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Abstract: Biomedical ultrasound imaging, as one of the most common, safe, and cost-effective modalities in clinical diagnosis,
witnesses remarkable progress with the integration of artificial intelligence (Al). Early studies based on traditional machine
learning (ML) rely on handcrafted features and classical classifiers to achieve automatic recognition and quantitative analysis of
ultrasound images. However, such methods are limited in feature representation capacity and generalizability. With the advent of
deep learning (DL), convolutional neural networks (CNNs), recurrent neural networks (RNNs), and attention-based architectures
are widely applied to tasks such as segmentation, detection, and lesion classification, significantly improving diagnostic
accuracy and robustness. More recently, large language models (LLMs) and multimodal foundation models open new avenues
for intelligent ultrasound analysis. These models not only integrate imaging and textual information to support automated report
generation and cross-modal reasoning but also offer enhanced interpretability and greater potential for clinical adoption. In this

review, we provide a systematic review of the evolution of Al in ultrasound image analysis, spanning from traditional ML to

deep learning and LLMs, outlining a complete trajectory of methodological advances.
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iomedical ultrasound imaging has become an

indispensable tool in modern clinical practice

due to its non-invasive nature, low cost, porta-
bility, and real-time imaging capability. It plays a criti-
cal role in screening, diagnosis, and treatment monitor-
ing across diverse clinical domains, including cardiolo-
gy, obstetrics, gynecology, hepatology, and oncology [1-
2]. However, the interpretation of ultrasound images
remains highly operator-dependent and is often chal-
lenged by issues such as low signal-to-noise ratio,
speckle noise, and wvariability across machines and
patient populations [3]. These limitations have motivat-
ed the integration of Al methods to improve the efficien-
cy, accuracy, and consistency of ultrasound image anal-
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ysis [4].

Figure 1 shows the development trajectory of intelli-
gent ultrasound imaging. Early research is dominated by
traditional machine learning approaches, where hand-
crafted features, such as texture, shape, and statistical
descriptors, are combined with classifiers like support
vector machines or random forests to detect lesions or
characterize tissue properties. While these methods pro-
vide initial insights, their reliance on manually engi-
neered features limits generalizability across clinical set-
tings.

The emergence of deep learning revolutionizes ultra-
sound image analysis. Convolutional neural networks
(CNNs) [5-7] enable end-to-end feature learning direct-
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Figure 1 With the advent of deep neural networks, an increasing number of Al ultrasound studies have focused on various variants of RNNs, CNNs, and
Transformers. Following the introduction of the large language models, most research has centered on utilizing diverse large foundation models for Al

ultrasound applications.

ly from raw images, yielding superior performance in
segmentation, classification, and detection tasks. More
advanced architectures, including recurrent neural net-
works (RNNs) [8-9], attention-based mechanisms [10],
and transformer models [11], further enhance the capaci-
ty to model temporal dynamics in ultrasound videos and
capture long-range dependencies in image interpretation
[12]. Despite these advances, challenges remain in terms
of limited annotated datasets, lack of interpretability,
and adaptation to diverse clinical environments [13].

In parallel, the rise of large language models [14-18]
has opened new opportunities for intelligent ultrasound
analysis. These models extend beyond visual recogni-
tion by integrating imaging with clinical text, structured
data, and prior knowledge, enabling tasks such as auto-
mated report generation [19], visual question answering
[20], and multimodal reasoning [21]. Importantly, LLMs
provide a pathway toward more explainable Al systems
that can align better with clinical workflows and deci-
sion-making processes.

As shown in figure 2, we present a comprehensive
review of the application of Al in ultrasound imaging,
spanning from traditional machine learning approaches
to state-of-the-art deep learning and LLM-based meth-
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ods. We categorize existing work across key tasks,
including segmentation, classification, detection, and
report generation while highlighting methodological
innovations, clinical applications, and current chal-
lenges. Finally, we discuss future directions in intelli-
gent ultrasound, including large-scale dataset construc-
tion, development of multimodal foundation models,
improved interpretability, and clinical translation.

Traditional Machine Learning

Traditional machine learning techniques have been
foundational in the development of computer-aided
diagnosis (CAD) systems for biomedical ultrasound
imaging. These methods typically involve handcrafted
feature extraction followed by classification algorithms.
Despite the rise of deep learning approaches, traditional
ML methods remain relevant due to their interpretabili-
ty and efficiency in certain clinical contexts.

One of the earliest attempts to apply machine learn-
ing in ultrasound-based diagnosis is conducted by
Maclin and Dempsey in 1992 [1]. They develop a back-
propagation neural network to classify hepatic masses
into five categories (hepatoma, metastatic carcinoma,
abscess, cavernous hemangioma, and cirrhosis) using 35
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Figure 2 The application of Al in ultrasound imaging spans from traditional machine learning to state-of-the-art deep learning and LLM-based methods.
While deep learning methods can be divided by networks such as CNN, RNN and Transformer, LLM-based methods can be classified by tasks.

input features derived from ultrasonographic data and
laboratory tests. Although the model falls short of the
performance of experienced radiologists (90%), it out-
performs radiology residents (50%). This result pro-
vides early evidence for the feasibility and potential clin-
ical utility of machine learning in ultrasound diagnosis.
While Maclin and Dempsey pioneer the use of artificial
neural networks in ultrasound diagnosis, Garra et al. [2]
focus on quantitative sonographic texture analysis to dis-
tinguish benign from malignant breast lesions. By
extracting statistical texture descriptors (e.g., gray-level
co-occurrence matrices and fourier-based features) and
applying discriminant analysis, their study demonstrates
that computer-extracted imaging biomarkers significant-
ly improve diagnostic accuracy. Although based on tra-
ditional statistical classifiers rather than modern neural
networks, this work represents an important early step
toward computer-aided diagnosis based on machine
learning in ultrasound imaging.

