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Abstract

Breast cancer is one of the most common malignant tumors worldwide, and ultrasound
computed tomography (USCT) has attracted increasing attention due to its quantitative
imaging capability and radiation-free characteristics. However, improving image contrast
and lesion visualization remains challenging, especially for multi-parameter reconstruction
using compact ultrasound transducer arrays. In this study, a breast USCT imaging method
based on dual-pair piezoelectric micromachined ultrasonic transducer (PMUT) linear
arrays and multi-parameter acoustic fusion is proposed. A numerical breast phantom
containing adipose tissue, glandular tissue, cancer, fibroadenoma, and cyst structures was
established to evaluate the proposed method. Multi-angle ultrasound transmission data
were acquired using dual-pair PMUT linear arrays, and sound speed and attenuation
images were reconstructed using a filtering convolution back-projection reconstruction
algorithm. In addition, impedance information was introduced as an auxiliary feature
to enhance structural boundaries, and a multi-parameter acoustic fusion strategy was
developed to improve tissue contrast. The results demonstrated that the fused image
achieved improved quantitative performance, with a structural similarity index (SSIM)
of 0.82 and a correlation coefficient (Corr) of 0.83 compared with individual parameter
reconstructions. The proposed method enhanced the visualization of different breast
tissue structures and lesions, indicating its potential for PMUT-based quantitative breast
USCT imaging.

Keywords: USCT; Dual-Pair PMUT linear array; multi-parameter acoustic fusion;
breast imaging

1. Introduction
Breast cancer is one of the most common malignant tumors among women worldwide

and remains a major threat to public health [1]. Early detection and accurate characteriza-
tion of breast lesions, including the differentiation between benign and malignant tumors,
are essential for improving treatment outcomes and reducing mortality [2]. Currently, clini-
cal breast imaging techniques mainly include mammography, magnetic resonance imaging
(MRI), and conventional ultrasound imaging [3]. Although mammography provides high
diagnostic value, its application is limited by ionizing radiation exposure and reduced sen-
sitivity in dense breast tissue. MRI offers excellent soft-tissue contrast but suffers from high
cost, long acquisition time, and limited accessibility. Ultrasound imaging is widely used in

Algorithms 2026, 19, 817 https://doi.org/10.3390/a19100817

https://crossmark.crossref.org/dialog?doi=10.3390/a19100817&domain=pdf&date_stamp=2026-09-24
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://doi.org/10.3390/a19100817


Algorithms 2026, 19, 817 2 of 18

breast examination due to its advantages of non-ionizing radiation, low cost, and real-time
operation [4]. However, conventional B-mode ultrasound mainly provides morphological
information and is highly dependent on operator experience, which limits its quantitative
evaluation capability for tissue characterization.

Ultrasound computed tomography (USCT) has emerged as a promising quantitative
imaging technique for breast imaging by exploiting the acoustic properties of biological
tissues [5–8]. Unlike conventional pulse-echo ultrasound, USCT acquires transmission
signals from multiple projection angles and reconstructs quantitative acoustic parameter
maps, including sound speed, attenuation, and acoustic impedance distributions [9–12].
These parameters are closely related to tissue composition and mechanical properties,
providing complementary information for breast tissue characterization [13]. Compared
with conventional ultrasound imaging, USCT has the potential to provide quantitative and
operator-independent information, making it an attractive approach for breast tissue char-
acterization [2,14,15]. However, the performance of USCT systems strongly depends on the
configuration and characteristics of ultrasound transducer arrays. Piezoelectric microma-
chined ultrasonic transducers (PMUTs), based on micro-electromechanical systems (MEMS)
technology, have attracted increasing attention for biomedical ultrasound applications due
to their small size, low fabrication cost, batch manufacturability, and potential for large-
scale array integration [16–18]. Compared with conventional piezoelectric transducers,
PMUT arrays provide advantages in miniaturization, frequency scalability, and electronic
integration, making them promising candidates for compact USCT systems [19–21]. Recent
studies have demonstrated the feasibility of PMUT arrays for pulse-echo imaging, pho-
toacoustic imaging, and three-dimensional ultrasound imaging. However, the application
of PMUT arrays in quantitative breast USCT remains insufficiently explored, particularly
for dual-array configurations, multi-angle transmission imaging, and multi-parameter
acoustic reconstruction.

