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Abstract
Medical microwave imaging (MMWI) is emerging as a promising noninvasive diagnostic
modality, offering a safe, portable, and cost-effective alternative to conventional imaging
methods. Despite its potential, MMWI poses significant challenges due to the ill-posed and
nonlinear nature of the underlying inverse scattering problem. Two main strategies are typi-
cally adopted: qualitative imaging, which yields rapid but approximate reconstructions, and
quantitative imaging, which aims to recover the full permittivity distribution of tissues.
Both approaches substantially benefit from accurate patient-specific background models that
enhance reliability and reduce computational complexity. Building upon preliminary results
presented at EuCAP 2025, this work advances the development of patient-specific head mod-
els for quantitative brain imaging. The study employs anatomically conformal basis functions
and extends the model to include cerebrospinal fluid, which represents a strong scatterer
withmarkedly distinct dielectric properties.Theproposed framework improves reconstruction
accuracy and convergence efficiency, thereby contributing to the advancement of quantitative
MMWI toward practical clinical applications.

Introduction

Medical microwave imaging (MMWI) has gained increasing attention as a noninvasive diag-
nostic technique due to its low cost and use of nonionizing radiation [1–7]. Conventional
medical imaging modalities, including magnetic resonance imaging (MRI), computed tomog-
raphy (CT), and positron emission tomography (PET), remain the gold standard for clinical
diagnostics, offering high-resolution images. However, their widespread use is limited by high
operational costs, sizable equipment, and, in the case of CT and PET, exposure to potentially
harmful ionizing radiation. In contrast, MMWI provides a portable, safe, and cost-effective
alternative thatmitigatesmanydrawbacks ofMRI andCT, albeit with reduced spatial resolution.
Among its various potential applications, brain imaging (particularly for stroke or tumor detec-
tion and follow-up) has emerged as one of the most promising areas for MMWI development
[2], highlighting its potential for rapid bedside diagnostic assessments.

Implementing MMWI entails solving an ill-posed and highly nonlinear inverse scattering
problem [4], which poses a significant computational challenge. To address this, two main
strategies have been proposed in the literature. The first strategy involves formulating a lin-
earized version of the inverse problem to reconstruct qualitative, real-time images of the
examined region. This approach is effective primarily for detecting small anomalies, under
the assumption that prior patient-specific information about healthy tissues is available. In the
absence of such information, however, qualitativeMMWI reconstructions tend to be unreliable.

The second strategy, known as quantitative imaging, aims to reconstruct the complex per-
mittivity distribution within the whole region of interest, including that of the stroke or tumor.
Since biological tissues exhibit distinct permittivity values, this approach produces scan-like
images reflecting tissue distribution. Quantitative imaging involves solving the full nonlin-
ear inverse scattering problem, typically through iterative techniques such as inexact Newton
methods [8, 9] or distorted Born iterative methods (DBIMs) [10–14]. However, these meth-
ods are often computationally prohibitive due to their iterative nature. More critically, they
are susceptible to false solutions, estimates that satisfy the measured data but deviate from
the true permittivity distribution. Both excessive computational cost and the risk of false
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reconstructions can be mitigated by employing patient-specific
backgroundmodels as initial estimates in the optimization process.

Based on the above discussion, having an appropriate patient-
specific model is crucial for improving performance in both quali-
tative and quantitative inverse scattering approaches. In qualitative
imaging, the model must be sufficiently accurate to enable rapid
detection of subtle tissue variations, such as tumor growth or dis-
ease progression. In quantitative imaging, where the aim is to
capture finer tissue changes, themodel serves as a reliable initializa-
tion that guides the optimization process toward the true solution,
accelerates convergence, and significantly reduces the number of
required iterations, making these algorithms more practical for
real-time diagnostic applications.

