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ARTICLE INFO ABSTRACT

Diverging wave imaging (DWI) with coherent compounding addresses the field-of-view (FOV) limitations of
ultrafast imaging by placing virtual sources (VSs) behind the transducer. The number and spatial distribution
of these VSs affects both image quality and frame rate, making them of high interest. Existing approaches
use deterministic placements (e.g., linear, tilted, and Archimedean-spiral distributions), which exhibit inherent
trade-offs between resolution and contrast. However, the optimal placement of VSs to maximize image quality
has not yet been investigated for convex arrays. In this study, we propose a multi-objective genetic algorithm
to optimize VS spatial distributions with a compound mask weighting strategy — mapped from transmit
apodization in synthetic aperture imaging (SAI) — to enhance beam coherence and reduce artifacts during
optimization. The framework was evaluated across different numbers of VSs to quantify performance trade-offs
under fewer transmission events. The proposed multi-objective framework optimizes two PSF-based metrics,
namely the Full Width at Half Maximum (FWHM) and the Peak Sidelobe Level (PSL). Then, image-quality
metrics, such as contrast ratio (CR) and signal-to-noise ratio (SNR), are computed a posteriori as independent
validation measures on the reconstructed images. In both simulations and experimental trials, the optimized
VS distributions achieved up to a 50% reduction in FWHM and a 60% improvement in CR compared to
deterministic methods, while preserving these gains even with reduced transmission events.

Keywords:

Diverging wave

Virtual sources
Multi-objective optimization
Genetic algorithms

Spatial distribution

1. Introduction is analogous to multi-elements synthetic aperture imaging, wherein
signals from multiple transducer elements are coherently combined
to synthesize an extended effective aperture, thereby enhancing the
signal-to-noise ratio (SNR) [10].

DWs exploiting spherical wavefronts, emitted from virtual sources
(VSs) placed behind the transducer, have been explored for convex ar-
ray configurations. Ghigo et al. [11] investigated how the configuration
of the VSs impacts image quality using a convex array. The observed
performance was nearly equivalent, likely due to using only three
compounding waves. An alternative method for synthesizing a wide,

Ultrafast Imaging with coherent compounding has emerged as a
transformative innovation in ultrasound imaging. The ability to acquire
images at exceptionally high frame rates has paved the way for various
applications such as shear wave elastography [1], fully quantitative
Doppler flow imaging [2], and functional ultrasound imaging (fUS) [3].
Of particular importance is its role in small and micro-vessel imaging,
where the rapid collection of highly resolved spatial and temporal data
within a short acquisition time has greatly improved visualization and
diagnostic accuracy [4,5].

Early ultrafast methods use plane waves (PWs) transmissions [6,7].
Despite their high frame rate, PWs inherently limit the FOV due to the
need for sequential edge-to-edge steering, particularly in curved arrays
used for abdominal or pelvic imaging [8]. To overcome FOV constraint,
parallel beamforming with compounding using diverging waves (DWs)
transmissions was proposed by Hasegawa and Kanai, and their method
showed a comparable image quality to that of conventional meth-
ods [9]. In diverging wave imaging, the coherent compounding process

unfocused wavefront across the full aperture was introduced in [12,13].
This method employs a straightforward transmission strategy, a linear
delay profile for convex arrays. The resulting wavefront was shown to
follow an Archimedean spiral, varying with the steering angle. Another
Fourier-domain beamforming approach was proposed [14], using a
tilted diverging wave transmission. While this approach demonstrated
enhanced image quality, its effectiveness was restricted to regions with
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a narrow azimuthal angle. In [15], three transmission strategies for
generating diverging waves were analyzed: lateral virtual-source-based
Diverging Wave Imaging (latDWI), tilted virtual-source-based Diverg-
ing Wave Imaging (tiltDWI), and Archimedean-spiral-based Imaging
(AMI). 1atDWI achieved superior resolution compared to the other
methods. However, this came at the cost of stronger axial lobe levels,
leading to the poorest image contrast. In contrast, both tiltDWI and
AMI offered improved image contrast, albeit with a slight reduction in
resolution.

Existing studies on DWs using convex arrays have primarily focused
on deterministic distributions or specific transmission strategies. While
previous approaches have demonstrated improvements in resolution
and contrast, they are limited by their reliance on fixed configurations.
For instance, deterministic distributions, such as uniformly spaced VSs,
fail to account for the spatial variations in beam coherence and side-
lobe levels across the imaging field. Similarly, transmission strategies
like tilted diverging waves or Archimedean spirals, while effective in
specific regions, are constrained by azimuthal dependencies and may
not provide uniform performance across the entire field of view. In
DWs, the spatial distribution and number of VSs critically influence
fundamental performance trade-offs between frame rate and image
quality. As each VS corresponds to a distinct transmission event, the
achievable frame rate exhibits an inverse proportionality to the number
of VSs. Increasing the number of VSs enhances imaging quality by im-
proving spatial resolution and contrast through coherent compounding
of multiple diverging wavefronts, however, at the cost of framerate.
Therefore, achieving a high image quality while maintaining a high
frame rate of original unfocused wave imaging is of high interest.

While prior studies have explored deterministic VS distributions,
this study proposes a multi-objective evolutionary optimization frame-
work to optimize VS spatial distributions, aiming to minimize the
Full Width at Half Maximum (FWHM) and Peak Sidelobe Level (PSL).
The optimization framework leverages insights from prior work in
related fields, where multi-objective methods have been successfully
applied to solve complex trade-offs. In sparse array configurations,
optimization algorithms such as simulated annealing [16] and genetic
algorithms [17] have been employed to enhance lateral resolution
and suppress sidelobes while minimizing the number of active ele-
ments [18]. These methods have demonstrated significant improve-
ments in imaging quality, particularly in applications requiring high
spatial resolution and low artifact levels. Similarly, in acoustic source
localization [19], and radar systems [20], evolutionary optimization
techniques have been used to optimize array geometries, ensuring
accurate source detection even under challenging conditions, such as
high noise levels or complex propagation environments.