In breast USCT, different acoustic parameters provide complementary information
for tissue characterization. Sound speed has been extensively investigated because of its
strong correlation with tissue composition and density, while acoustic attenuation provides
additional contrast due to its sensitivity to tissue absorption characteristics [22,23]. Acous-
tic impedance, which reflects tissue interface properties, can provide valuable structural
boundary information [24–26]. Therefore, integrating multiple acoustic parameters has
great potential for improving tissue differentiation and lesion visualization. However,
most existing USCT systems reconstruct sound speed distributions using ray-based tomog-
raphy algorithms, where ultrasound propagation is approximated as straight-line paths
under high-frequency assumptions. The accuracy of these methods can be affected by
finite-frequency effects, acoustic attenuation, diffraction, and scattering. In breast USCT
applications, ultrasound typically operates at frequencies of 3.5 MHz and propagates
through approximately 18 cm of tissue, resulting in considerable energy loss and wave-
form distortion. Moreover, when lesion dimensions approach the ultrasound wavelength,
diffraction effects become significant, limiting the accuracy of travel-time-based reconstruc-
tion. Although wave-equation-based reconstruction methods provide a more accurate
physical description of acoustic propagation, their high computational complexity remains
a challenge for simultaneous reconstruction of multiple acoustic parameters [27]. Therefore,
efficient multi-parameter reconstruction and fusion strategies are required to improve the
quantitative imaging capability of breast USCT.

In this study, a breast ultrasound computed tomography method based on dual-pair
PMUT linear arrays with multi-parameter acoustic fusion is proposed. A dual-pair PMUT
linear array configuration consisting of two orthogonal pairs of opposite arrays is employed
to acquire multi-directional ultrasound data without mechanical rotation. Quantitative
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sound speed and attenuation images are reconstructed using a filtered convolution back-
projection algorithm, while acoustic impedance information obtained from pulse-echo
imaging is introduced as an auxiliary feature to enhance structural boundaries. Spatial com-
pounding and wavelet-based fusion are subsequently employed to integrate information
from different propagation directions and acoustic parameters. The proposed framework
integrates multi-directional acquisition, multi-parameter acoustic reconstruction, and im-
age within a dual-pair PMUT linear array-based architecture, enabling complementary
directional and acoustic parameters information to be jointly utilized for breast imaging.
A numerical breast phantom containing adipose tissue, glandular tissue, cancer, fibroade-
noma, and cyst structures is established to evaluate the proposed method. Quantitative
evaluations were further performed to assess the reconstruction and multi-parameter
fusion performance.

2. Methods
2.1. Dual-Pair PMUT Linear Array-Based USCT System and Spatial Compounding Configuration

A USCT system based on dual-pair PMUT linear arrays was developed for quantita-
tive breast imaging, as illustrated in Figure 1. The system consists of a dual-pair PMUT
linear array, a multi-channel ultrasound transmitting and receiving circuit, a mechanical
positioning structure, and a computer workstation [28]. The dual-pair PMUT linear array
configuration consists of four PMUT linear arrays orthogonally arranged around the imag-
ing region, forming two opposite array pairs for multi-directional ultrasound transmission
and reception. Each opposite PMUT array pair operates in a transmit–receive configuration.
During transmission imaging, one PMUT linear array transmits ultrasound waves, while
the opposite array receives the signals transmitted through the breast tissue. The acquired
transmission signals are used for quantitative reconstruction of sound speed and acoustic
attenuation distributions [29]. Meanwhile, the echo signals received by the transmitting
array are utilized to obtain acoustic impedance-related structural information, which is
introduced as an auxiliary feature for tissue boundary enhancement. Breast tissue exhibits
complex acoustic heterogeneity, resulting in multiple interactions between ultrasound
waves and tissue structures, including attenuation, reflection, diffraction, and scattering.
Therefore, a single acoustic parameter cannot fully characterize breast lesions, especially
for small structures with weak contrast. By integrating complementary information from
sound speed, attenuation, and impedance-related features, multi-parameter acoustic fusion
can provide enhanced tissue characterization and lesion visualization.

As shown in Figure 2, for each transmission acquisition, one PMUT linear array op-
erates as the transmitter, while the opposite array serves as the receiver. The structure
parameters of the PMUT linear array are summarized in Table 1. The transmitting elements
are sequentially excited from element 1 to element 128, and all elements of the receiving
array simultaneously record the transmitted signals. Therefore, each acquisition configura-
tion generates a complete dataset containing 128 × 128 A-scan signals. Four transmission
configurations, including 0–180◦, 90–270◦, 180–0◦, and 270–90◦, are employed to obtain
complementary projection information from different propagation directions. These multi-
directional datasets are subsequently used for spatial compounding and multi-parameter
acoustic reconstruction.
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Figure 1. Schematic diagram of the dual-pair PMUT linear array-based USCT system.

