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Beamforming, the process of reconstructing B-mode images from raw radiofrequency (RF) data, significantly
influences ultrasound image quality. While advanced beamforming methods aim to enhance the traditional Delay
and Sum (DAS) technique, they require access to raw RF data, which is often unavailable to researchers when
using clinical ultrasound scanners. Given that Filtered Delay Multiply and Sum (F-DMAS) is known to provide
superior image quality compared to conventional DAS, this study introduces the idea of employing generative
adversarial networks (GANSs) that transform plane wave DAS images into ones resembling those produced by F-
DMAS. We validated the adversarial approach employing three different architectures (traditional Pix2Pix, Py-
ramidal Pix2Pix and CycleGAN) using full-reference metrics: Root Mean Square Error (RMSE) and Peak Signal-to-
Noise Ratio (PSNR). We further propose employing a texture analysis to validate consistency between the
generated images and target images, using 27 first-order and second-order parameters; contrast enhancement
was evaluated using the Contrast Improvement Index (CII), and clinical relevance was determined through expert
qualitative evaluation. The adversarial methods were also compared with traditional image enhancement
methods, such as contrast limited adaptive histogram equalization (CLAHE) and histogram matching. The image
similarity metrics between all methods were comparable, with the Pyramidal Pix2Pix GAN method showing the
best values compared to traditional techniques and other generative models (PSNR = 18.0 + 0.6 dB, RMSE =
0.126 + 0.008). The texture features proved to be a clear discriminant between traditional methods and
generative models, with values much closer to the target F-DMAS image for the generative models. All employed
methods showed an improved contrast over original PW DAS images. A clinical evaluation was then employed to
assess the contribution of the generated images compared to the original ones and to distinguish which gener-
ative model provided the best qualitative images. The proposed generative adversarial approach proves to be a
viable option for enhancing B-mode ultrasound images when there is no access to raw RF data and demonstrates
how texture features can be employed to validate deep learning generative models.

1. Introduction

Ultrasound is one of the most widely used imaging methods in the
clinical field [1,2]. Because it is non-invasive, inexpensive, and simple to
perform, it is often one of the first examinations for the diagnosis of
many types of pathologies. A critical factor influencing ultrasound’s
diagnostic value is the quality of the acquired images. Ultrasound im-
aging is heavily operator-dependent and multiple elements impact
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ultrasound image quality, including the acquisition method, probe
specifications, display parameters, and presence of noise [3,4]. A key
operator-independent determinant of image quality is the beamforming
algorithm that is employed to reconstruct the image, which converts raw
radiofrequency (RF) signals from the ultrasound probe into final 8-bit B-
mode images.

The conventional Delay and Sum (DAS) beamformer adjusts time
delays before summing signals and is computationally very simple and
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fast. While typically the preferred method for clinical scanners, DAS has
some inherent limitations like lower lateral resolution and contrast
when in presence of side lobes or reverberation noise [5]. This has
motivated research into more advanced beamformers like Filtered Delay
Multiply and Sum (F-DMAS), which applies spatial cross-correlation and
filtering to enhance image features [5]. Other beamforming methods
based on DAS include multiplying the DAS signal with a coherence
factor, such as Coherence Factor (CF) [6], Generalized CF (GCF) [7], and
Phase and Sign CF (PCF and SCF, respectively) [8]. The Minimum
Variance (MV) method dynamically adjusts apodization and steering
weights based on raw data, enhancing image quality but increasing
computational cost and time for weight estimation compared to DAS
[9]. Short-Lag Spatial Coherence (SLSC) beamforming improves image
contrast and reduces speckle by leveraging the spatial coherence of
backscattered signals over short lags [10]. A common denominator
among all beamforming algorithms is the requirement to have access to
the raw RF data.

Today, texture analysis is increasingly used as a quantitative tool to
characterize the effects of image formation processes, independently of
its clinical interpretation [11]. The beamforming algorithm that is
employed to reconstruct the image hence modifies the obtained image in
terms of contrast and resolution, and also in terms of texture. Texture
analysis of B-mode images allows for the extraction of quantitative in-
formation on the distribution of pixels and their intensity [11], and has
been employed in numerous clinical studies for the assessment of
various kinds of tissue, such as muscle [12], liver [13], breast [14], or
pathologies such as cardiac disease [15]. A few recent studies have also
examined how the image formation process and ultrasound settings, like
the dynamic range (dR) value, influence texture parameters [16]. In our
previous study [17], we analyzed the effects of beamforming, dynamic
range value, and selection of the region of interest on texture parameter
analysis in muscular images and phantom images acquired with two
different devices, showing that texture metrics are relatively robust
across a range of dR values and can be used to differentiate images
reconstructed using different beamforming techniques.

In recent years, several deep learning (DL) models have been
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developed for image reconstruction and enhancement due to some key
advantages over traditional beamforming methods [18-22]. These
include both generative models, such as GANs, and more conventional
architectures, such as convolutional or fully connected networks.
Table 1 reports some of the main deep learning models used for ultra-
sound image enhancement and reconstruction found in the literature,
and should not be considered as an exhaustive list. These models
demonstrate significant benefits, particularly in terms of inference
speed, enabling real-time clinical applications, as well as in their ability
to improve image resolution and reduce artifacts. However, a major
limitation of DL models is their dependence on large training datasets,
which are often difficult to obtain and frequently require access to raw
RF data. As a result, many models rely on simulated data, which may
limit their generalizability to real-world clinical images [20]. Overall,
the current works typically either (1) require raw RF data in input for
image reconstruction tasks or (2) use pixel-based input for image
enhancement denoising purposes. A few works, such as [23], attempt
enhancement directly from standard B-mode images using conventional
DL approaches.