The concept of a patient-specific background model was first
introduced at the EuCAP 2025 Conference and published in its
proceedings [15], where preliminary results were reported. In that
work, initial head imageswere reconstructed using a linear inverse-
scatteringmodel based on the Born approximation and regularized
with polynomial basis functions representing the contrast. These
images were subsequently segmented and converted into a four-
domain phantom,with the permittivities of each domain estimated
using a suitably formulated DBIM approach. The techniques for
phantom generation from MMWI images are further refined and
extended in Ninković et al. [16], along with a stroke detection
analysis that could benefit from the patient-specific background
model.

In this work, we introduce several key improvements over
Nincović et al. [15, 16]. The primary advancement lies in the use
of conformal basis functions, rather than polynomial basis func-
tions, to model the unknown contrast. Specifically, a combination
of low-order spherical harmonics is employed to capture angular
deviations from the outer head geometry, while radial pulse func-
tions are used to represent the rapidly varying permittivity along
the radial direction. This formulation enables a more accurate
delineation of tissue boundaries, improves reconstruction accu-
racy, and reduces the number of required basis functions, thereby
alleviating the ill-posedness of the problem.

In addition, a more realistic and complex phantom is con-
sidered compared to Ninković et al. 15, 16], incorporating an
additional tissue layer corresponding to cerebrospinal fluid (CSF).
Finally, the robustness of the proposed method under practi-
cal conditions is evaluated by introducing noise into the scat-
tering parameters across a range of signal-to-noise ratio (SNR)
levels.

Thus, the main outcome of this work is an improved four-
domain phantom, together with corresponding estimates of tissue
permittivities. The proposed phantom can serve as a fast, patient-
specific approximation of a healthy head and can be integrated as
an initial modeling step within a clinical workflow, enabling rapid
stroke detection even when only limited prior information, such
as the outer head shape, is available. This capability is particularly
valuable in time-critical scenarios, when conventional imaging
modalities may not be readily accessible.

The remainder of this paper is organized as follows:
The “Parametric modeling of the permittivity distribution”
section introduces the selected parametric model for representing
the permittivity distribution.The “MMWI scenario” section details
the considered MMWI scenario. In the “Distorted Born iterative
method” section, the applied formulation of DBIM is outlined.
The obtained results for the numerical example are presented in
the “Numerical example” section. Finally, the “Conclusion” section
provides the concluding remarks.

Parametric modeling of the permittivity distribution

To mitigate the ill-posedness of the inverse problem, it is advan-
tageous to represent the unknown permittivity distribution using
suitable basis functions, thereby reducing the dimensionality of
the solution space. In the upper head region, head tissues are
approximately conformal to the overall head shape. Therefore, it is
reasonable to employ basis functions that follow this outer geome-
try while still accommodating variations, which can be effectively
modeled using low-order spherical harmonics. Each point on the
head surface can be represented as

Rs (𝜃, 𝜑) ≈
L

∑
l=0

l

∑
m=−l

almYm
l (𝜃, 𝜑) , (1)

whereYm
l (𝜃, 𝜑) is the spherical harmonic of the degree l and order

m, L is the maximal degree of spherical harmonics, and alm are
the expansion coefficients. Similarly, the permittivity distribution,
represented as a three-dimensional (3D) function in the spherical
coordinate system, 𝜀 (r, 𝜃, 𝜑), can be approximated by a series of
orthogonal basis functions formed as the product of radial func-
tions –whichmodel radial dependence – and spherical harmonics,
which capture angular dependence.This expansion takes the form:

𝜀(r, 𝜃, 𝜑) ≈
N

∑
n=1

L

∑
l=0

l

∑
m=−l

cnlmpn( ̂r)Ym
l (𝜃, 𝜑), (2)

where cnlm are the corresponding expansion coefficients, ̂r is the
normalized radial coordinate

̂r (r, θ, 𝜑) = Rs (𝜃, 𝜑) − r
Rs (𝜃, 𝜑) , (3)

(i.e., the normalized radial distance from the head surface), pn ( ̂r)
are the radial pulse or indicator basis functions, n = 1, … , N ,
defined as

pn ( ̂r) = { 1,
0,

if r′ ∈ [(n − 1)/N, n/N)
otherwise

. (4)