The Different Features of ML in Ultrasound
Imaging

Traditional machine learning approaches in ultra-
sound imaging have predominantly relied on carefully
engineered features to achieve accurate diagnosis. Based
on the type of extracted information, these features can
be broadly categorized into three groups:

Texture features: Early studies demonstrate that sta-
tistical texture descriptors, including gray-level co-
occurrence matrices (GLCM), histogram-based features,
wavelet coefficients, and Fourier transforms, effectively
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distinguish benign from malignant breast lesions. Subse-
quent works [3,22] further refine speckle-emphasized
and multi-scale texture features, often in combination
with classical classifiers like support vector machines
(SVM), to improve lesion discrimination.

Morphological features: The shape, boundary irregu-
larity, orientation, and posterior acoustic characteristics
of lesions provide complementary information to tex-
ture. Representative studies [23,24] show that quantita-
tive morphological descriptors, either alone or fused
with texture features, significantly enhance the accuracy
of CAD systems.

Statistical features: Simple first-order statistics, such
as mean, variance, skewness, and kurtosis, are widely
used in early works [4,25] as robust and computational-
ly inexpensive descriptors of lesion characteristics.
These features often serve as a foundation for more
complex texture-based representations.

The Different Models of ML in Ultrasound
Imaging

Bioedical ultrasound images are often characterized
by noise, artifacts, and variable quality. Specific task
relies on the choice of classifier, such as Support Vector
Machines (SVM), Random Forests (RF), and Logistic
Regression, each offer unique advantages that make
them suitable for biomedical ultrasound image analysis.

SVM is well known for its ability to handle high-
dimensional feature spaces and robustness to overfitting
with limited data. The fundamental principle of an SVM
is to identify the "optimal hyperplane" that best sepa-
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rates data points of different classes with the maximum
possible margin. In biomedical imaging, this is crucial as
we often extract a vast number of features from images—
such as texture, shape, histogram intensities, and wavelet
coefficients—creating a high-dimensional feature space.
SVM excels in this context through the use of the "ker-
nel trick,” which allows it to implicitly map data into
even higher-dimensional spaces where a separating
hyperplane can be found, without the computational bur-
den of explicitly performing the transformation. This
enables SVM to construct highly complex, non-linear
decision boundaries effectively, which is often the case
in biomedical imaging [26].

RF provides strong generalization, interpretability
through feature importance, and resilience to noisy data.
Random Forest is an ensemble learning method that
operates by constructing a multitude of decision trees
during training and outputting the mode of the classes
(classification) or mean prediction (regression) of the
individual trees. This "wisdom of the crowd" approach
is the source of its exceptional generalization ability,
enabling it to model complex, non-linear relationships
without easily overfitting, making it effective for hetero-
geneous ultrasound signals [27].

Logistic Regression, though relatively simple, offers
probabilistic outputs and clear interpretability. Despite
its relative simplicity, LR holds enduring value in clini-
cal decision-support systems due to two paramount qual-
ities. A clinician can then integrate this probability with
other patient-specific factors, such as age, family histo-
ry, and serum biomarkers to make a more nuanced and
risk-aware final decision, which are valuable in clinical
decision-making [28].

These classifiers are computationally efficient,
require smaller datasets compared to deep learning
methods, and align well with the need for transparency
and reliability in medical applications.

Table 1 Comparison of DL based methods

In summary, these works illustrate that traditional
machine learning in ultrasound imaging is fundamental-
ly structured around the design and selection of informa-
tive features. By categorizing studies according to tex-
ture, morphology, statistical, this review highlights the
evolution and relative strengths of each feature type, set-
ting the stage for the transition to deep learning-based
methods that can learn hierarchical features directly
from raw images.

Deep Learning Methods

ML approaches, which rely on handcrafted features
meticulously designed by domain experts, while promis-
ing, is fundamentally limited by the quality and generali-
ty of these manual features, often resulting in models
that are brittle and fail to generalize across different
datasets and scanning protocols. The breakthrough
emerges with the advent of DL. While a significant por-
tion of existing reviews on deep learning in medical
ultrasound are organized by clinical application tasks
(e.g., segmentation, classification, detection), this review
adopts a model-centric taxonomy, categorizing the liter-
ature primarily by the underlying neural network archi-
tectures. We argue that this approach offers a more
insightful perspective into the technological evolution of
the field. As shown in table 1, it allows us to juxtapose
how a single architecture paradigm empowers diverse
applications. Furthermore, it facilitates a deeper discus-
sion on the inherent strengths, limitations, and common
optimization strategies specific to each architectural
family, thereby providing a more valuable resource for
methodology-oriented researchers aiming to push the
technical boundaries forward.