Figure 2. Configuration of the dual-pair PMUT linear array-based USCT system and ultrasound
acquisition scheme. (a) Arrangement of the four PMUT linear arrays around the breast imaging
region. (b–e) Four transmit-receive configurations between opposite PMUT linear arrays.
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Table 1. The structure parameters of the PMUT linear array.

Parameters Value

Center frequency 3.5 MHz
Number of elements 128

Center distance of element 1 mm
Bandwidth 80%
Sensitivity −55 dB@70 mm

Array element consistency ±1 dB@3.5 MHz

The dual-pair PMUT linear array-based USCT system represents the physical imaging
system developed in this study. The PMUT linear arrays were experimentally charac-
terized. However, the breast imaging results reported in this study were obtained from
numerical simulations rather than experimental imaging measurements. Specifically, no
experimentally acquired breast or tissue-mimicking phantom imaging data were used for
the reconstruction, spatial compounding, or multi-parameter fusion results presented in
this study. Therefore, the numerical simulations were used as a proof-of-concept evaluation
of the proposed imaging and reconstruction framework.

2.2. Multi-Parameter Acoustic Reconstruction and Fusion Method

In the proposed dual-pair PMUT linear array-based USCT system, each opposite
PMUT linear array operates in a transmit-receive configuration. One PMUT linear array
serves as the transmitter, with its elements sequentially excited, while the opposite array
serves as the receiver. For each transmitting element, all elements of the receiving array
simultaneously recorded the transmitted ultrasound signals, yielding a 128 × 128 A-scan
dataset for each transmit-receive configuration. The transmission data provide two types
of acoustic information, namely propagation time delay and amplitude attenuation, which
are used for sound speed and attenuation reconstruction, respectively.

2.2.1. Transmission Signal Processing and Projection Data Extraction

(1) Time of flight (TOF) extraction and sound speed projection
Since the measured propagation time includes the delay caused by the water coupling

medium and breast tissue, a water reference measurement was introduced to compensate
for the background propagation time [10,30].

t0 =
∫︂

L

1
c0

dl =
∫︂

L
s0dl (1)

t1 =
∫︂

L

1
c(x, y)

dl =
∫︂

L
s(x, y)dl (2)

where c0 represents water sound speed, c(x, y) represents breast tissue sound speed
distribution [8].

∆t = t1 − t0 =
∫︂

L
[s(x, y)− s0]dl =

∫︂
L

∆s(x, y)dl (3)

The TOF difference was used as the projection data for sound speed reconstruction.
(2) Attenuation calculation
In addition to TOF information, the amplitude variation in the transmitted signals was

used to extract attenuation projections [31–33].

∆A( f ) = 20log10(A0( f ))− 20log10(A1( f )) (4)

∆A′ =
∫︂

α(x, y)dl (5)
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where A0( f ) represents water reference spectrum, A1( f ) represents breast tissue spectrum.
α(x, y) represents the attenuation coefficient of the organization.

The attenuation projection data were obtained from the frequency-dependent ampli-
tude loss between the reference water medium and breast tissue.

(3) Projection data discretization
For image reconstruction, the continuous projection equations were discretized into a

linear system. For an M × N image grid, the sound speed and attenuation projection data
can be expressed as [34]:

∆tij =
N

∑
n=1

M

∑
m=1

∆s(m, n)lij(m, n) (6)

∆A′
ij =

N

∑
n=1

M

∑
m=1

α(m, n)lij(m, n) (7)

The extracted projection data were subsequently reconstructed using the straight-line
trajectory filtered back-projection (FBP) algorithm described in Section 2.2.2.

2.2.2. Straight-Line Trajectory FBP Reconstruction

The acquired transmission projection data were reconstructed using a FBP algorithm
based on the straight-line trajectory scanning geometry. Unlike conventional ring-array
USCT systems that employ circular scanning trajectories, the proposed system uses dual-
pair PMUT linear arrays to acquire transmission data along multiple straight propagation
paths. Therefore, a coordinate transformation was introduced to convert the conventional
parallel-beam reconstruction model into an equivalent fan-beam formulation suitable for
the linear array configuration [35].

Since the PMUT linear arrays perform straight-line transmission scanning, the detector
coordinate was transformed from the parallel-beam coordinate system into an equidistant
fan-beam coordinate system [36].

p(s, θ) = g(t, ∆t) (8)

where g(t, ∆t) represents the actual collected transmission projection data, t represents the
position of the linear element.

Corresponding relation:

θ = β + tan−1 t − ∆t
D

(9)

s = D
t√︂

D2 + (t − ∆t)2
(10)

where D is the distance from the array to the imaging center, β represents the scanning
direction angle.

