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Introduction

The knee joint, one of the body’s largest and 
most complex structures, endures substantial 
stress during daily activities. Femoral cartilage 

damage, commonly detected during arthroscop-
ic examinations, contributes to patient discom-
fort, functional impairment, and decreased 
quality of life [1]. As populations age and life-
styles evolve, the prevalence of knee joint disor-
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Abstract

Objectives: The femoral cartilage in the knee joint is prone to degenerative changes and injuries, often requir-
ing Magnetic Resonance Imaging as the diagnostic gold standard. However, due to the high cost and limited 
availability of Magnetic Resonance Imaging, ultrasound is explored as a viable alternative. This paper presents 
a comprehensive review of current deep learning (DL) strategies for knee femoral cartilage segmentation in ul-
trasound images, focusing on commonly used datasets, data preprocessing techniques, and state-of-the-art DL 
models. Methods: We systematically reviewed the literature from major medical and engineering databases, sum-
marizing key contributions to knee femoral cartilage segmentation. We focused on (1) the scarcity of large-scale 
public ultrasound datasets and its impact on model training, (2) popular DL architectures (e.g., U-Net variants, 
Mask Region-based Convolutional Neural Network), and (3) evaluation techniques, particularly the Dice Similarity 
Coefficient. We also examined image preprocessing and data augmentation strategies aimed at mitigating data 
insufficiency. Results: Our review shows that U-Net and its variants (e.g., Siam U-Net, U-Net++) commonly achieve 
competitive Dice Similarity Coefficient values (around 0.70–0.80) for knee cartilage segmentation, despite the 
limitations in training data. Advanced networks like Mask Region-based Convolutional Neural Network, when com-
bined with robust image preprocessing and transfer learning (e.g., using COCO/ImageNet pretrained weights), can 
improve Dice Similarity Coefficient by over 20%. However, the absence of standardized public datasets limits direct 
comparisons between studies and affects reproducibility. Conclusion: DL holds significant potential for accurate 
and cost-effective femoral cartilage segmentation in knee joint ultrasound images, offering a feasible alternative 
or complement to Magnetic Resonance Imaging-based assessments. However, challenges remain due to the lack 
of large-scale, open-access ultrasound datasets and inconsistent evaluation protocols. Future work should focus 
on establishing public benchmarks, refining novel network architectures, and enhancing real-time clinical deploy-
ment to foster wider adoption and greater clinical impact.
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● A systematic review of deep learning (DL) approaches for femoral cartilage segmentation in knee joint ultrasound 
   images.
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● Discussion on dataset scarcity, data preprocessing methods, and future directions for DL-based ultrasound segmenta-   
   tion.
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ders has risen, including degenerative knee os-
teoarthritis, cartilage injuries, chondromalacia, 
and subchondral bone fractures [2]. Accurate 
diagnosis and timely treatment are crucial for 
pain relief, mitigating disease progression, and 
restoring knee function. Although magnetic res-
onance imaging (MRI) is the current diagnostic 
gold standard, its high cost, lengthy scan times, 
and limited availability reduce its practicality. 
Consequently, Schmitz proposed ultrasound 
as an effective alternative, citing its lower cost, 
real-time imaging capability, suitability for use 
in operating rooms, and value for surgical guid-
ance [3-5]. Ultrasound-guided arthroscopic 
surgeries, as demonstrated by Wu, highlight its 
growing role in clinical applications [6].

Medical image segmentation plays a vital role 
in clinical tasks such as diagnosis, treatment 
planning, and disease monitoring, with ultra-
sound imaging being particularly favored for its 
non-invasive, real-time, and cost-effective fea-
tures. However, ultrasound image segmentation 
presents inherent challenges due to artifacts, 
intensity inhomogeneities, operator-dependent 
probe placement, soft tissue deformation, and 
motion artifacts related to knee joint structures 
[7, 8]. These issues complicate segmentation 
[9]. To address these challenges, researchers 
have proposed various solutions, ranging from 
traditional digital image processing to machine 
learning. For example, Srensen et al. developed 
an automated bone segmentation method us-
ing dynamic programming, while Faisal et al. 
applied the Local Statistical Level Set Method 
for cartilage segmentation, achieving an aver-
age Dice Similarity Coefficient (DSC) of 0.91 
[10-12]. Among the traditional (i.e., non-deep 
learning) segmentation approaches, Srensen 
et al. and Faisal et al. both demonstrated how 
explicit, model-based methods can be applied 
to medical image segmentation [10, 11]. Dice 
et al. employed a dynamic programming tech-
nique, while Faisal et al. adopted the Local Sta-
tistical Level Set Method for knee cartilage seg-
mentation, achieving an average DSC of 0.91 
[12]. Although their studies targeted different 
anatomical structures (bone vs. cartilage), both 
exemplify the effectiveness of traditional algo-

rithms in enhancing segmentation accuracy. 
Despite these advances, traditional methods 
remain time-consuming and often require man-
ual parameter adjustments for accurate feature 
delineation.