The multi-objective genetic algorithm MOGA, from the Global Op-
timization Toolbox in MATLAB [21], has been chosen for optimization
following better preliminary results compared to other approaches
in [22]. The optimization framework was enhanced by integrating
compound mask weights, which were previously derived from syn-
thetic aperture imaging (SAI) transmit apodization. These weights were
mapped to DWI using a closed-form approach, as detailed in our
earlier work [23]. The compound mask adjusts the contribution of
each VS to individual grid points during the optimization process. The
optimization was performed using varying numbers of virtual sources
(20, 10, 6, and 4) chosen to explore the trade-off between image quality
and frame rate systematically and to evaluate the method’s adaptability
in enhancing frame rate while preserving diagnostic image quality. The
optimized VSs distributions were subsequently validated using both
in silico data and experimental data. The proposed multi-objective
optimization framework for virtual source (VS) distribution is designed
as an offline calibration procedure. The optimization algorithm is exe-
cuted prior to imaging using representative simulated data to identify
optimal VS spatial configurations that balance image quality and frame
rate. Once these optimized configurations are obtained, they are fixed
and employed during real-time ultrafast imaging acquisitions without
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any further computational overhead. Therefore, the approach is fully
compatible with high frame rate imaging, as the computationally in-
tensive optimization does not interfere with live data acquisition or
processing.

In summary, the contributions of this work are the following:

1. We propose a multi-objective optimization framework to find the
spatial distribution of virtual sources in diverging wave imaging,
for improved image quality.

2. We integrate a compound mask apodization into the optimiza-
tion, so that the contribution of each virtual source to each image
point is weighted during optimization.

3. Through simulation and experiments We show that the opti-
mized virtual source distributions can improve image quality
compared with deterministic distributions,even with a reduced
number of transmissions.

The remainder of the paper is organized as follows: Section 2 details
the materials and methods, including the MOGA optimization frame-
work, evaluation metrics, and validation setups. Section 3 presents the
results, comparing optimized and deterministic VSs distributions and
highlighting performance trade-offs. Section 4 concludes with key find-
ings, their impact on ultrafast imaging, and future research directions.

2. Material and method
2.1. Multi-objective optimization framework

The genetic algorithm (GA) is a well-established optimization tech-
nique inspired by biological evolution processes [24]. In this study, GA
was employed to optimize the distribution of VSs for convex arrays
in DWI. The optimization process employs two fitness functions: one
for the Full Width at Half Maximum (FWHM) and one for the Peak
Sidelobe Level (PSL), which are critical metrics for assessing image
quality in ultrasound imaging. To implement the optimization, the GA
was executed in MATLAB using the gamultiobj function [25], and
the overall framework is illustrated in Fig. 1. The following subsections
detail the key components of the optimization framework, including
initialization, selection, crossover, mutation, termination criteria, and
post-processing steps.

2.1.1. Initialization and search space

The algorithm starts by initializing a population of 1500 individuals,
with each individual x; randomly sampled from a predefined search
space X. In our framework, the search space is defined by the lateral (x)
and axial (z) positions of the N virtual sources (VSs) within predefined
physical limits. The search space, or decision space [26], was restricted
to a rectangular region to reduce the complexity of the objective
functions and accelerate the optimization process [27]. The population
was defined as:

PO) = {X,Xy, ..., Xi500}, X; ~ U'(X), (€D}

where U denotes a uniform distribution over the search space, and
x; represents the ith individual in the population. This random initial-
ization promotes sufficient population diversity to support a thorough
exploration of the decision space. Subsequent sections detail the fitness
functions, the specific limits of the search space, and the imaging
parameters adopted in this study.

2.1.2. Selection, crossover, and mutation

In multi-objective optimization, Pareto dominance is a fundamental
concept where multiple conflicting objectives must be optimized simul-
taneously. Consider two candidate solutions, x; and x;, each evaluated
by a vector of objective functions:

f(x) = [/1(), /2(%), ..., [ ()],
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Fig. 1. Overview of the Multi-Objective Genetic Algorithm (MOGA) for opti-
mizing virtual source (VS) distributions. The algorithm initializes a population
of VSs distributions within a predefined search space and evaluates them
using two objective functions. Evolutionary operations include tournament
selection (k=4), crossover (60%), and adaptive mutation to refine the solutions
iteratively. The process continues until convergence criteria are met, yielding
an optimized set of VS configurations.

where m represents the number of objectives. A solution x; is said to
dominate another solution x j (denoted x; < x j) if and only if:

Fe&x) < fir(x;) Vke(l,....m},
and 3k such that f(x;) < Fix;). 2

In other words, x; is at least as good as x; in all objectives and
strictly better in at least one. A solution that is not dominated by any
other solution in the population is called a non-dominated solution. The
collection of all such solutions forms the first Pareto front, also referred
to as rank 1. After removing the first Pareto front, the next set of
non-dominated solutions constitutes the second front (rank 2), and this
process continues iteratively. Solutions with a higher Pareto dominance
rank are generally closer to the optimal trade-off frontier and are less
dominated by other solutions.
In the context of this study, there are two objectives:

f(x) = [f1(x), /0], 3)

where f,(x) represents FWHM and f,(x) represents the PSL that will be
explained in detail in Section 2-B. The gamultiobj function automat-
ically performs multi-objective selection based on Pareto dominance.
This means that instead of ranking solutions by a single fitness score,
the algorithm identifies non-dominated solutions—those that cannot be
improved in one objective without degrading another. The selection
process retains diverse solutions to explore trade-offs between resolu-
tion and contrast. To select individuals for reproduction, a tournament
selection of size 4 was applied based on analytical studies in [28,29]
that indicate tournament sizes in the range of 2-5 provide balanced
selection pressure while preserving population diversity. In this process,
subsets of 4 individuals were randomly selected, and the individual
with the highest Pareto dominance rank within each subset was chosen
as:

Xselected = I8 rr’l‘ax{f (x;) | x; € Tournament Subset}, (©))]
J

where f(x;) represents the multi-objective fitness evaluation of indi-
vidual x;. For crossover, 60% of the population was combined to
produce offspring based on preliminary experiments with commonly
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observed parameter ranges (typically 60%-90%) in genetic algorithm
literature [30,31] that effectively balances exploration and exploitation
for most applications. In our genetic algorithm, each individual x
represents a candidate solution encoding the spatial coordinates of all
N virtual sources:

