process takes approximately 18 hours
[19]. Several studies have examined changes in
hemorrhagic stroke volume within the first hours after
onset. Below, we review the literature focusing on those
with a sufficiently large patient population. In [20] it was
reported that at least 26% of 103 patients experienced more
than a 33% increase in hemorrhagic volume between the
baseline and the 1-hour CT scans. In [21], 39% of 105
patients showed more than a 33% increase in hemorrhagic
volume between the baseline CT (median 74 minutes after
stroke onset) and an ultra-early follow-up scan (median 95
minutes later). In [22], out of 419 patients with
hemorrhagic stroke, 134 underwent their first CT scan
within one hour of symptom onset and had a second CT
within 24 hours of admission.

Core ||

Penumbra

\J
Days and weeks

Time
FIGURE 1. Formation of the core and penumbra in ischemic stroke over
time[23].

Among them, 26.1% showed more than a 50% increase in
hemorrhagic volume. The study demonstrated that the risk
of hemorrhagic growth significantly decreases over time,
with most of the increase occurring in the early hours,
especially within the first six hours. It is worth noting that
in [20-22], this hemorrhagic growth occurred even under
medical care.

As shown, the volume of ischemic strokes remains
almost unchanged during the first few hours after stroke
onset, while hemorrhagic strokes tend to increase in
volume. Such volumetric changes directly affect the local
spatial distribution of dielectric properties within the brain.
Accordingly, the difference in the dielectric properties
between two time instants t, and t; is defined as follows:

Ag(ty,t) = e(t) —&(t,) 1)
Where & represents the spatial distribution of the
complex permittivity at the two time instants t, andt,. As

a result, the corresponding differential permittivity
Ae(ty,t) remains close to zero in ischemic strokes,

whereas hemorrhagic strokes exhibit a non-zero Ae(t,,t,)

associated with volumetric expansion. As reported in [24],
the differential scattering matrix AS(t,,t,), obtained by

subtracting the scattering parameters measured at two
different time instantstyand tis related to the

corresponding differential dielectric contrast As(t,,t,) .
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FIGURE 2. Overview of the proposed differential scattering—based
framework for stroke type classification.

Therefore, it can be inferred that AS(t,,t,) =~ 0 for ischemic
strokes, in the noiseless case, while AS(t,,t)=0 for

hemorrhagic strokes.

Accordingly, a stroke type classification framework is
proposed, as illustrated in Fig. 2. Within this framework,
the head scattering parameters are measured at two
successive time points, and their subtraction is used, after
preprocessing, as input to a classifier for stroke type
discrimination. The specific preprocessing steps and
classifier configuration used for evaluation are detailed in
Section 111-B.

B. ANTENNA DESIGN

The sensing element employed in the proposed microwave
head scanner is a modified printed monopole antenna. The
geometry and dimensions of the antenna are presented in

Fig. 3[25].
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FIGURE 3. Geometry of the antenna. (a) Back view. (b) Front view. (c)
Side view (Unit: mm).
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FIGURE 4. Reflection coefficient of antenna in matching medium.

The antenna is printed on an FR-4 substrate with a
thickness of 2.4 mm and consists of a semi-elliptical
radiating element connected to a microstrip feed line with
two matching stubs, with a modified ground plane. The
antenna is numerically evaluated using COMSOL
Multiphysics [26] in a matching medium with a relative
permittivity of 40 and a conductivity of 0.1 S/m. The
simulated reflection coefficient of the antenna is evaluated
over the frequency range of 0.5-1.2 GHz, as shown in Fig.
4. The antenna exhibits a reflection coefficient below —10
dB over approximately 0.7-1.1 GHz, indicating
satisfactory impedance matching over this frequency
range.