This work introduces an innovative application of DL for generating
high-quality ultrasound images by transferring beamforming informa-
tion from pixel-based data, particularly in situations where raw data is
not accessible. While the use of GANSs for style transfer has been explored
in various fields, this work focuses on applying GANs to the enhance-
ment of ultrasound images, specifically by transforming traditional DAS
images into images resembling those produced by F-DMAS. In our pre-
vious work [24], we demonstrated initial results using a GAN for
beamforming domain transfer with a limited dataset. In this study, we
extend this research by refining the GAN architectures, improving
generalizability across different anatomical structures, and providing a
more comprehensive validation of the method using various metrics,
including texture parameters and clinical relevance. The main contri-
butions of this work are listed as follows:

— Development of a generative adversarial approach for ultrasound
image enhancement through beamforming domain transfer,

Table 1
Representative list of the main deep learning approaches for ultrasound image enhancement and reconstruction.
Authors, Task Input type Data type Finding
years
Nair et al. Beamforming Raw data Field II simulated data and test with phantom A DNN model that performs beamforming from raw
[23] images channel data and jointly generates both a B-mode image
and a segmentation map.
He et al. Image quality Low resolution images 3D Transrectal ultrasound images A GAN framework to reconstruct high-resolution
[25] Enhancement ultrasound images
Escobar Image quality Low quality image Cardiac acquisitions UltraGAN for ultrasound image enhancement
et al. [26] Enhancement
Zhou et al. Image quality Low-quality ultrasound Simulated, phantom and in-vivo data (Carotid =~ An advanced two-stage GAN method for enhancing image
[27] Enhancement images scanned by portable and thyroid image) quality in hand-held ultrasound devices
devices
Zhou et al. Image quality Raw data RF signals by scanning the carotid artery, The MC-HGAN method to generate high-quality ultrasound

thyroid and radio-carpal joint of 20 healthy
Simulated, phantom and in-vivo data
In-vivo images: musculoskeletal and carotid
Field II simulated images for training,
phantom and in-vivo images for testing
Open in-vitro and in-vivo data (CUBDL and

In-vivo data (musculoskeletal)

In-vivo data (different tissues)

[28] Enhancement
volunteers.

Khor et al. Image quality Low quality image

[29] Enhancement
Seoni et al. Image quality Plane wave DAS images

[24] Enhancement images
Bosco et al. Image quality Low quality image (SAF)

[30] Enhancement
Cho et al. Beamforming Raw data

[31] PICMUS) [31,32]
Xiao e Yu Beamforming Raw data

[33]
Our GAN Image quality DAS image

approach Enhancement

images that emulate the MV beamforming method.

A novel wavelet-based GAN for real-time speckle noise
reduction in ultrasound images.

GAN to generate B-mode images that emulate focused F-
DMAS images from DAS PW images.

A U-Net-based GAN to enhance contrast in ultrasound
images obtained in a monostatic SA imaging configuration
Deep coherence learning, based on a unsupervised deep
learning approach for high-quality PW imaging

A Beamforming-integrated neural network (BINN) that
embeds DAS as a sparse matrix beamforming layer

GAN model to generate high-quality B-mode images similar
to the focused F-DMAS reconstruction, starting from plane
wave DAS images.

GAN: Generative Adversarial Network, MV: Minimum Variance. DAS: Delay and Sum, F-DMAS: Filtered Daly Multiply and Sum, SAF: Monostatic Synthetic Aperture

Focusing.
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enabling the generation of high-quality B-mode images that mimic
focused mode acquisition and F-DMAS reconstruction from single
plane-wave (PW) DAS B-mode images without requiring access to
raw RF data;

— Investigation and comparison of three different GAN architectures
(traditional Pix2Pix, Pyramidal Pix2Pix and CycleGAN) for ultra-
sound image enhancement, demonstrating their respective strengths
and limitations;

— Comprehensive validation framework combining full-reference
metrics, texture analysis, contrast evaluation, and qualitative
specialist review, revealing how different evaluation approaches
capture distinct aspects of image quality;

— Comparative analysis demonstrating the advantages of generative
approaches over traditional contrast enhancement methods, with
particular focus on texture preservation and clinical applicability.

2. Methods

Our proposed approach introduces a generative adversarial network
approach that performs beamforming domain transfer from PW DAS
images to focused F-DMAS images without requiring access to raw RF
data. Moreover, the proposed approach also optimizes the image dy-
namic range [34], an often-overlooked parameter that is crucial for final
B-mode image generation.

2.1. Dataset

The dataset comprised 980 images obtained from 14 healthy vol-
unteers, following approval of the study protocol by the Local Ethics
Committee (n. 24780/2022, approval issued on 19/07/2022). All ac-
quisitions were carried out in accordance with relevant guidelines and
regulations, including the Declaration of Helsinki. All participants pro-
vided informed consent before data collection. Acquisitions included
five musculoskeletal sites: gastrocnemius lateralis, gastrocnemius
medialis, vastus lateralis, vastus medialis, and biceps. Carotid artery
images were captured in transverse and longitudinal views bilaterally.

For each anatomical site, RF data were collected using both PW and
focused transmitting sequences. Images were acquired using the Vera-
sonics Vantage™ Research Ultrasound System (USA), equipped with an
L11-5v linear array probe consisting of 128 elements. The system
operated at a central frequency of 7.8 MHz, with a sampling frequency of
31 MHz. A 2-cycle sinusoidal burst was employed in transmission. For
the plane wave acquisitions, all 128 elements were employed for both
transmission and reception, considering a single plane-wave with
0° steering. For focused imaging, the focal depth was set to 30 mm for
musculoskeletal tissues and 15 mm for the carotid artery. Thirty-two
elements were employed to focus the beam on transmission, resulting
in a F# equal to 3.1 and 1.6, respectively. All 128 elements were used in
reception. The UltraSound ToolBox was used to beamform the RF data
with DAS for PW images and F-DMAS for focused images [35]. A proper
equivalent sampling frequency compatible with the second harmonics
generation and filtering for the F-DMAS algorithm was considered using
USTB for signal beamforming.

