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Abstract
Ultrasound (US) imaging is valued for its safety, affordability, and accessibility, but its low spatial resolution and operator depend-
ence limit its diagnostic capabilities. Tomographic imaging modalities like computed tomography (CT) and magnetic resonance 
imaging (MRI) offer high-resolution 3D visualization but are cost-prohibitive and complex. Ultrasound-based tomographic imag-
ing aims to combine the advantages of both modalities, potentially democratizing access to advanced imaging. A scoping review 
was conducted following PRISMA-SR guidelines. Articles were identified through searches in PubMed MEDLINE, Embase, 
Scopus, and arXiv from inception to July 2025. Eligibility criteria included full-text original studies focused on ultrasound-based 
tomographic imaging generation or reconstruction methods. Out of 8256 identified articles, 86 met the inclusion criteria. Studies 
examined four imaging modalities: photoacoustic tomography (36%), ultrasound computed tomography (36%), 3D reconstruction 
(20%), and synthetic imaging (7%). Deep learning algorithms (67%) were the most common, followed by iterative reconstruction 
algorithms (9%), and other methods. The breast (17%), brain (16%), and blood vessels (14%) were the most studied anatomical 
regions. This review highlights advancements in ultrasound-based tomographic imaging, driven by deep learning innovations. 
Despite progress, the field is still in its infancy, and challenges remain in clinical adoption, particularly in standardization and 
validating performance. Future research should focus on improving algorithm efficiency, generalizability, and validation.
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Abbreviations
US	� Ultrasound
CT	� Computed tomography
LMIC	� Low- and middle-income countries

MRI	� Magnetic resonance imaging
GAN	� Generative adversarial network
CNN	� Convolutional neural network
2D	� Two-dimensional
3D	� Three-dimensional
PAT	� Photoacoustic tomography
USCT	� Ultrasound computed tomography

Introduction

Ultrasound (US) imaging is a widely used clinical tool that 
employs high-frequency sound waves to produce real-time, 
two-dimensional (2D) images of internal body structures. 
It allows dynamic assessment of anatomy, organ function, 
and interventional procedures such as catheter placement 
[1]. The mechanism is based on sound waves being emitted 
via electrical stimulation of a piezoelectric crystal within 
the probe, reflecting as echoes when interacting with tis-
sues. These echoes are captured by the transducer, converted 
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into electrical signals, and reconstructed into 2D images [1, 
2]. US is favored in many clinical scenarios due to its non-
invasive nature, absence of ionizing radiation, affordability, 
and accessibility. However, US has substantial limitations: 
its spatial resolution is lower than other imaging modalities, 
the field of view is restricted, and image acquisition relies 
heavily on operator expertise [3]. These factors can compro-
mise diagnostic and therapeutic accuracy, particularly for 
complex or deep-seated anatomical structures [3].

Tomographic imaging modalities such as computed 
tomography (CT) and magnetic resonance imaging (MRI) 
provide high-resolution, three-dimensional (3D) visuali-
zation [4–7]. CT offers rapid and detailed imaging, ideal 
for trauma, oncology, and surgical planning, but exposes 
patients to ionizing radiation [4, 5]. In contrast, magnetic 
resonance imaging (MRI) avoids radiation exposure and 
excels at soft tissue contrast but is time-consuming, costly, 
and unsuitable for patients with certain metallic implants or 
pacemakers [6, 7]. Furthermore, the substantial cost, logisti-
cal requirements, and operational complexity of tomographic 
imaging systems limit their availability in low-resource set-
tings, such as primary care, obstetrics, critical care units, and 
low- and middle-income countries (LMIC) [8].

To address these gaps, the concept of leveraging ultra-
sound data to generate tomographic-like imaging has gained 
increasing attention [9–13]. This approach combines the 
safety, affordability, and accessibility of ultrasound with 
the high-resolution, 3D advantages of tomographic imaging, 
potentially democratizing access to advanced imaging [9, 
10]. Early efforts in this domain began in 1977, when ultra-
sound computed tomography (USCT) was introduced for 
breast imaging [14]. Since then, progress has been limited.

A range of image reconstruction methods has been devel-
oped to bridge this gap, each with distinct assumptions and 
applications. Traditional analytic methods, such as delay-
and-sum (DAS) and filtered back-projection algorithms, are 
computationally efficient but suffer from poor image resolu-
tion and limited ability to handle complex wave propagation 
[15]. Building on these approaches, physics-informed recon-
struction methods embed prior knowledge, such as acoustic 
speed distributions, into the reconstruction pipeline [16].

However, recent advancements in artificial intelligence, 
particularly generative deep learning methods such as gen-
erative adversarial networks (GANs), convolutional neural 
networks (CNNs), and diffusion models, have substantially 
enhanced the capability of image synthesis. These innova-
tions now enable the reconstruction and generation of new 
imaging modalities such as synthetic tomographic imaging, 
USCT, photoacoustic tomography (PAT), and 3D recon-
struction [9, 17–19].

Despite these advancements, there remains a lack of 
comprehensive literature reviewing the methodologies and 
technologies used for generating tomographic imaging from 

ultrasound data. This scoping review systematically assesses 
the current state of the art, highlights key methods, iden-
tifies knowledge gaps, and outlines future research direc-
tions. By synthesizing these insights, we aim to accelerate 
the development and clinical adoption of ultrasound-based 
tomographic imaging.

Methods

Overview

Due to the limited existing literature available, a scoping 
review was deemed more appropriate than a systematic 
review. This review adhered to PRISMA-SR guidelines and 
followed the methodological framework proposed by Arksey 
and O’Malley throughout the process [20].

