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ABSTRACT: Breast cancer is the most prevalent cause of mortality among women. Early diagnosis is critical because it can enhance
survival rates and facilitate effective treatment. In classical breast cancer detection, mammography is the gold standard method. Be-
cause each traditional modality has limitations, researchers have studied alternative approaches for over a decade. Electrical impedance
tomography is a portable, low-cost, noninvasive technique for screening, tracking, and remote monitoring. This study presents a novel
image reconstruction framework that utilizes high-resolution anatomical information obtained from ultrasound tomography (UST) to
enhance the spatial resolution and diagnostic accuracy of Electrical Impedance Tomography (EIT) for breast tissue evaluation. First, a
high-fidelity forward model for both EIT and US was created, and the corresponding potential distribution and acoustic wave propa-
gation were observed. Second, independent inverse solvers were created, using the Total Variation Primal-Dual Interior Point Method
(TV-PDIPM) for EIT and the Attenuation-Weighted Bilinear Interpolation for UST, which revealed their limitations. A physics-informed
reconstruction method is proposed, in which a grayscale segmented ultrasound image serves as a spatially variant anatomical prior. This
prior technique is used to assign weights to the Total Variation (TV) regularization term in the EIT inverse problem. The integrated US-
EIT system achieved an overall accuracy of 98.38%, sensitivity of 92.05%, and Dice coefficient of 0.93. The Relative Image Error (RIE)
was reduced to 0.078, with a Localization Error of approximately 0.4mm. These findings substantiate that physics-informed anatomical
guidance significantly alleviates the ill-posedness of the EIT inverse problem. This study establishes a solid computational basis for
an economical, non-ionizing, and highly precise multimodal imaging system intended for clinical use in breast cancer screening. The
method demonstrated a robust correlation with ground-truth data and a low reconstruction error, achieving a Dice coefficient greater than
0.91.

1. INTRODUCTION

Breast cancer poses a significant challenge in modern on-
cology care and raises serious concerns regarding global

public health. According to recent reports published by the
World Health Organization, breast cancer remains the most di-
agnosed cancer among women worldwide. In 2022, approxi-
mately 2.3 million women were diagnosed with breast cancer
globally, with nearly 670,000 associated deaths reported world-
wide. In clinical practice, survival rates improve when cancer is
diagnosed [1]. According to [2], patients commonly diagnosed
with localized Stage I disease have a 5-year relative survival
rate of about 99%. However, if cancer is identified only after
it has progressed to Stage IV (distant metastasis), the survival
rate falls sharply to 27%. This data emphasizes an important
point in clinical care: the best way to reduce cancer deaths is not
just through treatment, but by using high-sensitivity, early-stage
screening. Despite the widespread use of X-raymammography,
significant diagnostic problems persist. Women with dense
breasts are often misclassified because both dense tissue and
tumours appear white on a mammogram [3]. The “masking ef-
fect” leads to a false-negative rate of nearly 50% amongwomen
with dense breast tissue [4]. Additionally, the ionizing effects
of X-rays and discomfort from breast compression can lower
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patient compliance [5]. This has led to the development of
affordable, noninvasive imaging techniques, including electri-
cal impedance tomography and ultrasound tomography [6, 7].
A study showed that combining a 3D-EIT system with ultra-
sound can enhance diagnostic accuracy, achieving a specificity
of 89.6% compared to 80.1% for USG alone [8]. Ref. [9] ex-
plored integrating ultrasound structural information with EIT
conductivity imaging and demonstrated that ultrasound-derived
boundaries significantly improved the EIT reconstruction accu-
racy. Ref. [10] proposed a hybrid US-EIT imaging framework
for soft tissue characterization, which improved spatial reso-
lution and contrast recovery. The methodology was validated
using simulation and phantom studies. Ref. [11] developed
a multimodal imaging strategy combining ultrasound tomog-
raphy and EIT. This approach incorporated acoustic property
maps into the conductivity reconstruction. The results showed
improved boundary detection and tumor contrast. Ref. [12] in-
vestigated an upstream data fusion framework combined with
machine learning for improved breast cancer detection. Mul-
timodal imaging data were integrated using automated image
registration to accurately align heterogeneous sources. Ref.
[13] proposed a Convolution Attention Network for dual-modal
fusion of Electrical Impedance Tomography (EIT) and ultra-
sound (US) data to improve 2D image reconstruction quality.
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One effective way to improve EIT is to include prior anatomi-
cal information from other modalities. Soft-prior regularization
studies in breast EIT showed that when the tumor region was
constrained by prior spatial information, conductivity recovery
became more accurate, and the tumor was better localized [14].
Similar ideas have been successful in other tomographic inverse
problems, where spatial priors reduce ambiguity and improve
reconstruction stability [15, 16]. Ultrasound is especially use-
ful as a source of prior information because it can provide clear
anatomical boundaries and lesion shape information in a non-
ionizing and accessible manner. This makes ultrasound a suit-
able companion modality for EIT [17, 18].
This study proposes a physics-informed ultrasound-guided