After beamforming, envelope detection was applied to the beam-
formed signals, and images were then log-compressed. Five dynamic
range values (50, 55, 60, 65, and 70 dB) were applied to reconstruct the
final PW DAS B-mode images. An optimized automatic dR was instead
used for focused F-DMAS images [34]. Specifically, the optimal dR is
automatically determined by analyzing the histogram of the beam-
formed log compressed values and calculating a weighted mean of the
values to determine the optimal lower limit (e.g., —50, —55, —60, —65,
—70 dB). The upper limit was always kept equal to 0 dB. This automatic
adjustment allows for more effective utilization of the available intensity
range, improving the image quality and ensuring better visualization.
This experimental design enables our model to learn both beamforming
domain transfer and dynamic range optimization simultaneously. The

Ultrasonics 156 (2025) 107749

image dB values were then thresholded considering the selected dR, in
the range [-dR; O dB] (i.e. all values lower than —dR were set equal to
—dR), and were then converted in the range 0-255 to obtain a 8-bit gray
level image. The images were interpolated to have a pixel size of 0.055
mm in both axial and lateral directions, ensuring that the final pixel
dimensions were consistent with those obtained with common clinical
scanners. Specifically, musculoskeletal images were resized to 890 x
692 pixels (50 x 38 mm) and vascular images to 527 x 692 pixels (30 x
38 mm). Finally, all images were automatically cropped to a standard-
ized size of 512 x 512 pixels. Fig. 1 shows examples of carotid and
musculoskeletal images. The proposed model was trained on 840 ul-
trasound images and tested on 140 separate images (50 % from female
patients). To create non-overlapping training and test sets, we parti-
tioned the data at the patient level to prevent potential bias between
different sets (Table 2).

2.2. Generative models

We investigated three different GAN architectures: traditional
Pix2Pix, CycleGAN, and Pyramidal Pix2Pix. The Pix2Pix and Pyramidal
Pix2Pix models were trained using paired PW DAS and focused F-DMAS
images, as these architectures require one-to-one image correspon-
dences. In contrast, CycleGAN was implemented for its ability to
perform unpaired image translation between the DAS and F-DMAS
domains.

2.2.1. Traditional Pix2Pix GAN

The traditional Pix2Pix architecture employs a conditional GAN
framework for paired image-to-image translation [36]. The generator
uses a U-Net architecture, while the discriminator follows a PatchGAN
design that classifies NxN image patches as real or fake. The objective
function for Pix2Pix combines an adversarial loss with an L1 distance
loss:

Lyixopix(G,D) = Lgan(G,D) + AL1(G) (€8]

where Lgay represents the adversarial loss and L1(G) represents the L1
distance between the generated image G(x) and the target image y,
calculated as:

L1(G) = Exy[”.y - G(X)HJ 2

Here, x is the input PW DAS image, y is the corresponding target focused
F-DMAS image, and || - ||; denotes the L1 norm.

2.2.2. CycleGAN

CycleGAN enables unpaired image translation through cycle con-
sistency [37]. It employs two generator-discriminator pairs (G, Dy) and
(F, Dx) to learn mappings G: X — Y and F: Y — X between DAS (X) and F-
DMAS (Y) domains. The objective combines adversarial and cycle con-
sistency losses:

Lcycle (G1F7 DX.DY) = LGAN(GvDY) +LGAN(F7 DX) + Acycle (Lcycle(G-,F)) (3)
where:

Lean(G, Dy) = Ey[logDy(y)] + Ex[log(1 — Dy(G(x)))]
Lean(F, Dx) = Ex[logDx(x)] + E,[log(1 — Dx(F(y)))]

Leyete (G, F) = Ex[|[F(G(x)) — x|l ] + By [| G(F(y)) — ¥l C))
L_cycle enforces F(G(x)) ~ x and G(F(y)) =~ y for cycle consistency.

2.2.3. Pyramidal Pix2Pix GAN

The Pyramidal Pix2Pix architecture leverages a multi-resolution
design for enhanced image generation [38]. The generator uses an
Attention-UNet architecture with self-attention mechanisms to capture
long-range dependencies and better preserve global image structure.
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Gastrocnemius medialis

Carotid artery
55 dB

PW DAS

Focused F-DMAS

Fig. 1. Examples of carotid and musculoskeletal ultrasound images. The first
row presents DAS PW images with two exemplary dynamic range values of 55
dB and 65 dB, while the second row displays the corresponding focused images
reconstructed using the F-DMAS method, with the dynamic range (dR) auto-
matically estimated.

Table 2
Dimension of the training and test set.
Training set Test set

Carotid images 240 40
Longitudinal Carotid 120 20
Transversal Carotid 120 20
Musculoskeletal Images 600 100
Vastus lateralis 120 20
Vastus medialis 120 20
Gastrocnemius lateralis 120 20
Gastrocnemius medialis 120 20
Biceps 120 20
Total 840 140

Unlike the original implementation that uses three downsampling steps,
we modified the architecture to use a single downsampling step, which
proved more effective for ultrasound images.

The generator produces multi-resolution outputs, maintaining both
fine details and overall characteristics (Fig. 2). The discriminator em-
ploys a patch-based approach, particularly effective for texture-based
ultrasound images. The loss function incorporates three components:

An adversarial loss to align the distributions of real and generated
images;

A full-resolution L1 pixel loss, weighted by 25, to ensure pixel-level
accuracy;

An L2 representation matching loss weighted by 25 to match
discriminator features, promoting perceptual similarity.

