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I Introduction

Ultrasound, a widely utilized medical diagnostic 
tool, possesses real-time imaging capabilities, 
facilitating the real-time visualization of nerves, 
blood vessels, and muscles. This real-time 
imaging capability minimizes waiting times for 
both patients and medical practitioners. De-
spite its widespread use, ultrasound equipment 
has inherent limitations. The low contrast in 

ultrasound images often results in similar echo 
characteristics across different tissues, posing 
challenges for doctors in distinguishing specific 
structures. For instance, during a lumbar plex-
us nerve block, the boundaries of the cloverleaf 
structure, which includes the quadratus lumbo-
rum, major lumbar muscle, and erector spinae 
muscle, may be unclear, leading to potential 
misidentification of abdominal cavity as trans-
verse processes. Furthermore, the quality of 
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Highlights
● This review provides a comprehensive overview of various U-Net architectures and their variants, including the

original U-Net, U-Net++, Attention U-Net, and ResU-Net, along with a discussion on potential improvements to the
U-Net architecture.

● The differences between these network architectures are analyzed in terms of training complexity and computa-
   tional requirements.
● The review delves into the application of U-Net and its variants in ultrasound imaging, discussing both the advan-
   tages and limitations of each model in various ultrasound contexts. Relevant literature on the application
   of each network architecture in ultrasound is also summarized.
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ultrasound images is influenced by various po-
sitions and angles of the ultrasound probe [1]. 
This variability can result in images of differing 
quality and readability. As a result, diagnosing 
and testing diseases rely heavily on the subjec-
tive experience of the physician.

In recent years, the integration of artificial in-
telligence, particularly machine learning and 
deep learning, has gained prominence in the 
medical field [2]. Machine learning algorithms 
applied to ultrasound enable automated image 
analysis for tasks such as lesion detection, 
disease screening, segmentation, and feature 
extraction [3]. This automation improves the 
accuracy of disease detection and early diag-
nosis. Specifically, in breast tumor detection, 
ultrasound image segmentation plays a critical 
role. Deep learning models, particularly those 
based on the U-Net architecture, have proven 
effective for detecting and segmenting breast 
tumors [4-7].

The U-Net structure, recognized as one of the 
most widely employed deep learning models 
in image processing, excels in image segmen-
tation and feature learning. Its proficiency in 
localizing and segmenting cells, tissues, or 
lesions in medical images makes it a powerful 
tool for precise segmentation tasks in medical 
images [8-11]. Ultrasound images, character-
ized by low contrast and high noise, present 
challenges for traditional image processing 
methods such as thresholding, edge detection, 
and mathematical morphology. The U-Net ar-
chitecture addresses these challenges by em-
ploying jump connections, which effectively pre-
serve high-resolution information and prevent 
information loss. This adaptability makes U-Net 
particularly well-suited for processing intricate 
medical ultrasound images. This paper focuses 
on the application of the U-Net family of models 
in ultrasound imaging. 

II Methods and materials

Performance comparison with different meth-
ods

Each network structure has its unique char-
acteristics, and no single model is universally 
applicable. In practical scenarios, experiments 
and evaluations should be tailored to the spe-
cific task, dataset features, and available com-
putational resources. Table 1 summarizes the 
applicability, advantages, and disadvantages of 
each network structure. In addition, the differ-
ences in training complexity and computational 
requirements across the various models are 
summarized in Table 2.

U-net

The U-Net architecture was proposed in 2015 
by German researchers Olaf Ronneberger, 
Philipp Fischer, and Thomas Brox. The name 
“U-Net” comes from the network’s “U”-shaped 
structure, which is a distinctive feature of this 
architecture [12]. As depicted in Figure 1, 
the architecture comprises an encoder and a 
decoder. The encoder progressively extracts 
feature maps through multiple convolution and 
pooling operations, while the decoder enlarges 
the resolution through up-sampling. Skip con-
nections link to the encoder and decoder, fa-
cilitating the fusion of feature maps, ultimately 
producing the segmentation result at the out-
put layer.