In the numerical implementation, the space is uniformly divided
into K voxels, with each voxel having the constant permittivity, εk,
k = 1, … , K . In matrix form, this can be written as

𝜺 = Hc, (5)

where ε is the vector of unknown permittivities

𝜺 = [ 𝜀1 … 𝜀K ]
T
, (6)

c is the vector of the unknown coefficients

c = [ c1 … cQ ]
T
, (7)

and Q is the total number of coefficients Q = N(L + 1)2. In (7),
we used simplified notation cj = cnlm, where j is a single index cor-
responding to a triplet (n, l, m), j = 1, … , Q. Furthermore, H is
the transformation matrix whose elements are calculated as

H(k, j) = pn ( ̂rk) Ym
l (𝜃k, 𝜑k) , k = 1, … , K, j = 1, … , Q,

(8)
where (rk, 𝜃k, 𝜑k) are the spherical coordinates of the kth voxel and
̂rk = Rs(𝜃k,𝜑k)−rk

Rs(𝜃k,𝜑k)
.
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Figure 1. (a) Brain imaging scenario. (b) Initial background model.

MMWI scenario

Figure 1 (a) illustrates anMMWI scenario, consisting of an array of
antennas in close contact with the head. In the considered example,
the head model comprises six homogeneous tissues. The assumed
initial background model, shown in Fig. 1(b), represents a homo-
geneous head with a permittivity equal to that of brain tissue and
includes a thin layer corresponding to the skin. The underlying
physical model is the scattering equation, which, under the Born
approximation, is given by [17, 18]:

ΔSij
≈ −

j𝜔
2aiaj

∫
v′

Δ𝜀(r′)Ei
i(r′) ⋅ Ej

i (r′)dv′, i, j = 1, … , M,

(9a)

ΔSi,j = Si,j − S0
i,j, Δ𝜀k = 𝜀k − 𝜀k,b, (9b)

where sij and s0ij are the transmission coefficients between the ith
and jth antennas, computed or measured for the actual system
and assumed background, respectively, ε is the unknown head
permittivity,𝜀b is the known permittivity of the backgroundmodel,
Δ𝜀 is the permittivity difference, r′is the position vector of a point
inside the head, Ei(j)

i is the electric field vector computed in the
background model when the i(j)th antenna is transmitting, ai(j) is
the complex amplitude of the incident powerwave at the i(j)th port,
M is the size of the array, v′ is the known volume occupied by the
head, and 𝜔 is the angular frequency.

In the discrete case, (9) becomes

ΔSij
≈ − −

j𝜔Δv
2aiaj

K

∑
K=1

Δ𝜀k Ei
i(tk) ⋅ Ej

i(tk), i, j = 1, … ., M (10a)

Δ𝜀k = 𝜀k − 𝜀k,b, k = 1, … , K, (10b)

where tk is the position vector of the center of the kth voxel, and 𝜀k,
and 𝜀k,b are the constant permittivities of the kth voxel in the actual
head and background model, respectively, Δ𝜀k is their difference,
Δv is the volume of each voxel, and K is the total number of voxels
into which the occupied volume is divided. In matrix form, (10)
becomes

Δs = LΔ𝜺, (11)

with

Δs = [ Δs1,1 Δs1,2 ⋯ ΔsM,M ]
T
, (12a)

L = −
j𝜔Δv

2 ⋅

⎡
⎢
⎢
⎢
⎢
⎢
⎣

E1
i (t1)⋅E1

i (t1)
a1a1

… E1
i (tL)⋅E1

i (tL)
a1a1

E1
i (t1)⋅E2

i (t1)
a1a2

⋮ E1
i (tL)⋅E2

i (tL)
a1a2

⋮ ⋮ ⋮
EM

i (t1)⋅EM
i (t1)

aMaM
… EM

i (tL)⋅EM
i (tL)

aMaM

⎤
⎥
⎥
⎥
⎥
⎥
⎦

, (12b)

Δ𝜺 = [ Δ𝜀1 … Δ𝜀L ]
T
. (12c)