Deep learning (DL) has revolutionized com-
puter vision, with algorithms that excel across 
a range of medical imaging applications. Key 
milestones include the development of convo-
lutional layers and architectures such as Alex-
Net, U-Net, region-based convolutional neural 
networks (R-CNNs), and Transformer models 
[13-17]. DL techniques have shown impressive 
success in ultrasound image segmentation 
across various anatomical sites, such as the 
breast, thyroid, distal humerus cartilage, and 
left atrium [18-21]. However, knee ultrasound 
segmentation continues to present unique 
challenges. Recent approaches, including Mask 
region-based convolutional neural networks 
(Mask R-CNNs) introduced by Gayatri Kompella 
and Maria Antico, show promise for high-qual-
ity, fully automated segmentation, although 
research remains limited in this area [22].

This paper reviews the application of DL to fem-
oral cartilage segmentation in knee ultrasound 
images. As shown in Table 1, we highlight four 
representative articles covering segmentation 
methods, publication years, and evaluation 
metrics in this field. In addition to the content 
in Table 1, Section 3 discusses additional DL 
architectures and various modifications applied 
to different knee structures, providing a more 
comprehensive overview. The organization of 
this paper is as follows: Section 2 introduces 
data preprocessing techniques for knee ul-
trasound images; Section 3 covers commonly 
used DL architectures, including those in Table 
1 and other relevant studies, along with evalu-
ation metrics. Finally, Sections 4 and 5 present 
the discussion and conclusions, respectively.

Data and preprocessing

Dataset

In DL model training, data is a crucial compo-

Table 1. Literature on knee femoral cartilage segmentation using deep learning and ultrasound imaging
Methods Evaluation metrics Authors

U-Net DSC ROI DSCUB Antico et al.(2020) [23]

U-Net++ DSC A/VPD HD du Toit et al. (2022) [24]

Siam-U-Net DSC CE Dunnhofer et al. (2020) [25]

Mask R-CNNs DSC, Jaccard Kompella et al. (2019) [22]

Note: DSC, Dice Similarity Coefficient; CNNs, Convolutional neural networks; ROI, region of interest; Mask R-CNNs, 
Mask Region-based Convolutional Neural Networks.
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nent. It has been shown that extensive training 
on large datasets enhances the ability of mod-
els to learn accurate weights and parameters, 
thereby significantly improving performance. 
However, unlike other domains, medical image 
segmentation often faces challenges related 
to data scarcity and reliance on non-public 
datasets. These issues can lead to subopti-
mal model performance and problems such 
as overfitting, particularly when the available 
data is limited [26]. Creating large, publicly 
accessible datasets in the medical domain is 
particularly difficult due to patient privacy con-
cerns and unauthorized access, leading most 
datasets to remain private [27]. Additionally, 
image annotation often requires manual label-
ing by experienced physicians. It is not feasible 
for a single doctor to annotate large datasets, 
so the involvement of multiple medical staff is 
necessary, which may result in inconsistencies 
in annotation standards due to individual dif-
ferences among doctors. Moreover, the high 
financial cost of acquiring medical image data 
necessitates the involvement of volunteers and 
patients, and, due to safety concerns, some 
images cannot be collected in large quantities, 
further exacerbating data scarcity. The lack of 
sufficient data can lead to significant positive 
and negative sample biases due to the unique 
characteristics of medical data, ultimately hin-
dering effective model training.

Models typically perform better when large 
public datasets are available. Several studies 
have successfully utilized public datasets, such 
as the Automatic Cardiac Diagnosis Challenge 
and the Multimodal Brain Tumor Segmentation 
Challenge, to achieve notable results and im-
prove model performance [28, 29]. These data-
sets include a diverse range of imaging data, 
such as ultrasound, MRI, and computed tomog-
raphy scans, and have contributed significantly 
to advancements in DL within the medical field. 
Given the current lack of a public dataset for 
knee ultrasound images, Table 2 presents sev-
eral public ultrasound databases, as well as 
datasets containing knee images, which can 
serve as a starting point for future research.