Encoder

The encoder plays a crucial role in the U-Net 
architecture by extracting features from the in-
put image through a sequence of convolutions, 
rectified linear unit (ReLU) activations, and max 
pooling. After each convolution, a feature map 

Table 1. Summary of the applicability, advantages, and disadvantages of each network structure

Model Structural characteris-
tics Advantage Disadvantage Applicability

U-Net Infrastructure Aids in capturing fea-
tures effectively.

May have limitations in 
dealing with multi-scale 
features.

Widely used in segmen-
tation tasks for ultra-
sound images

U-Net++
Jump connections and 
deep supervision are 
introduced

Multi-level feature fusion 
contributes to compre-
hensive context under-
standing.

The network structure is 
relatively more complex. 

More suitable for 
ultrasound images with 
multi-scale features

Attention 
U-Net

Attention mechanisms 
were introduced

The introduction of an 
attention mechanism 
improves the ability to 
capture key features.

More training samples are 
needed to learn the atten-
tion weights efficiently.

For tasks that require 
better attention to im-
portant structures

ResU-Net Residual learning and
U-Net were combined

Combines the advantag-
es of residual learning 
and U-Net to provide 
deeper feature learning.

More training samples are 
needed to train the deep 
network efficiently.

For tasks requiring 
deeper feature learning 
and better generaliza-
tion performance
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is produced. The ultimate downsampling layer 
comprises 1024 feature maps, each of size 
28×28. The following sections explain the con-
volution operation in detail.

An input image of dimensions H×W×C is pro-
cessed, where H represents the height, W is 
the width, and C is the number of channels. A 
convolution operation is then performed, where 
each convolutional layer contains numerous 
convolutional kernels to execute the convolu-
tion operation on the input image. In the orig-
inal U-Net structure, the convolution kernel is 
3×3, with a stride of 1 and no padding. Upon 
completion of the convolution, a feature map 
is generated with the same number of convolu-
tion kernels, and the size of the feature map is 
as follows:

After the convolution, ReLU activation function 
is applied for feature extraction. ReLU is com-
monly used to enhance the network’s ability 
to learn complex data patterns by introducing 
non-linearity [13]. It is computationally simple, 

has a straightforward derivative (constant at 1 
in most regions and 0 in others), and helps al-
leviate the vanishing gradient problem [14]. Its 
definition is as follows: 

g (t) = max (0, t)

In U-Net, ReLU improves the nonlinear repre-
sentation of the network, enabling it to capture 
complex feature mappings and enhancing 
performance in medical image segmentation 
tasks. Each convolutional layer in the original 
U-Net undergoes two convolutions with convo-
lutional kernels, and after each convolution,
ReLU function is applied for feature extraction.

Following this, max pooling is typically employed 
in the pooling layer of U-Net. Max pooling in-
volves sliding a window (of size n×n) across the 
feature map with a stride of t and selecting the 
maximum value within the window at each po-
sition. The formula for calculating the maximum 
value is:

Max_Value = max (Xij, Xi+1, j, Xi,j+1, Xi+1,j+1)

Where Xij denotes the value at coordinate (i, j) 
of the input feature map.

Decoder

The decoder, functioning as a feature fusion 
network, aims to progressively restore the im-
age dimensions and reconstruct the spatial 
details of the input image. This is achieved by 
integrating the feature maps from correspond-
ing layers of the encoder with those of the de-
coder. Each stage of the decoder involves an 
upsampling operation, a convolution operation, 
and the amalgamation of feature maps.

Table 2. The differences in training complexity and computational requirements across the various models
Model Training complexity Computational requirements

U-Net
Due to its simple structure, U-Net requires fewer 
parameters during the training process, which 
makes the training process more efficient.

It has a relatively low computational load.

U-Net++
Due to the structural complexity, the number of 
parameters during training is higher than that of 
U-Net, necessitating greater computational re-
sources for both training and tuning.