The overall objective function of Pyramidal GAN is defined as:
prr(G, D) = LGAI\J(G7 D) + ﬂ]Ll (G) + /12L2 (G) (5)
where:

Loan(G, D) = E,[logD(y) | + Ex[log(1 — D(G(x) ) )]
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L1(G) = Ejxyy [y — G(0)|I1]

L2(G) = Eeyy[[|Dpear(¥) — Dpear(G()) 3] Q)]

Lgan is the adversarial loss, L, is the pixel-wise loss, and L is the feature
matching loss. The A terms are the respective weighting factors. This
multi-scale adversarial training framework, combined with our custom
loss function, facilitates the synthesis of highly realistic ultrasound im-
ages that closely mimic the characteristics of F-DMAS beamforming.

2.2.4. Training details

All models were trained for 200 epochs with alternating generator
and discriminator updates. The input size was set to 512x512 pixel and
generator weights were saved every 10 epochs, using instance normal-
ization. The best epoch was chosen based on the loss value. The model
was trained on a workstation equipped with an Intel Core i9-14900KF
CPU, 128 GB of RAM, and an NVIDIA RTX A6000 GPU. The inference
time (i.e. the time required to generate the synthetic image from the PW
DAS image) is approximately 30 ms.

2.3. Validation

To comprehensively validate the proposed GAN approach, we
employed four complementary analysis techniques: 1) full-reference
similarity metrics (PSNR and RMSE) to assess pixel-wise fidelity to the
F-DMAS images; 2) texture feature analysis to quantitatively compare
structural characteristics between generated and reference images; 3)
contrast improvement index calculations to measure enhancement, and
4) qualitative specialist evaluation of image quality. These methods
aimed to demonstrate the generative model’s ability to emulate the
texture, contrast, and visual quality of F-DMAS beamforming outputs
starting from basic PW DAS images.

Since the proposed method is designed to perform a beamforming
domain transfer, we selected F-DMAS as the target image domain due to
its well-established capability to enhance both lateral resolution and
contrast. However, F-DMAS inherently requires access to RF data, which
is often unavailable with commercial clinical scanners. The GAN-based
approach aims to bridge this gap by learning a transformation that
mimics F-DMAS image quality directly from reconstructed pixel-based
B-mode images, without requiring raw RF signals.

To ensure that the adversarial learning approach provides a distinct
advantage to traditional contrast enhancement methods, we quantita-
tively compared the GAN results with two traditional contrast
enhancement methods: the contrast limited adaptive histogram equal-
ization (CLAHE) [39] which does not require a target image, and a
simple histogram matching technique, using the PW DAS image in input
and the F-DMAS optimized image as the target histogram [40].

The three quantitative validation methods that are described in the
following three sections were hence employed for all six analyzed
methods and are herein referred to with the acronym in parenthesis: the
initial PW DAS image (DAS), the CLAHE-enhanced DAS image (CLAHE),
the histogram-matched DAS image (HM), the standard Pix2Pix GAN
output image (Pix2Pix), the CycleGAN output image (Cycle), and the
Pyramidal GAN output image (Pyramidal).

2.3.1. Full reference metrics for image similarity

We computed two full-reference metrics, i.e. the root mean square
error (RMSE) [41] and peak signal-to-noise ratio (PSNR)[42], to quan-
titatively assess pixel-level similarity between the generated images and
the target image. Lower RMSE values indicate a smaller average dif-
ference from the reference image, while higher PSNR values reflect
higher image similarity in terms of reconstruction fidelity. In this work,
the reference image is always the F-DMAS output, and these two metrics
were calculated for all six methods under comparison. To account for the
scale invariance of ultrasound images, we also report RMSE values
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Fig. 2. Pyramid Pixel2Pixel model used to generate focused F-DMAS images from PW DAS images. G: Generator network (Attention-UNet); D: Discriminator

network (PatchGAN).

computed after normalizing each image by its mean intensity. This
highlights structural differences independently of overall brightness.

2.3.2. Texture features analysis

Texture analysis is valuable in image processing and analysis as it
allows for the quantification and characterization of fine spatial details
[12]. In this study, texture features were extracted to quantitatively
compare the structural similarity between the reference focused F-
DMAS images and those generated by the six methods, providing an
objective metric for evaluating image-to-image translation performance.
Specifically, similarity was assessed by computing the average absolute
relative error between the texture parameters of each generated image
and the corresponding F-DMAS reference. The absolute relative error is
defined as:

Lfeamrei — feature;

Errory = |-~ I
rror; Feature, 4

where the subscript i refers to one of the six analyzed methods and j to
the reference image. Comparing these errors allows verification of how
closely the texture parameters of the output images match those of the F-
DMAS references. Statistical significance of differences was evaluated
using the Mann-Whitney test.

The selected texture features are widely used in clinical radiomics
and have been validated for analyzing various ultrasound tissues,
providing reliable insights into structural and spatial image properties
[11]. Utilizing these features, we aimed to quantify the degree to which
GAN-generated images replicate the texture characteristics of the F-
DMAS reference.

Texture parameters were estimated in four randomly positioned
Regions of Interest (ROIs) with different shapes and dimensions. After
initial random positioning within the image, the ROIs were fixed for
texture parameter computation across all images. Fig. 3 shows an
example of texture feature extraction in the DAS, F-DMAS, and Pyra-
midal GAN images. 27 texture features were estimated using an open-
source Python package (Pyradiomics) [43]. First-order features,
second-order Haralick features based on the gray level co-occurrence

matrix (GLCM) [44], and second-order Galloway features based on the
gray level run length matrix (GLRLM) [45] were computed in the four
ROIs. To summarize the results, the texture features computed across the
four ROIs were averaged. Statistical analyses were performed to assess
whether the error values for texture parameters showed statistically
significant differences. For each texture parameter, we compared the
error between the method under analysis and F-DMAS, as well as the
error between DAS and F-DMAS. Given that the data did not follow a
normal distribution, the Wilcoxon signed-rank test was employed for
paired samples to evaluate differences in error values.