Data preprocessing

High-quality original medical images can be 
used for model training and yield reasonable 
results. However, implementing appropriate 
preprocessing steps can further enhance the 
utility of these images. While preprocessing 
cannot directly address the issue of limited 
data volume, it can alleviate model-fitting and 
performance challenges associated with data 
scarcity. Image enhancement techniques, such 
as adjusting brightness and contrast and apply-
ing blurring, combined with data augmentation 
methods (e.g., random flips and rotations), help 
expand the dataset, thus diversifying the train-
ing set and mitigating data limitations.

In medical data, data imbalance is a common 
challenge. Techniques like oversampling and 
undersampling have proven effective in reduc-
ing this issue. Ultrasound images, in particular, 
often suffer from speckle noise, leading to 
suboptimal signal-to-noise ratios. Kompella 
demonstrated that applying Gaussian filtering 
to remove high-frequency noise, combined 
with fine-tuning blurring parameters, reduces 
noise while preserving the clarity of anatomical 
structures, such as femoral cartilage [22]. Sim-
ilarly, Antico et al. employed Matrix Laboratory 
(MATLAB) to segment 3D ultrasound images of 
the knee joint into 2D slices [23]. By adjusting 
pixel dimensions and filling in black pixels, they 
achieved favorable training results. Tang used 
thin-plate spline interpolation to model biologi-
cal deformations and expand the dataset [34]. 
This interpolation method, which smoothly 
approximates sparse data points, supports bi-
ological variability, increasing the dataset and 
enhancing the model’s generalization and per-
formance, ultimately improving image model 
training.

Methods and Materials

Convolutional neural networks (CNNs)

CNNs are widely used in computer vision 
and DL due to their ability to extract features 
through convolution. This makes them particu-

Table 2. Medical image dataset
Datasets Imaging modality Anatomical region Number of images

MRNet [30] MRI Knee 1,370

FastMRI [31] MRI Knee and cranial nerve 11,500

TN-SCUI 2020 [32] Ultrasonic Thyroid nodule 4,554

CAMUS [33] Ultrasonic Left ventricle and left atrial endocardium 1,000

Note: MRI, magnetic resonance imaging.
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larly suited for tasks such as image classifica-
tion, object detection, and image segmentation 
(Figure 1). CNNs are structured in a hierarchi-
cal layer configuration, with each layer process-
ing the output from the previous one. The first 
layer, the input layer, directly receives the im-
ages. Subsequent layers filter the input data to 
identify local features, using filters (or kernels) 
that are adjusted through backpropagation to 
optimize their values. The size of these kernels 
is determined by the model designer.

In CNNs, the area of an input image influenced 
by a neuron is called its receptive field. Larger 
kernels expand this field, enabling the model 
to capture more contextual information. This 
capability enhances the model’s ability to dis-
tinguish between targets and backgrounds, 
improving its reasoning. However, enlarging the 
receptive field can increase computational de-
mands and reduce local detail resolution.

Activation layers are typically added to intro-
duce non-linearity, and pooling layers are used 
to reduce the dimensionality of the output, thus 
lowering the computational load. Pooling can 
be categorized into max pooling, which high-
lights features and preserves finer details, and 
average pooling, which may reduce overfitting. 
Connected layers are then used to identify 
higher-level features. During training, kernel 
weights and neural connections are iteratively 
optimized through backpropagation until an op-
timal setup is achieved.

This canonical CNNs framework has paved 
the way for architectures such as LeNet and 
GoogLeNet [36, 37]. Depending on the input 
image type, CNNs can be 2D, 2.5D, or 3D. The 
2.5D configuration, which captures spatial in-
formation more comprehensively than 2D but 
requires fewer computational resources than 
3D, has been shown to be effective. Prasoon et 
al. demonstrated its utility by creating a 2.5D 
representation of a knee joint by aggregating 
three orthogonal 2D MRI image slices (XY, YZ, 

and XZ) [38]. They successfully segmented 
knee cartilage using this 2.5D approach.