EIT framework for breast cancer detection. We simulated the
forward problems for EIT and ultrasound tomography in COM-
SOL and performed the corresponding inverse reconstructions
in MATLAB. A segmented ultrasound image is used as a spa-
tially varying anatomical prior to weight the total variation reg-
ularization term in the EIT inverse problem. The objective is
to improve conductivity reconstruction, tumor localization, and
boundary preservation while maintaining the method compu-
tationally feasible and non-ionizing. This study extends ear-
lier EIT and multimodal breast imaging studies by introducing
ultrasound-derived prior weighting within the EIT reconstruc-
tion framework.

2. METHODOLOGY
This study was conducted as a simulation-based multimodal
imaging study for breast cancer detection. The proposed frame-
work combines electrical impedance tomography (EIT) and ul-
trasound tomography (UST), in which an ultrasound image is
used as an anatomical prior to improve the EIT inverse recon-
struction. This study was designed to compare three recon-
struction settings: standalone EIT, standalone UST, and the
proposed US-guided EIT fusion model. The main aim was to
determine whether anatomical guidance from ultrasound could
reduce the EIT ill-posedness and improve tumor localization,
edge definition, and image fidelity [19].

2.1. Breast Phantom Model

A heterogeneous breast phantom with a radius of 7 cm was de-
veloped to represent main tissue classes relevant to breast imag-
ing, including skin, adipose tissue, glandular tissue, and a ma-
lignant inclusion. The same geometric domain was used for
both EIT and UST so that the two modalities could be recon-
structed in a co-registered manner. This choice is important
because the proposed fusion strategy depends on the accurate
spatial correspondence between the anatomical map obtained
from ultrasound and the conductivity map reconstructed from
EIT. To thoroughly assess the performance and robustness of
the proposed framework, the single-phantom evaluation was
expanded to a dataset of different numerical phantom config-
urations. The dataset varied tumor radius (0.5, 0.75, and 1),
position across four quadrants, radial depths, and conductiv-
ity contrast ratios (1.5 : 1 to 3 : 1 relative to glandular tissue).
The model is consistent with prior breast phantom work used

in EIT soft-prior studies andmultimodal breast imaging investi-
gations. Sixteen Ag/AgCl electrodes were placed equidistantly
around the surface of the breast model. These electrodes were
chosen because of their stable electrochemical behavior and
low contact impedance, which make them suitable for biomedi-
cal impedance measurements. This configuration employed 16
ultrasound PZT-4 transducers arranged in an alternating ring
pattern, using a free triangular mesh with a maximum element
size of λ/6. Figure 1 shows the geometry of the model used in
this simulation study.

FIGURE 1. Geometry of breast model.

2.2. EIT Forward Modelling
The EIT forward problemwas formulated under the quasi-static
approximation of Maxwell’s equations, which is the standard
approach for low-frequency bioimpedance imaging. The fun-
damental relationship between the current density and electric
field is provided by Ohm’s law:

J = σE (1)
E = −∇U (2)

Here, E is the electric field; U is the scalar potential distribu-
tion inside the field; and σ is the conductivity distribution. The
following expression is obtained by combining the equations:

J = −σ(∇U) (3)