X = [X],2],X0,20, ..., XN> ZN s

where x, and z, denote the lateral and axial positions of the nth virtual
source, respectively. The crossover operation combines two parent
individuals, x, and xp, to generate an offspring x,;4 as follows:

Xchild = @X4 + (1 —a)xp, a€[0,1], (5)

where a is a random weighting factor that introduces variability while
preserving key traits from the parent solutions. The offspring inherit
beneficial characteristics from both parents, promoting convergence
toward optimal solutions. Then, a mutation was applied to the individ-
uals. The mutation operation for agene x; within a chromosome x that
corresponds to a single coordinate value (either lateral or axial) of one
virtual source. The mutation operation perturbs this gene by adding a
small random offset §:

xr_nutated =x; +6,

g o ~ U ([-A4, 4], (6)

where U°([—A4, 4]) denotes a uniform distribution over the interval
[-4, A]. It represents the feasible mutation range dynamically adjusted
during optimization by mutationadaptfeasible function, which
modifies the size of the mutation step based on the boundaries of the
variables and the current search space to ensure that the algorithm
explores the search space effectively without premature convergence.

2.1.3. Termination criteria and non-dominated solutions (NDSs)
The algorithm terminated under the following criteria:

+ A maximum of 500 generations was reached.
* No significant improvement in the NDSs was observed over 50
consecutive generations, with a tolerance of 5%.

The chosen criteria balanced computational efficiency and thorough
exploration of the search space, ensuring that the algorithm converged
to high-quality solutions without excessive computational overhead.
Fitness evaluation was performed for each individual to compute the
objectives of FWHM and PSL, defined in the next subsection. The
optimization sought non-dominated solutions, representing trade-offs
between FWHM and PSL. To formally define dominance, a solution x;
is considered non-dominated if there exists no other solution x; in the
population such that

fu®x) < fi(x;) Vk, and 3ksuch thatf,(x,) < f,(x;).

where f; denotes the kth objective function. Here, x; and x; represent
two distinct candidate solutions, each encoding the spatial coordi-
nates of virtual sources. The resulting Non-dominated solutions provide
valuable insights into the trade-offs between resolution and contrast,
enabling the selection of optimal VS configurations for specific imaging
scenarios.

The main genetic algorithm (GA) settings used in this study are
summarized in Table 1. These parameters were kept fixed for all VS
configurations (20, 10, 6, and 4 VSs).

2.1.4. Parallel computing and clustering

To accelerate the evaluation process, MATLAB’s Parallel Computing
Toolbox [32] was used, significantly reducing runtime by enabling
parallel fitness calculations. Once the non-dominated solutions (NDSs)
were identified,k-means clustering was applied using MATLAB’s Statis-
tics and Machine Learning Toolbox [33] based on similarity in objective
space to reduce redundancy among the final NDSs solutions.
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Table 1
Genetic algorithm (GA) parameters used for VS optimization. All parameters
were kept fixed across the different VS configurations (20, 10, 6, and 4 VSs).

Parameter Value

Optimizer
Population size
Selection scheme

gamultiobj (MOGA)
1500 individuals
Tournament (k = 4)

Crossover fraction 0.60

Mutation operator mutationadaptfeasible
Max. generations 500

Stall generations 50

Stall tolerance 5%

Initial population Uniform in X

50 ————=————
[® *i° * |
| e o [<Region of VSs

-10 4 ——————————d
Scatterer

Scatterer Used in
Optimization

Imaging Grid

Axial Distance [mm]
wn

50 1

757

T T T T
-20 -10 0 10 20
Lateral Distance [mm]

Fig. 2. Study configuration from top to bottom: the arrangement of VSs, where
the orange VSs indicate those selected for optimization; a convex probe with N
elements; scatterer positions, with gray ones used in the optimization process;
and the imaging grid defining the region of interest.

2.2. Evaluation metrics

The imaging performance of the virtual source (VS) distributions
was quantitatively assessed using two key metrics: Full Width at Half
Maximum (FWHM) and Peak Sidelobe Level (PSL). These metrics are
widely recognized in ultrasound imaging for evaluating lateral res-
olution and contrast, respectively, and were employed to ensure a
comprehensive assessment of image quality across the imaging volume.
The FWHM quantifies the lateral resolution of the imaging system by
measuring the width of the main lobe of the Point Spread Function
(PSF) at —6 dB relative to its peak intensity [34]. The PSL measures
the contrast degradation caused by sidelobes [35], which is critical
to distinguish low-contrast structures such as cysts or lesions. The
PSL was computed as the ratio of the amplitude of the highest side-
lobe to the amplitude of the main lobe, expressed in decibels (dB).
The sidelobe peaks were identified using a peak detection function,
findpeaks[36], ensuring precise localization of the highest sidelobe.

In the optimization process, to evaluate the imaging performance
across the field of view, FWHM and PSL values were computed for
a set of scatterers located at different depths and lateral positions
within the imaging volume to ensure a robust assessment of imaging
quality across the entire volume, capturing variations in resolution and
contrast at different spatial locations. The values of FWHM and PSL
were concatenated into two datasets, denoted as Dgwy and Dpg,
respectively:

Dpwym = [FWHM,,FWHM,, ... ,FWHM , |(mm) )
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Dpg;, = [PSL;,PSL,, ... ,PSLx1(d B) 8)

where N represents the total number of scatterers used for evaluation.
The optimization process aimed to minimize two objective functions
derived from the FWHM and PSL datasets. The first objective function,
f1(x), was defined as the mean value of the FWHM data set, Dgywpm»
which represents the average lateral resolution across the image vol-
ume. The second objective function, f,(x), was defined as the mean
value of the PSL dataset, Dpg; , representing the average sidelobe level.
These objectives were formulated as:

f1x) = avg(Dpwum)s (C)]

Jr(x) = avg(Dpgy), (10$)

where avg(-) denotes the arithmetic mean. By minimizing Objective,,
the optimization process sought to enhance lateral resolution, while
minimizing Objective, aimed to reduce sidelobe levels, thereby improv-
ing contrast and reducing image artifacts. The use of average values
for the objective functions prioritizes consistent imaging performance
across the field of view, avoiding biases that could arise from extreme
values in the datasets. It is important to emphasize that FWHM and
PSL are the only two quantities included in the multi-objective fitness
vector of the genetic algorithm and thus constitute the actual optimiza-
tion objectives. Other image-quality metrics used in this study, such
as the contrast ratio (CR) computed on anechoic cysts and the SNR
estimated,are evaluated on the beamformed images as independent
validation measures.