C. SETUP CONFIGURATION

The setup configuration utilized to obtain the scattering
parameters from the brain is shown in Fig. 5. The operating
frequency of this system is 1 GHz, selected to balance the
penetration of low-power microwave signals into the head
with  achieving acceptable accuracy [11] .This
configuration consists of 21 identical antenna elements
described in the previous subsection and is simulated using
COMSOL Multiphysics software. All 21 antennas are
included simultaneously in the full-wave model, where
each antenna port is excited sequentially using a port
sweep and the responses at all 21 ports are recorded,
yielding a complete complex 21x21 scattering matrix for
each simulation. The antennas are arranged in three
concentric rings, such that the two upper rings each consist
of eight antennas, while in the first ring three antennas
located near the eye region are removed to meet safety
considerations. The antennas are placed with an angular
spacing of 45° on each ring, and a vertical spacing of 36
mm is maintained between the antenna port centers. The
detailed antennas arrangement, including the vertical
position, ring radius, and azimuth angle of each antenna
port, is provided in Table Il. As shown in Fig. 5, to enhance
the penetration of electromagnetic waves into the brain, the
antennas and the head are placed within a cylindrical
matching medium with a relative permittivity of 45 and a
conductivity of 0.1 S/m.
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FIGURE 5. A three-dimensional representation of the geometric
arrangement of the head scanner.

TABLE Il. ANTENNAS ARRANGEMENT.

z Radius
(mm) (mm)
1 2.25 120.25

2 38.25 120.25

Ring Port number and azimuth angle
1:0°, 2: 45°, 3: 90°, 4: 135°, 5: 180°
6: 0°, 7: 45°, 8: 90°, 9: 135°, 10:
180°, 11: 225°, 12: 270°, 13: 315°
14:0°, 15: 45°, 16: 90°, 17: 135°, 18:
180°, 19: 225°, 20: 270°, 21: 315°

3 74.25 120.25

The dimensions of this cylinder are selected to exceed
those of the largest head considered, ensuring that the
antenna arrangement remains unchanged in each
simulation.

D. DATASET GENERATION AND NOISE MODELING
To create realistic numerical models of the human head,
we use data from the BrainWeb database [27]. This
database provides 20 phantoms, each represented as a
three-dimensional head model in a matrix with dimensions
of 362 x 434 x 362. In the base model, each tissue type is
assigned a unique numerical identifier, which is then
mapped to its dielectric properties using the dataset from
[28] at a frequency of 1GHz. Stroke regions are
incorporated as spherical volumes, with their dielectric
properties adjusted accordingly: hemorrhagic stroke is
modeled using €=61.1 and ¢ =1.58 [14], while ischemic
stroke is represented by a 10-25% reduction in dielectric
parameter values relative to surrounding healthy tissue
[29]. Table 111 summarizes the numerical identifiers and
associated dielectric properties for all tissue types included
in the model.

Since data-driven methods require a large amount of
data and the BrainWeb database contains only 20 different
brain models, nine types of random modifications are
applied to each head model to enhance diversity. These
modifications include scaling the head size in different
directions, as detailed in Table IV, as well as random shifts
of up to 2 cmin the X, y, and z directions. Additionally, the
stroke location and radius are randomly assigned, with the
stroke radius ranging between 1 and 2 cm. A random

rotation around the z-axis, with angles ranging from -5 to
5 degrees, is also applied. This approach ensures a diverse
range of head and stroke configurations. As explained in
Section I1-A, the volume of hemorrhagic stroke increases
in the early hours following its occurrence, so two
simulations with different volumes are required to generate
the hemorrhagic stroke dataset. In these simulations, the
head's position relative to the antenna is assumed to remain
constant, with the only difference between the initial and
secondary simulations being the stroke volumes. As a
result, we generate 2000 hemorrhagic stroke samples: half
correspond to the baseline condition and the other half to
the increased hemorrhagic volume. The distribution of
volume growth used in the simulations is based on the
clinical findings in [20] and is illustrated in Fig. 6. For
ischemic stroke, where the volume is constant, only one
simulation is performed for each case, which results in
1000 data samples.

TABLE IlI. DIELECTRIC PROPERTIES OF BRAIN REGIONS IN HUMAN
HEAD MODELS AT FREQUENCY 1 GHz [28].

. Tissue Label in Brain
Tissue Layer Web dataset £ o(s/m)
Background 0 40 0.1
CSF 16 68.4 2.46
Gray Matter 32 52.3 0.985
White Matter 48 38.6 0.622
Fat 64 11.3 0.116
Muscle 80 54.8 0.978
Skin 96 40.9 0.9
Skull 112 12.4 0.156
Vessels 128 44.6 0.729
Around fat 145 11.3 0.116
Dura matter 161 44.2 0.993
Bone marrow 177 11.2 0.239

TABLE IV. HEAD Size DATA (UNIT: MM) EMPLOYED IN THIS STUDY

[71.