Search Strategy

PubMed/MEDLINE, Embase, Scopus, and arXiv were 
searched from inception up to June 29, 2024, to identify 
eligible papers. A follow-up literature search was performed 
to identify studies added to the databases between June 2024 
and July 2025. The search strategy was as follows:

(“ultrasound” OR “ultrasonography” OR “ultrasonic 
imaging” OR “sonography” OR “sonographic” OR “sono-
gram”) AND (“MRI” OR “magnetic resonance imaging” 
OR “CT” OR “computed tomography” OR “CAT scan” OR 
“tomography” OR “tomographic imaging”) AND (“deep 
learning” OR “CNN” OR “convolutional neural network” 
OR “GAN” OR “generative” OR “generation” OR “synthe-
sis” OR “synthetic”).

References were extracted and uploaded into a web-based 
systematic review tool (Rayyan.ai) to facilitate duplicate 
removal and independent screening [21]. Title and abstract 
screening, full-text review, and final article selection were 
carried out independently by two reviewers (DDW and AA). 
All disagreements were resolved upon discussion with a 
third reviewer (VES). Reference lists of the included arti-
cles were also screened, resulting in further study inclusions.

Selection Criteria

Inclusion criteria were as follows:

(1)	 Studies focusing on the synthetic generation of tomo-
graphic imaging from 2D or 3D ultrasound data;

(2)	 Studies describing reconstruction algorithms for ultra-
sound-based tomographic imaging.

Only full-text, original articles in English were con-
sidered. Exclusion criteria comprised: (1) reviews or 
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non-technical publications, such as commentaries or edi-
torials; (2) studies on ultrasound-tomographic imaging 
registration algorithms; (3) studies generating ultrasound 
images from tomographic imaging; (4) studies combining 
ultrasound with existing tomographic data for generation 
or reconstruction of tomographic imaging; (5) articles not 
published in English.

Data Extraction

A predefined data extraction sheet was used to systemati-
cally chart relevant information from the included studies. 
Extracted data included (a) study location (country), (b) year 
of publication, (c) primary objective, (d) type of ultrasound 
imaging, (e) type of tomographic imaging, (f) reconstruction 
method, (g) sample size, (h) dataset details, and (i) anatomi-
cal region.

Data Synthesis and Reporting

A descriptive analysis was performed due to the heteroge-
neity of the included studies, with no assessment of perfor-
mance metrics. The primary objectives were to identify key 
methodologies for generating or reconstructing tomographic 
images from 2D or 3D ultrasound data, extract critical 
insights, analyze historical and current trends, and outline 
future directions for ultrasound-based tomographic imaging 
research. Graphs were created using GraphPad Prism (ver-
sion 8.0.2, GraphPad Software Inc., Massachusetts, United 
States), RStudio (version 1.4.1106, Posit, PBC, Massachu-
setts, United States) with the gganatogram package [22], and 
Excel (vrsion 2408, Microsoft, WA, USA).

Results

Overview

A total of 8256 unique articles were sourced through data-
base searches and reference lists. Following title and abstract 
screening, 275 articles were selected for full-text review. 
Of these, 38 were excluded due to unavailable full texts, 
four were exact duplicate publications, two were dupli-
cate cohorts, one was non-English, and 144 did not meet 
the inclusion criteria. Excluded studies primarily focused 
on registration algorithms, hybrid imaging systems, signal 
processing, or were non-technical. Ultimately, 86 articles 
were included, comprising 69 articles sourced through data-
base searches, 15 from reference lists (Fig. 1), and two from 
manual selection.

Bibliographical Aspects

Publication Years

Only four studies (n = 4, 5%) were published prior to 2008. 
Between 2008 and 2017, 12% (n = 10) of studies were pub-
lished. The majority of studies (n = 60, 70%) were published 
between 2018 and 2024, with a notable peak in 2021 (n = 12, 
14%). As of July 2025, 12 studies (14%) had been published 
in 2025 (Fig. 2).

Geographical Distribution

Of the included studies, 36 (42%) were conducted at Asian 
institutions, 30 (35%) at European institutions, 18 (21%) at 
North American institutions, and two (2%) at Australian 
institutions (Fig. 3).

Publication Venue

Most studies (n = 65, 76%) appeared in peer-reviewed jour-
nals, while 21 (25%) were preprints. The majority of studies 
were published in biomedical engineering journals (n = 41, 
47%), followed by computer science journals (n = 13, 15%), 
engineering journals (n = 12, 14%), clinical journals (n = 6, 
7%), physics-focused medical journals (n = 6, 7%), interdis-
ciplinary medical-computer science journals (n = 5, 6%), and 
pure physics journals (n = 3, 3%).

Methodological Aspects

Anatomical Region

A large proportion of studies (n = 32, 37%) utilized in vivo 
or ex vivo human data, while 17 studies (20%) used animal 
data and 60 (70%) used in silico or in vitro data. Several 
publications incorporated multiple types of data. Among all 
the studies, the anatomical regions varied widely, with some 
publications focusing on multiple anatomical regions. The 
breast was the most studied area (n = 15, 17%), followed by 
the brain (n = 14, 16%), blood vessels (n = 12, 14%), bone 
(n = 6, 7%), abdomen (n = 5, 6%), and spine (n = 5, 6%). 
Other regions studied included liver (n = 4, 5%), lungs (n = 3, 
3%), eye (n = 3, 3%), prostate (n = 3, 3%), whole-body (n = 3, 
3%), hand (n = 2, 2%), heart (n = 2, 2%), hip (n = 2, 2%), kid-
ney (n = 1, 1%), knee (n = 1, 1%), legs (n = 1, 1%), shoulder 
(n = 1, 1%) (Fig. 4). Among the animal studies, most (n = 11, 
13%) focused on mice or rats, followed by chickens (n = 2, 
2%), fish (n = 1, 1%), insects (n = 1, 1%), rabbits (n = 1, 1%), 
and a diverse group of animals (n = 1, 1%).
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Fig. 1   PRISMA Flowchart illustrating study selection process
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Validation Procedure

All studies reported validation procedures. Internal valida-
tion was performed in 57 studies (66%), while only 4 studies 
(5%) conducted external validation. Furthermore, 25 studies 
(29%) developed methodologies without using training data, 
instead evaluating their performance on separate test sets.

