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Abstract 

(1) Background: Ultrasound (US) imaging is widely used in clinical diagnosis but is often degraded 
by speckle noise, which reduces image quality and can hinder interpretation. Deep learning has 
emerged as a promising approach for US denoising, yet its clinical applicability remains unclear. (2) 
Methods: A systematic review of studies published in the last three years on deep learning-based US 
denoising was conducted following PRISMA-DTA guidelines. Searches were performed in IEEE-
Xplore, PubMed, ScienceDirect, Scopus, Web of Science, and Google Scholar. Data were extracted on 
Anatomy, noise type, learning paradigm, network architecture, datasets, evaluation metrics, and 
performance outcomes. (3) Results: from 951 records scrapped, 36 studies were included. Most 
focused-on breast, fetal, cardiac, and abdominal US. Convolutional neural networks (CNNs), 
particularly U-Net, were the most common approach, while GANs, transformers, and variational 
autoencoders were less explored. Reported PSNR ranged from 30-45 dB and SSIM from 0.85-0.97. 
Most studies (34 out of 36) relied on synthetic noise and paired datasets, with limited evaluation on 
real clinical images. (4) Conclusions: CNN-based methods dominate US denoising research, but 
translation to clinical practice is limited due to reliance on synthetic data and inconsistent evaluation 
metrics. Future work should focus on large benchmark datasets and standardized metrics to improve 
generalizability across clinical settings. 

Keywords: ultrasound image; ultrasound denoising; deep learning; speckle noise reduction 
 

1. Introduction 

Over the last few decades, diagnostic ultrasound (US) has been increasingly used for the non-
invasive assessment of soft tissues. It is widely used in clinical practice for applications such as 
abdominal and pelvic imaging, obstetrics and gynecology, cardiology (echocardiography), 
musculoskeletal evaluation, vascular assessment and in image-guided procedures. Unlike expensive 
imaging modalities like computed tomography (CT) or magnetic resonance imaging (MRI), US is 
relatively low-cost and can be used for real time assessment of both soft tissue and bone [1–3]. Unlike 
X-ray–based modalities, US employs high-frequency acoustic pulses to probe tissues and captures 
echo signals without exposing patients to ionizing radiation, making it particularly suitable for 
vulnerable populations such as pregnant women, children, and critically ill patients requiring 
repeated imaging [4,5]. The widespread clinical adoption of US has been further accelerated by 
advancements in portability and miniaturization. Point-of-Care US (POCUS) has become integral to 
emergency medicine, critical care, internal medicine, anesthesia, and rural healthcare, supporting 
rapid triage, intervention guidance, and real-time physiological monitoring [6].  

Despite these obvious advantages, US image quality is limited by various noise artifacts. US 
imaging relies on the transmission of short acoustic pulses in the frequency range of 2 -20 MHz tissues 
of varying acoustic impedance [7,8]. As the US beam propagates, it undergoes reflection, refraction, 
absorption, and attenuation, which can lead to various noise and artifacts, including speckle noise, 
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electronic noise, clutter, reverberation, and shadowing [9,10]. The effects of these noises can often be 
compounded, which drastically degrades image fidelity and makes visual interpretation challenging 
[9,11]. Figure 1 illustrates common types of ultrasound noise across different anatomical regions, 
demonstrating how they degrade visual quality, blur anatomical structures, and obscure tissue 
boundaries. As illustrated in Figure 2, in addition to the artifacts arising from the physical properties 
of US, image acquisition factors such as probe pressure, probe angle, acquisition depth, gain settings, 
and system-specific processing steps applied to the raw signal also produce wide variability in the 
image quality [12,13]. 

(a) (b) (c) 

Figure 1. Examples of common noise and artifacts in ultrasound imaging and their impact on image quality. (a) 
Motion artifacts in cardiac ultrasound leading to blurred structures. (b) Speckle noise obscuring the bone 
boundary in wrist ultrasound. (c) Speckle noise and acoustic shadowing reduce the visibility of thyroid nodule 
margins. 