Recurrent Neural Networks
While convolutional neural networks (CNNs) have

Method Framework Task Region Dataset Year
BCRNN BIiLSTM + ASM Segmentation Prostate 530 slices from 17 trans-rectal ultrasound 2017
MultiCNN CNN Classification Breast 10,815 multimodal breast-ultrasound images of 721 biopsy- 2021
confirmed lesions from 634 patients
EDLM 5 CNNs (Se-ResNet)  Classification Gallbladder 3,705 sonographic gallbladder images from 1141 patients 2021
Sono-2DtCNN  CNN (SonoNet-64)  Classification Fetus Video clips from 25 full-length scans (average 45.7 + 11.6 minutes) 2019
T-RNN J-CNN + LSTM Classification Fetus 631 videos with 50,624 US images 2015
FB-nHiDS 3D FCN + BiLSTM  Segmentation Fetus, gestational 104 prenatal ultrasound volumes from 104 volunteers 2019
sac, placenta
SSL HED + U-net Segmentation Cardiac chamber 4,569,266 images from 8,843 transthoracic echocardiograms 2025
BMU-Net CNN+ Transformer  Classification Breast 19,360 images of 5,216 breasts from 5,025 patients 2025
TransUNet U-net+ Transformer ~ Segmentation Multi-organ 3,779 axial contrast-enhanced abdominal clinical images 2024
LLNM-Net YOLO-v8 + U-nett+ + Classification Thyroid Multimodal data from 29,615 patients and 9836 surgical cases 2025
Transformer
TNVis YOLO-v8 + Swin-Unet Segmentation Thyroid 9404 2D static ultrasound images from 5173 cases 2025
486 it | Sci.pen
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revolutionized the analysis of static ultrasound images
by extracting spatial features, a significant portion of
ultrasound diagnostics relies on interpreting dynamic
sequences—such as cardiac motion, fetal activity, or
blood flow. For these tasks, Recurrent Neural Networks
(RNNs) [29-30], and particularly their advanced wvari-
ants Long Short-Term Memory (LSTM) [31] and Gated
Recurrent Unit (GRU) [32-33] networks, offer a power-
ful paradigm by inherently modeling temporal depen-
dencies across video frames. This section reviews the
application of RNN-based architectures in medical ultra-
sound, focusing on their unique ability to capture the
spatiotemporal dynamics that are crucial for functional
assessment and real-time monitoring.

BCRNN [8] addresses the critical challenge of
boundary incompleteness in automatic prostate segmen-
tation from ultrasound images, a key issue hindering
accurate prostatic disease diagnosis and therapeutic
planning (e.g., biopsy guidance, surgical anatomical
modeling). Traditional methods are found inadequate:
bottom-up approaches lack global shape prior to com-
plement ambiguous/occluded boundaries, while top-
down methods rely on hand-crafted descriptors and suf-
fer from local information loss during shape fitting. To
resolve these limitations, they propose a novel frame-
work integrating feature extraction and shape prior
learning seamlessly, centered on three core modules:
first, a Boundary Completion RNN (BCRNN) based on
bidirectional Long Short-Term Memory (BiLSTM),
which serializes static 2D ultrasound images into
dynamic sequences (via Cartesian-to-polar coordinate
transformation) to sequentially infer missing boundaries
using accumulated shape knowledge, eliminating the
need for hand-designed features; second, a multi-view
fusion strategy that merges predictions from three differ-
ent serialization starting points to mitigate bias caused
by varying sequence contexts; third, a multiscale Auto-
Context scheme that cascades BCRNNs (coarse-to-fine
scales), where each level’s prediction is concatenated
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with the original image to refine boundary details, sup-
plemented by an auxiliary ASM (trained on 300 annotat-
ed shape maps) for final gap-filling. Validated on 530
transrectal ultrasound (TRUS) slices, the framework out-
performs pre-trained competitors.

Generally, RNNs are more suitable for time-series
forecasting, natural language processing (e.g., machine
translation, text generation), and audio analysis.
Researchers tend to combine CNN and RNN to lever-
age both advantages. As shown in figure 3, by using a
CNN to extract spatial features from images and then
passing those features into an RNN, the model can not
only understand what is in each frame but also how
things evolve over time. This hybrid approach improves
performance on tasks involving image sequences (such
as videos or dynamic medical imaging) by capturing
both spatial detail and temporal/contextual dependen-
cies. T-RNN [9] is a typical example of combining RNN
and CNN. The J-CNN in the proposed framework lever-
ages multi-task joint learning with knowledge transfer
across similar ultrasound detection tasks to address the
insufficiency of training data, effectively extracting dis-
criminative spatial features from ultrasound frames and
accurately capturing key anatomical structures in regions
of interest for standard plane identification. The LSTM
exploits temporal information in consecutive ultrasound
video frames, addressing the vanishing gradient issue of
traditional RNNs via its gate mechanism to model inter-
frame contextual correlations, which helps filter single-
frame noise and improve the consistency and robustness
of standard plane detection.

Convolutional Neural Networks

Biomedical ultrasound is among the most widely
used imaging modalities in clinical practice, favored for
its real-time capability, safety, low cost, and portability.
However, ultrasound images suffer from unique chal-
lenges such as speckle, shadowing, and low signal-to-
noise ratio, which complicate automatic analysis. In this
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Figure 3 The CNN+RNN methods leverage a CNN to extract spatial features from images and then passing those features into an RNN, the model can

not only understand what is in each frame but also how things evolve over time.
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context, Convolutional Neural Networks (CNNs) [5,34]
have revolutionized the field by enabling end-to-end
learning of spatial features relevant for tasks such as
lesion detection and classification, organ segmentation,
and standard plane detection. In the past few years,
numerous studies have applied CNNs in ultrasound
imaging of the breast, heart, fetal anatomy, thyroid, and
other organs, with improving performance owing to bet-
ter network designs, data augmentation, and domain
adaptation [35].