We express the permittivity difference vector (12c) using the
adopted basis functions (5) as

Δ𝜺 = Hc. (13)

When (13) is inserted into (11), we obtain the final system of equa-
tions relating the measurements and the polynomial coefficients

𝚫s = Ac, (14)

where A = LH. To solve (14), the Tikhonov regularization is
adopted. The corresponding cost function is

J = ‖𝚫s − Ac‖22 + 𝜆 ‖Hc‖22 (15)

where 𝜆 is regularization coefficient. The solution of (15) is

̃c = (AHA + 𝜆HHH)−1AH𝚫s (16)

and the estimated permittivity vector is

𝜺̃ = H ̃c + 𝜺b (17)

where

𝜺b = [ 𝜀1,b … 𝜀K ,b ]
T
, (18)

𝜺b is the background permittivity vector. Based on the approximate
solution (17), we extract information about the skull by assuming
that all voxels with intensity below a chosen threshold correspond
to the skull, due to its low permittivity. Once the skull is identified,
its interior is assumed to represent the brain. The model is then
completed by adding a thin surface layer, conformal to the outer
head shape. As a result, a parametric head model comprising four
homogenous tissues is obtained.

Distorted Born iterative method

Once the parametric head model is obtained, we calculate the
complex permittivities of its domains using the DBIM.

The DBIM has been widely employed in MMWI, with
notable applications such as the following. A calibrated, frequency-
division DBIM-based two-dimensional (2D) microwave tomog-
raphy algorithm for head imaging was validated on head phan-
toms and healthy volunteers [10]. A 3D adaptive clustering DBIM
approach for stroke detection was evaluated using a head scan-
ner system and head phantoms, under the assumption that the
number of tissues in the imaged domain and their approximate
electromagnetic properties are known [11]. A brain stroke detec-
tion algorithm using the DBIM with two-step iterative shrinkage
thresholding (DBIM-TwIST)was experimentally validated on a 2D
head phantom, encircled by a ring of antennas [12]. A resolution-
enhanced DBIM with a region-of-interest limitation scheme for
microwave breast imaging yielded promising results on 2D numer-
ical models [13]. The extended Born iterative method, incorporat-
ing a localized nonlinear approximation, achieved fast convergence
and robust anomaly detection in realistic 2D numerical models
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of stroke and breast tumors [14]. Unlike previous approaches,
we apply the DBIM using previously estimated tissue boundaries,
reducing the number of unknowns to the number of tissues with-
out requiring patient-specific a priori information.

General DBIM formulation

The DBIM solves (10) by iteratively updating the estimated val-
ues of the permittivities in the background model 𝜀k,b, and values
of Δsij and Ei(j)

i corresponding to the estimates of the 𝜀k,b, where
the background model is obtained by the procedure described in
the previous section. To start the DBIM algorithm, the permittivity
values 𝜀(1)

1,b, 𝜀(1)
2,b, … , 𝜀(1)

K,b, must be initialized.
In the lth iteration, the linear system of equations (11) is

Δs(l) = L(l)Δ𝜺(l), (19)

where Δs(l), L(l), and Δ𝜺(l) are values of matrices in the lth
iteration.
The system (19) is solved using truncated singular value decompo-
sition. The regularized solution is

Δ𝜺(l) =
nmax

∑
n=1

1
𝜎n

(uH
n ⋅ Δs(l)) vn , (20)

where un, and vn are the singular vectors of matrix L(l), 𝜎n are the
corresponding singular values, and nmax is the truncation index,
calculated using condition 10log10 ( 𝜎nmax

𝜎1
) < −20 dB. The per-

mittivity estimate in the next iteration is calculated as

̂𝜺(l+1) = ̂𝜺(l) + Δ ̂𝜺(l). (21)

TheDBIMalgorithm is stoppedwhen themagnitude of eachmem-
ber of the vector Δ𝜺(l) is smaller than some predefined threshold
(set to 0.01 in all experiments presented in this work) or when the
maximum number of iterations is reached.