2.3. Simulation setup

The received raw data were generated using the Field II soft-
ware [37,38], using a 128-element convex array transducer with a
center frequency of f, = 3 MHz, pitch 0.4246 mm, and radius 41.2 mm,
reproducing the geometry of the CA5-2 probe used in the experiments.
The transducer was excited with a 2-cycle sinusoidal signal and with
a sampling frequency of 12 MHz. A Hanning window was applied for
both transmit (TX) and receive (RX) apodization, with the window
scaled according to the aperture size in receive, the latter being set
according to the focal number equal to 0.7. Compound mask weights,
defined as functions of the virtual source (VS) positions, were mapped
directly from synthetic aperture imaging transmit apodization [23] to
ensure that only contributions from properly insonified regions were
retained. Subsequently, the simulated RF signals were processed using
a standard time-domain delay-and-sum beamforming algorithm. Beam-
forming was carried out on a polar (r,§) imaging grid consistent with
the convex geometry of the transducer. The beamforming process was
followed by coherent recombination of data related to each VS position,
weighted by the above defined compound mask, envelope extraction,
and logarithmic compression to produce B-mode images.

For the optimization step, the setup included 20 point scatterers
distributed at various depths of [5,25,50,75] mm along the lateral
positions of the axial direction [-20,—10,0,10,20] mm. All scatterers
were assigned equal amplitudes to ensure uniform reflectivity. This
discrete grid of point reflectors was used solely to evaluate the image-
quality metrics (FWHM and PSL) for each candidate VS distribution in
the multi-objective optimization. Fig. 2 illustrates the organization of
the imaging grid and the distribution of the virtual sources (VS) utilized
in the multi-objective optimization process. The lateral positions (x) of
the VSs were constrained between 0 mm and 27.2 mm, corresponding
to half the total lateral width of the convex array. Axial positions
(z) were restricted to a range between —50 mm and —10 mm. These
constraints ensured that each VS remained within the practical imaging
boundaries.

To reduce computational complexity, symmetry about the trans-
ducer’s central axis was exploited: only half of the total number of
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VSs was explicitly optimized, and the remaining VSs were mirrored.
Consequently, configurations with 20, 10, 6, and 4 VSs were optimized
by considering only 10, 5, 3, and 2 VSs, respectively. This approach
effectively halves the dimensionality of the decision space; rather than
optimizing 2N parameters (the x and z positions for N VSs), only
N are considered. Similarly, the symmetry reduces the number of
scatterers needed, from an initial set of 20 scatterers, only 12 were
required for the optimization since symmetrical scatterer positions
yield identical image-quality metrics. This symmetry constraint is a
methodological trade-off: by enforcing symmetry of the VS positions
around the transducer center, the dimensionality of the search space
and the computational cost are substantially reduced.

2.4. Deterministic distributions

For direct comparison with the optimized genetic algorithm so-
lutions, two deterministic configurations of 20 virtual sources (VSs)
were evaluated: a linear arrangement and a curvilinear arrangement
selected based on configurations investigated in prior studies [15],
serving as established references for comparison. In both cases, all VSs
were positioned at the same axial distance of R, = 50mm from the
probe surface. In the linear arrangement, the 20 VSs were uniformly
spaced across a lateral range spanning —32 to +32 times the transducer
pitch (pitch = 425.56 pm). For the curvilinear arrangement, the VSs
follows a curvilinear pattern that aligns with the geometry of the probe,
with angular placement of the sources confined within a maximum
aperture angle of 33°, distributed symmetrically about the central axis
of the probe. Figs. 6(a) and 6(b) shows the spatial distribution of
linear and curvilinear VS distributions, respectively. In this work, these
two families (linear and curvilinear VS distributions placed along a
circular arc behind the probe) are used as deterministic baselines for
convex-array DWI. They are consistent with standard implementations
of diverging-wave imaging for 2D convex probes and provide simple,
interpretable reference configurations for assessing the impact of the
proposed optimization. More elaborate deterministic or semi-optimized
layouts (e.g., spiral or tilted trajectories) typically introduce additional
design parameters and are often investigated in the context of 3D or
matrix-array imaging.

2.5. Phantom with anechoic cysts and reflectors

To evaluate the imaging performance of the optimized virtual
source (VS) distributions, a synthetic phantom was designed to simulate
a tissue-mimicking environment for 2D ultrasound imaging. The phan-
tom dimensions were defined to match the convex transducer footprint,
with its lateral extent determined by the number of elements and their
respective pitch. The axial depth extended to 70 mm, starting from
5 mm below the transducer surface. Within this domain, scatterers were
randomly distributed with lateral and axial positions sampled from a
uniform distribution. Their amplitudes followed a Gaussian distribution
to mimic the heterogeneous nature of biological tissues. The synthetic
phantom includes anechoic cysts and high-amplitude reflectors to
assess contrast and spatial resolution. Specifically, 9 anechoic cysts —
scatterer-free regions — were positioned at axial depths of 20 mm,
40 mm, and 60 mm. The cysts of radii of 2 mm, 3 mm, and 4 mm,
respectively, with lateral positions spanning from —20 mm to 20 mm.
The regions ensure the creation of distinct low-echo zones, enabling a
quantitative assessment of contrast on envelope images. The contrast
ratio (CR) was computed as:

CR=20log,, < Hin ) , an

Hout
where y;, and u,,, denote the mean pixel intensities inside and outside
the cyst region, respectively. The high-amplitude point reflectors were
placed at axial depths of 10 mm, 30 mm, and 50 mm, with lateral
positions ranging from -20 mm to 20 mm. Their amplitude was scaled
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Fig. 3. Impact of the compound mask on the optimization of Virtual Source
(VS) distributions using a Genetic Algorithm (GA):(a) Pareto front showing the
average values of Full Width at Half Maximum (FWHM) and Peak Sidelobe
Level (PSL) obtained from GA optimization without the compound mask.(b)
Pareto front obtained from GA optimization with the compound mask.

by a factor of 10 relative to the background scatterers, ensuring strong
reflectivity. All deterministic and optimized VS distributions obtained
through the multi-objective optimization framework were used to re-
construct B-mode images of the synthetic phantom. The simulation
process was conducted under the same imaging configuration described
previously in Section 2.3.