After variable replacement and filter kernel scale transformation, the FBP reconstruc-
tion formula for the linear trajectory applicable to the dual-pair PMUT linear array-based
USCT system can be obtained [37,38]:

f (γ, φ) =
1
2

∫︂ 256

0

1
U2

∫︂ ∞

−∞

−D2 + ∆t(t − ∆t)(︂
D2 + (t − ∆t)2

)︂3/2 g(t, ∆t)h
(︁
t̂ − t

)︁
dtd∆t (11)

Corresponding relation:

U =
D + rcos(β − φ)

D
(12)
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t̂ =
Drcos(β − φ)

D + rsin(β − φ)
(13)

where h
(︁
t̂ − t

)︁
represents the reconstruction filter kernel used in the filtered back-projection

algorithm, g(t, ∆t) denotes the transmission projection data acquired from the PMUT linear
arrays. U is the geometric weighting factor introduced by the coordinate transformation.

After reconstruction, the four directional images obtained from the 0◦, 90◦, 180◦, and
270◦ transmit–receive configurations were combined using pixel-wise arithmetic averaging
with equal weights. Since all directional reconstructions were generated on the same
Cartesian imaging grid with identical spatial dimensions and coordinates, no additional
image registration was required. The same spatial compounding procedure was applied
independently to both the sound-speed and attenuation images.

The straight-line trajectory FBP method was adopted because of its computational effi-
ciency and straightforward implementation, providing a suitable framework for the proof-
of-concept evaluation of the proposed dual-pair PMUT acquisition and multi-parameter
imaging strategy. For soft breast tissues with moderate sound-speed variations, straight-ray
propagation can be regarded as a first-order approximation. Nevertheless, this model does
not explicitly account for refraction and ray bending caused by tissue heterogeneity and
may therefore introduce reconstruction errors near interfaces with relatively large acoustic
contrasts. Future work will incorporate bent-ray or full-wave reconstruction methods to
improve quantitative imaging accuracy.

2.2.3. Multi-Parameter Acoustic Image Reconstruction

The reconstructed acoustic parameter images provide complementary information for
breast tissue characterization. In this study, three types of acoustic images, including sound
speed image Ic, attenuation image Ia, and impedance-related image Iz, were obtained from
the dual-pair PMUT linear array-based USCT system. The sound speed and attenuation
images were reconstructed from the transmission measurements. The TOF information ex-
tracted from the transmitted signals was used to obtain the sound speed distribution, while
the amplitude attenuation information was utilized to reconstruct the acoustic attenuation
distribution. Both acoustic parameter images were reconstructed using the straight-line
trajectory FBP algorithm described in Section 2.2.2. In addition, the pulse-echo signals
acquired by the PMUT arrays were processed to extract impedance-related structural infor-
mation. The impedance-related image was introduced as an auxiliary feature to enhance
tissue boundaries and lesion structures, providing complementary structural information
to the quantitative transmission-based images.

To integrate the complementary information from Ic, Ia, and Iz, a wavelet-based fusion
strategy was employed.

The sound speed, attenuation, and impedance-related images were decomposed using
the Symlet-4 (sym4) wavelet with three decomposition levels [39]. The sym4 wavelet
was selected because of its near-symmetry and favorable spatial localization, which are
suitable for preserving structural boundaries during multi-parameter image fusion. Three
decomposition levels were used to provide a balance between multi-scale information rep-
resentation and preservation of spatial details. Before fusion, the sound speed, attenuation,
and impedance-related images were independently normalized to the range [0, 1] using
min–max normalization to account for their different physical units and numerical ranges.
For quantitative evaluation, a reference fused image was generated from the ground-truth
sound speed, attenuation, and acoustic impedance maps using the same normalization and
wavelet fusion procedure as that applied to the reconstructed images.

Ik →
{︂

A3
k , D3

k , D2
k , D1

k

}︂
(14)
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where k = c, a, z.
The low-frequency approximation coefficients mainly contain global tissue distribution

information and were fused using weighted averaging:

A3
f = wc A3

c + wa A3
a + wz A3

z (15)

where Ac, Aa, and Az denote the low-frequency approximation coefficients of the sound
speed, attenuation, and impedance-related images, respectively. wc, wa, and wz are the
corresponding fusion weights, satisfying wc + wa + wz = 1. In this study, the weights were
set to wc = 0.3, wa = 0.4, and wz = 0.3.

The high-frequency detail coefficients mainly preserve edge and lesion boundary
information. The maximum absolute value selection rule was adopted.