Ultrasound‑Based Tomographic Imaging Modalities 
and Reconstruction Methods

Four categories of ultrasound-based tomographic imaging 
modalities were identified: PAT (n = 31, 36%) [17, 23–52], 
USCT (n = 31, 36%) [16, 19, 53–81], 3D reconstruction 

(n = 17, 20%) [18, 82–97], and synthetic imaging (n = 6, 
7%) [9, 10, 98–101] (Fig. 5). Additionally, one study (1%) 
focused on developing a hybrid dual-mode PAT/USCT 
imaging system [102].

To reconstruct and generate these imaging modalities, 
various methods were utilized. Deep learning-based algo-
rithms were the most prevalent (n = 58, 67%) [9, 10, 16–18, 
28–31, 33, 34, 36, 37, 41–49, 51, 62, 65, 67, 68, 70, 72, 73, 
75–81, 90, 91, 93, 95–97, 100, 101, 103–105] [26, 27, 53, 
54, 85–88, 98, 99], followed by iterative reconstruction algo-
rithms (n = 8, 9%) [19, 32, 35, 40, 57, 59, 74, 106], synthetic 
aperture methods (n = 5, 6%) [58, 60, 61, 64, 102], Fourier/
transform-based methods (n = 3, 3%) [23, 55, 69], and other 
miscellaneous approaches (n = 12, 14%) [24, 25, 39, 56, 63, 

Fig. 2   Distribution of included studies by year of publication and categorized according to the reconstruction method used

Fig. 3   Global distribution of author affiliations
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66, 71, 82–84, 89, 92] (Fig. 6). Among the deep learning 
methods, CNNs and U-Net architectures were most common 
(n = 28, 32%) [9, 17, 18, 26, 28, 30, 31, 33, 36, 43, 44, 47, 
48, 53, 54, 65, 67, 70, 73, 76, 77, 79–81, 90, 95, 96, 104]. 
These were followed by hybrid methods combining deep 
learning techniques with classical reconstruction techniques 
(n = 10, 11%) [37, 38, 45, 49, 51, 72, 75, 88, 91, 93], GANs 
(n = 8, 9%) [10, 29, 52, 62, 68, 99–101], model-based or 
physics-informed architectures (n = 8, 9%) [16, 27, 34, 41, 
42, 46, 78, 97], diffusion models (n = 2, 2%) [85, 98], and 
neural implicit models (n = 2, 2%) [86, 87]. Among the other 
miscellaneous approaches, studies included deconvolution 

algorithms, edge-preserving sound-speed reconstruction 
methods, adaptive kernel regression methods, and full-
waveform inversion algorithms, among others. From this 
point onward, percentages are calculated relative to the total 
sample size of the respective category they reference.

Photoacoustic Imaging

Deep learning methodologies dominated the reconstruction 
methods for PAT imaging, appearing in 23 studies (74%). 
This was followed by iterative reconstruction algorithms 
(n = 4, 13%), other miscellaneous approaches (n = 3, 10%), 

Fig. 4   Distribution of anatomical regions investigated in included studies

Fig. 5   Bar chart illustrating the image modalities employed in the included studies
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and a Fourier/transform-based method (n = 1, 3%) (Table 1). 
Overall, the PAT studies encompassed a diverse range of 
anatomical regions, without any notable focus on a specific 
organ.

Ultrasound Tomography

Reconstruction methodologies were varied but dominated by 
deep learning approaches (n = 17, 55%). Other notable meth-
ods included synthetic aperture techniques, other miscel-
laneous approaches, and iterative reconstruction algorithms 
(each n = 4, 13%), and Fourier/transform-based methods 
(n = 2, 6%) (Table 1). Anatomically, the breast was the most 
commonly studied region (n = 12, 60%), while the remaining 
studies followed the broader distribution described earlier.

3D Reconstruction

Deep learning methodologies were the most prevalent recon-
struction approach (n = 12, 71%), followed by a variety of 
other miscellaneous methods (n = 5, 29%). Among the 
deep learning methods, models from the CCN/U-Net fam-
ily (n = 5, 42%) were implemented, followed by diffusion/
transformer models (n = 3, 25%), hybrid models combining 
classical reconstruction methods with deep learning (n = 3, 
25%), and one model-based/physics-informed architecture 
(n = 1, 8%) (Table 1). Anatomically, four studies (24%) 
focused on the spine, with the remaining studies demon-
strating no specific focus on an anatomical area.

Synthetic Imaging

All six studies (100%) employed deep learning techniques, 
with four (67%) using GANs, one (17%) using a CNN, and 
one (17%) using a diffusion-based approach. Regarding ana-
tomical regions, 3 studies (50%) focused on the brain, 2 stud-
ies (33%) on the lower abdomen, and 1 (17%) on the spine.

Discussion

This scoping review aimed to identify the data types and 
methodologies used to generate 3D tomographic imaging 
from ultrasound-based data. The findings revealed a predom-
inant focus on ultrasound computed tomography (USCT) 
and photoacoustic tomography (PAT), with 3D reconstruc-
tion and synthetic imaging emerging more recently. Deep 
learning approaches dominated reconstruction techniques, 
including GANs, CNNs, U-Net variants, and hybrid deep 
learning models. Despite increasing research since 2018, 
particularly in Asia and Europe, challenges remain in com-
putational efficiency, validation, and lack of generalization. 
Future work should enhance algorithm robustness, broaden 
anatomical applications, and improve clinical scalability.