Over the past decades, US denoising has progressed from hand-crafted statistical models to 
data-driven deep learning frameworks. Early statistical methods, such as the Lee filter [14], Frost filter 
[15], speckle reducing anisotropic diffusion (SRAD) [16], total variation (TV) regularization, and non-
local means (NLM) filtering [17,18], have been employed to reduce US image noise while improving 
texture and preserving edges. These methods are often limited by sensitivity to parameter tuning, 
high computational cost, reliance on hand-crafted features and statistical assumptions [19,20]. Data 
driven deep learning models such as CNNs, UNet, GAN, and Vision Transformer (ViT) have been 
used for US enhancement by learning complex mappings and anatomically consistent 
transformations from the original ultrasound data without relying on handcrafted features or 
statistical assumptions. Most recently, self-supervised methods like Noise2Noise (N2N) addressed 
the lack of clean ground-truth data by enabling models to learn the underlying signal directly from 
pairs of independent noisy observations. Instead of relying on noise-free reference images, which are 
impractical to obtain in clinical settings, these approaches exploit the statistical nature of noise so that 
the network can recover consistent anatomical structures while suppressing random variations [21].  
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(a) (b) (c) 

Figure 2. Ultrasound images acquired with different parameters and probe settings. (a) Pancreas images 
obtained at low and high transducer frequencies, illustrating the trade-off between penetration depth and image 
resolution. (b) Lung images acquired using linear and curvilinear probes, demonstrating differences in field of 
view and depth coverage. (c) Liver images obtained with low and high gain settings, showing changes in 
brightness, signal amplification, and noise. 

Although US denoising and de-speckling methods have been studied previously, existing 
survey and review papers provide limited and fragmented coverage of deep-learning-based US 
denoising. Early reviews in US image processing had primarily emphasized classical filtering 
approaches, such as SRAD, wavelet denoising, and non-local mean, while offering only brief 
overviews of learning-based techniques [22]. More recent surveys on medical image denoising [23] 
tend to focus on general-purpose deep learning methods across multiple imaging modalities, 
including CT, MRI, and X-ray, without addressing the unique challenges specific to US. In many 
cross-modality reviews, the US appears only as a minor subsection rather than as a dedicated topic. 
The review by Gupta et al. [24] discussed classical speckle reduction filters such as spatial-domain 
smoothing, transform-based filters, and PDE-based diffusion. A more recent survey by Sivaanpu et 
al. [13], examined 97 studies and offered a broad overview spanning classical, transformer and hybrid 
techniques. This survey provides a taxonomy of methods, discusses the nature of US noise, and 
tabulates the strengths and weaknesses of different denoising approaches, consolidating two decades 
of research. Furthermore, survey-level analyses by Kaur et al. [25] and Sagheer et al. [26] spanning 
multiple modalities, including US, MRI, CT, and X-ray, discussed the unique characteristics of US 
noise, such as multiplicative speckle, tissue-dependent scattering, and acquisition variability. While 
existing surveys have provided valuable overviews, they lack a fully up-to-date review of US-specific 
deep learning-based denoising approaches developed in the last three years capturing more recent 
approaches like self-supervised networks, diffusion models, and cross-domain generative models. 
Moreover, prior reviews tend to emphasize method cataloguing over in-depth interpretation and 
critical discussion, provide limited trend analysis across datasets, models, and evaluation settings, 
and fall short of outlining clear research directions for further improving US image denoising 
performance. Accordingly, this review presents a focused and up-to-date synthesis of deep learning-
based US denoising methods, datasets, evaluation practices, and research gaps to inform future 
directions for clinically effective US image enhancement.  

2. Materials and Methods 
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This review was registered in Rayyan systematic reviewing tool. We have followed the Preferred 
Reporting Items for a Systematic Review and Meta-analysis of Diagnostic Test Accuracy Studies 
(PRISMA-DTA) Checklist to guide this review.  