2.6. Experiments

To further test the robustness of the optimized VS experimental
trials were conducted using a Vantage 256 ultrasound research scanner
(Verasonics, Redmond, WA, USA) and CA5-2 curved array with 128
elements (Radius = 41.2 mm, pitch = 424.56 pm, f, = 3 MHz).
The excitation parameters are set the same as in Section 2-C. The
sampling rate was set to 12 MHz, and imaging was performed on
the 410SCG LE Multi-Purpose Accreditation Phantom. The acquired RF
data were subsequently beamformed and processed to evaluate imaging
performance metrics contrast, and resolution. The full aperture is used
for transmission.
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2.7. Compound mask weights

The compound mask weights were introduced in our earlier study
in [23], where, under the assumption of a short-duration transmit
pulse, the linear relation between synthetic aperture imaging(SAI)
apodization and DWI compound weights is approximated by a diagonal
matrix, yielding a mapping based on a straightforward geometric rule.
For both linear and convex arrays, this mapping is accomplished by
interpolating the apodization profile at the intersection point between
the probe surface and the line connecting a VS with an imaging
point, so that any apodization profile used in SAI can be adequately
transformed to DWI compound weights as a function of virtual source
positions. Therefore, applying transmit apodization in DWI ultrafast
imaging as a function of virtual sources, which improves image quality
with a negligible computational cost, and these weights are integrated
into the multi-objective optimization algorithm to enhance both image
quality metrics. The physical impact of the compound mask on beam
coherence and sidelobe suppression has been investigated in detail
in our previous work [23,39,40]. There, representative point-spread
functions, sidelobe envelopes, and contrast metrics were compared for
DWI with and without the compound mask, for both linear and convex
probes, showing that the mask effectively redistributes energy from
sidelobes toward the main lobe, leading to narrower effective PSFs
and improved cyst contrast with negligible computational overhead.
In the present study, we therefore use the compound mask formulation
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as a fixed and previously validated weighting scheme, and focus the
optimization on the spatial distribution of virtual sources.

3. Results
3.1. Optimization results with and without compound mask

The set of non-dominated solutions (NDSs) commonly referred to
as the Pareto-optimal front [41,42], resulting from the optimization of
virtual source (VS) distributions, with and without the application of a
compound mask, are illustrated in Fig. 3(a) and Fig. 3(b), respectively
using 20 VSs. These plots demonstrate the trade-offs between average
FWHM and average PSL, where a decrease in average PSL generally
accompanies an increase in average FWHM, and vice versa. The set of
(NDSs) obtained using the compound mask consistently outperforms
those without the mask across both metrics. The Pareto fronts of NDSs,
exhibit discontinuities. Such discontinuities are commonly observed in
multi-objective optimization problems and arise due to the inherent
structure of the non-dominated solution set (NDS) [43]. The use of the
compound mask significantly enhanced imaging quality, as reflected
in the improved trade-offs between FWHM and PSL. Without the com-
pound mask, the average FWHM ranged from 0.6 mm to 1.0 mm, while
the average PSL spanned —18 dB to -34 dB. In contrast, applying the
compound mask improved values of 0.38 mm to 0.5 mm for FWHM and
—36 dB to —48 dB for PSL, corresponding to improvements of 37% and
41%, respectively. These enhancements are attributed to the weight-
ing mechanism introduced by the compound mask, which prioritizes
contributions from regions exhibiting higher beam coherence while
effectively suppressing sidelobe artifacts. Unlike conventional coherent
compounding methods, which fail to adapt to varying insonification
conditions, the compound mask adjusts the transmission weights for
each virtual source position, addressing the limitations of traditional
approaches, particularly in convex arrays, where the insonification field
is inherently non-uniform.

3.2. Optimization results with different number of virtual sources

Fig. 4 presents the optimal Pareto fronts obtained for configurations
with 20, 10, 6, and 4 VSs, illustrating the trade-off between the Avg
FWHM and the Avg PSL. The Pareto fronts in Fig. 4 exhibit visible gaps
and discontinuities along some regions of the curves. This behavior
is expected and reflects the intrinsic structure of the optimization
problem rather than numerical instability or insufficient sampling. In
particular, the joint FWHM-PSL objective landscape is highly non-
convex and multi-modal over a bounded VS search space, and the
Pareto set is sampled with a finite population size. As a result, some
regions of the objective space contain few or no feasible solutions with
significantly different FWHM/PSL trade-offs, which appears as gaps
along the estimated front. These discontinuities therefore interpreted
as a consequence of the underlying problem geometry and discrete
sampling, not as artifacts of the genetic algorithm. As expected, the
configuration with 20 VSs offers the most favorable balance between
resolution and contrast, achieving Avg FWHM values between 0.38 mm
and 0.55 mm and Avg PSL levels approaching —50 dB. However, reduc-
ing the number of VSs does not severely compromise image quality,
thanks to the robustness of the proposed optimization framework. For
instance, with 10 VSs, the Pareto front shifts to achieve an Avg FWHM
below 0.2 mm, while Avg PSL degrades by roughly 3-5 dB relative to
the 20-VS configuration. A similar trend is observed with 6 VSs, where
the Avg FWHM remains in the range of less than 0.45 mm and the
Avg PSL hovers around —45 dB. Even with just 4 VSs, the method
continues to preserve image quality, maintaining Avg FWHM values
typically below 0.6 mm and Avg PSL near —45 dB.

3.3. Selection of representative pareto-optimal solutions

To assess the impact of different optimized VS configurations on
imaging performance, three specific solutions were selected from the
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Pareto-front for further validation:

+ Optimized for FWHM(optFWHM): Prioritizing minimum
beamwidth, offering higher lateral resolution at the expense of
increased PSL.

Optimized for PSL(optPSL): Prioritizing lower sidelobe levels,
improving contrast while allowing for a slightly broader main
lobe.