This review encompassed a broad spectrum of studies 
spanning multiple years and institutions. The majority of 
studies were published from 2018 onwards, reflecting a 
growing interest in the field, likely driven by advancements 
in computational power and deep learning methodologies 
[107], which were all published after 2018, with only nine 
non-deep learning methods being published in the same 
time period. These advancements have enabled the synthesis 
and prediction of complex tomographic imaging data from 
“simpler” ultrasound data, which was previously practically 
unachievable.

Geographically, it was notable that Asian institutions led 
the research landscape, followed by European and North 
American institutions. This trend can likely be attributed to 
significant investments in artificial intelligence research in 
China, which accounts for 81% of the publications in this 
review from Asia, as well as the availability of large-scale 
medical datasets [108, 109]. These factors create an optimal 
environment for training deep learning models and thus driv-
ing advancements in synthetic medical imaging.

Validation procedures revealed a significant gap, as while 
all included studies reported some form of validation, very 

Fig. 6   Bar chart summarizing the categories of reconstruction methods used in the included studies
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few conducted external validation. Even among those who 
performed external validation, some used simulated rather 
than real images, which further limits the validation. This 
lack of external validation is likely because many of the 
algorithms described were in their early stages of develop-
ment and had yet to be fully optimized. In such cases, focus-
ing on internal validation may often a logical first step before 
progressing to external validation. Additionally, the lack of 
external validation may arise from limited access to diverse 
and standardized ultrasound volumes. This highlights a criti-
cal limitation: the majority of algorithms remain far from 
clinical integration. To bridge this gap, further develop-
ment is essential, including comprehensive external valida-
tion and comparative benchmarking against state-of-the-art 
algorithms, to ensure clinical robustness and applicability.

While initially focusing on generative synthetic imag-
ing, we identified four major ultrasound-based tomographic 
imaging modalities (PAT, USCT, 3D reconstruction, and 
synthetic imaging). Despite their differences, some serving 
purely as visual imaging techniques and others incorporat-
ing functional information, they all share the common goal 
of utilizing ultrasound data to produce tomography-like 
images. It is important to note that the classification of the 
reconstruction methods is not inherently mutually exclusive. 
Approaches may combine aspects of multiple categories. 
For example, deep learning models such as PEN-FWI incor-
porate iterative optimization routines. Our classification is 
based on the predominant method used for image recon-
struction as described by the original authors.

Photoacoustic Tomography

Among the 86 articles included in this review, PAT emerged 
as the primary ultrasound-based tomographic imaging 
modality. Over the past decade, PAT has been gaining inter-
est due to its potential as a complementary functional imag-
ing technique [110]. PAT enables rapid, high-resolution 
imaging, including real-time cross-sectional scans and full-
breast scans within seconds [110]. Its optical contrast ena-
bles the visualization of anatomical, functional, molecular, 
and histological features, making it particularly promising 
for oncological screening, diagnosis, and therapy [11]. PAT 
is based on the photoacoustic effect, where electromagnetic 
radiation, typically in the visible to near-infrared (NIR) spec-
trum, irradiates tissue and is absorbed by specific chromo-
phores, such as hemoglobin, melanin, or water [110]. The 
absorbed energy induces rapid thermal expansion, resulting 
in localized pressure increases. This pressure dissipates as 
acoustic waves, which are subsequently detected by ultra-
sound transducers [111]. This absorption-based contrast 
enables greater tissue differentiation because the variations 
in optical absorption between tissue types are often greater 
than differences in typical acoustic impedance [111].

The PAT image reconstruction process represents an ill-
posed inverse problem, which involves reconstructing the 
internal source of acoustic waves from surface measure-
ments, which can be challenging due to incomplete data, 
measurement noise, and wave diffraction effects [112]. 
Furthermore, achieving high-quality reconstructions often 
requires a large number of sensors surrounding the tissue to 
ensure adequate data coverage, which may be prohibitively 
expensive and logistically impractical in in vivo clinical set-
tings [113]. Thus, sparse data acquisition may be a viable 
alternative; however, it frequently leads to streaking artifacts 
that degrade image quality and limit its diagnostic utility 
[114]. Typically, this was addressed by model-based iterative 
methods [35, 106]; however, deep learning has emerged as 
a powerful alternative to conventional iterative techniques, 
offering enhanced image quality and computational effi-
ciency. Recent studies have demonstrated the effectiveness 
of U-Net-based architectures and their variants, such as 
Dense U-Net, 3D Progressive U-Net, and FD U-Net, for cor-
recting artifacts, enhancing volumetric images, and mapping 
undersampled data to fully sampled counterparts [17, 29, 31, 
44]. For instance, Davoudi et al. proposed a U-Net frame-
work trained on high-quality in vivo mouse scans to restore 
image quality from sparse datasets [17]. Their method suc-
cessfully removed streaking artifacts, outperforming conven-
tional iterative reconstruction techniques while validating 
robust performance on biological datasets. Despite its suc-
cess, the authors highlight variability in results when using 
different training datasets, suggesting that retraining is likely 
necessary to achieve optimal performance in other imaging 
contexts.

Hybrid methods that combine physics-based reconstruc-
tion techniques with deep learning post-processing represent 
another promising avenue [37, 45]. For example, frame-
works integrating filtered back-projection (FBP) or trun-
cated singular value decomposition (SVD) with convolu-
tional neural networks (CNNs) have demonstrated improved 
reconstruction quality [37, 45]. In such approaches, an initial 
image generated by a linear reconstruction algorithm serves 
as input to a CNN, which then refines the image by remov-
ing artifacts caused by undersampling. Antholzer et al. [37] 
exemplified this two-step methodology by coupling FBP 
with a U-Net architecture, achieving comparable or supe-
rior image quality to iterative methods such as total variation 
minimization while reducing computational time.