Direction Minimum Maximum

Ear-Ear 132 169
Forehead-Neck 162 214
Top-Below Eye 109 137
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volume growth < 33%

FIGURE 6. Changes in the volumes of hemorrhagic stroke at two
different simulation times.

volume growth >33%




Two distinct time points are then represented by applying
independent noise to the simulated data. To reflect more
realistic measurement conditions, noise is added to the
amplitude and phase of the simulated S-parameters for
both hemorrhagic and ischemic datasets, based on the
model described in [7], where the noisy signal is defined
as:

Snaisy (0) = [A(@) + A (@)]expli(p(@) + 9, ()] ()
Here, the amplitude noise A (w) is given by oN and the

oN

|A(@)|
a random number drawn from a standard normal
distribution with mean 0 and variance 1, and o is the
desired standard deviation of the added noise. The standard

deviation is chosen such that o =10""*” | where n_is the

noise level expressed in dB. Two noise levels are selected
to reflect the typical performance of a medium-quality
vector network analyzer [30]: —115 dB, which corresponds
to the analyzer’s noise floor, and —95 dB, which is
approximately 20 dB higher and represents a more
challenging noise condition [13].

phase noise ¢, (@) is given by arctan( ) where N is

I11. EVALUATION AND RESULTS

A. EARLY EVALUATION

In this section, under a controlled scenario, the effect of
stroke volume variation on the differential scattering
matrix in hemorrhagic stroke, as well as the effect of noise
on the differential matrix in both hemorrhagic and
ischemic strokes, is investigated.

To establish a controlled setting, a fixed stroke location
is considered in which the initial stroke size is identical for
both stroke types at the first time instant. At the second
time instant, the radius of the hemorrhagic stroke is
increased by 25%, corresponding to approximately a 95%
increase in volume, which represents the largest volume
growth considered in the present simulation dataset. In
contrast, the ischemic stroke size remains unchanged. All
other parameters, including head position, dielectric
properties, and antenna configuration, are kept constant to
ensure that any observed variation in the differential
scattering matrix is solely attributed to volume change or
noise.

Figs. 7(a) and 7(b) illustrate the simulated magnitudes of
the scattering parameters for the hemorrhagic stroke case
under noiseless conditions at the first and second time
instants, respectively. As observed, despite the significant
volume increase, the differences between the two
scattering responses are not visually distinguishable. The
corresponding differential scattering response is presented
in Fig. 7(c). It should be noted that the display scale in this
figure is intentionally adjusted; otherwise, these
differences would not be observable in a direct
comparison. The maximum magnitude of the differential
variations is on the order of 16x10°>,

Figs. 7(d)-7(f) present the corresponding results under
noisy conditions at a noise level of =95 dB. A comparison
between Figs. 7(f) and 7(c) indicates that the magnitude of
the differential variations remains on the order of 16x10°®.
However, in the noiseless case, the maximum values are
predominantly concentrated around the channels located
near the stroke region, whose position is illustrated in Fig.
5. In contrast, under noisy conditions, the distribution of
these variations becomes more dispersed and exhibits a
less structured pattern.

Figs. 7(g)-7(i) present the noisy ischemic stroke case at
—95 dB, where Fig. 7(i) corresponds to the differential
scattering matrix. By comparing Figs. 7(i) and 7(f), the
distinction between the hemorrhagic and ischemic
differential matrices is to some extent visually discernible;
specifically, the ischemic differential matrix contains a
larger number of near-zero entries, whereas the
hemorrhagic differential matrix exhibits more pronounced
non-zero variations. However, in scenarios involving
smaller volume changes, the visual difference between the
differential matrices would be less pronounced, and
therefore, the use of data-driven approaches for reliable
classification becomes necessary.

B. NUMERICAL RESULTS

In this study, three classifiers, namely SVM, MLP, and k-
NN, are employed to evaluate the performance of the
proposed feature. The SVM with a Gaussian kernel is used
as the primary classifier due to the limited size of the
available dataset, as well as its widespread use in related
studies reported in the literature. In addition, MLP and k-
NN are included to evaluate whether the effectiveness of
the proposed feature generalizes across different
classification algorithms. It is emphasized that the focus of
this work is not on comparing the classifiers themselves;
rather, these classifiers are used as evaluation tools to
assess the discriminative capability and generalizability of
the proposed feature.