Dj
f = Dj

k, |Dj
k| = max(|Dj

c|, |D
j
a|, |D

j
z|) (16)

I f = W−1
(︂

A3
f , D3

f , D2
f , D1

f

)︂
(17)

The final fused image I f was obtained through inverse wavelet transformation.

2.3. Quantitative Evaluation of Reconstruction Performance

To quantitatively evaluate the performance of the proposed multi-parameter acoustic
reconstruction and fusion method, five evaluation metrics, including peak signal-to-noise
ratio (PSNR), root mean square error (RMSE), structural similarity index (SSIM), correlation
coefficient (Corr), and contrast-to-noise ratio (CNR), were employed.

PSNR was employed to evaluate the distortion between the reconstructed image and
the reference image:

PSNR = 10log10

(︄
Lmax

2

MSE

)︄
(18)

MSE =
1

MN

M

∑
x=1

N

∑
y=1

[F(x, y)− R(x, y)]2 (19)

where Lmax represents the maximum gray level of the image. For normalized images,
Lmax = 1, while for 8-bit grayscale images, Lmax = 255. A higher PSNR value indicates lower
image distortion and better reconstruction quality.

RMSE quantifies the difference between the reconstructed image and the ground-truth
image, and is defined as follows:

RMSE =

⌜⃓⃓⎷ 1
MN

M

∑
x=1

N

∑
y=1

[F(x, y)− R(x, y)]2 (20)

where F(x, y) represents the reconstructed image and R(x, y) denotes the corresponding
ground-truth image. M and N represent the image dimensions. A lower RMSE value
indicates a smaller reconstruction error and better quantitative consistency between the
reconstructed image and the ground truth.

Corr was used to measure the linear correlation between the reconstructed image and
the ground-truth image:

Corr =
∑M

x=1 ∑N
y=1

[︁
F(x, y)− F

]︁[︁
R(x, y)− R

]︁√︂
∑M

x=1 ∑N
y=1
[︁
F(x, y)− F

]︁2√︂
∑M

x=1 ∑N
y=1
[︁
R(x, y)− R

]︁2 (21)
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where F and R denote the mean intensity values of the reconstructed image and the
reference image, respectively. The value of Corr ranges from −1 to 1, and a value closer to 1
indicates stronger similarity between the reconstructed image and the ground-truth image.

SSIM was employed to evaluate the structural consistency between the reconstructed
image and the reference image. SSIM considers three important characteristics of image
quality, including luminance, contrast, and structural information, and is defined as [30]:

SSIM(F, I) =
(2µFµI + C1)(2σFI + C2)

(µF2 + µI2 + C1)(σF2 + σI2 + C2)
(22)

where F represents the reconstructed or fused image and R denotes the ground-truth image.
µF and µR are the mean intensity values, σ2

F and σ2
R are the variances, and σFR represents

the covariance between the two images. C1 and C2 are stability constants used to avoid
numerical instability.

CNR was used to quantitatively evaluate the visibility of breast lesions in reconstructed
images. It measures the contrast difference between the lesion region and the surrounding
background tissue while considering image noise [40].

CNR =
|µL − µB|√︁
σL2 + σB2

(23)

where µL and µB denote the mean intensity values of the lesion ROI and background ROI,
respectively, while σL and σB represent their corresponding standard deviations. A higher
CNR value indicates better contrast separation between the lesion and surrounding tissue,
reflecting improved lesion visibility and contrast.

3. Results and Discussion
To evaluate the performance of the proposed dual-pair PMUT linear array-based

USCT system and multi-parameter acoustic reconstruction method, a two-dimensional
numerical breast phantom was established. The simulation study aimed to verify the
capability of the proposed method for quantitative breast acoustic parameter imaging
and to investigate the advantages of multi-angle acquisition and spatial compounding.
All numerical simulations, image reconstruction, spatial compounding, multi-parameter
fusion, and quantitative evaluations were implemented in MATLAB R2025a (MathWorks,
Natick, MA, USA) under a 64-bit Windows 11 operating system. The computations were
performed on a workstation equipped with a 12th Gen Intel® Core™ i7-12700 processor
(2.10 GHz, Intel, Santa Clara, USA) and 32 GB RAM. The reconstruction and image-
processing algorithms were implemented using custom MATLAB scripts.