If internal current sources are absent, it is given that ∇ ·
σ(∇V ) = 0, which results in EIT’s partial differential equa-
tion and describes how current flows through breast tissues. In
the proposed geometry, an adjacent current injection pattern
is adopted. A maximum current amplitude of 1mA was em-
ployed, consistent with recommendations of the IEC 60601-
1 standard and in line with the values reported in [20]. Cur-
rent injection was applied through surface electrodes positioned
around the breast phantom, and the resulting potential distribu-
tion was computed using a complete electrode model (CEM).
CEM was selected because it accounts for electrode size, con-
tact impedance, and measurement configuration more accu-
rately than simplified boundary models. Forward simulation
was implemented in COMSOL Multiphysics using finite ele-
ment analysis, and the resulting boundary voltage data were ex-
ported for inverse reconstruction using MATLAB. The bound-
ary current source applied in COMSOL is mathematically gov-
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erned by the following condition, which enforces a prescribed
normal current density on electrode boundaries while ensuring
zero current flow elsewhere:

n · (J1 − J2) = Qj·s (4)

The mesh was designed to conform closely to curved tissue
boundaries and electrode surfaces, ensuring an accurate numer-
ical representation of field discontinuities near interfaces. Spe-
cial refinement is typically applied in regions of high conduc-
tivity gradients, such as near tumors and electrode boundaries,
where rapid spatial variations in electric potential are expected.
The experiment is repeated so that each electrode functions

as a current source. Frequency domain analysis for Electrical
Impedance Tomography (EIT) was performed at a chosen fre-
quency of 50 kHz. The tissue-specific parameters, summarized
in Table 1, are deemed critical for the accurate modelling of
current flow and voltage distribution within the breast.

TABLE 1. Dielectric parameters used for EIT modelling.

Parameters Conductivity (Sm−1) Permittivity
Skin 0.0273 1130
Fat 0.0249 118

Gland 0.534 4020
Tumor (Malignant) 1.125 60
Tumor (Benign) 0.5 35

Ag/AgCl electrodes 61E6 1

Electrical and acoustic properties assigned to breast tissues
were selected based on reported tissue-property ranges in the
literature. The present model includes skin, adipose, glandular
tissue, and tumour regions to represent the principal electrical
and acoustic heterogeneity relevant to the proposed EIT-UST
framework. Although the model captures major tissue con-
trasts, it does not reproduce the full anatomical variability of a
real breast, including irregular glandular structures and patient-
specific tissue distributions. This simplification was adopted to
provide a controlled environment for evaluating the proposed
multimodal reconstruction method.

2.3. EIT Inverse Reconstruction
The EIT inverse problem poses considerable challenges owing
to its poorly defined characteristics and notable nonlinearity.
The objective is to reconstruct the internal distribution of elec-
trical conductivity, σ, based on a series of voltage measure-
ments V , gathered at the edge of the domain. This is structured
as a minimisation problem aimed at identifying the conductiv-
ity distribution that aligns most closely with the measured data,
with regularisation applied to guarantee a stable and unique so-
lution:

σ̂ = argmin ∥Vm − Vc∥2 + λ

∫
|∇σ| dx (5)

λ is the regularization parameter that controls smoothness, and
Vm and Vc are measured and calculated boundary voltages. To

address the inverse problem in EIT, the MATLAB-based EI-
DORS toolbox (Electrical Impedance Tomography and Dif-
fuse Optical Tomography Reconstruction Software) was used
with the Total Variation Primal-Dual Interior Point Method
(TV-PDIPM). TV regularization was selected because it pre-
serves sharp conductivity transitions better than smoothness-
based methods, which is especially useful for breast lesion
imaging. The TV-PDIPM algorithm addresses the non-linear,
non-smooth inverse problem by reformulating it as a convex
optimization problem. The PDIPM algorithm fundamentally
involves the iterative resolution of a linearized form of Karush-
Kuhn-Tucker (KKT) optimality conditions. This approach fa-
cilitates the effective management of the non-differentiable L1-
norm associated with TV regularization. In the standalone EIT
case, the inverse solution was obtained directly from the mea-
sured boundary voltages without anatomical prior information,
providing a baseline reconstruction for comparison.