Despite the dominance of deep learning in PAT recon-
struction, iterative methods remain relevant for specialized 
applications. For instance, Poudel et al. developed an opti-
mization-based reconstruction method (OBRM) for tran-
scranial PAT, using the 3D elastic wave equation to correct 
skull-induced aberrations [106]. Their approach improved 
resolution and cortical visualization while demonstrating 
superior contrast and noise robustness over conventional 
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techniques. However, OBRM is strongly dependent on 
accurate physical modeling, making it prone to errors when 
applied to real-world, imperfect data [106].

PAT still faces several challenges, such as limited-view 
artifacts or limited image depth due to light attenuation, all 
of which can lead to incomplete or distorted images [110, 
115]. Unlike ultrasound tomography, PAT relies on both 
optical absorption and acoustic wave propagation, which 
makes it more complex and sensitive to factors like signal 
loss and tissue variations [110]. Recent studies have shown 
that deep learning, especially hybrid approaches that com-
bine traditional physics-based methods with data-driven 
techniques, can effectively address these issues [37, 45]. 
These methods offer better image quality, reduce artifacts, 
and improve computational efficiency. However, further 
work is needed to ensure these models are reliable across 
different systems and clinical settings, with a strong focus 
on experimental validation and improving their ability to 
generalize to new data.

Ultrasound Tomography

Closely following photoacoustic tomography, USCT 
emerged as the second most common ultrasound-based 
tomographic imaging modality identified in this review. 
USCT has been explored since the early 1970s, particu-
larly for breast cancer detection, but it remains an emerg-
ing imaging technology with limited clinical adoption [60, 
116]. The focus of USCT on breast imaging in most of its 
applications can be attributed to two key factors. First, the 
widespread implementation of breast cancer screening pro-
grams may create a strong demand for non-invasive imaging 
methods to evaluate complex breast tissue [117]. Second, 
traditional ultrasound struggles with wavelength limitations 
when imaging dense or heterogeneous breast tissue, while 
the alternative, CT scanning, exposes patients to high levels 
of ionizing radiation [60]. USCT typically employs an array 
of transducers, which act as both transmitters and receivers, 
positioned around the region of interest [118]. This arrange-
ment enables a full 360-degree acquisition of acoustic data, 
which has been applied not only in breast imaging but also 
in full-body [119] and brain USCT [16].

Reconstruction of the captured acoustical data, such as 
the speed of sound (SoS), is commonly performed using full 
waveform inversion (FWI) algorithms. FWI solves the wave 
equation by simulating the wave propagation process (i.e., 
a simulation of how the wave travels through the material), 
enabling the reconstruction of images with higher spatial 
resolution [81]. However, traditional FWI methods are prone 
to artifacts, computationally intensive, and unclear tissue 
boundaries, which limit their clinical utility [67, 81, 120, 
121]. In this review, four of the 31 studies addressed such 
algorithms, while synthetic aperture focusing techniques 

(SAFT) were also explored as a reconstruction strategy. For 
example, Ruiter et al. [64] presented 3D USCT as a novel 
modality for breast cancer detection, integrating SAFT to 
achieve isotropic, high-resolution volumetric imaging. SAFT 
enhances resolution and reduces hardware complexity by 
combining signals from multiple transducer positions to sim-
ulate a larger effective aperture [122]. Their study demon-
strated in vivo imaging of two healthy volunteers, comparing 
USCT results with MRI. The device successfully delineated 
breast surfaces and internal structures with high reproduc-
ibility. However, limitations such as sound-speed variations 
affecting resolution were noted, indicating areas for further 
improvement.

Deep learning emerged as the dominant reconstruction 
methodology (55%) in USCT, with all 17 deep learning stud-
ies published from 2020 onwards. The specific deep learning 
approaches varied substantially, with CNNs being the most 
prevalent. For example, Fan et al. developed a memory-effi-
cient neural network architecture for USCT reconstruction 
directly from the frequency domain (i.e., analyzing the ultra-
sound waves based on their frequency rather than position 
or time) [78]. The model was trained on 2000 2D ultrasound 
breast slices and tested and internally validated on separate 
sets of 1000 images, respectively, from the same dataset. The 
authors were able to show that high-quality USCT recon-
struction can be achieved through deep learning methodolo-
gies while even reducing computational duration. However, 
the authors highlight two common limitations of deep learn-
ing: the need for large amounts of training data and the lack 
of a guarantee that the model will achieve a global solution 
(i.e., one that closely matches the reference solution).

Hybrid methods, such as physics-embedded neural net-
works, offer a promising balance between physical inter-
pretability and computational efficiency. These methods 
typically integrate a physical model, like speed-of-sound 
modeling, into a fully connected neural network. For 
instance, Ren et al. developed a physics-embedded neural 
network (PEN-FWI) to improve FWI for ultrasonic brain 
imaging, addressing skull-induced distortions [16]. This 
approach demonstrated robustness under noisy and lim-
ited data conditions, highlighting the potential of hybrid 
methods.

It is important to note that USCT faces challenges similar 
to those of PAT, particularly in image reconstruction. While 
PAT benefits from optical contrast, USCT relies solely on 
acoustic properties like sound speed and attenuation, mak-
ing it highly sensitive to tissue inhomogeneities and acoustic 
aberrations [11, 123].

In summary, ultrasound tomography remains a promis-
ing but emerging imaging modality, particularly for breast 
imaging. Advances in deep learning, especially hybrid 
frameworks that combine physics-driven methods with data-
driven algorithms, seem to have improved reconstruction 
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quality and computational efficiency. However, overcoming 
the inherent challenges of USCT, such as tissue inhomo-
geneity, acoustic aberrations, and non-linear reconstruction 
problems, remains critical for broader clinical adoption.