3.1. Numerical Breast Phantom

A rectangular imaging region was used to represent the horizontal cross-sectional
plane of the breast. The distance between two opposite PMUT linear arrays was set to
180 mm, consistent with the geometry of the proposed dual-pair PMUT linear array-based
USCT system. The 180 mm × 180 mm imaging region was discretized into a 256 × 256
Cartesian grid, corresponding to a spatial sampling interval of approximately 0.703 mm in
both directions. The numerical simulation adopted the same four-array configuration and
transmit–receive scheme described in Section 2.1 to generate multi-directional transmission
data. Synthetic projection data were generated using a simplified straight-ray model rather
than explicit time-domain A-scan simulation. Therefore, temporal discretization and wave-
related effects such as refraction, diffraction, and multiple scattering were not considered;
noise and transducer bandwidth were also not explicitly modeled.

https://doi.org/10.3390/a19100817

https://doi.org/10.3390/a19100817


Algorithms 2026, 19, 817 10 of 18

The numerical breast phantom consisted of several typical breast tissue components,
including adipose tissue, glandular tissue, cancer, fibroadenoma, and cyst structures.
Table 2 shows different acoustic parameters, including acoustic impedance, sound speed,
and attenuation coefficient, were assigned to each tissue type according to their reported
physical properties. The approximate diameters of the tissue and lesion structures were
reasonably selected to represent typical breast tissue and lesion dimensions and were
mapped to the 180 mm physical imaging region of the numerical breast phantom. Figure 3a
shows the tissue label map of the numerical breast phantom, while Figure 3b–d present
the corresponding distributions of acoustic impedance, sound speed, and attenuation
coefficient, respectively.

Table 2. Acoustic parameters assigned to different tissues in the numerical breast phantom.

Structure
Index Tissue Type Diameter

(mm)
Density
(kg/m3)

Acoustic Impedance
(MRayl)

Sound Speed
(m/s)

Attenuation
(dB/MHz/cm)

1 Fat 117 920 1.33 1450 0.20
2 Glandular 99 1025 1.55 1515 0.36
3 Cancer 15 1080 1.67 1548 0.48
4 Fibroadenoma 10 1040 1.59 1530 0.21
5 Fibroadenoma 5 1040 1.59 1530 0.21
6 Cyst 10 1000 1.49 1485 0.064
7 Cyst 5 1000 1.49 1485 0.064

 

Figure 3. Numerical breast phantom model used for USCT simulation. (a) Tissue label map,
(b) acoustic impedance distribution, (c) sound speed distribution, (d) attenuation coefficient distribu-
tion, and (e) reference fused image.

The constructed numerical phantom provides a realistic test platform for evaluating
the reconstruction performance of different acoustic parameters and validating the effec-
tiveness of the proposed multi-parameter fusion strategy for breast lesion visualization.

3.2. Sound Speed Reconstruction and Spatial Compounding

The sound speed reconstruction results obtained from different scanning configura-
tions are presented in Figure 4. The transmission projection data acquired at 0◦, 90◦, 180◦,
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and 270◦ were independently reconstructed using the proposed straight-line trajectory FBP
algorithm. In addition, the four-directional reconstruction results were combined through
spatial compounding to improve the completeness of acoustic information. As shown in
Figure 4a–d, the sound speed images reconstructed from individual scanning directions can
recover the general distribution of breast tissues and lesions. However, due to the limited
projection information from a single direction, some artifacts and incomplete boundaries
can be observed, especially in regions with complex tissue interfaces. The reconstructed
images from different angles exhibit complementary characteristics because the ultrasound
propagation paths are different.

Figure 4. Sound speed reconstruction results using different scanning angles and spatial compound-
ing. (a) 0◦, (b) 90◦, (c) 180◦, (d) 270◦, (e) spatially compounded reconstruction, and (f) sound speed
profiles across the cancer lesion region at a detection depth of 70 mm.

After combining the four directional datasets, the spatially compounded sound speed
image (Figure 4e) exhibits improved structural continuity and reduced directional artifacts.
The boundaries between different tissue regions become clearer, and the lesion structures
show better consistency with the numerical phantom. The sound speed profile along the
detection depth of 70 mm (Figure 4f) further demonstrates that the compounded image
provides a more accurate representation of the acoustic velocity variations compared with
individual-angle reconstructions.

Quantitative comparisons of the reconstructed sound speed images are summarized
in Table 3. The original physical parameter values were used, and the dynamic range was
defined as the difference between the maximum and minimum values of the correspond-
ing ground-truth parameter image. The spatially compounded reconstruction achieved
improved PSNR, SSIM, and correlation coefficient values, while reducing RMSE compared
with single-angle reconstruction results. These results indicate that multi-angle acquisition
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using the dual-pair PMUT linear array configuration can effectively improve the accuracy
and stability of sound speed reconstruction.