The computational requirements of U-Net++ have 
increased substantially due to the incorporation of 
additional skip and dense connections.

Attention 
U-Net

Although the attention mechanism is incorporated, 
the number of parameters in Attention U-Net does 
not increase as significantly as in U-Net++, while 
maintaining training efficiency.

The incorporation of the attention mechanism 
introduces additional computational and memory 
overhead.

ResU-Net
Despite the introduction of residual connectivity 
to accelerate training convergence, the structure 
of the residual network results in a higher training 
complexity compared to that of a regular U-Net.

Each convolutional layer incorporates residual 
connections, meaning that two paths (standard 
and residual) are utilized in each layer. This addi-
tion increases the computational burden, partic-
ularly when deep networks are involved, further 
exacerbating computational complexity.

Figure 1. U-Net network framework. This figure is 
cited from [12].
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The decoder begins with an upsampling opera-
tion, typically achieved through transposed con-
volution utilizing transposed convolution (also 
called inverse convolution). Unlike conventional 
convolution, transposed convolution accom-
plishes upsampling by inserting zeros between 
the outputs. A specific example of this process 
is illustrated in Figure 2. Suppose the input is 
a 5×5 matrix. Using a 3×3 convolution kernel 
with a stride of 2×2 and 1×1 zero-padding re-
sults in a 7×7 output matrix [15].

After up-sampling, the dimensions of the result-
ing feature maps are adjusted to match those 
of the feature maps from the corresponding 
encoder layer. Table 3 summarizes the develop-

ment/improvements in the upsampling proce-
dure.

Since transposed convolution enlarges the im-
age rather than restoring it to its original size, 
feature concatenation is subsequently per-
formed. This step is typically executedin a ‘copy 
and crop’ manner: the upsampled feature maps 
are copied to the corresponding encoder layer, 
and the encoder feature maps are cropped to 
match the dimensions. Typically, the cropping 
operation preserves the central region, ensur-
ing identical dimensions in both height and 
width for both feature maps. Ultimately, the 
cropped feature maps are concatenated with 
the feature maps from the corresponding en-
coder level. This step facilitates the integration 
of low- and high-level features, which enhances 
the network’s ability to recover image features.

Finally, a convolution operation is applied to the 
fused feature maps. This convolution in the de-
coder follows the same approach as in the en-
coder. After the first layer of the decoder com-
pletes its operations, this process is repeated 
for subsequent layers. Similar to the encoder, 
each decoder layer undergoes two convolution 
operations, with the image size doubling with 
each layer. However, it is noteworthy that in the 
final convolution of the last layer in the decoder, 
the original U-Net structure uses a 1×1 convo-
lution kernel and does not apply an activation 
function.

Mainstream U-Net variants

U-Net++

U-Net++ was originally proposed by researchers
from the University of Belgrade in Serbia, to
address some limitations of the original U-Net
architecture, such as information bottlenecks
and feature loss in image segmentation tasks.
U-Net++ introduces two key improvements over
the traditional U-Net. First, it reconfigures the
jump paths by incorporating jump connections.
Unlike traditional U-Net networks, which solely
fuses feature maps from encoders and de-
coders at the same level, U-Net++ introduces
a dense convolutional block. This block facili-
tates jump connections, allowing the fusion of
feature maps from encoders and decoders at
diverse levels [19]. In this context, the formula-
tion of the jump-connect path is delineated as

Table 3. Summary of the development/improvements in the upsampling procedure
Presenters Year Achievement
Goodfellow et al. [16] 2014 GANs typically use transposed convolutional layers for upsampling.
Long et al. [17] 2015 Fractionally strided convolution was introduced for the first time.
Noh et al. [18] 2015 Applied to semantic segmentation tasks.

Figure 2. Transposed convolution example. This fig-
ure is cited from [15].