2.4. UST Forward Modelling
The ultrasound component was also simulated in COMSOL us-
ing the same breast phantom geometry. An acoustic forward
model was used to estimate wave propagation through hetero-
geneous tissues and generate a pressure- or attenuation-based
response map. Ultrasound tomography was chosen because it
can provide a structural image of the breast with good boundary
definition, which is useful for guiding EIT reconstruction[21].
The UST model captures the modality’s complementary na-
ture: ultrasound provides anatomy, while EIT provides elec-
trical functional contrast. The total pressure pT (x, t) within a
propagating pressure wave is defined as:

pT (x, t) = p0 + p(x, t) (6)

where pT (x, t) is the dynamic acoustic pressure associated with
the ultrasound wave. In the context of steady-state harmonic
excitation, we established the forward problem within the fre-
quency domain using the Pressure Acoustics, Frequency Do-
main interface in COMSOL. The acoustic pressure field is con-
sidered to change harmonically over time and represented as a
complex quantity that encompasses both amplitude and phase
details.
With these assumptions in place, the governing equation is

simplified to a generalized Helmholtz equation, represented as

∇
(
− 1

ρc
(∇pt − qd)

)
−

k2eqpt

ρc
= Qm (7)

k2eq =

(
ω

cc

)2

− k2z (8)

where ρ denotes the medium’s density; qd and Qm represent
monopole and dipole sources, respectively; keq denotes the as-
sociated wave number over the waveform velocity cc in the
fluid; kz signifies the out-of-plane wave number; ρc pertains
to the medium density; ω is the angular velocity; and c is the
speed of sound. As the ultrasonic wave travels through a mul-
tiphase medium distribution, various attenuation mechanisms
[22] — such as diffusion, scattering, and absorption occur at
the interfaces of different media. Consequently, the ultrasonic

461 www.jpier.org



Annapoorani, Vani, and Lalitha

TABLE 2. Acoustic parameters used for UST in COMSOL.

Parameter Density rho (kg/m3) Speed of sound (m/s)

Skin 1100 1600

Breast Fat 950 1480

Gland 1040 1580

Malignant Tumor 1100 1630

PZT4 Transducers 7500 4820

transducer at the receiving end captures the sound pressure sig-
nal attenuated at 1MHz. Table 2 lists the acoustic parameters
of the UST model used in COMSOL.

2.5. UST Inverse Reconstruction

Inverse UST problem was reconstructed in MATLAB using
attenuation-weighted bilinear interpolation. This reconstruc-
tion strategy was used to obtain a grayscale ultrasound image
that reflects anatomical structure and lesion boundaries. Atten-
uation weighting improves interpolation process by reducing
artifacts and preserving spatial information in regions where
the acoustic signal is weakened by tissue heterogeneity. The
resulting UST image was then segmented using the k-means
clustering algorithm to form a spatial prior for fused EIT re-
construction.

2.6. Ultrasound Guided Fusion

The central contribution of this study is using segmented ul-
trasound images as spatially varying priors for EIT reconstruc-
tion. In the proposed framework, the ultrasound image is con-
verted into a grayscale anatomical map, and this map is used
to weight the total variation regularization term in the EIT in-
verse solver. Regions identified as suspicious or structurally
distinct in the ultrasound image are assigned lower regular-
ization weights so that conductivity changes can be recovered
more freely, whereas homogeneous regions are assigned higher
weights to suppress artifacts. A significant technical hurdle is
the resolution discrepancy. UST images rely on a pixel-based
approach using a Cartesian grid, whereas EIT solvers use Fi-
nite Element Method (FEM) meshes composed of triangular
elements. A mapping algorithm that determines the centroid of
each FEM element and retrieves the associated K-means clus-
ter value was formulated. Edges of the FEM elements were
assigned weights, and when an edge intersects a boundary in
the UST mask, the regularization penalty for that edge is di-
minished. In the process of iterative updates, we determine the
search direction∇σ by addressing the modified Karush-Kuhn-
Tucker (KKT) system:(

JTWdJ + αGTWsG
)
∆σ = −r (9)

where J represents the Jacobian; G denotes the discrete gradi-
ent operator; and r signifies the residual. Including Ws guar-
antees the update step inherently aligned with the anatomical

prior. The localization error (LE) is calculated as

LE =

√{
(xtrue − xrecon)

2
+ (ytrue − yrecon)

2
}

where xtrue, ytrue is the actual geometric center of the target
tumor inclusion, and xrecon, Yrecon represents the centroid of
the reconstructed tumor domain.