ResNet [36] addresses the long-standing challenge of
accurate and accessible diagnosis of biliary atresia (BA)
using an ensembled deep learning model (EDLM) based
on sonographic gallbladder images. BA diagnosis is crit-
ically time-sensitive, yet conventional methods are limit-
ed: biochemical markers are resource-intensive, and
ultrasound is highly dependent on expert experience,
leading to delayed diagnosis. To tackle this, the team
constructs a multi-center dataset involving 11 hospitals,
including 3,705 sonographic images (from 330 BA and
811 non-BA patients) for model training and 841 inde-
pendent images (from 102 BA and 196 non-BA patients)
for external validation. The EDLM integrates five
CNNs, based on the Se-ResNet architecture, trained via
five-fold cross-validation (each CNN trained on 4 sub-
sets and validated on 1 unique subset, with final predic-
tions averaged to enhance robustness), and demon-
strates superior diagnostic performance compared to
human experts. Notably, combining EDLM predictions
with expert diagnoses significantly improves expert sen-
sitivity while only moderately reducing specificity, min-
imizing missed BA cases. The model also exhibits
strong robustness across varying scanning conditions
and extends to practical clinical scenarios: it maintains
expert-level performance when using smartphone pho-
tos of sonographic images and fully automated video-
based diagnosis, supported by a dedicated smartphone
app for remote use. This study not only fills the gap of
Al-based BA diagnosis using sonographic images but
also provides a scalable solution to alleviate expertise
shortages in rural and underdeveloped regions, offering
substantial clinical value for timely BA detection and
improved patient outcomes.

Sono-2DtCNN [37] proposes a multi-stream frame-
work to leverage the spatio-temporal dynamics of fetal
anomaly ultrasound videos across different temporal
scales, with the Sono-2DtCNN serving as the base mod-
el for each stream. It incorporates three individual
streams trained on video clips with varying frame rates
to capture distinct temporal changes: one stream uses
near-consecutive frames at FR/2 to model fine short-
term temporal dynamics, another at FR/4 (the original
frame rate for single-model training) to capture standard
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short-term motion, and the third at FR/8 to capture
coarse long-term temporal dependencies. When applied
to 10 unlabeled full-length scans, the automated classifi-
cation shows high correlation with manually computed
workflow statistics, demonstrating the practicality of the
proposed spatio-temporal partitioning and description
approach for analyzing full-length fetal anomaly ultra-
sound scans.

Fully Convolutional Network (FCN) [6] represents a
pioneering and foundational architecture for end-to-end
semantic segmentation. Its key innovation lies in trans-
forming classical classification-oriented CNNs into ful-
ly convolutional models by replacing the final fully con-
nected layers with convolutional layers. This crucial
modification enables the network to accept input images
of any size and generate correspondingly sized spatial
output maps, rather than a single classification label.
FCNs recover fine-grained spatial information through
learned transposed convolutions (or deconvolutions),
which perform upsampling on the coarse feature maps.
Additionally, it incorporates skip connections from earli-
er, higher-resolution layers to combine deep, semantical-
ly strong features with shallow, detailed features, there-
by refining the segmentation output. As a milestone
architecture, FCN establishes the encoder-decoder
paradigm as a standard for dense prediction tasks in
computer vision, directly influencing subsequent, more
complex architectures.

The integration of FCN with RNN creates a power-
ful architecture for spatiotemporal analysis. The FCN
excels at extracting dense, pixel-level spatial features
from each individual frame, preserving crucial location-
al and structural information. The RNN, typically an
LSTM or GRU, then processes this sequence of feature
maps to model complex temporal dependencies and
dynamic evolution across time. The primary benefit of
this union is the ability to perform fine-grained, pixel-
wise prediction while simultaneously understanding
contextual changes over time [38]. This makes it excep-
tionally well-suited for tasks like video semantic seg-
mentation, dynamic medical image analysis (e.g., quan-
tifying cardiac function from ultrasound videos), and
any application requiring both precise spatial under-
standing and robust temporal modeling within a
sequence of images. The entire system can be trained
end-to-end, optimizing the spatial feature extractor for
the ultimate temporal task.

While FCN introduces the core idea of end-to-end,
pixel-wise semantic segmentation by replacing fully
connected layers with convolutional layers and using
upsampling, U-Net [7] enhances this architecture via a
symmetric encoder-decoder (“U-shaped”) design. The
contracting encoder path captures contextual informa-
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tion, while the expanding decoder path enables precise
localization. The key innovation of U-Net lies in its skip
connections, which bridge corresponding layers in the
encoder and decoder. These connections fuse high-reso-
lution feature maps from the encoder with the upsam-
pled outputs in the decoder, thereby preserving fine-
grained spatial details that are crucial for accurate pixel-
wise segmentation. Originally developed for cell track-
ing in microscopic images, U-Net's exceptional perfor-
mance and elegant design lead to its widespread adop-
tion and inspire numerous variants across diverse medi-
cal imaging modalities and beyond.

SSL [39] proposes a label-free self-supervised learn-
ing pipeline for the segmentation of cardiac chambers
and calculation of cardiac function parameters from car-
diac ultrasound images, aiming to address the limita-
tions of traditional cardiac ultrasound analysis—specifi-
cally the labor intensity and poor reproducibility of man-
ual annotations, as well as the heavy reliance of super-
vised learning on high-quality manual labels. The
pipeline integrates traditional computer vision tech-
niques, clinical domain knowledge, and deep learning
models (UNet for semantic segmentation and Holistical-
ly Nested Edge Detection (HED) network for enhancing
blurry ultrasound edges). It first generates weak labels
without manual input, then refines these labels through
successive training steps involving early stopping and
self-learning, ultimately achieving precise segmentation.
This work realizes clinical-valid, scalable cardiac ultra-
sound analysis without manual annotations, offering a
practical solution for automated cardiac assessment and
a paradigm for label-free medical image segmentation.

Transformers

Over the past decade, deep learning, especially CNNs
has achieved remarkable success in a variety of ultra-
sound tasks: classification and segmentation. CNNs
excel at capturing local patterns through convolutional
filters, but they are intrinsically limited in modeling long-
range dependencies, global context, and relationships
across distant image regions—features that can be criti-
cal in ultrasound where context matters.