3D Reconstruction

The development of 3D ultrasound (3D US) has expanded 
clinical applications of US by providing richer spatial 
information. However, 3D US is limited by a small field 
of view, making it challenging to obtain comprehensive 
imaging [97]. Therefore, reconstructing 3D volumes from 
multiple 2D ultrasound frames holds significant clinical 
potential [12]. Despite its promise, 3D reconstruction from 
2D ultrasound data is highly complex due to in-plane and 
out-of-plane probe movements, which introduce shifts and 
misalignments. Traditional (non-deep learning) methods 
have been attempted, but these approaches have seen little 
clinical application due to their natural limitations [124]. 
One notable non-deep learning study captured in this review 
is a study by Zhang et al., which proposed a robotic-assisted 
ultrasound scanning system for lumbar spine imaging to 
aid lumbar puncture surgeries [92]. The system acquired 
136 2D ultrasound images of a lumbar spine model and 
reconstructed them into a 3D volume using a ray-casting 
algorithm, a volume-rendering method that calculates light 
interactions along a path through the data. This method 
successfully identified anatomical landmarks, such as the 
spinous process gaps. However, the reconstructed images 
were partially defective due to ultrasound propagation limi-
tations (e.g., issues such as signal loss, distortion, and arti-
facts), highlighting the challenges non-deep learning meth-
ods face in achieving high-quality reconstructions.

With the rapid advancements in deep learning, there may 
be growing potential for real-time 3D volume reconstruction 
from 2D ultrasound data. Recent literature has increasingly 
focused on deep learning-based methods for 3D reconstruc-
tion, with ca. 70% of the methods captured in this review 
relying on deep learning. For instance, Hohlmann et al. 
[91] presented a fully automated workflow for generating 
3D knee bone models using ultrasound data. Their method 
combined a CNN for real-time segmentation of bone sur-
faces with a statistical shape model (SSM) to complete par-
tial scans into full bone reconstructions. The system, which 
uses freehand 3D ultrasound with optical tracking, achieved 
submillimeter accuracy compared to MRI references, dem-
onstrating its potential as a non-ionizing alternative to con-
ventional tomographic imaging for surgical planning in knee 
arthroplasty.

A promising direction in 3D US reconstruction is bone 
modeling facilitated by segmentation. Ungi et al. demon-
strated this by scanning the spines of volunteers with US 
transducers, after which a physician manually labeled the 

bone contours. A U-Net architecture was then trained to 
automatically segment the bones. A U-Net architecture was 
then trained to automatically segment the bones. The result-
ing segmentation maps were reconstructed into 3D volumes 
using position tracking information recorded for each US 
frame [83]. The authors further evaluated their approach in a 
dataset of pediatric patients with scoliosis, where they dem-
onstrated that accurate spinal measurements were feasible.

Another approach is the method described by Effatparvar 
et al., which used cadaveric spine specimens stabilized in 
computer-assisted mechanical frames, which enabled whole-
length US acquisition. The transducer was moved along 
the spine to acquire images of the entire specimen. These 
images were then compiled into a 360-degree DICOM data-
set. Subsequently, a software segmentation tool was used to 
segment the spine to create 3D models [82]. A comparison 
with CT-based reconstructions showed comparable results. 
Both these forms of segmentation-driven 3D reconstruc-
tion approaches are increasingly well-established and show 
promise for clinical application in bone imaging.

Unique limitations for 3D volumetric reconstruction from 
2D ultrasound data include probe movement inconsistencies, 
which can cause misaligned frames, limited field of view, 
leading to incomplete coverage, artifacts from acoustic shad-
ows and noise, and the lack of depth information, requiring 
robust algorithms to infer spatial relationships accurately 
[18, 95, 104]. Additionally, variations in operator skill and 
anatomy further complicate achieving accurate, reproduc-
ible reconstructions [124]. Significant technical challenges 
remain, particularly for freehand ultrasound systems, which 
introduce inconsistencies in probe movement and frame 
alignment compared to more controlled setups such as 
robotic or fixed ultrasound systems [124].

In this context, tracking of the ultrasound probe relative 
to the patient has become crucial for 3D US reconstruc-
tion [125]. Rather than relying on patient breath-holding to 
minimize motion artifacts, tracking systems can monitor the 
movement of the region of interest during scanning [126]. 
This enables precise localization of the slices within a com-
mon 3D coordinate system using a range of sensors, includ-
ing acoustic or optical sensors [127]. Alternative methods 
include mounting low-cost cameras on the probe to capture 
surface skin features, which can then be processed by locali-
zation algorithms to achieve accurate spatial reconstruction 
[128]. Regardless of the chosen method, robust probe locali-
zation is crucial for any form of freehand 3D ultrasound 
imaging [124].[123–125]

Synthetic Imaging

Synthetic imaging aims to convert images between modali-
ties, such as x-ray to CT, CT to MRI, MRI to CT, or ultra-
sound to CT, addressing limitations of tomographic imaging 
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such as high radiation exposure and high costs [129, 130]. 
Leveraging ultrasound’s low-cost, non-invasive nature to 
produce high-quality tomographic images could greatly 
enhance clinical practice.

Our review identified six studies on ultrasound-to-tomo-
graphic synthetic imaging, all published from 2020 onward. 
All studies employed deep learning algorithms, which have 
only recently made such direct synthetic imaging feasible 
with the advent of GANs and CNNs. Among the synthetic 
imaging studies, four used GANs, while one employed a 
hybrid GAN-CNN architecture and another one a diffusion 
model.

For instance, Vukovic et al. [100] developed a Cycle-
GAN-based method for real-time synthesis of MRI from 
US images, focusing on the T9 vertebrae of a thoracic spine 
phantom. This approach achieved spatial alignment between 
US and MRI volumes, validated with Dice and overlap 
metrics, and was confirmed anatomically valid by clinical 
experts in 80% of cases, highlighting the potential for real-
time, tracking-free image generation.