Mid-range trade-off(midopt): A balanced solution, offering an
intermediate compromise between resolution and contrast. In this
region, several neighboring Pareto-optimal points exhibit very
similar FWHM/PSL values, so selecting any of these nearby so-
lutions would lead to essentially the same image-quality metrics.
The midopt configuration is therefore used as an illustrative
compromise operating point within this cluster, rather than as a
unique recommended optimum.

Fig. 5 illustrates the chosen solutions based on visual inspection of
the objective space and corresponding image quality metrics from the
Pareto front for the 20 VS configuration, plotted alongside determin-
istic VS distributions (linear and curvilinear) previously described in
Section 2-D (Fig. 5(a)). For lower VS configurations (10, 6, and 4 VSs)
(Fig. 5(b)), the selection strategy was adapted based on the trade-offs
observed in the Pareto front. The optimized FWHM solutions for these
configurations exhibited significantly higher PSL levels, which would
lead to degraded image quality. Therefore, only solutions correspond-
ing to the mid-range trade-off and optimized PSL were selected for
validation. These choices ensure that the imaging performance remains
comparable to the 20 VS configuration. The spatial distributions of the
selected VS configurations across all tested cases (20, 10, 6, and 4 VSs)
are visualized alongside the deterministic ones in Fig. 6. The solutions
chosen for the midoptFWHM configuration in Fig. 6 — panels (d), (f),
(h), and (j) corresponding to 20, 10, 6, and 4 VS transmissions, respec-
tively — illustrate spatial distributions where one of the VS is placed
along the central axis. As a result, its symmetry VS will be aligned with
it. This central alignment was previously demonstrated in [44], which
showed that positioning one VS at the center is advantageous. However,
in our study, such centering was not necessarily in optimizing PSL
levels, as evidenced by the optimized configurations in Fig. 6 panels

(e), (g), (1), and (k), where the sources are distributed asymmetrically
around the axis. All the selected solutions were evaluated through both
simulation-based and experimental validation and analyzed quantita-
tively using metrics such as FWHM, and contrast ratio (CR) to validate
performance.

3.4. Simulation results

The reconstructed B-mode images for the synthetic phantom, de-
scribed in Section 2-E, are presented in Fig. 7. These images illustrate
the performance of both optimized chosen solutions and determinis-
tic VSs configurations. The FWHM was measured on high-intensity
reflectors, while the CR was computed for anechoic cysts, as defined
by Eq. (10). The quantitative results are summarized using boxplots
in Fig. 8, showing the values of FWHM(a) and CR(b) across differ-
ent imaging regions. The optimized solution for FWHM (optFWHM)
with 20 VSs achieved a median FWHM of 0.5 mm, a 50% reduction
compared to curvilinear and linear deterministic distributions (1.0 mm
and 1.1 mm, respectively). Similar performance was observed for mid-
optimal (midopt) solutions with fewer VSs: 10 VSs achieved a median
FWHM of 0.55 mm (45%-50% reduction), while 6 VSs and 4 VSs
maintained FWHM values of 0.6 mm and 0.65 mm, respectively. The
optimized configurations with fewer VSs outperform deterministic con-
figurations with 20 VSs. Although only FWHM and PSL enter the
multi-objective optimization as cost functions, CR is computed on the
resulting images as an validation metric to assess how the changes
in PSF-based objectives translate into cyst contrast. The optimized
solution for PSL (optPSL) with 20 VSs achieved a median CR of —16 dB,
a 25%-30% improvement over deterministic curvilinear and linear
distributions (—12 dB and —10 dB, respectively) Similar trends were
observed for reduced (optPSL) VS configurations: 10 VSs maintained
a CR of —15 dB, while 6 VSs and 4 VSs achieved —15.5 dB and
—14 dB, respectively. Optimized solutions consistently outperformed
deterministic distributions, even with fewer transmission events.

3.4.1. SNR for deterministic and optimized distributions
In addition to FWHM and CR, we quantified the impact of the differ-
ent virtual source (VS) distributions on the image signal-to-noise ratio
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Fig. 7. B-mode images of the simulated phantom with anechoic cysts and reflectors for(a) 20VS-Lin, (b) 20VS-Curv, (c) 20VS-optFWHM, (d) 20VS-midopt, (e)
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(SNR) using the simulated data. For each VS configuration (determinis-
tic and optimized), RF data were first generated in Field II as described
in Section 2.3. To emulate electronic noise in a physically realistic way,
zero-mean Gaussian noise was added at the receive-channel level before
RX beamforming for each transmit event. Specifically, for transmit
index k and receive channel ¢, the noisy RF signal was modeled as

Fre(®) = 5. () + ny (D), 12)

where s, .(f) denotes the noiseless Field II RF signal and n, .(t) is a
zero-mean white Gaussian noise process, n; (1) ~ N(O, ‘7311)’ inde-
pendent across channels and transmissions. The variance "czh controls
the absolute noise level and was chosen to obtain a moderate SNR
regime comparable to typical experimental conditions; the relative SNR
differences between the various VS distributions were found to be
robust to the specific value of o'czh.

To separate signal and noise contributions, we generated two beam-
formed datasets for each VS configuration. First, the noiseless RF
data s, .(t) were beamformed and coherently compounded over all
VSs using the standard delay-and-sum pipeline, yielding a complex
noiseless beamformed signal ag,(x, z) at each image point (x, z). Second,
the noisy RF data r (1) were processed with the same beamformer,
producing a complex noisy beamformed signal agg i (X, 2)- A complex
noise-only beamformed image was then obtained by subtraction in the
complex domain, before envelope extraction,

anoise(x’ z) = asig+noise(x! z) - asig(x’ 2). 13
The corresponding envelope images were computed as
Lip.2) = |agu®. D). Taoiee: D) = [anoisex. 2. 4

where I, (x, z) represents the signal-only envelope image and 1, (x, 2)
represents the noise-only envelope image. All subsequent SNR cal-
culations were performed on these envelope images in linear scale;
log-compression was used only for visualization of B-mode images.