Figure 3. U-Net++ network framework. (a) UNet++ 
consists of an encoder and decoder that are con-
nected through a series of nested dense convolution-
al blocks. The main idea behind UNet++ is to bridge 
the semantic gap between the feature maps of the 
encoder and decoder prior to fusion. For example, 
the semantic gap between (X0,0,X1,3) is bridged using 
a dense convolution block with three convolution 
layers. In the graphical abstract, black indicates the 
original U-Net, green and blue show dense convolu-
tion blocks on the skip pathways, and red indicates 
deep supervision. Red, green, and blue components 
distinguish UNet++ from U-Net; (b) Detailed analysis 
of the first skip pathway of UNet++; (c) UNet++ can 
be pruned at inference time, if trained with deep su-
pervision.This figure is cited from [21].



31

Medical Artificial Intelligence 2025; 1 (1): 27-38. MAI24090368

Medical Artificial Intelligence

follows:

Second, deep supervision is incorporated in 
U-Net++, which involves integrating supervisory
signals (loss functions) at various levels in the
network [20]. These signals are introduced
at each jump connection, enhancing the net-
work’s ability to learn features at various levels,
thus refining segmentation performance. Fig-
ure 3 illustrates a schematic representation of
this network.

Attention U-Net

Attention U-Net introduces an attention mech-
anism that allows the network to automatically 
focus on specific areas of an image, mimick-
ing human visual perception. When humans 
perceive stimuli, their attention is directed to 
particular areas based on their needs. This at-
tention mechanism has been  adopted in deep 
learning to enhance model performance by dy-
namically adjusting the focus on different parts 
of the input data, improving both performance 
and generalization [22]. Specifically, through 
the dynamic adjustment of attention weights, 
attention mechanisms enable the model to 
process different parts of input data in a more 
targeted manner.

Various types of attention mechanisms, such as 
channel attention and temporal attention, are 
tailored for various applications and tasks [23]. 
In U-Net architectures, the introduction of skip 
connections allows the concatenation of encod-
er features with corresponding decoder layers. 
However, this can lead to feature redundancy. 
To address this issue, Oktay et al. proposed the 
integration of an Attention Gate into the U-Net 
architecture, as depicted in Figure 4 [24]. The 
integration of the Attention Gate within the skip 
connection dynamically adjusts the degree of 
attention on features, mitigating redundancy 
and enhancing the overall performance and 
generalization ability of the network.

In the design of attention gates, two inputs are 
initially involved, namely x and g. x denotes 
the feature map of the preceding layer in the 
encoder hierarchy, and g represents the global 
features, typically acquired by performing global 
pooling on the encoder output. Following this, 
x and g undergo a 1×1 convolution operation, 
followed by element-wise summation to derive 
the weighted, fused features. Subsequently, a 
non-linear transformation is introduced via the 
ReLU activation function, followed by another 
1×1 convolution to enhance feature characteri-
zation. Attention weighting coefficients are then 
generated using the Sigmoid function, reflect-
ing the importance of various features. Finally, 
the resulting coefficients are used to resample 
the features using trilinear interpolation and 

Figure 4. Attention U-Net network framework. This figure is cited from [24].

Figure 5. Schematic diagram of attention gate. This figure is cited from [24].
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multiply them with x to produce the final output, 
which is used for segmentation. This entire pro-
cess is depicted in Figure 5.

ResU-Net

The design inspiration for ResU-Net is mainly 
derived from Residual Network and U-Net. Re-
sidual Network is a highly successful deep neu-
ral network structure that addresses the issues 
of gradient vanishing and gradient explosion 
during training by introducing residual connec-
tions. This innovation allows for the successful 
training of deeper network models.