2.3.3. Contrast improvement index (CII)

To evaluate the contrast enhancement in the generated images, we
computed the contrast improvement index (CII). This metric was
computed using the input DAS image as the baseline and it hence
measures the contrast improvement that is obtained with the analyzed
method. The CII metric was preferred over other contrast metrics as it
does not require defining one or two ROIs (i.e., defining the target ROI
and background ROI), which are instead necessary for the contrast-to-
noise ratio and generalized contrast-to-noise-ratio computation [46].
In addition, to better reflect the objective of simulating F-DMAS re-
constructions, we also computed the CII using F-DMAS as the reference.

2.3.4. Visual assessment

Clinical specialists’ assessment of image quality provides qualitative
insights that complement the quantitative metrics used in this study.
This evaluation consisted of two key aspects. First, the clinical utility of
the generated images was assessed in comparison to the DAS image to
determine whether one generative model consistently produced supe-
rior images compared to the others. A specialist operator evaluated 28
images generated by the three GAN models for the two subjects in the
test set, alongside the original DAS image. The overall contribution of
the generated images relative to the DAS image was assessed and cate-
gorized as ‘Positive’ if the GAN-enhanced image offered clear clinical
value over the DAS image, ‘Neutral’ if no additional benefit was
observed, and ‘Negative’ if the quality of the generated image was
deemed worse than the DAS image. Furthermore, the GAN-generated
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Fig. 3. Pipeline for texture feature similarity quantification. Four Regions of
Interest (ROIs) are positioned within the image for estimating texture features.
The Absolute Relative Error is computed between the texture features estimated
on the analyzed image (i.e., DAS and Pyramidal GAN in this figure), and those
estimated on the reference F-DMAS image.

images were ranked from best to worst, with the best image receiving a
score of 1 and the worst a score of 3. The mean score and its standard
deviation for each GAN model was then computed to assess the relative
performance of each model in terms of qualitative image quality.
Finally, to further assess perceptual similarity to the target reference, the
expert was also asked to evaluate 42 test images containing the DAS, F-
DMAS, and the three GAN-generated versions, ranking them from best to
worst in terms of overall image quality.

3. Results

Fig. 4 shows an example of the GANs-generated musculoskeletal
images compared to DAS, F-DMAS, and the two analyzed traditional
image enhancement methods. To compare an estimation of the obtain-
able lateral resolution with the different methods, the intensity profiles

DAS F-DMAS

Cycle
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crossing a fascicle within the muscle were drawn and normalized by the
maximum intensity. Subsequently, the Full Width Half Maximum
(FWHM) was computed, which is commonly employed for resolution
analysis. The plane wave DAS image showed a FWHM equal to 37 pixels,
or 2.04 mm, whereas the F-DMAS FWHM was equal to 22 pixels, or 1.21
mm. The results obtained using GAN-based methods vary: both Cycle-
GAN and Pix2Pix yielded FWHM values comparable to that of F-DMAS,
measuring 1.16 mm and 1.38 mm, respectively. In contrast, the Pyra-
midal method produced a higher FWHM of 2.92 mm. Traditional tech-
niques fell in between, with CLAHE achieving a FWHM of 2.26 mm and
HM reaching 1.98 mm. Quantitative results for all methods are sum-
marized in Table 3, which includes RMSE, PSNR, and absolute relative
errors on texture features, using F-DMAS as the reference. The Contrast
Improvement Index (CII) values are computed with respect to both DAS
and F-DMAS. When using DAS as the reference, CII quantifies the
contrast enhancement introduced by each method relative to the orig-
inal DAS reconstruction. When F-DMAS is used as the reference, CII
highlights the degree of similarity in contrast achieved by each method
relative to the contrast provided by F-DMAS.

3.1. Full reference metrics for image similarity

Table 3 reports the RMSE and PSNR values comparing the six
analyzed methods (i.e., DAS, CLAHE, HM, Pix2Pix, Cycle, and Pyrami-
dal) with the F-DMAS reference. The Pyramidal GAN method demon-
strates the best performance, achieving the lowest RMSE (0.126 + 0.008
without normalization, 0.129 + 0.007 with normalization) and the
highest PSNR (18.0 + 0.6 dB), indicating high image similarity and
quality. The other two generative adversarial methods and the tradi-
tional methods show similar performance. Among traditional methods,
the histogram-matching (HM) approach showed a good performance,
with an RMSE of 0.131 + 0.010 (unchanged by normalization) and a
PSNR of 17.7 + 0.7 dB, outperforming CLAHE, which had the highest
RMSE (0.171 4 0.029 without normalization, 0.137 £ 0.009 with
normalization) and the lowest PSNR (15.5 + 1.4 dB), indicating
CLAHE'’s limited similarity to the target F-DMAS image. In terms of
GAN-based methods, the Pix2Pix and Cycle methods produced results
comparable to the histogram-matching approach, with PSNR values of

Intensity profile
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Fig. 4. Examples of a musculoskeletal image highlighting the intensity profile of a fascicle within the muscle. The first row shows the plane wave DAS image along
with the F-DMAS image and the output Cycle GAN image. The bottom row shows the other two generative methods (Pix2Pix and Pyramidal) along with the
traditional CLAHE and HM methods. The intensity profiles represent the computation of the full width half maximum (FWHM) for each method, which are rep-
resented as follows: DAS (blue), F-DMAS (green), Cycle (orange), CLAHE (magenta), HM (cyan), Pix2Pix (yellow), and Pyramidal (red). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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17.6 + 0.5dB, 17.7 £+ 0.5, and 17.7 + 0.7 dB, respectively.

3.2. Absolute relative error — Texture analysis

Table 3 presents the absolute relative errors of the texture features
relative to the focused F-DMAS image, averaged across the four ROIs.
The comparison provides an overall view of how each method performs
in terms of texture similarity with the target reference image (i.e., F-
DMAS).