2.1. Search Strategy and Data Sources 

A structured literature search was conducted across major scientific databases: IEEE Xplore, 
PubMed, Science Direct, Scopus, Web of Science, Google Scholar (for supplementary search and 
snowballing). Search terms were designed to capture both the US-specific and Deep Learning specific 
components of the topic. Representative keyword combinations included: “US denoising”, “US 
image enhancement”, “Medical image Enhancement”, “Medical image denoising”, “US de-
speckling” and “Speckle reduction”. 

2.2. Inclusion Criteria 

• Studies were included if they met all the following criteria: 
• Focus on diagnostic US imaging; 
• Use deep learning or machine learning methods for US image denoising or speckle reduction; 
• Published in a peer-reviewed journal or a reputable medical imaging, computer vision, or 

machine learning conference; 
Published after 2022, to capture more recent methods in this rapidly evolving field of study. 

2.3. Study Screening and Selection 

The screening process followed PRISMA guidelines and was conducted in multiple stages. First, 
titles were screened to remove clearly irrelevant studies. Second, duplicate records were removed. 
Abstracts of the remaining articles were then screened to identify studies explicitly addressing deep-
learning-based US image denoising or speckle reduction. Finally, full-text screening was performed 
to confirm eligibility based on the predefined inclusion criteria. 

2.4. Data Extraction 

• A structured data charting process was employed to systematically extract and organize 
information from all included studies. The data extraction form was piloted on a subset of 
studies and calibrated by the review team prior to use to ensure consistency. The following 
variables were extracted from each study. 

• Anatomy (Breast/ Fetal/ Cardiac/ Abdominal/Musculoskeletal/Others); 
• Imaging dimensionality(2D/3D/Videos); 
• Target noise type (Speckle, Gaussian noise); 
• Learning paradigm (Supervised Learning/Self Supervised/Unsupervised); 
• Deep learning architecture (CNN/UNet/GAN/Transformer); 
• Summary of the proposed denoising methodology; 
• Training data characteristics; 
• Evaluation metrics used for quantitative assessment; 
• Baseline methods used for comparison; 
• Summary of performance results; 
• Limitations of the study; 
• Future research directions stated; 

Code and dataset availability. 

2.5. Data Handling and Summary 

Extracted data were categorized by learning paradigm, network architecture, application 
domain, and data source. Descriptive statistics and frequency counts were used to summarize 
quantitative variables, while qualitative information such as methodology details and clinical 
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application were organized in tables. Trends and patterns across studies were identified to provide 
an overview of the current landscape in Deep Learning-based ultrasound denoising. 

2.6. Limitations 

This scoping review is limited to English-language publications, which may have excluded 
relevant studies in other languages. Additionally, the findings are primarily descriptive, and 
interpretations are based on the data reported in the included studies, which may introduce 
subjectivity. 

3. Results and Discussion 

This section may be divided by subheadings. It should provide a concise and precise description 
of the experimental results, their interpretation, as well as the experimental conclusions that can be 
drawn. 

 

Figure 3. PRISMA flow diagram summarizing the literature search and study selection process for ultrasound 
image denoising. A total of 951 records were identified, 801 were screened, 93 underwent full-text eligibility 
assessment, and 36 studies were included. 

3.1. Study Selection 

The study identification, screening, eligibility assessment, and inclusion process followed the 
PRISMA guidelines and is summarized in Figure 3. A total of 951 records were identified through 
database searching, and after removing duplicates, 801 unique records remained for screening. Title 
and abstract screening led to the exclusion of 629 records. Full texts of 96 reports were sought for 
retrieval, of which 93 were successfully assessed for eligibility. Following full-text evaluation, 57 
studies were excluded for reasons including being out of scope, review articles, duplication, or non-
English publication, resulting in the inclusion of 36 studies in the final review. 