The numerical models, as previously mentioned, include
21 antenna elements in total. Consequently, each
simulation generates a complex S-matrix with dimensions
of 21 by 21. Due to the Lorentz reciprocity principle,

where §; ; =S, ; this S-matrix contains 231 unigque and

independent elements. These elements are then reshaped
into 1x231 vectors for further processing. Subsequently,
by stacking 1000 such vectors vertically, the dataset
matrices are formed with a size of 1000x231.Therefore,
the following matrices are available: two 1000%x231
matrices for the hemorrhagic stroke dataset at the first and
second time points, as well as a 1000x231 matrix for the
ischemic stroke dataset. Note that, by applying
independent noise to the ischemic scattering data, two
separate matrix sets are generated to represent two distinct
time points. Subsequently, the differential matrices are
computed by performing row-wise subtraction between the
matched pairs at the two time points for both ischemic and
hemorrhagic cases.
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FIGURE 7. Simulated scattering-parameter magnitudes and corresponding differential responses in the controlled scenario. (a)—(c) Hemorrhagic stroke
under noiseless conditions: first time instant, second time instant (25% radius increase ~ 95% volume growth), and the magnitude of the corresponding
differential scattering matrix, respectively. (d)— (f) Hemorrhagic stroke at a noise level of —95 dB. (g)— (i) Ischemic stroke at a noise level of —95 dB.

Since the elements of these matrices are complex-valued,
they must be transformed into a format suitable for
machine-learning-based classification. For this purpose,
each complex number is represented by its magnitude and
phase. Specifically, the magnitudes of the 231 coefficients
in each row form the first 231 columns of the feature
matrix, while the corresponding phases constitute the
remaining 231 columns. The resulting 1000%x462
differential feature matrices for the ischemic and
hemorrhagic cases are then used as input to the selected
classifiers.

Nested cross-validation is used to separate
hyperparameter  optimization ~ from  performance
evaluation. The outer loop estimates classification
performance, while the inner loop is wused for

hyperparameter optimization. In the outer loop, the dataset

is divided into five folds, keeping all samples generated
from the same BrainWeb head model in a single fold to
prevent data leakage. In each iteration, four folds form the
outer training set, and the remaining fold is held out as the
outer test set. Bayesian hyperparameter optimization is
then performed within the outer training set using three-
fold inner cross-validation. The inner folds are also
grouped by head model, so samples from the same head
model cannot appear in both the inner training and
validation sets. After hyperparameter optimization, the
model is refit on the complete outer training set using the
selected hyperparameters. The held-out outer test set is
used only for performance evaluation and is not involved
in hyperparameter optimization or model selection.



TABLE V. EVALUATION OF THE PROPOSED DIFFERENTIAL FEATURE ACROSS DIFFERENT CLASSIFIERS.

Classifier Feature Noise level (dB) Accuracy (%) Specificity (%) Sensitivity (%)
-115 62.96 68.12 57.80
SVM _ —95 61.87 67.72 56.02
Proposed -115 97.11 99.30 94.92
method -95 78.55 85.42 71.68
-115 63.12 66.64 59.60
MLP - —95 62.75 67.66 57.84
Proposed -115 95.94 97.96 93.92
method -95 75.42 76.42 74.42
-115 54.03 58.44 49.62
K-NN B —95 53.77 59.10 48.44
Proposed -115 90.20 98.74 81.66
method -95 74.04 83.44 64.64
Hemorrhagic 94.92% Hemorrhagic 71.68% 28.32%

Actual class

Ischemic

Ischemic

Hemorrhagic
Predicted class

@

Actual class

85.42%

Ischemic

Hemorrhagic Ischemic
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FIGURE 8. Normalized confusion matrices (%) of the proposed method at noise levels of (a) —115 dB and (b) —95 dB, averaged over five nested cross-
validation runs with independent noise realizations.