2.7. Sensitivity Analysis of Ultrasound-Prior Weighting
To examine the influence of the ultrasound-derived anatomi-
cal prior on EIT reconstruction, a sensitivity analysis was per-
formed by varying the weighting factor applied to the spatial
prior. The ultrasound-derived information was incorporated
into the total variation regularization while keeping the breast
geometry, electrode configuration, stimulation pattern, recon-
struction algorithm, and other solver parameters unchanged.
Different weighting values 0.1, 0.3, 0.5, 0.7, and 0.9 were ap-
plied to the same simulated measurement data, and the cor-
responding EIT reconstructions were obtained independently.
The reconstructed images were subsequently evaluated using
the same quantitative measures for the main reconstruction,
including accuracy, sensitivity, specificity, Dice coefficient,
mean squared error, peak signal-to-noise ratio, correlation co-
efficient, and relative image error. This analysis was performed
to determine how changes in the ultrasound prior affect recon-
struction quality.

2.8. Robustness Analysis of Ultrasound Segmentation
The robustness of the ultrasound-derived spatial prior was eval-
uated by introducing controlled changes to the segmented tu-
mour boundary. Morphological erosion and dilation were
applied to the segmented tumour region to simulate under-
segmentation and over-segmentation, respectively. Different
structuring-element sizes were used to produce small and large
boundary perturbations. The modified segmentation masks
were then incorporated into the ultrasound-guided EIT recon-
struction without changing the remaining reconstruction pa-
rameters. The resulting images were compared with the ref-
erence reconstruction using the same quantitative evaluation
measures. This procedure was used to determine whether mod-
erate inaccuracies in the ultrasound segmentation substantially
affect the final EIT reconstruction.

3. RESULTS

3.1. EIT Forward Problem
The EIT forward model was first solved in COMSOL to ob-
tain the boundary voltage distribution corresponding to the
prescribed current injection pattern. The simulated potential
map in Figures 2(a)–(d) shows a clear dependence on the het-
erogeneous conductivity distribution of the breast phantom,
with measurable voltage variation around the tumor inclusion.
These forward data confirmed that the chosen phantom geome-
try and electrode arrangement were suitable for inverse recon-
struction and consistent with the complete electrodemodel used
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(a) (b)

(c) (d)

FIGURE 2. Electric potential distribution of (a) Benign tumor, (b) Malignant tumor, (c) Normal breast tissue, and (d) one benign and one malignant
tumour.

(a) (b)

FIGURE 3. Acoustic pressure distribution in the frequency domain of (a) Normal breast tissue and (b) malignant tumour.

in breast EIT studies. The forward solution also provided a syn-
thetic measurement set used for the subsequent inverse solver.

3.2. UST Forward Problem

The ultrasound forward model was simulated using the same
breast phantom geometry to generate the acoustic propaga-
tion pattern and pressure response. The acoustic pressure is
recorded from the other transducers functioning as receivers af-
ter the Pressure boundary condition applies 100 kPa to the first
transducer. The experiment was conducted until all transduc-

ers functioned as transmitters. A study in the frequency do-
main was conducted at 1MHz, with the corresponding acous-
tic pressure recorded and organized in a table. Figures 3(a) and
(b) show acoustic pressure distributions of normal breast tissue
and malignant tumor in the frequency domain. The resulting
ultrasound field showed a structural contrast between the back-
ground tissue and the tumor region, which is important because
ultrasound in this framework acts as an anatomical guide for
EIT reconstruction. The simulated acoustic response produced
a clearer spatial representation of the lesion than the EIT for-
ward data, consistent with the ultrasound structural role in mul-
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(a) (b) (c)

FIGURE 4. Reconstructed image showing (a) malignant tumour, (b) benign tumour, and (c) one benign and one malignant tumour.

FIGURE 5. Segmented UST reconstructed image.

timodal breast imaging. This output was used as the basis for
the inverse ultrasound reconstruction.

3.3. Standalone EIT Inverse
The standalone EIT reconstruction was performed inMATLAB
using the TV-PDIPM algorithm. The reconstructed conductiv-
ity image identified the tumor region, but the lesion boundary
remained somewhat blurred, and the background contained ar-
tifacts, which is expected in a strongly ill-posed inverse prob-
lem. This result shows the limitation of using EIT alone for
breast tumor imaging, especially when anatomical prior infor-
mation is not available. However, the reconstruction confirmed
that the forward model generated meaningful input for the in-
verse solver. The EIT inverse solver creates a detailed map
of the conductivity distribution, as shown in Figures 4(a)–(c),
highlighting high conductivity areas, such as malignant tumors,
in red, while low conductivity areas, representing benign or
healthy tissues, are shown in blue. However, this colourmap
representation is of a qualitative nature.