DBIM formulation with known domain boundaries

If the domain of interest can be partitioned into subdomains of
homogeneous permittivity with known boundaries, the number
of unknown parameters is reduced to the number of these sub-
domains. The corresponding measurement model can then be
expressed as

Δs(l) = L(l)WΔ𝜺(l), (22)

where W is the transformational matrix of size K × S, and S is the
number of subdomains. The (k, j) element of W equals 1 if the kth
voxel belongs to the jth domain and 0 otherwise. The unknown
vector is, thus,

Δ𝜺(l) = [ Δ𝜺(l)
1 Δ𝜺(l)

2 ⋯ Δ𝜺(l)
S ]

T
, (23)

where Δ𝜀(l)
j refers to the contrast of the jth domain in the lth

iteration.

Numerical example

As a numerical example, a realistic head phantom shown in
Fig. 1 (a) is considered. The phantom is based on the NEVA female
anatomicalmodel [19] and adapted forMMWI applications within
the WIPL-D Pro simulation environment [20]. The phantom con-
sists of six homogeneous tissue layers, as illustrated in Fig. 1(a),

Table 1. Complex permittivity of head tissues @ 1 GHz

Tissue Complex permittivity

Skin 45.71–j15.84

Fat 11.29–j2.09

Soft tissue 45.66–j15.95

Skull 20.58–j6.54

CSF 68.44–j44.13

Brain 52.28 –j17.71

Figure 2. Triangular mesh of the skin layer of the phantom from Figure 1.

with their respective permittivity values listed in Table 1. We
assume that the outer surface of the phantom is known and given
by a triangular mesh in Fig. 2. In reality, geometrical information
is needed only in the upper part of the head below the helmet. The
measurement setup comprised a helmet equipped with 21 closely
spaced trapezoidal patch antennas, each operating at 1 GHz and
optimized for performance in the presence of the head model.
Further details regarding the head phantom and the measurement
system configuration are provided in Singh et al. [21].

All results presented in this paper are generated using a desk-
top computer: Intel Core i7-9700 CPU @3 GHz, NVIDIA GeForce
GTX 750 Ti GPU, with 32 GB of RAM under the Windows 10
operating system.

Parametric model creation

The first step involves extracting points on the head surface within
a defined region of interest where the skull and overlying tissues
are approximately conformal. These points are then used to con-
struct a closed surface. Since the triangular mesh, shown in Fig. 2,
is relatively rough, we first interpolate additional surface points
and subsequently extract those located near the helmet, as illus-
trated in Fig. 3(a). To ensure geometric uniformity, the boundary
points in each slice are then mapped onto a uniform angular grid
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Figure 3. Computation of the boundary surface. (a)
Portion of the head surface used for mapping, with
corresponding surface points. (b) Extrapolated surface
points arranged on a uniform polar grid in each horizontal
cross-section. (c) Reconstructed boundary surface. (d) Final
set of points used for imaging.

in polar coordinates, providing a consistent number of points per
layer. Finally, to complete the closed surface, additional points are
generated by shrinking the lowest layer and translating it down-
ward, as shown in Fig. 3(b). The resulting extrapolated surface
points serve as the matching points for the spherical approxima-
tion, the outcome of which is shown in Fig. 3 (c). In computing
the spherical harmonic approximation, we assume that the xy-
plane coincides with the layer where the head has the maximum
perimeter. The expansion coefficients are used for calculating the
normalized radius in (2).

For microwave imaging, we use a uniform 3D grid, within the
defined closed surface and above zmin = −0.02 m. This resulted in
a total of 34,947 voxels of side length 4 mm, as shown in Fig. 2 (d).
Lower regions were omitted due to insufficient field penetration,
which limited their utility for reliable imaging.

Regarding permittivity expansion (2), along the radial direc-
tion, we set N = 25 pulses for radial variation, and L = 3 for the
maximal order of the spherical harmonics expansion. The number
of pulses is selected as a trade-off between spatial resolution and
numerical stability. The order of the spherical harmonics is kept
low to preserve the conformality of tissues, while still allowing a
certain degree of flexibility.