Classification performance is evaluated using accuracy,
sensitivity, and specificity, calculated as follows:

Accuracy = TP+TN x100% €))
TP+TN +FP+FN

L TP

Sensitivity = ————x100% (4)
TP+FN

e TN
Specificity = ————— x100% 5
pectety = Ny ©)

where TP, TN, FP, and FN denote true positive, true
negative, false positive, and false negative predictions,
respectively. Hemorrhagic and ischemic strokes are
considered the positive and negative classes, respectively.
Thus, sensitivity represents the proportion of hemorrhagic
cases correctly classified, while specificity represents the
proportion of ischemic cases correctly classified.

At each noise level, the nested cross-validation
procedure is repeated five times with independently
generated noise. In each repetition, performance metrics
are calculated using the test predictions for all samples.
The final results are reported as the mean of each metric
over the five repetitions.

Table V reports the performance obtained using the
proposed differential feature and S-parameters from the
second time point alone with SVM, MLP, and k-NN
classifiers. The differential feature improves classification

performance across all three classifiers and both noise
levels, supporting its effectiveness beyond the primary
SVM classifier. Fig. 8 shows the normalized confusion
matrices for the proposed method using SVM at both noise
levels.

C. EFFECT OF HEMATOMA VOLUME GROWTH

The effect of hematoma volume growth on the proposed
differential features is evaluated using the outer-test
predictions already obtained from the nested cross-
validation procedure by grouping hemorrhagic cases into
six intervals of relative volume increase (%): (0, 5], (5, 10],
(10, 207, (20, 33], (33, 50], and (50, 100]. For each interval,
the sensitivity of the primary SVM classifier is calculated
from these outer-test predictions at noise levels of =115
and —95 dB. Results are reported as the mean + standard
deviation across the five independent noise realizations.
As shown in Fig. 9, sensitivity increases with hematoma
volume growth at both noise levels.

At —115 dB, mean sensitivity rises from 74.05% in the
lowest growth interval to approximately 100% for larger
expansions. At —95 dB, it increases from 38.92% to
95.47%. These results indicate that larger volume changes
produce more distinguishable differential scattering
responses, whereas small changes are more difficult to
detect, particularly at the higher noise level.
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FIGURE 9. Sensitivity across different hematoma volume-growth
intervals at =115 and —95 dB.

The no-growth case represents an inherent limitation of
the proposed approach. Under the present simulation
assumptions, differences between the two measurements
in hemorrhagic cases without hematoma expansion arise
solely from noise. Consequently, the differential feature
provides no class-specific temporal information, and such
cases may be misclassified as ischemic.

IV. DISCUSSION

A. COMPARISON WITH EXISTING FEATURE
EXTRACTION APPROACHES

To quantitatively evaluate the proposed feature extraction
method, selected feature extraction approaches from
previous microwave-based stroke classification studies are
implemented and evaluated on the present dataset. These
approaches are selected based on two criteria: they have
previously been wused for microwave-based stroke
classification and are directly applicable to the complex
scattering data generated in this study without requiring
additional measurements or input modalities. Accordingly,
real/imaginary S-parameters, following [9] and [13], and
real/imaginary S-parameters combined with PCA,
following [10] and [11], are selected for comparison.

To isolate the effect of feature extraction, all approaches
are evaluated using the same SVM classifier, dataset, noise
conditions, data-splitting strategy, and nested cross-
validation procedure described in Section I11-B. As shown
in Table VI, the real/imaginary S-parameter representation
achieves accuracies of 62.51% and 62.43% at noise levels
of =115 and —95 dB, respectively, while the PCA-based
approach achieves 62.19% and 61.23%. Interestingly, this
performance range is close to the 64.63% accuracy
reported in the clinical study in [18] when only the
microwave signal input was used, whereas the reported
accuracy increased to 76.19% when additional clinical and
antenna-configuration  information  were included.
Although the simulated and clinical datasets are not
directly comparable, this similarity provides additional
context for the relatively modest performance of the
selected existing approaches.

TABLE VI. COMPARISON OF SELECTED FEATURE EXTRACTION
METHODS ON THE PRESENT DATASET.