3.2. Characteristics of the Studies 
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The studies exhibited extensive diversity in terms of learning paradigms, network architecture, 
application domains, and data sources. Studies focused on B-mode US image denoising, with clinical 
applications spanning breast, fetal, cardiac, thyroid, liver, nerve, carotid artery, and general 
abdominal ultrasound.  

In terms of learning paradigms, most studies used supervised learning (SL) approaches, while 
small subsets of recent studies implemented self-supervised (SSL) or unsupervised (USL) learning. 
The quantitative evaluation of US image denoising performance in the reviewed studies relies on a 
combination of reference-based and no-reference metrics, including mean squared error (MSE), root 
mean squared error (RMSE), mean structural similarity index measure (MSSIM), equivalent number 
of looks (ENL), contrast-to-noise ratio (CNR), signal-to-noise ratio (SNR), feature similarity index 
measure (FSIM), edge preservation index (EPI), natural image quality evaluator (NIQE), perception-
based image quality evaluator (PIQE), figure of merit (FOM), improvement in signal-to-noise ratio 
(ISNR), speckle index (SI), signal-to-reconstruction error ratio (SRE), and universal image quality 
index (UIQ). These metrics are employed to assess different aspects of denoising outcomes, such as 
noise suppression, structural fidelity, perceptual quality, edge preservation, and contrast 
characteristics. A summary of the key characteristics of the studies, including learning paradigm, 
architecture type, dataset domain, and reported evaluation metrics, is provided in Table 1. 

Table 1. Consolidated summary of deep learning-based US denoising and analysis studies, categorized by 
machine learning approach, architectural framework, anatomy and performance evaluation metrics. 

Studies Machine 
earning 

paradigm 

Deep Learning 
architecture 

Dataset domain 
(Anatomy) 

Metrics 

Cui et al. [27],Soy et al. 
[28], Chi et al. [29], Kavand 
et al. [30], Jha et al. [31], El-
Hag at al. [32], Reddy et al. 

[33] 

SL CNN Breast, Thyroid, Ovary 
(PCOS), Carotid Artery, 

General US 

PSNR, SSIM, 
MSE, RMSE, 
NIQE, PIQE, 
ENL, AGM, 

SSI, EI 
Khalifa et al. [34], Devi et 

al. [35], Hsu et al. [36], 
Satish et al.[37], Monkam 

et al.[38] 

SL UNet Breast, Liver, Lung, 
Fetal (Cardiac/Head), 

Carotid Artery, General 
US 

PSNR, SSIM, 
MSE, EPI, 

ENL, CNR, 
SNR, AGM 

Saranya et al.[39], Slimi et 
al. [40], Bhute et al. [41] 

SL DAE Breast, General US 
PSNR, SSIM, 

MSE 

Jiménez-Gaona et al.[42], 
Sivaanpu et al. [43], Liu et 

al. [44], Gan et al. [45] 
SL GAN 

Breast, Fetal Head, 
General US 

PSNR, SSIM, 
MSSIM, MSE, 
RMSE, FOM, 

FSIM 
Chen et al. [46],Oliveira et 

al. [47],Li et al.[48] 
SL CAE 

Breast, Lung, Nerve, 
Cardiac, Fetal Head 

PSNR, SSIM, 
RMSE 

Jiang et al. [49], Mahmoudi 
et al. [50] 

SL DnCNN 
General US, Carotid 

Artery 
PSNR, SSIM 

Chen et al. [51],Sivaanpu et 
al.[52], Bu et al. [53] 

SL 
Hybrid CNN + 

Transformer 

Fetal Head, Breast, 
Dental, Cardiac 

Phantom 

PSNR, SSIM, 
RMSE, MSE, 
NIQE, ENL, 
SNR, CNR, 

ISNR, SI 

Vimala et al. [54] SL 
LPRNN 

(CNN+RNN) 
  

Slimi et al. [55], Yu et al. 
[56], Sun et al. [57] 

SSL DAE / UNet 
Breast, Thyroid, 

Abdominal, General US 
PSNR, SSIM 

Zhang et al. [58], Goudarzi 
et al. [59] 