As the assumed background model, the two-tissue head phan-
tom presented in Fig. 1 (b) was used. The outer tissue mimicked
skin and fat, and its permittivity was set to 28.50–j8.96, as the
average value of the skin and fat permittivity values. The adopted
thickness was 3.5 mm. The permittivity of the inner tissue was set
to the value of the brain permittivity.

The results for selected cross-sections (out of 30, ordered from
the lowest to the highest layer) are shown in Fig. 4. In each image
pair, the right-hand image represents the reconstructed contrast
(real part of the permittivity difference), while the left-hand image
shows the true contrast, both relative to the adopted background
model.

The influence of the number of pulses and the maximal spher-
ical harmonics order was examined through a sensitivity anal-
ysis. The reconstruction results for different parameter choices
are illustrated in Fig. 5. Specifically, increasing the number of
pulses to N = 30 and the maximal spherical harmonics order to
L = 4 leads to only minor variations in the reconstructed per-
mittivity distribution. These results indicate that the proposed
method is robust to moderate changes in the values of the param-
eters, while the selected values N = 25 and L = 3 provide a
good balance between reconstruction accuracy and computational
efficiency.

It should be noted that the total number of unknown coeffi-
cients in the proposed formulation is given by N(L + 1)2, which
for N = 25 and L = 3 yields 400 unknowns. For comparison, in
our previous work based on polynomial basis functions [15, 22],

the number of unknowns was (Q + 1)3 = 133 = 2197, where Q
denotes the maximum polynomial order. This substantial reduc-
tion in the number of unknown coefficients improves the condi-
tioning of the inverse problem and contributes to the stability of
the reconstruction, without compromising accuracy.

Furthermore, the robustness of the proposed method with
respect to measurement noise was evaluated. To this end, additive
white Gaussian noise (AWGN) was introduced to the scattering
parameters of the original six-domain model.

In assessing acceptable noise levels, we considered that the
signal-to-modeling-error power ratio for the initial two-layer
background model is approximately 11 dB, indicating a significant
modeling mismatch at the starting point. Additionally, in appli-
cations such as stroke diagnostics [23], the signal associated with
pathological regions is typically 50–70 dB lower than the mea-
sured signal. Consequently, MWI systems operating with noise
levels exceeding this range would not be suitable for reliable stroke
detection.

Nevertheless, in our analysis, we considered SNR values as low
as 10 dB to evaluate the robustness of the proposed approach.
Figure 6 presents reconstructed head images for a selected cross-
sectional slice located away from the surface. Results are shown
for SNR values of 20 and 10 dB, alongside the corresponding
reconstruction obtained using noiseless data.

The obtained results show that noticeable degradation in the
reconstructed MWI images begins to appear at around 10 dB SNR
(the point at which the noise level becomes comparable to the
modeling error associated with the initial coarse two-layer model.

In the next step, the continuous images are discretized to extract
the skull boundaries. To determine the optimal threshold, we used
a histogram. Figure 7 shows the histogram for one of the top cross-
sections (z = z27). For better clarity, we present the estimated real
part of the permittivity instead of the contrast. In the layers clos-
est to the antennas (i.e., the top layers), the histograms consistently
exhibit three distinct regions: one centered around 46, correspond-
ing to soft tissue; another above 50, corresponding to brain tissue;
and a third below 43, associated with the skull. Based on these
observations, a threshold value of threshold (TH) = 44 is selected.