The Transformer architecture [10], originally devel-
oped for natural language processing and later adapted
to vision, provides powerful self-attention mechanisms
for capturing long-range interactions and global context.
In medical imaging broadly, Transformers have begun
to show strong performance in segmentation, classifica-
tion, detection, registration, reconstruction, and other
tasks. However, their application to ultrasound imaging
is still emerging, and specific challenges arise in the
ultrasound context.

The CNN-Transformer hybrid architecture synergis-
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tically combines the strengths of both models to create a
powerful framework for visual understanding, especial-
ly in complex domains like medical imaging [40]. The
CNN component acts as a proficient local feature extrac-
tor, efficiently capturing fine-grained patterns, textures,
and edges from pixel data due to its innate inductive
biases like translation invariance. However, its ability to
model long-range dependencies between distant parts of
an image is limited. The Transformer component excels
at global context modeling. Its self-attention mechanism
allows every part of the feature map to interact directly
with all others, enabling the model to understand com-
plex relationships and the overall structural context of an
entire image.

By integrating them, the hybrid model leverages the
CNN as a front-end to create meaningful feature maps
from raw pixels and uses the Transformer as a back-end
to interpret those features within a global context. This
results in a model that achieves superior performance by
simultaneously appreciating minute details and holistic
anatomy. Furthermore, the architecture offers exception-
al flexibility for fusing multimodal data using cross-
attention mechanisms, making it exceptionally well-suit-
ed for clinically translatable Al systems that require
robust, explainable, and comprehensive analysis [12].

Yolo-v8 and U-net are the most popular foundation
framework for biomedical imaging [41]. TransUNet [40]
is one of the first to combine Transformer and U-net. It
leverages the Transformer to encode tokenized image
patches from a CNN feature map as the input sequence
for extracting global contexts. On the other hand, the
decoder upsamples the encoded features which are then
combined with the high-resolution CNN feature maps to
enable precise localization. LLNM-Net [11] addresses
the critical clinical challenge of insufficiently precise
preoperative prediction of lateral lymph node metastasis
(LLNM) in thyroid cancer by developing an explainable
multimodal Transformer based model. This bidirection-
al attention-based model integrates multimodal data,
including preoperative ultrasound images, radiological
reports, pathological findings, and demographic infor-
mation. LLNM-Net leverages optimized YOLO-v8 and
U-Net++ for nodule/thyroid segmentation, and a novel
central point distance transformation to extract precise
locational and morphological features; its core Thyroid
Multimodal Deep Learning (TMDL) transformer
enables cross-modal information fusion via four bidirec-
tional attention blocks and twelve self-attention blocks.
Notably, LLNM-Net outperformed both human experts
and previous models.

Large Foundation Models
Deep learning approaches, particularly convolutional
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and transformer-based architectures, have markedly
improved ultrasound image analysis by enabling auto-
mated feature extraction, segmentation, and classifica-
tion. However, these models remain largely task-specif-
ic, requiring extensive annotated data and offering limit-
ed generalization across diverse clinical scenarios.
Moreover, they often fail to integrate multimodal clini-
cal information, such as radiology reports or patient his-
tories, which are essential for real-world decision-mak-
ing. These limitations have motivated a paradigm shift
toward large-scale foundation models [14-15]. By lever-
aging massive pretraining corpora, cross-modal align-
ment, and instruction-tuning, large models extend
beyond single tasks to provide more generalizable, ver-
satile, and clinically relevant solutions, thereby repre-
senting the next frontier in Al-driven ultrasound imag-
ing.

The development of LLMs has revolutionized natu-
ral language processing and multimodal reasoning.
Models such as GPT-4 [16], PaLM-E [17], and LLaVA
[18] have demonstrated remarkable abilities in under-
standing complex language prompts, integrating visual
inputs, and generating medically relevant responses.
Transformer based models, especially LLMs have
demonstrated the capability to perform tasks beyond the
reach of traditional deep learning approaches, including
biomedical image segmentation at cellular granularity
[13,42]. Recent works tend to explore the integration of
vision-language models (VLMs) in the biomedical
domain, particularly for tasks like medical image cap-
tioning, question answering, and report generation.
However, most of these approaches remain limited to
coarse-grained image-level reasoning, lacking the capac-
ity for fine-grained, pixel-level understanding essential
for clinical pathology.

Understanding

Biomedical images understanding, including segmen-
tation and diagnosis, is one of the most important appli-
cations of large foundation models. Most of the biomed-
ical image segmentation works are based on SAM [43].

Image encoder

O
]
E
O
[

As shown in figure 4, SAM adopts a promotable seg-
mentation framework that links an image encoder, a
prompt encoder, and a lightweight mask decoder. Its
transformer-based image encoder captures rich visual
features, while the decoder efficiently generates segmen-
tation masks guided by prompts such as points, boxes, or
masks. MedSAM [44] is one of the first to apply Vision
Foundation Models (VFM) to biomedical image seg-
mentation. MedSAM introduces a self-attention-based
large model. Ultrasound images often exhibit low con-
trast and blurred boundaries, making it difficult to delin-
eate structures accurately. Additionally, the complex and
variable nature of anatomical features in ultrasound
images adds to the segmentation difficulty. Small-sized
lesions or subtle structures are particularly challenging
to detect due to their size and the presence of noise.
These challenges underscore the need for specialized
adaptations and training of SAM to improve its applica-
bility and performance in medical ultrasound image
segmentation [45-47]. To address these challenges,
researchers have developed various fine-tuning strate-
gies and adaptation frameworks. Table 2 compares the
different SAM based methods.