As shown in Figure 6, the training and testing 
errors gradually increase as the network deep-
ens. When a network is made deeper by adding 
more layers, issues of gradient vanishing or 
gradient explosion arise, hindering the mod-
el’s convergence. Moreover, as the network 
continues to converge, it faces the problem of 
degradation, where the network’s performance 
rapidly declines once a certain level of accuracy 
is achieved. To address these issues, a residual 
structure is introduced. The residual structure 
consists of two key components: the Primary 
Path and Shortcut Connection. As depicted in 
Figure 7, the left side represents the residual 
structure for networks with fewer layers, while 
the right side represents the residual structure 
employed in deeper networks [21].

In the residual structure, the primary pathway 
includes a convolutional layer followed by the 
ReLU activation function. The Shortcut Con-
nection links the input directly to the output, 
bypassing the convolutional layer. This con-
nection allows the input feature matrix to be 
added to the output feature matrix after it has 
passed through the primary pathway. Impor-
tantly, the feature matrix after passing through 
the Shortcut Connection must have the same 
dimensions as the output feature matrix of the 
primary pathway. The ResU-Net architecture in-
tegrates this residual connection structure into 
the standard U-Net framework. Figure 8 delin-
eates its configuration.

Application in ultrasound

U-Net

Upon its proposal, U-Net has become a clas-
sical neural network in image segmentation, 
adept at extracting and processing distinct im-
age features through the acquisition of feature 
representations. This capability has led to its 
widespread adoption in ultrasound imaging, 
with both the original U-Net architecture and its 
refinements being employed. Initially designed 
for the analysis of microscopic images, such 
as cell and tissue sample recognition, U-Net 
has since found significant applications in ul-

Figure 6. Training error and test error. This figure is cited from [25].

Figure 7. Residual structure. This figure is cited from [25].
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trasound imaging. These applications include 
the segmentation of organs and tissues, the 
detection and segmentation of lesions, and 
cross-modal image registration. The following 
sections provide detailed exploration of these 
applications.

Organ and tissue segmentation

Ultrasound imaging, including liver and cardiac 
ultrasound, has gained popularity due to its 
real-time imaging capabilities, cost-effective-
ness, and non-invasive nature, especially when 
compared to CT scans. However, ultrasound 
images tend to have high noise, which compli-
cates the accurate identification of structures. 
Deep learning algorithms, notably U-Net, have 
proven effective in overcoming these challeng-
es, enabling the segmentation and recognition 
of organs and tissues in real-time. This capa-

bility allows ultrasound machines to display the 
boundaries of these structures clearly, helping 
physicians detect them more efficiently and im-
proving diagnostic and treatment efficiency.

Lesion detection and segmentation

Cancer, characterized by high morbidity and 
mortality, profoundly impacts individuals both 
psychologically and economically. Liver cancer, 
ranking as the second most common cancer 
after lung cancer, accounts for 11% of glob-
al cancer-related mortality [27]. Additionally, 
breast cancer remains a significant concern, 
making early screening essential to improve 
outcomes. Compared to other screening meth-
ods, ultrasound is less harmful to patients; 
however, manual segmentation and recognition 
of lesions can be time-consuming and inconsis-
tent, with different clinicians potentially yielding 

Table 4. The applications of U-Net in ultrasound image analysis
Presenters Analytical objectives Results
Zyuzin et al. [29] Left ventricle endocardial border Accuracy of LV segmentation is up to 92.3%
Wang et al. [30] Brachial plexus Dice coefficient got 0.6490
Tian et al. [31] Brachial plexus Accuracy with an IoU of 68.50%
Li et al. [32] Levator hiatus Gets a mean Dice of 96.4%±0.7%
Díaz-Vargas et al. [33] Peripheral nerve Average Dice coefficient of 0.70
Zou et al. [34] Ovarian lesions The AUC was 0.94, and the accuracy was 0.89.

Yang et al. [35] Vascular lumen and medium-adventitia 0.87 JM, 0.82 mm HD for lumen and 0.86 JM,
1.07 mm HD for media (40 MHz dataset)

Ben et al. [36] Breast cancer Dice coefficient, Precision and Recall all 
reached over 80%.