To estimate SNR, we selected a homogeneous background region-of-
interest (ROI), £2,, located in speckle-only tissue, outside the anechoic
cysts and away from the high-amplitude point reflectors. In practice, £,
was chosen as a rectangular ROI at intermediate depths (e.g., between

40 mm and 50 mm) and within a central lateral range (e.g., between
—10 mm and 10 mm). Let I, (x, z) and Ige(x, 2) for (x, z) € £, denote
the signal-only and noise-only envelope values inside this ROL The
mean signal amplitude in the ROI was computed as

1
Hsie = 157 z Lo(x, 2),

(15)
lQb (x,2)ELy,

and the noise standard deviation was computed from the noise-only
image as

1 2
Opoice = I1°. (x,2z),
noise \/|Qb| -1 5o, nmse( )

where |€,| denotes the number of pixels in the ROI. The image SNR
for a given VS distribution was then defined as

(16

Hi
SNR = i, 17
Ohoise
and expressed in decibels as
g
SNRyp = 2010g10< e > ) (18)
noise

The above procedure was applied identically to simulated configura-
tions (linear and curved deterministic VS distributions, as well as the
different optimized VS layouts), allowing a direct comparison of the
SNR achieved by each transmit strategy. The corresponding results are
presented in Table 2. The optimized VS distributions led to a clear
increase in SNR compared with the deterministic layouts. For the 20 VS
configurations, the SNR improved from SNRy4z = 16.0 dB (20VS-Lin)
and 16.8 dB (20VS-curv) to 18.2 dB (20VS-optFWHM), 18.8 dB (20VS-
midopt), and 19.4 dB (20VS-optPSL), i.e., an SNR gain of approximately
2-3.5 dB.

Even when reducing the number of transmissions, the optimized
layouts still provide higher SNR than the deterministic references; for
example, 10VS-midopt achieves 17.8 dB, which remains above the
20VS-Lin configuration.

3.5. Experimental results

The optimized sequences presenting the most outperforming ones
in comparison with the deterministics (linear and curvilinear) are
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Table 2
SNR values for different virtual source (VS) distributions. SNR is computed in
a homogeneous background ROI (depth 40-50 mm, lateral —10 to 10 mm).

VS distribution SNR (linear) SNR (dB)
20VS-Lin 6.31 16.0
20VS-curv 6.90 16.8
20VS-optFWHM 8.10 18.2
20VS-midopt 8.70 18.8
20VS-optPSL 9.30 19.4
10VS-midopt 7.80 17.8
4VS-midopt 6.50 16.3

then implemented on a Vantage 256 ultrasound research scanner. The
B-mode images of the tissue-mimicking phantom obtained with the de-
terministic distribution are shown in Fig. 9, and with 20 VS optimized
in Fig. 10, and with a reduced number of VSs in Fig. 11, illustrat-
ing the performance of both deterministic and chosen optimized(VSs)
distributions.

The FWHM was measured on the point scatterers, and the CR ratio
was measured on the anechoic cyst located at 45 mm. The numerical
results for FWHM and CR are summarized in a box plot in Fig. 12 and
Table 3, respectively. The optFWHM solution with 20 VSs achieved
a median FWHM of 0.9 mm, representing reductions of 35.7% and
28.6% from the linear (20VS-Lin, 1.4 mm) and curvilinear (20VS-
Curv, 1.26 mm) configurations, respectively. The mid-optimal solution
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Table 3

CR values measured on anechoic cyst located at 45mm
from the phantom images (Fig. 9, 10 and 11) for selected
VSs.

Virtual source distribution CR [dB]
20VS-Lin —-16.66
20VS-Curv -8.1027
20VS-optFWHM -15.21
20VS-midopt -27
20VS-optPSL -26
10VS-midopt -20.3
4VS-midopt -17.35

(20VS-midopt) maintained a median FWHM of 1.0 mm, corresponding
to reductions of 28.6% and 20.6%. Similar trends were observed with
fewer VSs: the 10VS-midopt achieved an FWHM of approximately
0.6 mm (~ 52%), while the 4 VS midopt solutions demonstrated approx-
imately FWHM values of 0.8 mm (36% reduction) and 0.7 mm (44%
improvement over 20VS-Curv), respectively. CR measurements (Table
3) indicate enhanced contrast performance for optimized distributions.
The optPSL solution with 20 VSs achieved a CR of —26 dB, a 60%
improvement over the curvilinear deterministic distribution (-8.1 dB).
The mid-optimal solution (20VS-midopt) reached —27 dB, a 62.5% im-
provement. For reduced VS configurations, the optPSL solution with 10
VSs achieved —20.3 dB (40% improvement), while 4 VS configurations
yielded CR values of —17.9 dB (32.4% improvement), respectively. The
experimental results confirm that the proposed method demonstrates
robust performance on the Verasonics Vantage 256 scanner, closely
aligning with the trends observed in the simulations.

4. Discussion

In this study, a multi-objective optimization approach was intro-
duced with compound mask weights mapped from transmit apodization
in SAI to jointly optimize two PSF-based image-quality metrics in DWI,
namely lateral resolution (quantified by FWHM) and sidelobe-related
contrast (quantified by PSL). Metrics such as the contrast ratio (CR)
on anechoic cysts and the SNR in a homogeneous background were
then evaluated as independent validation measures. . The approach
optimizes the spatial distributions of VSs through genetic algorithms
for the simulation setup described in II-E, using convex array geometry.
In-silico data and in-vitro data evaluations in Section 2 demonstrated
that optimized solutions can produce improved image quality that is
incomparable to deterministic distributions (i.e., linear, curvilinear).
The proposed algorithm was able to produce high-quality images even
with few transmission events (6 VSs, 4 VSs) with an approximately
fourfold acceleration factor. Considering that optimized VSs with 6
and 4 transmissions can achieve comparable and even better image
quality than 20 VSs distributed in a deterministic way, as shown in
Fig. 9, the frame rate can be increased from 550 fps to 1833 and
2750 fps, respectively, for a depth of 70 mm. The ability to maintain
the tradeoff between avgFWHM (resolution) and avgPSL (contrast)
with fewer VSs (e.g., 4-6 VSs) challenges the conventional assumption
that more transmission events are necessary for high-quality imaging.
This suggests that the spatial arrangement of VSs rather than their
sheer number, plays an equivalent role in optimizing beam coherence
and sidelobe suppression. The compound mask’s weights, which have
not been introduced before for unfocalized transmissions using DWs
further enhance this effect by prioritizing contributions from regions
with higher coherence, as observed in Fig. 3. For example, optimized
distributions with 6 VSs achieved a median FWHM of 0.6 mm and
a CR of —15.5 dB, outperforming deterministic distributions with 20
VSs (Fig. 8), effectively eliminating redundant VSs while preserving
essential spatial sampling.