EchoONE [48] introduces a unified framework for
multi-view cardiac ultrasound segmentation that
addresses the fundamental challenge of processing struc-
turally different echocardiographic views (such as two-
chamber and four-chamber) within a single model archi-
tecture. Its innovative Prior-Composable Mask Learn-
ing module (PC-Mask) automatically generates semantic-
aware dense prompts to reduce manual prompting
dependency, while the Local Feature Fusion and Adap-
tation module (LFFA) enhances SAM's adaptability to
ultrasound-specific  characteristics. The framework
demonstrated exceptional performance on large-scale
multi-center datasets comprising 22,044 private images
and public CAMUS data, achieving strong cross-center
generalization with a Dice coefficient of 73.94% on the
external HMC QU test set, significantly outperforming
traditional view-specific models.

SAID-Net [49] enhances SAM by integrating Implic-
it Neural Representations (INR) to address the chal-

—_— Image Embedding

9 Mask decoder

h

Prompt encoder

Figure 4 SAM adopts a promotable segmentation framework that links an image encoder, a prompt encoder, and a lightweight mask decoder. Its trans-
former-based image encoder captures rich visual features, while the decoder efficiently generates segmentation masks guided by prompts such as points,

boxes, or masks.
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Table 2 Comparison of different SAM variants

Method Framework Region Dataset Year
MedSAM SAM + Self-attention Multi-modal medical images 1,570,263 image—mask pairs, 2024
fine-tuning 10 modalities,
86 internal & 60 external tasks
MA-SAM SAM + 3D adapter CT, MRI, ultrasound and Multiple 3D medical datasets 2024
other 3D medical images cross-modal tasks
MemSAM SAM + Cardiac ultrasound Echocardiography video dataset 2024
Spatio-temporal memory module +

Noise-robust prompts

EchoONE SAM + PC-Mask + Multi-view cardiac Multi-center 22,044 private images 2025

LFFA module ultrasound (2/4-chamber) + public CAMUS data

SAID-Net SAM + INR + Hiera encoder Cardiac ultrasound CAMUS, EchoNet-Dynamics 2025
+ Attention decoder

MedCLIP-SAM BiomedCLIP + SAM + Multi-modal medical images MedPix dataset (image-text pairs), 2024

Residual UNet

with pseudo-labels

lenges of segmenting complex cardiac anatomy and sub-
tle boundaries in echocardiography sequences. It
employs a Hiera-based encoder for multi-scale feature
extraction and a Mask Unit Attention Decoder for cap-
turing fine details, complemented by orthogonalization
to boost feature diversity. When tested on CAMUS and
EchoNet-Dynamics datasets, SAID-Net achieved state-
of-the-art performance with a Dice Similarity Coeffi-
cient of 93.2% and Hausdorff Distance of 5.02 mm on
CAMUS, demonstrating its superior accuracy and
robustness for cardiac ultrasound segmentation.

Beyond SAM, numerous studies have leveraged
CLIP [50] for biomedical ultrasound image segmenta-
tion. BiomedCLIP [51] addresses these by using Pub-
MedBERT as the text encoder and a Vision Trans-
former (ViT) as the image encoder, incorporating
domain-specific adaptations tailored to biomedical
vision-language processing. BiomedCLIP has demon-
strated superior performance compared to previous
biomedical vision-language models across a wide range
of standard datasets. CausalCLIPSeg [52] leverages
CLIP to align textual descriptions with image pixels.
The authors address key challenges in medical image
analysis, such as ambiguous lesion boundaries and spu-
rious correlations caused by confounding factors. The
proposed method includes CLIP-driven text and vision
encoders for multi-modal feature extraction, a tailored
cross-modal decoder that achieves text-pixel alignment
via cross-correlating projected textual features with
upsampled visual features, and a causal intervention
module. Causal CLIPSeg achieves state-of-the-art perfor-
mance, demonstrating effective transfer of CLIP’s
semantic knowledge to pixel-level segmentation and
improved robustness against misleading contextual bias-
es.

MedCLIP-SAM [53] proposes a framework integrat-
ing BiomedCLIP and SAM to solve low data efficiency,
poor generalizability, and limited interactability in medi-
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cal image segmentation, supporting zero-shot and weak-
ly supervised settings. It involves three core steps: fine-
tuning BiomedCLIP on the MedPix dataset via the pro-
posed DHN-NCE loss (addressing small-batch ineffi-
ciency and similar sample discrimination), achieving
zero-shot segmentation by using gScoreCAM (first
applied in medical imaging) to generate saliency maps
(post-processed with CRF for SAM bounding box
prompts), and optimizing via weakly supervised Residu-
al UNet training with zero-shot pseudo-masks.

Beyond fine-tuning existing pre-trained models on
biomedical ultrasound data, a growing number of
researchers are focusing on building ultrasound specific
foundation models. Foundation models represent a
paradigm shift beyond traditional Al modeling, they are
large-scale, self-supervised models trained on wvast,
diverse datasets, capable of adapting to a wide range of
downstream tasks. One notable example is the Univer-
sal Ultrasound Foundation Model (USFM) [54]. USFM
is a self-supervised foundation model tailored specifical-
ly for ultrasound image analysis, it was pre-trained on an
expansive multi-organ, multi-center, and multi-device
ultrasound dataset containing over two million images,
using an organ-balanced sampling strategy to ensure
equitable learning across anatomical regions. It demon-
strates strong generalization across diverse downstream
tasks, including segmentation, classification, and image
enhancement. MedSegX [55] is a vision foundation
model developed to address the challenges of generalist
medical image segmentation in open-world scenarios.
MedSegX introduces a model-agnostic approach called
Contextual Mixture of Adapter Experts (ConMoAE),
which enables the model to adapt to various medical
segmentation tasks effectively. MedSegDB employs a
tree-structured hierarchy to organize the data, facilitat-
ing comprehensive training across a wide range of medi-
cal imaging modalities and organ systems. This work
underscores the potential of MedSegX as a versatile,
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task-agnostic solution for medical image segmentation,
capable of adapting to diverse and previously unseen
tasks in open-world environments.