Shodiq et al. [ 37] Intravascular deep vein thrombosis 
segmentation

The mean IoU is 84.9% accurate, the measure 
of the mean Hausdorff distance is 4.17 of the 
score.

Suissa et al. [38] Transversus abdominis plane Global Dice score of 73.31%

Oghli et al. [39] Automatic measurement of BPD and HC 
by segmentation of fetal head Achieved a DSC of 0.95 and HD of 4.5

Lin et al. [40] Laparoscopic ovarian
The ultrasound image showed no unnecessary 
interference noise, and the image clarity was 
significantly improved. 

Note: LV, left ventricular; IoU, Intersection over Union; AUC, Area Under the Curve; JM, Jaccard Measure; HD, 
Hausdorff Distance; HC, Head circumference; BPD, Biparietal diameter; DSC, Dice similarity coefficient. 

Figure 8. ResU-Net network framework. This figure is cited from [26].
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varying results. Therefore, segmentation algo-
rithms, like U-Net, have become crucial tools in 
standardizing and improving lesion detection 
[28]. A summary of U-Net’s applications in ul-
trasound image analysis is presented in Table 
4. 

U-Net++

U-Net++, an advanced variant of the original
U-Net, has demonstrated superior performance
in various ultrasound applications. In obstetric
ultrasound, the model excels in accurately out-
lining the morphology of fetal heart chambers
and valves, as well as precisely delineating the
placenta’s boundaries. This significantly en-
hances the accuracy of fetal developmental as-
sessments and the reliability of monitoring pla-
cental abnormalities. In abdominal ultrasound,
U-Net++ effectively distinguishes tumors, cysts,
and lesions in organs such as the liver and
kidneys from normal tissues, providing a robust
foundation for the development of subsequent
treatment plans. Additionally, during ultra-
sound-guided puncture biopsy, U-Net++ can
distinguish the target tissue from surrounding
critical structures in real time, reducing proce-
dure-related risks.

Furthermore, U-Net++ demonstrates high-pre-
cision segmentation in ultrasound images with 
blurred boundaries. For instance, in breast ul-
trasound tumor segmentation tasks, the model 
achieves a high Dice coefficient, enabling more 

accurate tumor boundary delineation. Its multi-
scale feature extraction capacity allows the 
model to capture both global information, such 
as the overall orientation of the carotid artery, 
and microscopic details, such as the fine struc-
ture of the intima, media, and plaques.

However, UNet++ also has limitations. The mod-
el requires substantial computational resourc-
es, and issues such as memory overflow may 
arise when processing large ultrasound image 
datasets on typical computer configurations, 
thereby limiting its applicability in resource-con-
strained environments. Additionally, the train-
ing process is also time-intensive, often taking 
days or even weeks to process large volumes of 
ultrasound images, significantly extending the 
research and development cycle and increas-
ing costs. Furthermore, due to the nature of 
ultrasound images, U-Net++ may be suscepti-
ble to overfitting, leading to poor generalization 
performance when handling new or unseen im-
ages. A summary of U-Net++’s applications in 
ultrasound image analysis is presented in Table 
5.

Attention U-Net

Compared to traditional U-Net models, Atten-
tion U-Net innovatively integrates an attention 
mechanism, which enhances region selectivity 
during the feature extraction. This innovation is 
particularly beneficial in ultrasound image anal-
ysis, such as thyroid nodule detection, where 

Table 5. The applications of U-Net++ in ultrasound image analysis

Presenters Analytical
objectives Model Results

Zhou et al. [41] Carotid
vessel wall UNet++ ensemble approach

The Dice coefficients of the media-adventitia 
boundary (MAB) are 91.07%–91.56%, and 
those of the lumen-intima boundary (LIB) are 
87.53%–89.44%.

Chen et al. [42] Thyroid 
nodules

Based on the U-Net++ model, 
EfficientDet is used as the 
encoder, and the CSSE block 
is merged in the encoder and 
decoder. 