Table 3. Quantitative evaluation of sound speed reconstruction results under different
scanning configurations.

Reconstruction Angles PSNR RMSE SSIM Corr

0◦ 22.63 18.83 0.65 0.38
90◦ 22.60 18.90 0.66 0.36
180◦ 22.61 18.86 0.64 0.37
270◦ 22.61 18.87 0.66 0.37

Compound 22.83 18.41 0.72 0.64

3.3. Attenuation Reconstruction and Spatial Compounding

The attenuation reconstruction results obtained from different scanning configurations
are presented in Figure 5. The attenuation projection data extracted from the amplitude
decay of the transmitted ultrasound signals were reconstructed using the proposed straight-
line trajectory FBP algorithm. Similar to the sound speed reconstruction, attenuation images
were independently reconstructed from the four acquisition directions (0◦, 90◦, 180◦, and
270◦), and the final attenuation image was obtained through spatial compounding. As
shown in Figure 5a–d, the attenuation images reconstructed from individual scanning direc-
tions can provide contrast variations among different breast tissue components. However,
single-direction reconstruction suffers from incomplete projection information, resulting
in nonuniform intensity distribution and residual artifacts in some regions. Due to the
heterogeneous structure of breast tissue, the attenuation characteristics vary significantly
among different tissues, providing complementary information to sound speed imaging.

After combining the attenuation information from four different acquisition directions,
the spatially compounded attenuation image (Figure 5e) exhibits improved contrast unifor-
mity and reduced directional artifacts. The boundaries of lesion regions become clearer,
and the attenuation distribution is more consistent with the numerical breast phantom. The
attenuation profile across the lesion region at a detection depth of 70 mm (Figure 5f) demon-
strates that the compounded reconstruction provides more stable attenuation variation
compared with individual-angle reconstructions.

The quantitative evaluation results are summarized in Table 4. Compared with single-
direction reconstruction, the spatially compounded attenuation image achieves improved
image quality metrics, including higher PSNR, SSIM, and correlation coefficient, as well as
lower RMSE. These results indicate that multi-angle acquisition using the dual-pair PMUT
linear array configuration effectively improves the reliability of attenuation reconstruction.

Table 4. Quantitative evaluation of attenuation reconstruction results under different
scanning configurations.

Reconstruction Angles PSNR RMSE SSIM Corr

0◦ 65.61 0.13 0.49 0.58
90◦ 65.56 0.13 0.48 0.57
180◦ 65.59 0.13 0.48 0.57
270◦ 65.59 0.13 0.49 0.58

Compound 66.14 0.12 0.61 0.79
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Figure 5. Attenuation reconstruction results using different scanning angles and spatial compounding.
(a) 0◦, (b) 90◦, (c) 180◦, (d) 270◦, (e) spatially compounded reconstruction, and (f) attenuation profiles
across the lesion region at a detection depth of 70 mm.

3.4. Multi-Parameter Fusion and Lesion Visualization

The reconstructed sound speed, attenuation, and impedance-related images contain
complementary acoustic information of breast tissues. However, each individual acoustic
parameter provides only partial characterization of tissue properties, which may limit
the visualization of complex breast lesions. Therefore, a wavelet-based multi-parameter
fusion strategy was employed to integrate the complementary information from different
acoustic images.

Figure 6 presents the comparison between individual acoustic images and the fused
result. As shown in Figure 6a, the sound speed image provides clear information about
tissue distribution and acoustic velocity variations, but the contrast between some le-
sion regions and surrounding tissues remains limited. The attenuation image (Figure 6b)
provides enhanced intensity differences among different tissue types due to variations
in ultrasound energy absorption. However, attenuation reconstruction alone may result
in reduced structural details at some tissue boundaries. The impedance-related image
obtained from pulse-echo signals provides additional boundary information, which is
beneficial for identifying lesion contours. The impedance-related image (Figure 6c) was
generated from the acoustic impedance distribution of the numerical breast phantom using
a simplified reflection-based model. Local reflection coefficients along the two spatial
directions were first calculated from the acoustic impedance differences between adjacent
pixels, and the two directional components were combined to obtain the overall reflection
response. Tissue-dependent scattering was approximated using a Gaussian-smoothed
random texture with different relative scattering coefficients assigned to different tissue
types. The reflection and scattering components were then combined, followed by depth-
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dependent attenuation, normalization, and logarithmic compression. The resulting image
was used as an impedance-related structural image to provide complementary reflection
and tissue-contrast information for multi-parameter fusion.