The absolute relative errors for texture features indicate that the
generative adversarial approaches significantly outperform the original
DAS and also the traditional image enhancement methods. Indeed,
considering the texture feature validation approach, the Cycle GAN
consistently performs the best, when employing both first-order and
second-order texture features (0.391 + 3.428, 0.076 4+ 0.103, and 0.097
+ 0.125 for the first-order, Haralick and Galloway features respec-
tively). Overall, the absolute relative errors are systematically lower
when comparing generative models (i.e., Pyramidal, Pix2Pix, and Cycle)
with traditional contrast-enhancement methods (i.e., CLAHE, HM),
underlining how the traditional methods do not transfer texture infor-
mation as well as the generative models.

When we compared the Errorpyramidal.rpmas, Errorcycle-rpmas, Error-
pix2Pix-FDMAs With the Errorpasrpmas, all texture parameters showed
statistically significant differences (p-value < 0.05), except for the dif-
ference variance (Haralick parameter) for the Pyramidal , and the
maximum correlation coefficient (Haralick parameter) for the Cycle and
Pix2Pix GANs. All Galloway parameters exhibited statistically signifi-
cant differences. This finding indicates that the texture of the image
generated by the three GANSs closely emulates the texture of the target F-
DMAS image.

3.3. Contrast improvement index (CII) estimation

The CII values for the test set when using the PW DAS image for the
reference are reported in the last column of Table 3. The CII values of all
methods are higher than 1, indicating an improvement in contrast in the
generated image. The Pix2Pix GAN presents the best values among the
generative models, equal to 1.297 + 0.340. As expected, the histogram-
matched DAS images and those enhanced with CLAHE also present a CII
value (Cllgvpas = 1.294 + 0.468, Cligiapg = 1.113 + 0.067) compa-
rable to the CII values of the generative models. The comparable per-
formance without statistically significant differences among all methods
indicates that both traditional and generative approaches effectively
enhance image contrast, though generative models offer the additional
advantage of texture preservation, as demonstrated by the texture

Table 3
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analysis results. Using the F-DMAS image as the reference, the Pix2Pix
(0.968 + 0.054) and CycleGAN (0.963 + 0.070) models exhibited the
highest CII values with the lowest variability, suggesting that these
models are not only effective in enhancing image contrast, but also in
closely replicating the contrast distribution of the F-DMAS
reconstructions.

3.4. Visual assessment

Using the employed image quality metrics, a quantitative difference
between the generative models was difficult to observe, making a visual
qualitative assessment necessary to further compare the methods. The
clinical evaluation consisted of comparing paired images from the test
set, which included both the DAS image and the GAN images (Pyrami-
dal, Cycle, and Pix2Pix). The expert clinical evaluation aimed to assess
the overall contribution of the GAN-generated images compared to the
DAS image. Initially, the comparison among the three GAN models
revealed that all three models offered advantages and improvements
over the original DAS image. However, the clinical evaluation also
indicated that the generated images were often very similar to each
other and did not exhibit significant differences from a clinical
perspective. In cases where the three GAN models produced nearly
identical images, the expert assigned a score of 1 (indicating the best
quality) to all three models. This outcome was observed in 18 out of 28
images evaluated. Among the remaining 10 images, the Pyramidal GAN
was most frequently identified as producing the best image, receiving a
score of 1 in 5 out of these 10 cases. The remaining 5 images had a more
balanced distribution of scores across the three models.

Fig. 5 provides an example of carotid and musculoskeletal images
generated using the three GAN models and the DAS method, along with
the mean scores derived from the qualitative analysis. The figure pre-
sents the ranking of the images, with the mean for each GAN model
shown in comparison to the DAS image.

In addition to this comparative ranking among GANs and DAS, a
further evaluation was conducted to assess how closely the GAN-
generated images resemble the F-DMAS target. The expert clinician
reviewed 42 test set images that included the DAS (standard 60 dB dy-
namic range), F-DMAS, and the three GAN-generated outputs, and
ranked them from best to worst in terms of perceived image quality. In
78% of the cases, the expert assigned the top score to all GAN and F-
DMAS images equally, reporting no discernible difference between
them. For the remaining 22% of cases, only one image saw a GAN output
ranked above F-DMAS, while in all other instances F-DMAS was
preferred. Notably, in these latter cases, the Pyramidal GAN was always
ranked immediately after F-DMAS. DAS images were consistently

RMSE, PSNR, and Absolute relative error of all texture features and CII values (mean =+ standard deviation). Full reference metrics and the Absolute relative errors are
computed considering F-DMAS as the reference image. CII values are computed using input = DAS and F-DMAS, output = F-DMAS, CLAHE, HM, Pix2Pix, CycleGAN and

Pyramidal. The best values are reported in bold.

Method Full reference metrics Absolute relative errors of all texture features Contrast metric
RMSE | PSNR (dB)t First order | Haralick | Galloway | CII 1 (vs CII 1
F-DMAS) (vs DAS)

DAS w/ N 0.130 + 0.009 16.0 + 1.6 1.023 + 10.798 0.237 + 0.392 0.765 + 6.034 0.815 + 0.249 -
w/o N 0.161 + 0.031

F-DMAS - - - - - 1.343 + 0.402

CLAHE w/ N 0.137 £+ 0.009 155+ 1.4 0.917 + 9.226 0.189 + 0.342 0.472 + 4.286 0.892 + 0.222 1.113 £+ 0.067
w/o N 0.171 + 0.029

HM w/N 0.131 + 0.010 17.7 £ 0.7 1.913 + 26.101 0.201 + 0.381 0.788 + 6.714 0.873 + 0.102 1.294 + 0.468
w/o N 0.131 £+ 0.010

Pix2Pix GAN w/ N 0.129 + 0.008 17.6 + 0.5 0.568 + 5.432 0.087 +0.114 0.099 + 0.151 0.968 + 0.054 1.297 + 0.340
w/o N 0.131 + 0.008

Cycle GAN w/ N 0.129 + 0.007 17.7 £ 0.5 0.391 + 3.428 0.076 + 0.103 0.097 + 0.125 0.963 + 0.070 1.292 + 0.341
w/o N 0.131 + 0.007

Pyramidal GAN w/ N 0.129 + 0.007 18.0 + 0.6 0.582 + 5.347 0.108 + 0.097 0.121 + 0.135 0.862 + 0.057 1.156 + 0.349
w/o N 0.126 + 0.008

w/ N and w/o N represent with and without normalization respectively.
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ranked as the lowest in quality. These results support the ability of the
GAN-based methods to generate images that perceptually mimic the
quality and structure of the F-DMAS reconstructions.