Dice similarity coefficient of 0.9213

Orlando et al. [43] Prostate U-Net++ Dice similarity coefficient of 85%–89% 

Zhu et al. [44] 
lumen and 
median-ad-
ventitia

Feature pyramid network was 
added to the U-Net++ model. 

Jaccard measure (JM) of 0.9080 ± 0.0321 and 
a Hausdorff distance (HD) of 0.1484 ± 0.1584 
mm for the lumen border; JM of 0.9199 ± 
0.0370 and HD of 0.1781 ± 0.1906 mm for the 
MA border.

Xu et al. [45] Vessel
EAU-Net++: basis of U-Net++, 
EfficientNet is employed as an 
encoder.

The Accuracy of EAU-Net++ is 0.99.

Dai et al. [46] Thyroid 
nodule

SK-Unet++: adds the adaptive 
receptive fields based on the 
selective kernel (SK) attention 
mechanisms into the Unet++ 
network.

Accuracy of 80.6%; Dice similarity coefficient of 
84.7%

Zhou et al.[47] Carotid 
plaques UNet++ ensemble algorithm The DSC in the SPARC dataset is 83.3%-85.7%;

the DSC of the Zhongnan dataset is 88.6%. 

Note: CSSE, Concurrent squeeze and spatial excitation; MA, Median Adventitia; DSC, Dice similarity coefficient. 
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the model can focus on key features like nodule 
boundaries, internal echogenic structures, and 
blood flow signals. For small papillary cancer 
nodules, Attention U-Net can accurately capture 
distinctive features such as gravel-like calcifi-
cation and hypoechoic halos, significantly im-
proving the accuracy of distinguishing between 
benign and malignant thyroid nodules and 
reducing the risk of misdiagnosis. Furthermore, 
Attention U-Net demonstrates strong resilience 
to noise and artifacts present in ultrasound 
images. In abdominal ultrasonography, noise 
introduced by factors like intestinal gas and pa-
tient movement can interfere with image clar-
ity. The attention mechanism helps the model 
differentiate between true lesion features and 
noise artifacts, maintaining accurate lesion 
representation in organs such as the liver and 
pancreas, thus ensuring diagnostic accuracy.

Despite its advantages, Attention U-Net has 
certain limitations, particularly in its require-
ment for a large volume of accurately labeled 
ultrasound image data during training. Labeling 
ultrasound images is a challenging task that 
demands not only profound medical expertise 
but also a deep understanding of ultrasound 
imaging principles. Variations in labeling prac-
tices and standards among different personnel 
can lead to inconsistent data labeling quality, 
which may result in the model producing inac-

curate diagnostic results. A summary of Atten-
tion U-Net’s application in ultrasound image 
analysis is presented in Table 6.

ResU-Net

ResU-Net is particularly effective in ultrasound 
applications that require high-precision seg-
mentation, such as the automated segmenta-
tion of organs and lesions, including the liver, 
breast, heart, fetus, and kidneys. Ultrasound 
images often suffer from noise and artifacts, 
making traditional image segmentation meth-
ods struggle to accurately delineate the lesion 
regions, particularly in cases where tumors or 
organs exhibit fuzzy boundaries and minimal in-
tensity differences. In such instances, ResU-Net 
leverages its residual connections to improve 
feature flow and gradient propagation, thereby 
enhancing the model’s capacity to learn fine 
details. This results in more accurate segmen-
tation, even in complex or noisy backgrounds 
with blurred boundaries. For instance, in the 
segmentation of liver ultrasound images, the 
boundaries between the liver and surrounding 
tissues are often unclear and prone to noise. 
ResU-Net effectively separates the liver con-
tours from these blurred regions, supporting 
more accurate diagnosis of liver diseases, such 
as hepatocellular carcinoma and fatty liver. In 
breast ultrasound images, where tumor bound-

Table 6. The applications of Attention U-Net in ultrasound image analysis
Presenters Analytical objectives Network Results

Chen et al. [48] Breast Adaptive attention U-net It has better generalization performance 
in the breast lesion segmentation. 