Figure 6. Multi-parameter acoustic imaging and fusion results obtained using the proposed method.
(a) Sound speed reconstruction image, (b) attenuation reconstruction image, (c) impedance-related
reconstruction image, (d) fusion image, and (e) phantom profile along the detection depth 70 mm.

After wavelet-based fusion, the fused image (Figure 6d) combines the structural
information from the impedance-related image with the quantitative acoustic characteristics
from the sound speed and attenuation images. Compared with individual parameter
images, the fused image exhibits improved tissue contrast and clearer lesion boundaries.
The lesion profiles shown in Figure 6e further demonstrate that the fused image provides
stronger intensity separation between lesion regions and surrounding tissues, indicating
improved lesion visualization.

For quantitative evaluation of the fused image, the reference fused image shown in
Figure 3e was used to calculate the SSIM and correlation coefficient. For CNR evaluation,
separate lesion ROIs were defined for the cancer, fibroadenoma, and cyst regions, with
corresponding local background ROIs selected from the surrounding non-lesion tissue. The
same ROI locations were consistently applied to the corresponding reconstructed and fused
images to ensure a consistent comparison. The quantitative comparison results are summa-
rized in Table 5. The fused image achieves higher SSIM of 0.82 and correlation coefficient of
0.83 compared with individual acoustic parameter images, indicating better preservation
of structural information and consistency with the reference distribution. In addition, the
fused image obtains an improved CNR, demonstrating enhanced lesion visibility. These
results confirm that the proposed multi-parameter fusion strategy effectively integrates
complementary acoustic information and improves breast lesion visualization.
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Table 5. Quantitative comparison of different acoustic parameter images and the fused image.

Phantom
Configuration

Reconstruction
Images SSIM Corr CNR

Phantom I
Sound Speed 0.53 0.64 0.19
Attenuation 0.41 0.79 0.72

Fusion 0.82 0.83 1.47

Phantom II
Sound Speed 0.52 0.66 0.40
Attenuation 0.41 0.78 0.85

Fusion 0.82 0.83 1.37

Phantom III
Sound Speed 0.51 0.65 0.45
Attenuation 0.40 0.80 0.92

Fusion 0.81 0.84 1.32

To further evaluate the advantage of the proposed wavelet-based fusion method, addi-
tional numerical simulations were performed using breast phantoms with different lesion
sizes and shapes. The same reconstruction, spatial compounding, and multi-parameter
fusion procedures were applied to all phantom configurations. As shown in Figure 7,
the main tissue structures and lesions were consistently visualized under different lesion
configurations, demonstrating the robustness of the proposed method in preserving lesion
geometry across variations in lesion size and shape.

Figure 7. Fusion reconstruction results for two numerical breast phantoms with different lesion sizes
and shapes. (a) Phantom II and (b) phantom III.

A limitation of the present study is that the imaging performance of the physical PMUT-
based USCT system has not yet been experimentally validated using a tissue-mimicking or
physical breast phantom. Although the dual-pair PMUT linear array-based USCT system
was physically implemented and the PMUT arrays were experimentally characterized, the
breast imaging, reconstruction, spatial compounding, and multi-parameter fusion results
presented in this study were obtained from numerical simulations. Therefore, the current
results should be regarded as a numerical proof-of-concept evaluation of the proposed
imaging framework rather than a complete experimental validation of the physical system.
Future work will focus on tissue-mimicking breast phantom experiments using the physical
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PMUT system to evaluate the proposed method under more realistic acoustic propagation
and measurement conditions.

4. Conclusions
In this study, a breast ultrasound computed tomography method based on a dual-

pair PMUT linear array system and multi-parameter acoustic fusion was proposed. The
proposed system enables multi-angle transmission and reflection ultrasound acquisition
using four PMUT linear arrays, providing complementary acoustic information for quan-
titative breast imaging. A straight-line trajectory filtered back-projection reconstruction
algorithm was employed to reconstruct sound speed and attenuation images from transmis-
sion measurements. In addition, impedance-related structural information extracted from
pulse-echo signals was introduced as an auxiliary feature to enhance tissue boundaries.
A wavelet-based fusion strategy was further developed to integrate the complementary
information from sound speed, attenuation, and impedance-related images. Numerical
breast phantom simulations demonstrated that multi-angle spatial compounding improved
the stability and accuracy of sound speed and attenuation reconstruction compared with
individual-angle reconstruction. Furthermore, the fused acoustic image achieved improved
structural similarity, correlation, and contrast-to-noise ratio, resulting in enhanced visual-
ization of breast lesions in the numerical phantom. These results provide a numerical proof
of concept for the proposed dual-pair PMUT linear array-based USCT and multi-parameter
fusion framework.
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