USL CNN / UNet Nerve 

PSNR, SSIM, 
FSIM, EPI, 
CNR, SRE, 
UIQ, MSR 
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Chen et al. [60], Wei et al. 
[61], Basile et al. [62] 

USL N2N / VAE 
Liver, Breast, 

Abdominal, Heart, 
Mediastinum 

PSNR, SSIM, 
MSSIM, ENL, 

MSE, CNR, 
SNR 

Across nearly all application domains, SL approaches were predominant, with the highest 
concentration observed in breast US imaging, illustrated in Figure 4. This finding is consistent with 
the relative availability of curated datasets and established evaluation benchmarks in breast imaging, 
which facilitate the use of paired or pseudo-ground truth data for supervised training. SL-based 
methods were also widely applied in carotid artery, fetal head, cardiac, liver, lung, and abdominal 
imaging, indicating that supervised paradigms remain the default choice when annotated data are 
accessible. In contrast, SSL and USL approaches were significantly less represented and confined to 
a limited subset of domains, such as liver, nerve, thyroid, and abdominal US. The relatively sparse 
adoption of SSL and USL across organ-specific datasets highlights an ongoing reliance on supervised 
formulations despite widespread acknowledgement of ground-truth limitations in US image 
denoising. As shown in Table1, reported deep learning architectures included conventional CNN-
based denoisers, U-Net and multi-scale encoder-decoder variants, denoising auto encoder (DAE) and 
convolutional auto encoder (CAE) based models, GAN framework, denoising CNN (DnCNN), 
hybrid networks, as well as transformer models. Supervised CNNs and U-Nets were applied broadly 
across breast, liver, lung, cardiac, fetal, and carotid artery image denoising, while transformer-based 
and hybrid architectures were more commonly applied to specialized domains such as nerve and 
cardiac image denoising. 

 

Figure 4. Distribution of machine learning approaches across different anatomical regions in the studies. The 
number of studies is shown for supervised learning (SL), semi-supervised learning (SSL), and unsupervised 
learning (USL) methods. 

3.3. Training Data and Noise Modelling Strategy 

Studies exhibit considerable variability in training data composition and noise modeling 
strategies. A substantial proportion of studies relied on synthetic or simulated speckle noise, often 
generated using multiplicative noise models applied to clean US images. Several studies employed 
publicly available US datasets, particularly in breast imaging, nerve, thyroid, cardiac, and carotid 
artery, while most of the others used private or institution-specific datasets. Moreover, only a limited 
number of studies explicitly reported training or validating models exclusively on real clinical US 
acquisitions. Furthermore, detailed descriptions of speckle statistics, scanner settings, or acquisition 
parameters were inconsistently reported across studies. In several cases, noise modeling assumptions 
or data generation procedures were not clearly specified, reflecting variability in reporting practices 
across literature. 
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3.4. Evaluation Metrics 

PSNR and SSIM were the most frequently reported quantitative evaluation metrics. These full-
reference measures were commonly used to assess reconstruction fidelity when paired or simulated 
ground-truth data were available. In addition, several studies reported US-specific metrics such as 
CNR and ENL to better reflect speckle suppression and contrast enhancement. On the other hand, a 
smaller subset of studies employed no-reference perceptual metrics, including NIQE and PIQE, 
particularly in scenarios where clean reference images were unavailable. Other metrics, such as 
entropy-based, edge-based, or gradient-based measures, were reported sporadically and were often 
specific to individual studies. The list of evaluation metrics reported across studies is summarized in 
Table 1. 

3.5. Meta Analysis of Quantitative Metrices 

Studies employing synthetic speckle noise often evaluate performance at multiple noise levels. 
To maintain clarity, reported values were aggregated across these noise or variance settings. These 
aggregated results provide descriptive summaries of model performance without a direct cross-study 
comparison. 