U-Net

Following the advent of CNNs, U-Net was in-
troduced as a groundbreaking neural network 
architecture, as shown in Figure 2 [15]. Prior to 
the innovative proposal of U-Net by Ronneberg-
er et al., efforts to segment medical images 
had been made but largely produced subop-
timal results [15]. The introduction of U-Net, 
however, significantly advanced medical image 
segmentation, culminating in a victory at the 
2015 ISBI Cell Tracking Challenge. U-Net rep-
resents a pivotal development in this field, with 
numerous algorithms subsequently built upon 
this model, achieving notable successes.

As shown in Figure 2, the U-Net architecture 
consists of two main components: an encoder 
(contracting pathway) and a decoder (expanding 
pathway). The encoder, similar to a conven-
tional CNNs, uses layers of down-sampling and 
convolution to extract features from images. 
The decoder, on the other hand, employs 
up-sampling and skip connections to the con-
tracting pathway, which enhances the resolu-
tion of features extracted by the encoder and 
transmits them to the final convolution layer, 
resulting in a fully segmented image. The name 
“U-Net” comes from the distinctive U-shaped 
architecture formed by the encoder-decoder 
interaction.

Antico et al. utilized a five-layer U-Net model 
to process 3D knee ultrasound images by seg-
menting them into 2D slices along the sagittal 
plane [23]. These slices were then used for 
model training, enabling successful segmenta-
tion of the distal femoral cartilage. They applied 
the Dice coefficient as the loss function, ReLU 
for the activation function, and Adam as the op-
timizer, which contributed to promising results 
[39, 40].

Figure 1. The fundamental architecture of CNNs. This figure is cited from [35]. CNNs, convolutional neural net-
works.
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U-Net++

Building on the U-Net framework, U-Net++ 
represents an evolution in neural network 
architectures for image segmentation, as illus-
trated in Figure 3 [41]. This model features an 
interconnected network structure, enhancing 
its ability to capture features and understand 
contextual information. U-Net++ incorporates a 
branching system that combines features from 
both the encoder and decoder levels, improving 
feature transmission and information integra-
tion. These branching connections enhance the 
model’s ability to capture context and preserve 
fine details, leading to more accurate seman-
tic segmentation. Compared to the original 
U-Net, these architectural improvements make 
U-Net++ more effective at extracting contextual 
knowledge, optimizing parameter usage, and 
enhancing robustness.

When applied to imaging tasks, the 3D U-Net++ 
model benefits from the unique data charac-
teristics of 3D images compared to 2D images. 
Through convolution and pooling operations 
across dimensions, the 3D U-Net++ model ex-
cels at capturing and utilizing the inherent infor-
mation in 3D image data. In fields requiring the 
analysis of volumetric shapes and structures, 
such as medical image segmentation, the 3D 
U-Net++ model is particularly effective at delin-
eating contours and configurations. Its ability to 
extract features in three dimensions allows it to 
retain more information during convolution and 
pooling than its 2D counterpart. However, it 
comes with the drawback of reduced efficiency 
compared to the 2D version, due to the larger 
amount of data in 3D medical imaging. On the 
other hand, acquiring image data for 2D U-Net 
models is simpler and has a broader range of 
applications.

Addressing the limitations of 2D ultrasound im-
agery, which heavily relies on probe placement 
and operator skill, and exploring bedside alter-
natives that compensate for MRI’s constraints, 
du Toit et al. employed a U-Net++ model with a 
ResNet-50  backbone instead of conventional 
U-Net models [24, 42]. They partitioned 3D 
ultrasound images into 2D slices and applied 
data augmentation techniques, including ran-
dom assortments, translations, rotations, and 
scalings, to train the model. After reconstruct-
ing the 2D ultrasound slices, the predictions 
were reinserted into their respective slots with-
in the 3D volume, linking the boundary points 

Figure 2. The fundamental architecture of U-Net. This figure is cited from [15].

Figure 3. The fundamental architecture of U-Net++. 
This figure is cited from [41].
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of adjacent slices. A smoothing filter was then 
applied, and the volume’s extremities were 
sealed, resulting in a complete 3D surface. De-
spite these advancements, U-Net demonstrat-
ed a slight edge over U-Net++ in all evaluated 
metrics.