Considering that the Pyramidal GAN is most frequently identified as
producing the best images, a final evaluation of the robustness of the
generated images among different dR values is performed. The first row
of Fig. 6 presents a subset of input PW DAS images of the test set ob-
tained using different dR values. The bottom row shows the images
generated by Pyramidal GAN model, which were produced by using the
corresponding PW DAS images as input. The computed CII values for
each image are also shown. As the dR increases, the CII values also in-
crease, particularly peaking at dR = 70 dB. This trend is explained by the
inverse relationship between dR and perceived contrast in DAS images:
higher dR values result in DAS images with visually reduced contrast
between tissue structures. Consequently, when the GAN generates
enhanced images from these higher dR inputs, the relative contrast
improvement (measured by CII) becomes more pronounced. Notably,
the GAN-generated images remain visually consistent across the
different dR values, demonstrating the stability and robustness of the
model. This consistency indicates that the GAN effectively adapts to
different input characteristics while maintaining similar output quality.
The results reflect the model’s ability to generalize and maintain high-
quality outputs even with varying input dynamic ranges.

4. Discussion

In this study, we proposed an innovative approach for ultrasound
image enhancement through beamforming domain transfer from PW
DAS to focused F-DMAS images. The generative models overcome the
main limitation of alternative beamforming methods by mimicking F-
DMAS beamforming without the need for accessing raw RF data. One of
the key features of the GAN models is its ability to generate focused-
mode ultrasound B-mode images from PW images while simulta-
neously optimizing dynamic range values for each image type [34]. In
this study, we focus on the domain transfer from single plane wave to
focused wave transmission as a case study, but it is important to un-
derline that there is no inherent limitation to the proposed approach,
which could be generalized to cover other transmission modalities. The
GANs demonstrate the ability to generalize image generation across the
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different considered anatomical structures, which are muscular and
vascular districts. Moreover, this approach provides an opportunity to
overcome the limitation of lacking access to raw RF data in typical
clinical ultrasound systems, offering a practical and computationally
efficient solution for enhancing image contrast and texture, as demon-
strated by the qualitative analysis and CII results. The low computa-
tional cost of the GANs makes this method suitable for potential clinical
applications, providing clinicians with enhanced image quality to sup-
port diagnosis without requiring significant changes to existing ultra-
sound hardware.

The GAN models demonstrate superior image quality and texture
preservation, closely aligning with the F-DMAS gold standard across
multiple evaluation metrics. As shown in Table 3, the Pyramidal GAN
achieves the lowest RMSE (0.126 + 0.006) and the highest PSNR (18.0
+ 0.6 dB), outperforming all other methods, including traditional
techniques like CLAHE and HM, as well as the other generative models
like Pix2Pix and Cycle, but the differences are not statistically signifi-
cant. The use of different dynamic range values for the input DAS images
may present a bias in the computed RMSE values, specifically for the
DAS and conventional image enhancement methods (i.e., CLAHE and
HM). Further tests were hence done to compensate for amplitude offsets
by removing the mean value from the 8-bit images and recalculating the
RMSE values. As expected, this normalization reduces all RMSE values
(from 0.161 =+ 0.031 to 0.130 =+ 0.009 for DAS; from 0.131 + 0.007 to
0.129 + 0.007 for the Cycle GAN), but the relative performance ranking
remains essentially unchanged. This indicates that our conclusions are
robust to amplitude variations inherent in ultrasound imaging and again
underlines how the RMSE parameter was not relevant for distinguishing
between the considered approaches. Moreover, it is important to un-
derline that it is not to be expected that the original DAS and the CLAHE
and HM methods present lower RMSE values, as the images are indeed
reconstructed using different methods. Still, they presented similar re-
sults, underlining also a key limitation of RMSE as a standalone metric in
medical imaging. As recent studies have shown, standard full-reference
metrics often fail to capture perceptually or diagnostically relevant
differences [47]. For this reason, we interpret RMSE alongside visual
inspection, texture-based metrics, and other task-specific evaluations.

We therefore further validated the GAN model through contrast and
texture analyses. The CII contrast analysis shows that the GAN images

Pix2Pix GAN

Pyramidal GAN

Fig. 5. Example of carotid and musculoskeletal images generated using the three GAN models (Pyramidal, Cycle, and Pix2Pix), F-DMAS and the DAS method. For
each image pair, the corresponding qualitative clinical score is shown. The scores represent the ranking of the GAN-generated images, with 1 being the highest score,
indicating the best quality, and 3 being the lowest. The mean scores for each GAN model are calculated from the clinical evaluation with the standard deviation

shown in parentheses.