A key advantage of CycleGANs is their ability to over-
come the limitation of requiring paired datasets, which is 
typically a major challenge in synthetic imaging [131]. By 
learning mappings between input and output images without 
aligned training pairs, CycleGANs enable models to work 
effectively with unpaired data, significantly broadening their 
applicability [131].

Jiao et al. proposed a self-supervised method for synthe-
sizing MRI-like images from unpaired fetal ultrasound data 
[9]. By assuming a shared anatomical latent space between 
US and MRI, their framework generates anatomically con-
sistent MR images. This method outperformed autoencoders, 
GANs, and CycleGANs in qualitative and quantitative met-
rics such as mean opinion scores and deformation metrics 
[9]. Furthermore, it also addresses a long-standing challenge 
in ultrasound: recognizing anatomical structures. Tradition-
ally, this requires labor-intensive annotation of ultrasound 
data. Their algorithm circumvents this by allowing anatomi-
cal structures to be annotated on the MRI data, which can 
then be transferred to the ultrasound domain [9]. However, 
the current research has relied on pre-processed ultrasound 
data (cropped and aligned), rather than full, unprocessed 
scans, which limits generalizability [9].

Another limitation lies in the fact that most of the studies 
included in this review focused on physiological datasets 
rather than pathological ones, meaning these models may 
not perform optimally in real clinical scenarios. Despite 
these challenges, synthetic imaging for ultrasound-to-
tomographic imaging holds significant promise. While the 
number of studies in this field is currently small, it is likely 
to grow rapidly, driven by advancements in deep learning 
and the increasing focus on overcoming the limitations of 
traditional ultrasound imaging.

Although this review separates photoacoustic tomog-
raphy, ultrasound computed tomography, 3D reconstruc-
tion, and synthetic imaging into distinct categories, these 
approaches share the common objective of reconstructing 
tomographic images from ultrasound data. Each modality 
is unique, with its own strengths and limitations. They also 
face similar challenges, including limited data availability, 
imaging artifacts, and high computational demands. At the 
same time, they differ fundamentally in their inputs, outputs, 
and hardware requirements. Therefore, it is important to rec-
ognize them as distinct categories while acknowledging that, 
although grouped under the same umbrella, opportunities for 
transferring knowledge between methods exist but remain 
limited.

Deep Learning Methods

Deep learning algorithms are data-driven approaches that 
automatically learn patterns from input and output pairs (in 
this case ultrasound and corresponding tomographic imag-
ing) using artificial neural networks [132]. These networks 
consist of layers of interconnected nodes, of which each 
performs a mathematical operation on input data[129]. The 
network is then trained to adjust the weights in the network 
based on the difference between its predictions and the 
actual ground truth, gradually improving its performance 
[133]. Early deep learning methods in medical image recon-
struction were dominated by CNNs, which use spatial filters 
to extract hierarchical features from images [132]. Subse-
quently, GANs emerged, which typically employ a genera-
tor–discriminator architecture in which one network gener-
ates synthetic images while the other attempts to distinguish 
them from real ones [134]. More recently, diffusion models 
have emerged, which offer high-quality image synthesis by 
learning to reverse a noise-adding process and then recon-
struct detailed outputs [135]. Finally, transformer architec-
tures, which can learn relationships across the entire image 
instead of small local areas, are increasingly being explored 
[136].

Among all the methodologies identified for the generation 
or reconstruction of ultrasound-based imaging, deep learn-
ing methods emerged as the most common and promising 
approaches. These methods have demonstrated the ability 
to improve image quality, accelerate reconstruction times, 
and enable novel applications that were previously infeasi-
ble [17, 29, 67, 90, 100]. Nonetheless, important limitations 
remain.

One significant challenge is the lack of generalization. 
Most deep learning models are trained on physiological 
data of one anatomical region, which limits their applica-
bility to pathological cases, which represent the scenarios 
most relevant to clinical use. Additionally, for complex 
tasks such as 3D PAT and USCT reconstruction, limited 
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GPU memory may pose another constraint [41, 80]. 
Addressing this issue requires the development of more 
memory-efficient architectures for image reconstruction. 
Another well-known limitation in deep learning is the need 
for large training datasets, which may be particularly chal-
lenging for in vivo PAT or USCT data [137]. Some studies 
have supplemented missing data with synthetic datasets 
[29, 72, 77], but it is crucial that these accurately reflect 
real-world variations and artifacts to ensure effectiveness. 
Without robust training datasets, models risk poor gener-
alizability and performance.

An important consideration for deep learning meth-
ods is the influence of hyperparameter settings, such as 
learning rate, batch size, and number of epochs, on model 
performance [138]. Due to the substantial heterogeneity 
across studies and inconsistent reporting practices, these 
aspects were not systematically analyzed in this review. 
Hyperparameter tuning remains highly method- and 
modality-dependent [138]. Given the intrinsic differences 
between imaging modalities, modality-specific hyperpa-
rameter optimization may be beneficial. Future research 
should aim to systematically evaluate and transparently 
report preprocessing protocols and hyperparameter con-
figurations, particularly in relation to the imaging modality 
and task at hand.

Iterative Reconstruction Algorithms

Iterative reconstruction refers to algorithmic techniques that 
iteratively refine image estimates by applying statistical and 
physical models to suppress noise while preserving spatial 
resolution and image quality [139]. Iterative reconstruc-
tion algorithms have been foundational in ultrasound-based 
tomographic imaging, but they face notable limitations 
compared to deep learning methods. These algorithms are 
computationally intensive, making them impractical for real-
time imaging [140]. Consequently, although iterative meth-
ods remain valuable in specific contexts, recent literature 
increasingly favors deep learning approaches, which offer 
greater efficiency and flexibility.