Siam U-Net

The Siam U-Net model is an enhanced version 
of the original U-Net architecture, specifically 
designed to improve performance in knee car-
tilage image segmentation. Dunnhofer et al. 
successfully implemented this model for seg-
menting ultrasound images of knee cartilage, 
achieving significant results [25]. The model’s 
innovation lies in integrating the U-Net with the 
Siamese framework, as shown in Figure 4 [43, 
44]. It accepts two cropped images as inputs: 
one for preliminary segmentation and the other 
for finer segmentation. This dual-level segmen-
tation approach allows the model to process 
larger images while preserving small details.

The images are processed through an encoder 
consisting of five computational units, each 
containing a 3x3 convolutional layer and a 2x2 
max pooling operation. The encoder further 
refines each convolutional layer using batch 
normalization, ReLU activation, and a dropout 
layer. After processing, a depth-level cross-cor-
relation operation is performed on the feature 
maps. Zero-padding is then applied to these 
cross-correlated feature maps to match the di-
mensions of the search area embedding. This 
enables the comparison of the target cartilage 
image with a specific slice region, resulting in a 
richer similarity map than standard cross-cor-
relation operations.

The output binary mask is generated through 
a decoder branch sequence, consisting of four 
blocks: bilinear upsampling of the previous fea-

ture map, followed by a 2x2 convolution; con-
nection with the feature representations from 
each encoder block in the search area (referred 
to as skip connections); and two 3x3 convolu-
tional layers. Finally, a 1x1 convolutional layer 
is used to generate the output segmentation, 
consisting of two channels: one for predicting 
the foreground object (cartilage) and the other 
for predicting the background pixels.

The incorporation of depth-level cross-correla-
tion and skip connections enables more accu-
rate cartilage segmentation within the search 
area. Compared to the original U-Net, the Siam 
U-Net features smaller computational block siz-
es, reducing computational load and increasing 
processing speed. Additionally, the inclusion of 
a dropout layer improves the model’s general-
ization capabilities.

Mask R-CNNs

Kompella and colleagues utilized a Mask 
R-CNNs for cartilage image segmentation [22]. 
In their study, 3D images of the cartilage were 
sliced sagittally into 256 2D slices, each with 
dimensions of 272x510 pixels, which were then 
used for training, as shown in Figure 5.

Mask R-CNNs is an extension of the R-CNNs 
model, designed for object detection and seg-
mentation tasks. It excels at both detecting 
object locations and generating correspond-
ing segmentation masks. The Mask R-CNNs 
architecture consists of four components: a 
backbone network, a Region Proposal Network 
(RPN), an object detection network, and a 
pixel-level mask generation network. The back-
bone network, such as ResNet or VGG, is re-
sponsible for extracting image features [45]. By 
utilizing this backbone, Mask R-CNNs extracts 
high-level features from the input images to 
support subsequent object detection and seg-

Figure 4. The fundamental architecture of Siam U-Net. This figure is cited from [25].
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mentation tasks.

The RPN component generates object regions 
within the image. It is a convolutional network 
that captures features at various positions and 
scales using a sliding window approach, deter-
mining whether an object is present at each 
location. The RPN also offers boundary box 
regression adjustments for each region. The 
object recognition network then takes these re-
gions, classifies them, and refines the bounding 
boxes for precise object delineation. This net-
work typically consists of fully connected layers 
or a combination of connected layers.

The unique feature of Mask R-CNNs is its 
pixel-level mask generation network, which 
receives candidate regions from the RPN, ex-
tracts corresponding features, and generates 
pixel-level masks for the object using a Fully 
Convolutional Network [46]. This allows the 
network to represent each object instance with 
a detailed mask. Mask R-CNNs thus performs 
simultaneous object detection and pixel-level 
segmentation, providing both accurate object 
localization and detailed segmentation results. 
The backbone network extracts high-level se-

mantic features, the RPN generates candidate 
regions, the object detection network classifies 
and refines the bounding boxes, and the mask 
generation network produces pixel-level masks 
for each object.