After binarizing the image using the threshold derived from the
histograms, the external and internal skull boundaries are identi-
fied and then used to generate a skull model. Once the skull model
is generated, the approximate head model is obtained by inserting
the skull in the backgroundmodel from Fig. 1 (b).Themodel com-
prises four distinct domains: (1) skull, (2) brain, (3) skin with fat,
and (4) soft tissue occupying the remaining volume. The brain and
skull regions were flattened at the depth corresponding to the effec-
tive field penetration, as the scattered fields originating from layers
below this level were found to be negligible.The obtained phantom
is presented in Fig. 8.

https://doi.org/10.1017/S175907872610333X Published online by Cambridge University Press

https://doi.org/10.1017/S175907872610333X


International Journal of Microwave and Wireless Technologies 503

z = z7 z = z9

z = z11 z = z13

z = z15 z = z17

z = z19 z = z21

z = z23 z = z25

Figure 4. Reconstructed permittivity differences in various horizontal cross-sections (z-cuts), on the right, and corresponding ground truth, on the left.
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(a) (b) (c) (d)

Figure 5. Permittivity differences in the horizontal cross-section z = z15: (a) ground truth, and reconstructed values obtained with (b) L = 3, N = 25, (c) L = 3, N = 30, and
(d) L = 4, N = 30.

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

Figure 6. Permittivity differences in the horizontal cross-section z = z15: (a) ground truth, and reconstructed values obtained with (b) noiseless data, (c) SNR = 20 dB, and
(d) SNR = 10 dB.
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Figure 7. Typical histogram of the estimated real part of the permittivity in top
layers (z = z27).

DBIM results

In order to complete the patient-specific model, the permittivi-
ties of the four domains should be calculated. To that aim, the
DBIMprocedure described in the “DBIM formulation with known
domain boundaries” subsection was employed. The same search
space, comprising 34,947 voxels inside the head, was used as in the
previous subsection.Once theDBIMwas performed and the values
of permittivities were obtained, the scatteringmatrix of the patient-
specific model was calculated using WIPL-D Pro. To evaluate the
accuracy of the approximation of the original six-domainmodel by

the obtained model, the relative root mean square error (RRMSE)
of the scattering parameters, denoted as δ, was computed:

𝛿 =

√√√√√√√√
⎷

M
∑
k=1

M
∑
j=1

∣skj − srefkj ∣
2

M
∑
k=1

M
∑
j=1

∣srefkj ∣
2

⋅ 100 %, (24)

where skj and srefkj are the scattering parameters calculated for the
model obtained from the DBIM and the original model with six
tissues (Fig. 1 (a)), respectively.

As the first test of the DBIM, we assumed the boundaries of the
six-domain phantom from Fig. 1(a) were precisely known.The ini-
tial values of permittivity for all tissues were set to the average value
(34.64–j12.68) from [24]. In this case, the DBIM converged to the
permittivity actual values from Table 1 after five iterations.

Furthermore, to assess the maximal accuracy that can be
obtained from the model with four tissues, two parametric models
were created from the original model with six tissues, assum-
ing that intertissue boundaries are known. Namely, the facial
bones were removed from the skull, and the true skull boundaries
were parameterized using spherical harmonics, up to two differ-
ent cutting planes. As a result, parametric model 1 (Fig. 9(a)) and
parametric model 2 (Fig. 9(b)) were obtained.

For both parametric models and the patient-specific model
from Fig. 7, the DBIM converged within 10 iterations (7 itera-
tions for the patient-specific model and 6 iterations for each of
the parametric models). Each of the three WIPL-D models had
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Figure 8. Geometry of the obtained patient-specific model with four tissues.

Figure 9. (a) Parametric model 1. (b) Parametric model 2.

Table 2. DBIM results

Patient-specific
model

Parametric
model 1

Parametric
model 2

Skin and fat
permittivity

29.17–j10.17 32.84–j10.35 32.27–j10.55

Soft tissue
permittivity

44.49–j12.38 39.30–j16.73 38.92–j15.84

Skull
permittivity

24.50–j13.17 17.63–j5.80 14.74–j5.84

Brain
permittivity

50.04–j30.86 58.06–j17.61 57.31–j16.96

𝜹 4.27% 3.54% 3.55%

around 33,000 unknowns, and thus each DBIM iteration lasted for
about 50 min. The obtained values of permittivities and RRMSE
are presented in Table 2.

When the exact skull boundaries were used for the param-
eterization, RRMSE values of 3.54% and 3.55% were achieved.
On the other hand, for a patient-specific model created from the
reconstructed permittivities, an RRMSE of 4.27% was attained.