Instead of models themselves, some researchers
focus on bias mitigation tasks in models when segment-
ing ultrasound images. Apple [56] addresses the critical
issue of algorithmic fairness in models for ultrasound
image diagnosis, particularly in lesion segmentation.
The authors note that both train-from-scratch and pre-
trained models often exhibit performance disparities
across sensitive attributes like sex and age, leading to
biased diagnoses for different patient subgroups. To mit-
igate this unfairness without modifying the base model's
parameters, they propose a novel approach called
APPLE (Adversarial Protected attribute aware Perturba-
tions on Latent Embeddings). Extensive experiments on
both public and in-house ultrasound datasets demon-
strate that APPLE successfully improves segmentation
performance and enhances fairness across all tested sen-
sitive attributes and various model architectures, con-
tributing to the development of more equitable Al-pow-
ered healthcare systems.

Besides segmentation, diagnosis is another signifi-
cant application of Biomedical LLMs. Originally,
researchers primarily employed LLMs for basic biomed-
ical image classification, such as tumor detection or dis-
ease screening [57]. One of the first attempta to evalu-
ate in-context learning models on biomedical images
uses GPT-4V on cancer image processing with in-con-
text learning on three cancer histopathology tasks of
high importance [58]. Results prove that LLMs can per-
form biomedical image classification tasks.

Classification of Benign and Malignant is one of the
most important tasks of biomedical ultrasound image
diagnosis. Researchers [59] develop and validate trans-
former-based models using DeiT architecture initialized
with ImageNet pretraining. The models demonstrated
robust performance across centers, ultrasound systems,
histological diagnoses, and patient age groups, signifi-
cantly outperforming both expert and non-expert exam-
iners on all evaluated metrics. Furthermore, in a retro-
spective triage simulation, Al-driven diagnostic support
reduced referrals to experts by 63% while significantly
surpassing the diagnostic performance of the current
practice. These results demonstrate that transformer-
based models exhibit strong generalization and above
human expert-level diagnostic accuracy, with the poten-
tial to alleviate the shortage of expert ultrasound exam-
iners and improve patient outcomes. In addition, some
researchers focus on the use of LLMs to assess the qual-
ity of ultrasound imaging. Ultrasound-QBench [60]
decompose the quality assessment task into three dimen-
sionalities: qualitative classification, quantitative scor-
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ing, and comparative assessment. Results show that
LLMs possess preliminary capabilities for low-level
visual tasks in the classification of ultrasound image
quality.

Generation

In biomedical imaging, the generation capability of
Large Language Models (LLMs) is primarily used not
only to create the images themselves, but also to pro-
duce textual outputs [61-62]. Acting as an intelligent
interpreter, an LLM takes visual features (extracted by a
vision encoder) and generates comprehensive radiology
reports, answers clinical questions through Visual Ques-
tion Answering (VQA) about the images [63] and pro-
vides data-driven health recommendations. This applica-
tion bridges the gap between complex visual medical
data and actionable clinical language, enhancing work-
flow efficiency and decision support.

Instead of generating structured report from ultra-
sound reports [64], LLMs are increasingly applied to
automated ultrasound report generation by integrating
image analysis with clinical language production. Typi-
cally, a vision encoder first extracts visual features from
ultrasound images. These features are then mapped into
the embedding space of an LLM, which functions as a
powerful text decoder. The LLM, often fine-tuned on
medical corpora, generates coherent, structured reports
by describing findings, measurements, and impressions
based on the visual input. This approach leverages the
capability of LLM to produce fluent and clinically rele-
vant text, significantly reducing radiologists' documenta-
tion burden. Advanced systems further incorporate con-
text-aware prompting and multi-modal alignment tech-
niques to enhance report accuracy, consistency, and
adherence to clinical standards, demonstrating perfor-
mance comparable to or even surpassing human experts
in specific tasks. ChatCAD [65] uses medical knowled-
geof LLMs and reasoning to enhance Computer-aided
diagnosis (CAD) network outputs, such as diagnosis,
lesion segmentation, and report generation, by summa-
rizing information in natural language. The generated
reports are of higher quality and can improve the perfor-
mance of vision-based CAD models. This approach
shows the potential of LLMs to revolutionize clinical
decision-making and patient communication.

ThyGPT [66] proposes a multimodal generative pre-
trained transformer (GPT) model designed to assist in
thyroid nodule diagnosis and management, addressing
critical limitations of traditional Al-based CAD systems.
Conventional diagnosis relies heavily on radiologists’
experience and traditional CAD models suffer from
“black box” (no diagnostic rationale) and “mute box”
(no interaction) issues, causing over-diagnosis and over-
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treatment. Built on the LLaMA3 model and Trans-
former architecture, ThyGPT proposes the concept of
AIGC-CAD in the field of medical image diagnosis. By
combining AIGC-CAD techniques, the ThyGPT model
can function as an Al copilot model that intelligently
interacts with radiologists, automates thyroid nodule risk
assessment, provides decision support, and detects
potential errors in diagnostic reports.