Evaluation metrics

Model performance in segmentation is typically 
evaluated using a variety of metrics. Relying 
on a single metric to assess a model’s perfor-
mance is unreliable; hence, using a combina-
tion of metrics provides a more comprehensive 
evaluation. Among these, the DSC is commonly 
regarded as the most reliable metric for eval-
uating segmentation models, measuring the 
overlap between two binary masks [12]. Seg-
mentation accuracy is quantitatively assessed 
by comparing the model’s output with manual 
annotations, considered the gold standard. 
Precision is typically evaluated through overlap 
measurements or surface distance. The DSC, 
which measures the overlap between two re-
gions, is employed in this study to compare the 
proposed method’s segmentation results with 
the ground truth. As shown in Equation 1, 𝑅1 
represents the ground truth area, while 𝑅2 is 

Figure 5. The fundamental architecture of Mask R-CNNs. (a) The original US image is fed into a feature-extracting 
CNNs; (b) The RPN generates candidate ROIs; (c) Each ROI is precisely aligned via ROI Align, avoiding misalign-
ments from standard pooling; (d) FC layers predict object classes (Softmax) and refine bounding boxes (regressor); 
(e) A separate branch outputs instance-level segmentation masks; (f) Final predicted bounding box obtained from 
the bounding box regressor, along with the object probability obtained from the softmax classifier, after passing 
through the fully convolutional network. Through this multi-branch approach, Mask R-CNNs concurrently performs 
object detection and segmentation, enabling automatic knee cartilage analysis in ultrasound images. This figure 
is cited from [22]. US, ultrasound; CNNs, convolutional neural networks; RPN, Region Proposal Network; ROIs, re-
gions of interest; FC, Fully connected; Mask R-CNNs, Mask Region-based Convolutional Neural Networks.
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the segmented area. A higher DSC value indi-
cates better segmentation accuracy. Given the 
diverse evaluation metrics used in the reviewed 
studies, the DSC was selected as the primary 
evaluation criterion for this study.

                                                                          (1)

Results

Performance of U-Net on 2D ultrasound data

The U-Net architecture has become a pivotal 
model in medical image segmentation, serving 
as the foundation for numerous derivatives, 
while maintaining strong performance on its 
own. Antico et al. applied the U-Net model to 
segment femoral cartilage images from knee 
ultrasound scans, obtaining promising results 
[23]. A comparative analysis was conducted 
between the DSC obtained from the U-Net mod-
el and those from expert manual annotations. 
Table 3 presents the calculated average DSC, 
along with the maximum and minimum DSC 
values. As shown in the table, the U-Net model 
achieved an average DSC between 0.65 and 
0.71, with an overall mean of 0.68. In compar-
ison, expert annotations across test sets (Test 
Sets 1 to 5) ranged from 0 to 0.77, with an 
average of 0.64. Zero DSC values from experts, 
as seen in Test 1 of Table 3, indicate an anom-
alous case. The data suggests that the U-Net 
model performs well in image segmentation, 
with its DSC values approximately 1-2% higher 

than those of the experts for both complete 
images and selected regions. This implies that 
the U-Net’s segmentation performance is either 
comparable to or slightly better than that of 
human experts. However, both the U-Net and 
expert segmentations are less accurate in im-
ages with blurred boundaries or poorly defined 
cartilage. To improve performance, specialized 
strategies may be needed to address such 
challenging cases.

Performance of U-Net++ on 2D/3D ultrasound 
data

The U-Net++ model is an enhanced version 
of the original U-Net, featuring a more com-
plex network architecture with additional layer 
hierarchies and branching connections. This 
modification enhances the model’s ability to 
capture more detailed features and integrate 
contextual information. However, its segmenta-
tion performance does not always surpass that 
of the original U-Net model, and under certain 
conditions, it may produce inferior results.

du Toit et al. applied both U-Net and U-Net++ 
models to 3D knee ultrasound images, which 
were sliced into 2D images for training [24]. 
The 2D segmented images were then reassem-
bled into their original 3D structure, connecting 
the boundaries of adjacent slices. A smoothing 
filter was applied, and the volume extremes 
were sealed to reconstruct a continuous 3D 
surface. In their study, du Toit et al. assessed 
the mean DSC between the 2D slices and the 

Table 3. Comparison of Mean and Min/Max Dice Similarity Coefficients (DSC) Achieved by U-Net and Intra-Ob-
server Expert

Results
Mean DSC Min/Max DSC

U-Net Intra-observer U-Net Intra-observer

1 0.65 0 0/0.95

2 0.68 0.77 0/0.94 0/0.95

3 0.69 0.73 0/0.95 0/0.92

4 0.68 0.40 0/0.94 0/0.92

5 0.71 0.70 0/0.94 0/0.92

Overall 0.68 0.64 - -

Note: DSC, Dice Similarity Coefficient.