3.4. Standalone UST Inverse
Ultrasound inverse reconstruction was performed using
attenuation-weighted bilinear interpolation. The resulting
UST image provided a more distinct anatomical outline of
the tumor region and surrounding tissue than the standalone
EIT image. This is consistent with the established role of
ultrasound tomography as a structural imaging modality with
good boundary definition. However, UST reconstruction did
not provide conductivity information; therefore, it could not

recover the electrical contrast associated with malignancy.
Figure 5 presents the reconstructed and segmented tumour
region using the UST reconstruction algorithm and k-means
clustering algorithm.

3.5. Fused US-Guided EIT Reconstruction

After obtaining separate EIT and UST reconstructions, the
segmented ultrasound image was used as a spatially varying
anatomical prior in the EIT inverse problem. The grayscale ul-
trasound mask was used to weight the total variation regular-
ization term so that tumor-related regions were allowed to vary
more freely while homogeneous regions remained strongly reg-
ularized. This fusion produced the best overall reconstruc-
tion among the three cases, with a sharper tumor boundary,
fewer artifacts, and improved alignment with the ground-truth
phantom. The fused approach achieved an overall accuracy of
98.38%, sensitivity of 92.05%, Dice coefficient of 0.93, rela-
tive image error of 0.078, with a localization error of approx-
imately 0.4mm. Figure 6 compares ground-truth conductiv-
ity map, standalone EIT result, ultrasound-based segmentation,
and proposed fused reconstruction. Figure 6(a) shows the refer-
ence phantom with a circular tumor region of higher conductiv-
ity. Figure 6(b) shows the EIT reconstruction, where the tumor
is visible, but the boundary is blurred, and the contrast is re-
duced. Figures 6(c) and 6(d) show the segmented tumor regions
obtained from the EIT and UST reconstructions, respectively.
UST-based segmentation was sharper and more anatomically
accurate than EIT-based segmentation. Figure 6(e) presents the
fused conductivity image, where the ultrasound prior improves
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(a) (b)

(c) (d)

(e) (f)

FIGURE 6. (a) Ground truth image, (b) reconstructed EIT image, (c) segmented EIT image, (d) UST segmented mask, (e) physics-informed fused
image, and (f) segmented image of fusion.

boundary definition, contrast recovery, and background sup-
pression. Figure 6(f) shows the final segmented tumor from the
fused result, which aligns more closely with the ground truth.
Across the multi-phantom trial dataset, standalone EIT

showed a mean LE of 3.85± 0.92mm due to boundary-driven
spatial blurring. Incorporating the high-resolution ultrasound
spatial prior significantly reduced the ill-posedness, yielding a
sub-millimeter centroid localization error of 0.42 ± 0.11mm.
This sub-millimeter precision reflects the anatomical positional
fidelity imparted by the UST prior rather than the intrinsic
spatial resolution of standalone EIT.

3.6. Sensitivity Analysis of Ultrasound-Prior Weighting
The effect of the ultrasound-prior weighting factor was investi-
gated by reconstructing the EIT image using different values of
the weighting parameter. All other simulation and reconstruc-
tion conditions were kept unchanged so we could examine the
influence of the ultrasound prior independently.
Figure 7 presents reconstructed images for different weight-

ing values. Table 3 summarizes quantitative results. The

analysis shows that the reconstruction quality changes with the
contribution of the ultrasound-derived prior. Lower weighting
provides a reconstruction that is closer to the standalone EIT
solution, whereas increasing the contribution of the anatomical
prior modifies the spatial regularisation and consequently
affects tumour delineation and background reconstruction.
The results demonstrate that the performance of the proposed
method depends on the selected prior weighting and that
the parameter should therefore be selected based on the
reconstruction objective and characteristics of the available
ultrasound information.