S. Seoni et al.

Ultrasonics 156 (2025) 107749

Fig. 6. PW DAS images with different dR values alongside the corresponding Pyramidal GAN-generated image and CII values (test set). The figure shows the same
DAS and GAN images generated with varying dR values (from 50 to 70 dB in increments of 5). For each image pair (DAS and GAN), the corresponding CII value

is provided.

improve contrast over the DAS image in both training and test sets. The
Pix2Pix GAN’s contrast enhancement, with an average CII of 1.297 +
0.340, closely matches the F-DMAS CII of 1.343 + 0.402. This indicates
that this GAN effectively emulates F-DMAS contrast enhancement using
PW DAS images in input. Still, the values are similar among all consid-
ered methods, both generative and traditional, and no statistically sig-
nificant differences were observed. As shown in Fig. 2, even at the lowest
dR value of 50 dB, the CII remains above 1, showcasing the consistent
contrast enhancement achieved and the ability to generate images with
enhanced contrast across various dR values. While traditional methods
like histogram matching and CLAHE also showed a marked contrast
improvement (Cllyy = 1.294 + 0.468, Cllcpagg = 1.113 £ 0.067), they
fell short in texture analysis. The absolute relative error of these methods
for the first-order and second-order texture features were consistently
more similar to those of DAS and higher than those of the generative
models (Table 3). As can be noted from Table 3, the absolute relative
error of the first-order texture features present high standard deviation
values. This is mainly due to two things: (1) one of the considered first-
order texture features (i.e., skewness) can present negative values
making the crossing zero from negative to positive potentially increase
the error magnitude, and (2) a small or negative denominator (i.e., the
reference value), which again amplifies the relative error and can pro-
duce values greater than one. Moreover, it can also be observed that a
similar situation of high standard deviation values is present for the
second-order Galloway features, but only for the DAS, CLAHE and HM
methods. Investigating this further demonstrated that some images
presented texture parameter values (i.e., Long Run Emphasis and Run
Variance) that were abnormally high, resulting in large absolute relative
error values. This was due mainly to a low dynamic range value (i.e., 50
dB or 55 dB) which presented in some of the considered ROIs a large
hypoechoic or isoechoic region which contributed in increasing the long
run emphasis and run variance parameters. This was not observed in any
of the GAN-produced images. The texture parameter validation analysis
demonstrates that, while histogram matching and adaptive contrast
enhancement methods indeed enhance contrast, they fail to replicate F-
DMAS texture features accurately, as expected. Texture parameters were
used here as quantitative metrics to evaluate image similarity between
generated and reference images, rather than as direct indicators of
containing clinically relevant information. Indeed, our hypothesis is that
the F-DMAS image could potentially provide new insight when
compared to DAS, but more specifically focused studies are required to
evaluate the clinical relevance of the F-DMAS texture, which is out of

scope of this present study. It is also important to underline that histo-
gram matching on the target image is not implementable in real infer-
ence settings (e.g. when the target F-DMAS image is not available). On
the other hand, the GAN images closely match the F-DMAS texture while
also providing enhanced contrast, and this is implementable in real
inference settings. For this validation analysis, the Cycle GAN consis-
tently produced the best results. These findings are in line with our
previous study [17], which highlighted how beamforming methods do
influence the ultrasound B-mode texture, which could prove to be
crucial in pathology classification; still, further studies are needed to
accurately assess these potential differences. Our findings hence un-
derline how, if RF raw data are not available, a generative deep learning
model is necessary to effectively transfer texture information and not
just enhance contrast or reduce noise.

The clinician’s qualitative analysis shows that the images generated
by the GANSs lead to an overall improvement in clinical assessment. The
GAN models provide superior resolution and detail compared to DAS
images, particularly for muscular tissues, which enhances clinical visual
analysis. Meanwhile, the vascular images provide a better definition of
the vessel and its structure. Furthermore, the GAN models specifically
improve the dynamic range of DAS images, optimizing clinical evalua-
tion, particularly for vascular images, by generating images with an
optimized dR value from any range of 50-70 dB for the input PW DAS
image. Additionally, the clinical evaluation revealed no substantial
differences among the images generated by the three GANs, as they were
often very similar and showed no clinically significant differences.

One potential application of the proposed model is enhancing images
acquired in ultrafast (UF) mode. Indeed, in UF ultrasound mode, where
PW DAS imaging is commonly used for image acquisition due to its
computational and time efficiency, the adversarial methods facilitate
the transformation of low-quality UF images into high-quality ones.
These generated images closely mimic the texture of focused F-DMAS
images while enhancing contrast, which could facilitate fascicle tracking
[481.

Despite the promising results, our approach is not without limita-
tions. Although the GAN-based approach does not require raw RF data
and operates on pixel-based images, it loses phase information, making
it less suitable for ultrafast applications needing precise motion tracking
or blood flow detection. Indeed, while methods based on RF data
analysis provide precise control over beamforming and theoretical
guarantees for contrast enhancement and speckle reduction, GAN-based
methods approximate these improvements through training on example
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data. This introduces some trade-offs, such as potential biases from the
training dataset and limited generalization to underrepresented imaging
scenarios. However, the GAN approach offers a practical and effective
solution for improving image quality in scenarios where access to raw
data is not feasible. Future studies could also explore the generalization
of image generation across a wider range of anatomical regions,
expanding the dataset and the scope of this method. Additionally, while
the choice of pixel dimensions used in this study is consistent with
common clinical practices, we acknowledge that pixel dimensions can
significantly impact the texture and quality of the generated images. As
such, the generalizability of our results across different resolutions re-
mains to be fully explored, and future work should assess how variations
may influence the performance of the model, particularly concerning
texture representation and overall image quality. Moreover, future
research might investigate the generation of ultrasound images similar
to those produced by image acquisition methods, such as PW com-
pounding, which offer improved contrast and resolution but still suffer
from longer acquisition times than single PW imaging. Future studies
could also explore how the GAN approach can be generalized to other
beamforming methods to validate its broader applicability in clinical
settings. Given the importance of Explainable Artificial Intelligence
(XAI) and Uncertainty Quantification (UQ) techniques in enhancing the
robustness of Al models [49,50], further investigations could also
explore the application of these techniques within the realm of image
reconstruction. Moreover, the proposed model can be used in post-
processing mode, allowing for the improvement of image quality after
acquisition. This approach can improve automatic analysis algorithms,
especially for musculoskeletal images, where enhancing image quality is
crucial for better quantitative analysis of tendon abnormalities [51] and
for assessing muscle mass and structure changes in patients with steroid
myopathy [52].
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