The reviewed studies employed a combination of publicly available and privately acquired US 
datasets. As shown in Table 2, a substantial portion of the literature relied on open datasets, including 
BUSI [63], US-CASE[64], DDTI[65], BUSID[66], Breast US dataset B (Dataset B) [67], UNS[68], 
CAMUS[69], MedPix [70], PCOS [71], CBIS-DDSM [72], INBreast [73], HC18 [74], CCA [75], BUS-
BRA[76], US-4[77]. These public datasets are widely used to facilitate benchmarking and 
reproducibility across studies. In contrast, Table 3 shows several works that evaluated their methods 
using private datasets obtained from different clinics and hospitals, reflecting real-world imaging 
conditions but limiting direct comparability due to restricted data access. 

Table 2. Summary of studies performance report on public or open clinical US datasets. 

Study Dataset PSNR 
(dB) 

SSIM Other Metrics score 

Slimi at al. [55] BUS-BRA 33.82 0.7625 - 
Saranya et al. [39] PICMUS 44.48 0.935 - 
Khalifa et al. [34] Breast US 40.72 0.940 - 

Cui et al.[27] BUID - - ENL=5.71, AGM=38.57, NIQE=4.25, 
PIQE=31.83 

 BUSI - - ENL=2.71, AGM=33.24, NIQE=4.74, 
PIQE=50.61 

 CCA - - ENL=0.76, AGM=40.27, NIQE=4.36, 
PIQE=64.39 

 US-case - - ENL=3.50, AGM=65.18, NIQE=5.38, 
PIQE=50.57 

Chen et al. [60]  US-CASE 35.19 0.90 - 
Slimi at al. [40] BUS-BRA 20.60 0.81 - 
Chi at al. [29] DDTI 36.82 0.93 - 

Jiménez-Gaona et 
al. [42] 

BUSI 39.79 0.96 - 

Wei at al. [61] BUSI 40.03 - SSI=0.80 
Chen at al. [51] UNS 32.82 0.9358 SSI=0.79 

 CAMUS 35.29 0.9317 SSI=0.78 
Kavand et al. [30] BUI + MedPix 30.50 0.97 UIQ=0.54 

Jha et al.[31] PCOS 72.96 0.99 UIQ=0.23 
Sivaanpu et al. 

[52] 
HC18 - 0.965 ENL=7.26, NIQE=4.61, MSE=13.905, 

SRE=32.61, UIQ=0.04, 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 April 2026 doi:10.20944/preprints202604.0030.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.0030.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 17 

 

Sivaanpu at al. 
[43] 

HC18 33.86 0.91 ISNR=23.57dB 

 BUSI 34.16 0.90 ISNR=18.52dB 
El-Hag at al.[32] BUSI 28.72 0.77 NIQE=4.50, MSE=157.3, SNR=40.95dB 
Bhute et al. [41] BUSI 23.64 0.92 MSE=0.0048 

Bu et al. [53] HC18 40.62 0.98 RMSE=2.33 
Hsu et al. [36] BUSI + US-4 42.27 0.99 - 

Reddy et al. [33] INBreast + CBIS-
DDSM 

64.44 - NIQE=0.08, MSE=0.22 

Vimala et al. [54] INBreast + CBIS-
DDSM 

68.70 - SRE=63.8 

Monkam et al. 
[38] 

HC18 - - ENL=15.71, CNR=1.10, SNR=39.32dB, 
SRE=27.46 

 BUSI - - ENL=17.04, CNR=4.20, SNR=34.54dB, 
SRE=17.04 

 CAMUS 32.77 0.87 RMSE=6.05 
     

Table 3. Summary of performance report of studies on private clinical US dataset. 