Huang et al. [49] Pleural effusion 
areas Attention U-net Average specificity of 91%, average Dice 

coefficient was 0.86. 

Jain et al. [50]
Internal carotid artery 
and common carotid 
artery 

Attention U-net The correlation coefficient value f is 0.96; 
the AUC value is 0.97. 

Katakis et al. [51] Skeletal muscles Attention U-net Exhibits superb performance

Khaledyan et al. 
[52] Breast

The novel approach by 
combining Sharp UNet and 
Attention UNet

The Dice coefficient, specificity, sensitiv-
ity, and F1 score values obtained were 
0.93, 0.99, 0.94, and 0.94. 

Shah et al. [53] Brachial Plexus after 
clavicular surgeries Attention U-net The Dice coefficient improves about 

1–2%.

Note: AUC, Area Under the Curve.

Table 7. The applications of ResU-Net in ultrasound image analysis
Presenters Analytical objectives Model Results

Cai et al. [54] Dipose layers Attention Skip-Convolutions 
ResU-Net

It obtains a Dice of 99.06 ± 0.95% 
and an ASD of 0.19±0.18 mm. 

Dhar et al. [55] Breast cancerous tissue
Connected ResU-Net (combine 
the algorithm of ResU-Net and 
Connected U-Net algorithms.)

IoU of 72.50% for the training and 
63.10% for the testing dataset

Wang et al. [56] Nerve of brachial plexus ResU-Net The dice coefficient 0.7093

Honghan et al. [57] Breast tumor Rms-se-U-Net
Dice similarity coefficient and in-
tersection over union were 94.69% 
and 90.01%. 

Note: ASD, Average Surface Distance.
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aries are similarly indistinct, ResU-Net, by learn-
ing residual features, not only achieves precise 
tumor segmentation but also demonstrates 
high sensitivity in detecting small lesions or 
early-stage tumors. In fetal ultrasound images, 
accurate segmentation of fetal organs is cru-
cial. ResU-Net’s ability to extract fine-grained 
features allows clinicians to better visualize crit-
ical organs such as the fetal heart and brain, 
providing valuable diagnostic information.

However, the application of ResU-Net in ultra-
sound images also encounters challenges. For 
example, when dealing with low-quality, low-res-
olution, or severely noise-contaminated ultra-
sound images, despite enhanced gradient flow, 
the model may still struggle with inaccurate 
segmentation, missed detections, or excessive 
artifacts when dealing with extreme blurriness 
or insufficient training samples. In such cases, 
combining ResU-Net with other image enhance-
ment techniques or multimodal data fusion 
could improve its robustness and segmentation 
performance. A summary of ResU-Net’s appli-
cation in ultrasound image analysis is present-
ed in Table 7.

III Conclusion

This review summarizes the application of 
U-Net-based models in ultrasound imaging, 
highlighting their significant contributions to 
medical diagnosis. Variants such as U-Net++, 
Attention U-Net, and ResU-Net have significantly 
enhanced both accuracy and efficiency in im-
age segmentation tasks. Continuous advance-
ments in segmentation-related research have 
been made, including the utilization of meth-
ods such as multi-scale feature pyramids and 
multi-level attention pyramids [58]. These ap-
proaches provide fine-grained feature extraction 
by focusing on local details and improving the 
representation of critical regions, thus offering 
valuable insights for enhancing segmentation 
performance.

Despite these advancements, challenges 
remain in ensuring the generalization and ro-
bustness of U-Net models across diverse data-
sets and varying imaging conditions. Future 
research should prioritize enhancing the adapt-
ability of U-Net models to various ultrasound 
imaging environments while improving their 
interpretability for clinical use. Additionally, 
the integration of U-Net models with advanced 
techniques like transfer learning and multimod-
al imaging is anticipated to further expand their 
applicability and performance.
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