UltrasoundSG [19] is the first to combine semantic
scene graphs (SGs) with LLMs. It proposes a frame-
work centered on SGs for US images: first, it uses the
transformer-based one-stage model RelTR to generate
US SGs directly, which capture key anatomical struc-
tures and their relationships via <entity-predicate-entity>
triplets. Then, the SG paired with side information
(left/right neck) and probe movement data is input to
LLMs to perform two tasks: generating user-friendly US
image summaries and providing natural-language scan-
ning guidance to locate missing anatomies.

Li et al. [67] propose a multimodal LLM framework
ultrasound report generation by leveraging fuzzy theory
to extract essential anatomical knowledge from statisti-
cal features, thereby providing more accurate and con-
text-aware guidance throughout the report generation
process. Experiments are conducted on both a publicly
available dataset and a proprietary dataset. Results
demonstrate that this approach consistently achieves
state-of-the-art performance across multiple evaluation
metrics, highlighting its robustness and adaptability.
These findings underscore the potential of LLMs in
advancing the accuracy and clinical applicability of
ultrasound report generation.

PathChat [68] is a multimodal generative Al copilot
specifically tailored for human pathology, aiming to
address the gap between visual analysis capabilities and
natural language interaction in computational pathology.
Researchers curate a large-scale pathology-specific
instruction dataset comprising 456,916 visual-language
instructions covering diverse formats and sources. The
model architecture integrates three core components: a
pathology-optimized vision encoder fine-tuned from the
UNI foundation model, a multimodal projector module
aligning visual features with text embeddings, and a 13-
billion-parameter Llama 2 model, which underwent two-
stage training. This work provides a foundational frame-
work for multimodal Al applications in pathology and
releasing PathQABench and training code to facilitate
further research.

When solving biomedical VQA tasks, existing multi-
modal large language models (MLLMs) like GPT-4V
suffers from insufficient quantity and quality of biomed-
ical vision-text data. HuatuoGPT-Vision [20] addresses
the limitation by refining high-quality medical image-
text pairs from PubMed through a rigorous pipeline—
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including text filtering, image filtering and deduplica-
tion. They then employed an “unblinded” MLLM to
denoise and reformat the data, generating two types of
VQA samples to construct the dataset. Experimental val-
idations show that HuatuoGPT-Vision demonstrates
superior performance among open-source models on
biomedical VQA tasks.

LLaVA-Ultra [69] is a fine-tuned Multimodal Large
Language Model designed for Chinese medical visual
question answering (Med-VQA), specifically for ultra-
sound data. To address the limitations of general and
medical-specific VLMs that often produce vague or
visually-irrelevant answers, the authors propose a novel
architecture featuring a fine-grained vision encoder for
enhanced medical semantic understanding. They also
tackle data redundancy common in medical reports by
using a weighted scoring and knowledge distillation
method to adaptively select the most relevant images for
a given text. The model is efficiently tuned on a large-
scale, high-quality Chinese ultrasound dataset with
instructions crafted from doctors' text, resulting in a
robust system that achieves new state-of-the-art perfor-
mance across multiple Med-VQA benchmarks.

Multi Task

In addition to conventional tasks such as diagnosis,
classification and segmentation, recent research efforts
have increasingly explored novel and broader applica-
tions of LLMs and multimodal models in biomedical
imaging. Researchers tend to focus on multi-task frame-
works that simultaneously address tasks like report gen-
eration, disease localization, visual question answering,
and segmentation [21,70-72]. U2-Bench [73] designed
eight ultrasound-related multi-organ tasks to comprehen-
sively test the ultrasound understanding capabilities of
large models. BiomedGPT [74-75] is one of the first
open-source, lightweight vision—language foundation
model tailored for diverse biomedical tasks. Inspired by
encoder—decoder transformer architecture like BART
[76], BiomedGPT is implemented with a BERT-style
encoder over corrupted text and a GPT-style left-to-right
autoregressive decoder. It processes multi-modal inputs
through self-supervised and multi-task pretraining span-
ning images, text, and image-text pairs. BiomedGPT
achieves state-of-the-art performance in most experi-
ments across modalities including MRI, CT, pathology,
and microscopy, while remaining computing-efficient
and accessible. It excels in tasks such as radiology VQA
with a low error rate.

Future work
For the future development of intelligent ultrasound,
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we should explore several key directions, including the
construction of large-scale datasets, the development of
multimodal large language models, the enhancement of
model interpretability, and the advancement of clinical
translation. Large-scale datasets provide diverse and
high-quality data to support robust model training and
improve generalization across various clinical scenarios.
Multimodal large language models integrate informa-
tion from multiple sources, such as images, text, and
patient data, enabling comprehensive and context-aware
analysis. Enhancing interpretability addresses the “black
box” nature of AI models, fosters trust, and facilitates
adoption in clinical practice. Finally, advancing clinical
translation bridges the gap between research and real-
world applications, ensuring that intelligent ultrasound
systems effectively improve diagnostic accuracy, work-
flow efficiency, and patient outcomes.

Conclusions
This review summarizes the evolution of Al in
biomedical ultrasound imaging, from traditional

machine learning with handcrafted features to deep
learning architectures and, most recently, large lan-
guage models and multimodal foundation models. While
these advances have enabled robust feature learning,
improved diagnostic accuracy, real-time applications,
and greater task generalization, challenges remain, such
as limited annotated data, insufficient model generaliz-
ability, and poor interpretability remain obstacles to real-
world deployment. Future efforts should focus on devel-
oping ultrasound-specific foundation models, strength-
ening multimodal learning and interpretability, and fos-
tering interdisciplinary collaboration to translate techni-
cal advances into clinical practice, ultimately advancing
precision medicine and improving diagnostic outcomes
worldwide.
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