Featu_re Noise | Accuracy | Specificity | Sensitivity
extraction (dB) %) %) %)
approach
Reallimaginary | _j15 | 6251 65.98 59.04
S-parameters
[9], [13] 95 | 6243 68.46 56.40
Real/imaginary | _y15 | 6219 66.60 57.78
S-parameters +
PCA [10], [11] —95 61.23 65.36 57.10
Proposed -115 | 97.11 99.30 94.92
differential
magnitude/phase | —95 7855 85.42 71.68

In contrast, the proposed differential magnitude/phase
feature achieves accuracies of 97.11% and 78.55% at the
same noise levels, corresponding to improvements of
34.60 and 16.12 percentage, respectively, compared with
the best-performing selected existing approach.

This reduction in accuracy indicates that the proposed
differential feature is sensitive to measurement noise;
however, it still maintains higher classification
performance than the selected comparison approaches
under the more challenging noise condition. To deal with
this, signal enhancement techniques can be used to
improve the signal-to-noise ratio. Also, using a better-
quality vector network analyzer can help reduce the noise,
which makes the classification more reliable in real-world
situations.

B. PRACTICAL
CONSIDERATIONS

The proposed feature extraction method is computationally
simple, requiring only subtraction of two scattering
matrices, selection of the independent S-parameters, and
conversion to magnitude- and phase-based features. Since
model training is performed offline, the total processing
time is on the order of milliseconds, indicating that
computational processing is unlikely to limit practical real-
time implementation.

Beyond computational processing time, the proposed
method also requires an interval between the two scattering
measurements to capture hematoma growth. To estimate
this interval, the hematoma volume changes in the
simulated data are mapped to clinically reported hematoma
growth rates. According to [21], the median hematoma
growth rate from stroke onset to initial imaging is 10.3
mL/h. Using this rate, the simulated hematoma volume
increments in our dataset are converted into estimated
inter-measurement intervals. The median estimated
interval is approximately 4 min, and about 80% of the
simulated hemorrhagic cases correspond to intervals of 10
min or less. These estimations suggest that the required
inter-measurement interval may be compatible with
prehospital use.

The results also depend on how the volume of
hemorrhagic stroke changes over time, as described in
[20]. If the actual growth pattern is different, the
classification accuracy might be affected. Future work

IMPLEMENTATION



should consider using a wider range of growth patterns to
make the method more general and reliable.

Finally, although this study assumes that the head
remains stationary between the two measurements,
maintaining this condition in clinical environments can be
challenging. To address this, [31] introduces a flexible
conformal antenna array that attaches directly to the head,
enabling consistent antenna placement even during patient
transport.

V. CONCLUSION

Accurate classification of stroke type is a critical and
clinically relevant task. This study presented a new and
high-performing feature extraction method based on the
change in hemorrhagic stroke volume over time, while the
ischemic stroke volume remains nearly constant, which
affects the microwave scattering parameters reflected from
the head between two measurement time points. Therefore,
the head’s scattering parameters are measured at two
distinct time points, initially at baseline and subsequently
after a delay. The subtraction between these measurements
is then computed and used as input to a supervised
classifier trained to identify the stroke type.

A synthetic dataset was generated based on 20 MRI-
based three-dimensional numerical human head models. In
total, 3000 samples were produced, comprising 2000
hemorrhagic samples corresponding to 1000 paired cases
and 1000 ischemic samples. For ischemic stroke, where the
stroke volume was assumed to remain constant over time, a
single baseline simulation was performed for each case, and
two distinct time points were represented by applying
independent noise to the simulated data.

Using SVM as the primary classifier, together with MLP
and k-NN to assess the generalizability of the proposed
feature across different classifiers, the proposed differential
feature consistently outperformed the corresponding S-
parameter features from the second time point alone across
the evaluated noise levels. Using the primary SVM
classifier, average accuracies of 97.11% and 78.55% were
achieved at —115 dB and —95 dB, respectively.

These findings confirm that exploiting the difference
between  successive scattering measurements can
significantly ~ enhance  stroke type classification
performance. The main technical contribution of the
proposed approach is the use of temporal differential
scattering information to emphasize stroke-related changes
while reducing the contribution of static anatomical
structures. From a practical perspective, the low
computational cost and the relatively short estimated
interval between successive measurements support the
potential use of the proposed approach in portable
prehospital systems for early stroke-type assessment.

To fully evaluate the clinical effectiveness of the proposed
approach, validation using measurements from real patients
will be necessary.
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