Table 3. DBIM results for the patient-specific model with AWGN applied to the
scattering parameters at different SNR levels

SNR level SNR = 20 dB SNR = 15 dB SNR = 10 dB

Skin and fat
permittivity

30.08–j10.76 31.11–j12.62 29.44–j12.92

Soft tissue
permittivity

43.30–j13.38 40.76–j13.46 43.33–j10.64

Skull
permittivity

23.46–j11.17 22.94–j13.53 33.70–j11.05

Brain
permittivity

49.58–j30.49 41.79–j31.87 62.25–j35.34

𝜹 4.30% 4.57% 6.25%

For comparison, the minimum RRMSE that could be obtained
by approximating the original model with the homogenous head
phantom was 12.27%. Thus, the patient-specific four-tissue model
that used the same a priori information achieved almost three
times lower value of error.

For the initial two-layer model used for the generation of the
patient-specific model, the RRMSE was 26.3%. Equivalently, the
signal-to-modeling-error power ratio improved from about 11 dB
for the initial two-layer model to approximately 27.4 dB for the
patient-specific model.

Moreover, the robustness of the DBIM with respect to mea-
surement noise was evaluated by incorporating AWGN into the
simulated scattering parameters of the original six-domain model.
Noise levels corresponding to SNR values of 20, 15, and 10 dB were
considered.

To isolate the effect of noise on the DBIM algorithm, indepen-
dent of its impact on the construction of the four-domain phan-
tom, the tissue geometry obtained under noiseless conditions was
employed. The corresponding permittivity estimates and RRMSE
values are reported in Table 3. In all cases, the DBIM algorithm
converged within 10 iterations.

As shown in Table 3, reconstruction accuracy gradually
decreases with decreasing SNR, reflecting the growing influence
of noise. For SNR levels of 20 and 15 dB, the estimated permittiv-
ity values remain close to those obtained in the noiseless case, with
only a moderate increase in RRMSE. Even at an SNR of 10 dB, the
DBIMalgorithm converges reliably, although deviations in the per-
mittivity of inner tissues (such as the skull and brain) becomemore
pronounced. These findings are consistent with the MWI results
presented in Fig. 6, where an SNR of 10 dB relative to the total
signal appears to represent a threshold beyond which more signif-
icant degradation occurs. Considering that stroke-related signals
are more than 50 dB weaker than the total signal, it can be con-
cluded that the examined noise levels are unlikely to significantly
impact the primary application of the patient-specific background
model.

Conclusion

This work has presented an advanced methodology for construct-
ing patient-specific head models to enhance quantitative MMWI.
The proposed framework integrates an anatomically conformal
parameterization of the head geometry, obtained through a spher-
ical harmonic approximation of the interpolated surface points.
This approach ensures a geometrically consistent representation
of the region of interest, particularly in the upper cranial portion,
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which is relevant in microwave measurements, and it provides a
practical pathway for building individualizedmodels directly from
measured data.

The proposed method was assessed numerically, building upon
a realistic six-tissue head phantom derived from the NEVA female
anatomical model. The simulations were conducted in the WIPL-
D Pro environment using a 21-antenna helmet array operating at
1 GHz. A linearized reconstruction was first applied to estimate
the real part of the permittivity contrast, followed by histogram-
based segmentation to delineate the skull boundaries and define
four distinct tissue domains.Thepermittivity values of these tissues
were then quantitatively estimated using the DBIM. The result-
ing patient-specific four-tissuemodel achieved a RRMSE of 4.27%,
closely matching the 3.54% obtained using exact skull boundaries
and significantly outperforming the homogeneous head approxi-
mation (12.27% RRMSE).

These results demonstrate that the proposed modeling strategy
substantially improves the accuracy of DBIM, while maintain-
ing computational efficiency. The capability to generate reliable
individualized background models directly from microwave data
represents a significant step toward enhancing the initialization
and convergence of quantitative inverse scattering algorithms, thus
advancing MMWI toward practical clinical implementation.
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