Scheme 
Dataset PSNR 

(dB) 
SSIM Other Metrics score 

Saranya et al. 
[39] 

Private Fetus 44.48 0.935 - 

Cehn et al. 
[60] 

Private (abdominal) 32.22 0.89 - 

Sun et al. [57] Private Thyroid 32.89 0.88 - 
Soy et al. [28] Private Synthetic US 34.38 0.93 MSE=0.0021 

Devi et al. 
[35] 

Clinical US private 32.22 0.88 MSE=0.0008, UIQ=0.65 

Sivaanpu et 
al. [52] 

Private Heart 
Phantom 

- - CNR=18.78dB, MSR=3.85 

Basile et al. 
[62] 

Abdominal private - - ENL=55.89, MSE=0.004, SSI=0.33, 
CNR=4.21dB, SNR=8.57dB 

Jiang et al. 
[49] 

Breast private 23.13 0.81 - 

Liu et al. [44] Private breast, heart, 
lymph node 

38.13 - RMSE=3.25, UIQ=0.98 

Vimala et al. 
[54] 

Private CTS nerve 41.27 0.97 RMSE=0.85, CNR=11.05, EPI=0.18, 
SRE=51.7, UIQ=0.86, MSR=1.69, 

 Private CTS nerve 51.78 0.86 RMSE=1.69 
Satish et al. 

[37] 
Private Fetal cardiac 29.07 0.86 - 

Goudarzi et 
al. [59] 

Private Heart 37.27 0.90 MSE=0.006 

 Private Chicken 
breast 

37.11 0.91 MSE=0.008 

 Private Bovine liver 31.28 0.88 MSE=0.017 
Li et al. [48] Private Fetal Heart 34.31 0.88 RMSE=5.10 

Gan et al. [45] Private Liver - - NIQE=0.58, PIQE=0.79, RMSE=0.39 

As illustrated in Figure 5(a), the PSNR distribution demonstrates that most studies achieve 
scores concentrated in the range of approximately 30dB - 45dB, with a few outliers extending to 
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higher values, indicating variability in denoising performance across different datasets and 
architectures. The SSIM distribution reveals a similar concentration around 0.85 - 0.97, suggesting 
that structural similarity is generally high in most studies, although there are a few lower value 
outliers. The figure shows that while there is variability, most US image denoising studies achieve 
moderately good quantitative performance, with PSNR and SSIM predominantly falling in the higher 
ranges. 

In addition to reference-based evaluation metrics, Figure 5(b) shows distributions of selected no-
reference US image denoising evaluation metrics, including ENL, EPI, NIQE, and CNR, as reported 
across the reviewed studies. The ENL scores are most frequently reported in the lower-to-moderate 
range, with the majority of values concentrated approximately between 5 and 25, while a smaller 
number of higher values extend beyond this range. The NIQE values are predominantly clustered 
between approximately 4 and 5, with a limited number of lower reported values. The EPI report 
values are between 0.2 and 0.7. The CNR values are most frequently observed in the range of 
approximately 2dB to 5dB. The diversity of these reported metric values on real US images indicates 
that existing enhancement methods struggle to generalize across clinical scenario suggesting US 
image enhancement on real clinical data is still an open research problem, requiring more robust 
methods and standardized evaluation protocols. 

 

 

(a) (b) 

Figure 5. Performance score distribution across studies. (a) Frequently used reference-based evaluation metrics 
scores distribution. (b) Common no-reference evaluation metrics scores distribution. 

3.6. Methodological Trends 

From the studies, U-Net-based architectures and their variants were commonly adopted models 
across the literature, reflecting their implementation incomplexity and having the capacity to handle 
denoising tasks by capturing multi-scale contextual information while preserving fine spatial details. 
CNN-based models, including DAE, CAE, and DnCNN, remained foundational, particularly in 
supervised learning paradigms. GAN-based approaches were frequently employed to enhance 
perceptual quality and texture realism, though these methods often required careful loss balancing 
and complex training procedures. In recent years (2024 - 2025), variational autoencoders (VAE), 
transformer-based, and hybrid CNN-Transformer architectures emerged, aiming to capture global 
contextual information, long-range dependencies and probabilistic representations, especially for 
more complex domains such as cardiac, nerve, and fetal US image denoising. As shown in Figure 6, 
the trends indicate a gradual evolution from conventional CNN and U-Net models toward hybrid, 
transformer, and VAE architectures, reflecting both methodological innovation and adaptation to 
practical challenges in clinical US datasets, while UNet and CNN, and hybrid of CNN with ViT still 
continue in the game. 
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Figure 5. Architectural trends employed by US image denoising studies over the years. 