The optimization framework is specifically tailored for convex ar-
ray transducers, which limits its generalizability to other transducer
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Fig. 9. B-mode images of the multi-purpose phantom acquired from the Verasonic scanner for left: 20VS-Lin,right:20VS-Curv.
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Fig. 11. B-mode images of the multi-purpose phantom acquired from the Verasonic scanner for 10VS-midopt, 4VS-midopt.

geometries, such as linear or phased arrays. The simulations conducted
in this study also assume ideal acoustic conditions, neglecting the
presence of noise and other real-world imaging artifacts. A limitation
of the present study is the imposed symmetry of the VS distributions
with respect to the array center. While this choice is well suited to
the symmetric phantoms and imaging geometry considered here and
greatly reduces the computational burden, it does not rule out the
possibility that asymmetric VS configurations could be advantageous
in heterogeneous or anatomically asymmetric scenarios. Extending the

10

proposed optimization framework to without the symmetry constraint,
possibly in combination with region-of-interest targeting, is an inter-
esting direction for future work but of high computational demand.
In clinical settings, factors such as thermal noise, electronic noise, and
acoustic clutter can degrade image quality, particularly in regions with
low signal-to-noise ratio (SNR). The absence of noise in the simulations
may overestimate the performance of the optimized VS distributions,
especially in deep tissue imaging where signal attenuation is signif-
icant. Noise models in the simulation framework could be added to
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images (Fig. 9,10, and 11) for selected VSs.

evaluate the robustness of the optimized distributions under realistic
SNR conditions. Techniques such as coded excitation [45] could be em-
ployed to enhance SNR and mitigate the impact of noise, ensuring that
the optimized VS distributions maintain their performance in clinical
environments. The fitness functions used in the optimization process
focus primarily on resolution (FWHM) and contrast (PSL), without
explicitly considering the homogeneity of the PSF across the imaging
volume. While the compound mask weighting strategy ensures coherent
contributions from individual VS, it does not guarantee uniform PSF
characteristics throughout the field of view (FOV). Additional metrics
into the fitness functions could be added, such as the standard deviation
of PSF intensity or spatial uniformity of sidelobe levels, to ensure more
consistent imaging performance across the entire volume.

The ability to acquire high-quality images at high frame rates
using the proposed multiobjective optimization framework is essential
for a wide range of clinical applications, particularly in shear wave
elastography and Doppler flow imaging, where real-time monitoring
of dynamic physiological processes is critical. In Doppler imaging,
a usable Doppler signal requires repetition of the same transmission
sequence to form an ensemble. When different VSs are used, the
number of distinct DW transmissions in that sequence must remain
limited, because the whole sequence has to be repeated very rapidly
to preserve temporal resolution and frame rate. One possible strategy
is to transmit once with a small set of VSs, coherently compound them,
and then repeat this short sequence to build the Doppler ensemble;
alternatively, a sliding-window approach over a larger set of VSs could
be envisaged. In both cases, the optimized VS distributions proposed
in this work are expected to be beneficial because they improve the
beam pattern and thus the spatial resolution of the compounded im-
ages. Compared with conventional focused strategies, which require
N repeated transmissions on each scan line (and then the same N
repetitions on the next line, and so on), DW imaging insonify the
entire region with each transmission. This provides a continuous series
of temporal samples for all image lines simultaneously, improving
spectral resolution and enabling more precise clutter filtering from a
given acquisition time. While the validation is restricted to controlled
simulation and in-vitro phantom experiments where these scenarios
are well suited to isolate the effects of VS optimization on resolution,
sidelobes, contrast, and SNR, they do not fully capture the complexity
of in vivo imaging (e.g., motion, heterogeneous attenuation, physio-
logical clutter). Confirming the clinical relevance of the optimized VS
distributions will require dedicated in vivo studies in specific diagnostic
settings. The framework also provides a solid foundation for extending
the optimization of virtual source (VS) distributions to 3D imaging,
where the concept of the compound mask has not yet been introduced.
In 3D imaging, the spatial distribution of VSs becomes even more
critical due to the increased complexity of volumetric beamforming
and the need for uniform coverage across a larger imaging volume.
The computational time is acceptable for an offline 2D calibration step

11
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with up to 20 VSs on a standard workstation, the cost would increase
substantially for larger VS sets or for 3D matrix—array configurations,
from a computational standpoint, the main bottleneck of the proposed
framework is the repeated PSF simulation and beamforming required
to evaluate the multi-objective fitness functions within the GA. In
the present 2D convex-array setting, the resulting offline computation
time remains manageable, but extending the approach to significantly
larger VS sets or to full 3D matrix-array imaging would markedly
increase the runtime and memory requirements. In such scenarios,
practical adoption would likely require more efficient implementations,
such as GPU-accelerated beamforming, parallel evaluation of candidate
solutions, or reduced-order parametric models of the VS distributions.
We also emphasize that the optimization is intended as an offline
calibration step, run once per probe and sequence configuration, so that
the real-time imaging chain is not affected by the optimization cost,
even though scalability remains an important consideration for future
3D applications.

5. Conclusion

This study introduced a multiobjective optimization framework for
optimizing virtual source (VS) distributions in Diverging Wave Imaging
(DWI), in which the genetic algorithm explicitly minimizes FWHM and
PSL as the two optimization objectives, achieving significant improve-
ments in image quality. The optimized configurations demonstrated
up to a 50% reduction in FWHM and a 60% improvement in CR,
outperforming deterministic distributions. The gains were preserved
even with fewer VSs, enabling high-frame-rate imaging while main-
taining diagnostic quality. Experimental validation using a Verasonics
Vantage 256 scanner confirmed the framework’s effectiveness, with
optimized solutions consistently achieving superior resolution and con-
trast. The findings underscore the potential of the proposed method
to enhance clinical ultrasound imaging, particularly in applications
requiring real-time monitoring and high frame rates. Future work will
explore extending this framework to 3D imaging scenarios.
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