3.7. Robustness Analysis of Ultrasound Segmentation

The effect of inaccuracies in the ultrasound-derived tumour
boundary was evaluated using controlled morphological per-
turbations. Erosion was used to represent an underestimated tu-
mour region, whereas dilation represented an overestimated tu-
mour boundary. Figure 8 shows reconstructed results obtained
using perturbed masks.
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(a) (b)

(c) (d)

(e) (f)

FIGURE 7. Effect of ultrasound-prior weighting factor (λ) on the reconstructed EIT images: (a) λ = 0, (b) λ = 0.1, (c) λ = 0.3, (d) λ = 0.5, (e)
λ = 0.7, and (f) λ = 0.9.

TABLE 3. Sensitivity analysis of the ultrasound-prior weighting factor.

Case Accuracy (%) Sensitivity (%) Specificity (%) Dice MSE PSNR (dB) CC RIE
Original 98.380 92.048 99.166 0.926 0.004 24.252 0.962 0.078
λ = 0.1 98.629 92.470 99.394 0.937 0.003 24.979 0.968 0.070
λ = 0.3 98.699 92.827 99.428 0.940 0.002 26.025 0.975 0.059
λ = 0.5 98.528 91.546 99.395 0.932 0.003 24.661 0.965 0.073
λ = 0.7 98.528 91.545 99.395 0.932 0.003 24.660 0.965 0.073
λ = 0.9 98.528 91.545 99.395 0.932 0.003 24.659 0.965 0.073

Table 4 gives corresponding quantitative results. The recon-
struction remained capable of identifying the tumour region un-
der the applied boundary perturbations, although changes in the
segmented prior resulted in corresponding variations in the re-
construction metrics. This observation indicates that the pro-
posed fusion framework is influenced by the accuracy of the
ultrasound prior, while moderate boundary variations do not
completely prevent tumour localization.

3.8. Comparative Analysis across Multiple Phantom Configura-
tions

Table 5 presents the quantitative evaluation of standalone
EIT, standalone UST, and the proposed US-guided EIT fusion
framework averaged over 30 simulation configurations. The
fused model consistently outperformed standalone modalities
across all metrics.
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FIGURE 8. Robustness analysis showing Dice for segmentation.

TABLE 4. Robustness analysis under segmentation perturbations and noise.

Conditio Accuracy (%) Sensitivity (%) Specificity (%) Dice MS PSNR (dB CC RE
Original 98.3 92.0 99.1 0.9262 0.0038 24.2 0.9618 0.0778
Nois 96.4 88.5 97.4 0.8473 0.0106 19.7 0.8944 0.1431

Erosion 2 px 98.3 90.5 99.3 0.9245 0.0036 24.4 0.9630 0.0741
Erosion 4 px 98.2 89.6 99.2 0.9179 0.0039 24.0 0.9595 0.0749
Dilation 2 px 98.4 91.0 99.3 0.9268 0.0033 24.7 0.9660 0.0721
Dilation 4 px 98.2 89.6 99.2 0.9179 0.0039 24.0 0.9595 0.0749

3.9. Computational Complexity and Execution Time Analysis

To evaluate the practical feasibility of the proposed recon-
struction framework for clinical applications, computational
complexity, memory usage, and execution time were bench-
marked across 30 test configurations on an Intel Core i7-
workstation (3.60GHz CPU, 32GB RAM, MATLAB 2023b).
Standalone EIT reconstruction using the Primal-Dual Interior-
Point Method (PDIPM) for total variation regularization oper-
ates with an asymptotic computational complexity of O(N1.5

elem),
where Nelem is the finite element mesh count. This required an
average execution time of 1.15 ± 0.08 s with a memory foot-
print of approximately 120MB. Standalone UST attenuation
map reconstruction using bilinear interpolation functions with a
complexity of O(Npx logNpx) on a 256∗256 grid required 1.85
± 0.12 s and 210MB of memory. The proposed US-guided

EIT fusion framework combines prior matrix construction with
regularized iterative EIT inversion, resulting in an overall com-
plexity of O(N1.5

elem+Npx). The combined pipeline achieved
a mean execution time of 3.42 ± 0.18 s per slice with a peak
memory allocation of approximately 280MB

4. DISCUSSION
The results show that ultrasound guidance improves EIT recon-
struction by reducing image blur and improving tumor bound-
ary definition. Standalone EIT provides functional conductiv-
ity contrast, but the image is affected by the ill-posed nature of
the inverse problem. In contrast, ultrasound provides clearer
anatomical information but does not directly show electrical
properties. When the ultrasound prior is added to EIT, the final
image becomes more stable, accurate, and closer to the ground
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(a) (b)

(c)

FIGURE 9. (a) Comparison of the Dice coefficient, (b) comparison of the mean squared error, and (c) comparison of sensitivity.