Synthetic Aperture Methods

Synthetic aperture techniques enhance resolution by com-
bining signals from multiple transducer positions, effectively 
simulating a larger probe aperture [141]. All synthetic aper-
ture methods were used for USCT imaging. A key challenge 
of synthetic aperture techniques is their sensitivity to sound-
speed variations in tissue, which can distort images and blur 
boundaries between different tissue types, reducing image 
resolution [58, 60, 61, 64, 102].

Fourier/Transform‑Based Methods

Fourier-based methods reconstruct images by converting 
time-domain signals to the frequency domain, using ana-
lytical solutions like FBP [23, 55]. Fourier and transform-
based methods, although sometimes used in ultrasound 
tomographic imaging, have inherent limitations. These 
methods depend on uniform data sampling and make simpli-
fied assumptions about wave propagation, which may restrict 
their ability to handle real-world complexities. Their perfor-
mance further lags behind modern deep learning approaches, 
as they lack the flexibility to learn data-driven features [23, 
55]. Consequently, Fourier and transform-based methods are 
less adaptable and effective in addressing the challenges of 
contemporary imaging needs and will likely see little devel-
opment in the future.

Future Perspectives

This review provides a detailed overview of methods for 
transforming ultrasound data into tomographic images, 
with a particular emphasis on the increasing reliance on 
deep learning approaches across various modalities. The 
field currently remains far from routine clinical application 
but definitely holds promise for clinical application. Among 
the most promising applications, breast imaging stands out 
due to the high prevalence of breast cancer and the need for 
non-invasive, radiation-free, high-quality imaging for rou-
tine screening and diagnostics. In neurological applications, 
ultrasound-based tomographic imaging could be especially 
valuable for younger patients or when applied intraopera-
tively, due to it not being constrained by ossified cranial 
sutures in these cases.

Musculoskeletal imaging is another area where this 
technology could prove to be advantageous. The ability to 
generate detailed 3D reconstructions of joints and bones 
could provide a cost-effective and efficient alternative to 
MRI in less complex cases, such as joint evaluations or 
minor fractures. Finally, the application of ultrasound-based 
tomographic imaging in low- and middle-income countries 
is particularly compelling. In these settings, where access 
to advanced imaging modalities such as CT and MRI is 
often limited, this technology could democratize access to 
high-quality diagnostics, addressing a critical gap in global 
healthcare equity.

While these applications hold great promise, ultrasound-
based tomographic imaging remains in its early stages of 
development and faces several critical challenges. Key obsta-
cles include the scarcity of robust and diverse datasets for 
training deep learning models, high computational require-
ments, difficulties in integrating these technologies with 
existing imaging systems, and a lack of proper validation 
and benchmarking [142, 143]. Before clinical integration 
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can be considered, these models must first be optimized for 
efficiency and adaptability. Ideally, emerging deep learn-
ing architectures such as diffusion models and transformers, 
which have shown strong performance in related imaging 
tasks, should be leveraged. A targeted approach focusing 
on specific anatomical regions, such as the breast, brain, or 
musculoskeletal system, where the potential benefits would 
be particularly pronounced, should be prioritized. Once 
refined for these applications, the algorithms can then be 
expanded and generalized to perform reliably across diverse 
datasets and clinical conditions. Robust validation protocols 
are essential to ensure reliability and safety, including evalu-
ations under both physiological and pathological conditions. 
Following this, large-scale, multicenter trials will be neces-
sary to establish their clinical efficacy and safety.

Another important factor to consider is the choice of 
evaluation metrics. This review did not systematically col-
lect data on these metrics, but heterogeneity was observed. 
Some studies relied on basic image similarity measures such 
as Dice scores, PSNR, or SSIM. Yet, no consistent use of 
metrics or framework for assessing reconstruction quality 
was available. Ideally, future research should determine 
which evaluation metrics are most appropriate for this task 
so that future methods can be evaluated on this basis and 
more effectively benchmarked against each other.

Furthermore, it is important to distinguish between algo-
rithms designed for freehand ultrasound, which is prone to 
variability due to inconsistent probe movement, and those 
developed for fixed ultrasound systems, which benefit from 
controlled acquisition conditions. Ideally, future research 
should first focus on reconstruction algorithms for fixed 
ultrasound systems to lay the foundation for the more com-
plex freehand ultrasound.

Limitations

A notable limitation of this scoping review is the inadvertent 
bias introduced by the inclusion of search terms specifically 
related to deep learning techniques. This may have resulted 
in an overrepresentation of deep learning methods within the 
review. Furthermore, the search strategy employed during 
the reference screening process did not specifically target 
key imaging modalities, as terms such as “model-based,” 
“optimization-based,” and “full waveform inversion” were 
not included. This lack of comprehensive coverage may have 
led to the exclusion of critical papers that focus on these 
alternative methodologies, potentially limiting the scope and 
completeness of the review.

As this is a scoping review by design, it is also expected 
that some papers may have fallen outside the scope of our 
review. To mitigate gaps, reference screening was con-
ducted, and preprint publications were included. Addition-
ally, no systematic or quantitative assessment of the studies 

was conducted due to the significant heterogeneity across 
the included research.

Conclusion

The synthesis of tomographic images from ultrasound rep-
resents a groundbreaking development in medical imaging, 
offering the potential to significantly enhance accessibility 
to high-quality diagnostic tools. This review highlights a 
clear shift from traditional approaches, such as iterative 
reconstruction methods, toward the adoption of deep learn-
ing models. However, these emerging methods face critical 
challenges, including a lack of reliable validation, high com-
putational demands, and limited generalizability. Addressing 
these issues will require substantial efforts to improve the 
efficiency, accuracy, and robustness of these models before 
they can be considered viable for clinical implementation.
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