3.7. Identified Gap 

The structured mapping of the literature highlighted several persistent research gaps in deep 
learning-based US image denoising. A major limitation is the heavy reliance on simulated or synthetic 
noise models, with many studies trained on paired synthetic noise datasets. While these approaches 
facilitate controlled experimentation, they may not fully capture the complex noise characteristics 
present in real clinical US, potentially limiting clinical generalizability. Moreover, validation on real 
clinical datasets is limited, particularly for unpaired datasets highlighting the scarcity of research 
directly addressing realistic acquisition conditions.  

In addition, there is insufficient investigation of cross-device and cross-domain generalization. 
Emerging architectures such as hybrid CNN-transformer models and VAE showed promise, yet their 
performance across different datasets, acquisition devices, or clinical settings has not been 
systematically assessed. Few studies incorporated expert assessment or task-specific evaluation, such 
as diagnostic accuracy or image-guided interventions, meaning that the clinical impact of these 
denoising methods remains uncertain. Furthermore, reproducibility challenges persist, as many 
studies do not provide open datasets and source code. Those that do often rely on proprietary or 
institution-specific data, limiting the ability to benchmark and compare methods fairly. Thus, while 
literature demonstrates significant methodological innovation, these gaps indicate that further 
research and standardization is needed for robust, clinically meaningful, and generalizable denoising 
solutions. 

4. Conclusions 

This review presented a comprehensive and systematic analysis of recent deep-learning-based 
approaches for US image denoising and speckle reduction. By examining 36 studies published after 
2022, the review mapped the current methodological landscape in terms of learning paradigms, 
architectural designs, dataset usage, noise modeling strategies, and evaluation metrics. The findings 
indicate that supervised learning approaches, particularly CNN and U-Net-based architectures, 
continue to dominate the field, largely driven by the availability of curated datasets and synthetic 
noise generation strategies. More advanced models, including GANs, hybrid CNN-Transformer 
architectures, variational autoencoders, and diffusion-based methods, have demonstrated promising 
performance improvements. 

Despite these advances, several challenges, including reliance on simulated speckle noise and 
paired training data, lack of evaluation protocols standardization, with PSNR and SSIM dominating 
despite their limited clinical interpretability, restricted access to datasets and source code remain 
persistent. Hence, greater emphasis on open datasets, transparent reporting, clinically grounded and 
cross dataset validation, and remains open research problems for the development of reliable, 
generalizable, and clinically impactful US image denoising solutions. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

US Ultrasound 

PRISMA-DTA 
Preferred Reporting Items for a Systematic Review and Meta-Analysis of Diagnostic Test 
Accuracy studies 

CNN Convolutional neural network 
GAN Generative adversarial neural network 
VAE Variational autoencoder 
POCUS Point of care ultrasound 
CT Computed tomography 
MRI Magnetic resonance imaging 
SL Supervised learning 
SSL Self-supervised learning 
USL Unsupervised learning 
MSE Mean squared error 
RMSE Root mean squared error 
MSSIM Mean structural similarity index 
ENL Equivalent number of looks 
CNR Contrast-to-noise ratio 
SRN Signal-to-noise ratio 
FSIM Feature similarity index measure 
EPI Edge preservation index 
NIQE Natural image quality evaluator 
PIQE Perception-based image quality evaluator 
FOM Figure of merit 
ISNR Improvement in signal-to-noise ratio 
SI Speckle index 
SRE Signal-to-reconstruction error 
UIQ Universal image quality 
SSIM Structural similarity index 
PSNR Peak signal to noise ratio 
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