TABLE 5. Quantitative comparison across different phantom configurations.

Metric Standalone EIT Standalone UST Proposed US-EIT Fusion
Accuracy (%) 92.1 ± 1.82 85.6 ± 2.15 98.2 ± 0.45
Sensitivity (%) 84.3 ± 3.10 81.1 ± 3.40 92.1 ± 1.15
Specificity (%) 93.8 ± 1.45 88.2 ± 2.05 99.1 ± 0.28
Dice Coefficient 0.83 ± 0.04 0.79 ± 0.04 0.92 ± 0.01

MS 0.0092 ± 0.0018 0.0145 ± 0.0022 0.0031 ± 0.0006
PSNR (dB) 20.4 ± 1.12 18.3 ± 1.35 24.5 ± 0.58

Correlation Coeff. 0.88 ± 0.02 0.81 ± 0.03 0.96 ± 0.00
Relative Image Error 0.18 ± 0.02 0.24 ± 0.03 0.07 ± 0.00

truth. This improvement is consistent with earlier prior-based
EIT studies, which reported better tumor recovery when struc-
tural information was used during reconstruction. In this study,
ultrasound segmentation acted as a spatial constraint and helped
the EIT solver focus the conductivity update in the correct re-
gion. Consequently, both the reconstructed image and the seg-
mented tumor became more reliable.
The sensitivity analysis further showed that the ultrasound-

prior weighting has a direct influence on the reconstructed con-
ductivity distribution. Changes in the weighting factor mod-
ify the balance between the measured EIT information and the
anatomical constraint provided by ultrasound. Therefore, the
weighting parameter should not be considered independent of
the quality of the ultrasound-derived prior.

The segmentation robustness experiment also showed the ef-
fect of imperfect anatomical information on the fused recon-
struction. Erosion and dilation of the tumour region introduced
controlled boundary errors into the prior, allowing the recon-
struction behaviour under inaccurate segmentation to be exam-
ined. Although variations of quantitative measures were ob-
served, the tumour region remained identifiable for tested per-
turbations. These results indicate that the quality of the ultra-
sound segmentation is an important factor in the performance
of the proposed multimodal reconstruction framework. With
an overall processing throughput of approximately 3.42 s per
2D slice, the physics-informed fusion framework adds minimal
computational overhead compared to standalone algorithms.
This low memory footprint and fast execution speed confirm
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that integrating the ultrasound spatial prior does not hinder real-
time performance, establishing the method’s practicality for
low-cost, point-of-care clinical breast imaging.
The present study is limited to a two-dimensional numeri-

cal breast phantom and simulated EIT and ultrasound measure-
ments. Although this controlled environment enables system-
atic evaluation of the proposed reconstruction framework, it
does not account for measurement noise, electrode-skin inter-
action, patient motion, and the anatomical variability encoun-
tered in experimental or clinical measurements. The experi-
mental validation using tissue-mimicking breast phantoms and
measured multimodal data is therefore required to further as-
sess the practical performance of the proposed method. Ex-
tension of the framework to three-dimensional breast models
is also planned as a subsequent development. Figures 9(a)–(c)
show a summary of the quantitative performance comparison
for the proposed methods with the most important evaluation
metrics.

5. CONCLUSION
This study presents a physics-informed multimodal frame-
work for breast-tumor detection using EIT and UST. The pro-
posed ultrasound-guided fusion method improved reconstruc-
tion quality, achieving 98.38% accuracy, 92.05% sensitivity, a
Dice coefficient of 0.93, and a relative image error of 0.078.
These results indicate that anatomical priors from ultrasound
can strengthen EIT reconstruction and improve tumour local-
ization. Future work should focus on experimental validation
using 3D breast phantoms, automatic extraction of ultrasound
priors using machine learning, and extension to full 3D volu-
metric reconstruction.
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