Table 4.Comparison of mean-DSC acheived by 2D Transverse and 3D Reconstruction Segmentation Perfor-
mance Using U-Net and U-Net++
Results U-Net Mean-DSC U-Net++ Mean-DSC

2D Transverse 87.10±4.60 83.80±2.90

3D Reconstruction 73.10±3.90 74.30±1.70

P-value 0.063 0.064

Note: DSC, Dice Similarity Coefficient.
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reconstructed 3D images, and evaluated the 
P-value to analyze the variance in segmentation 
performance, as shown in Table 4. The results 
showed that the segmentation quality of the 2D 
images was significantly better than that of the 
3D reconstructions. This discrepancy was due 
to the reconstruction method, which produced 
rectangular surfaces that intersected three 
distinct regions, as manually segmented. Addi-
tionally, the smoothing filter simplified the 2D 
predictions, lowering the DSC. However, it also 
removed outliers, making the segmentation 
results for both 2D and 3D images more com-
parable for both U-Net models.

Further performance tests with knee osteoar-
thritis images revealed no significant differenc-
es in segmentation outcomes between U-Net 
and U-Net++, aligning with results from healthy 
knee images.

Performance of Siam-U-Net on temporal and 
spatio-temporal sequences of 2D ultrasound 
data

Siam-U-Net is an innovative variant of the 
U-Net neural network, integrating a Siamese 
tracking framework. Dunnhofer et al. collected 
a dataset comprising 35 3D+time series knee 

ultrasound images [25]. Manual segmentation 
of 2D ultrasound images was performed by an 
orthopedic surgeon, generating temporal and 
spatio-temporal 2D+time series from the 3D+-
time series data. A total of 18,278 slices within 
the sagittal planes of the ultrasound volume 
were annotated. The dataset was split into six 
subsets, with one used for testing and five for 
training. The model was applied to segment 
femoral cartilage in 2D ultrasound images. The 
average DSC for both temporal and spatio-tem-
poral tracking were compared, alongside the 
performance of the original U-Net and the U-Net 
variant proposed by Léger et al., as shown in 
Table 5 [47]. The results indicate that Siam-U-
Net outperforms these comparative models in 
terms of performance metrics.

Performance of Mask R-CNNs on 2D ultra-
sound data

Mask R-CNNs, an advanced extension of 
R-CNNs, simultaneously detects object loca-
tions and generates their masks. Using a 4D 
ultrasound probe (5-13 MHz frequency range), 
Kompella et al. acquired static 3D ultrasound 
images of knee joints from healthy volunteers 
[22]. These images were manually segmented 
by an experienced physician and split into 256 

Table 5. Comparison of mean DSC among Siam-U-Net, Temporal and Spatio-Temporal Tracking, U-Net, and 
Léger’s U-Net

Results
Mean DSC Mean DSC

Temporal tracking Spatio-temporal Siam-U-Net U-Net Léger’s U-Net [47]

1 0.74±0.15 0.73±0.16 0.74±0.15 0.61±0.24 0.60±0.23

2 0.69±0.20 0.71±0.16 0.69±0.20 0.62±0.22 0.65±0.23

3 0.69±0.16 0.70±0.15 0.69±0.16 0.68±0.18 0.68±0.21

4 0.69±0.17 0.68±0.18 0.69±0.17 0.62±0.23 0.64±0.22

5 0.73±0.14 0.73±0.14 0.73±0.14 0.66±0.21 0.67±0.20

6 0.69±0.15 0.68±0.16 0.69±0.15 0.63±0.23 0.62±0.28

Overall 0.68 0.71±0.16 0.70±0.16 0.64±0.22 0.64±0.23

Note: DSC, Dice Similarity Coefficient.

Table 6. Comparison of segmentation results with and without preprocessing, using ImageNet, COCO, and the 
Level Set Method
Results Pre-processing Mean-DSC

Pretrain with ImageNet [48] No 0.22

Yes 0.64

Pretrain with COCO [49] No 0.67

Yes 0.80

Level Set [50] No 0.52

Yes 0.54

Note: DSC, Dice Similarity Coefficient.
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2D slices in the coronal plane, with 85% allo-
cated to the training set and 15% to the test 
set. Preprocessing was done according to COCO 
and ImageNet datasets before training. The 
efficacy of Mask R-CNNs was evaluated using 
the Mean DSC, comparing segmentation accu-
racy among networks pretrained on COCO and 
ImageNet datasets to those with no pretrain-
ing. Additionally, Mask R-CNNs’ performance 
was compared with the conventional level-set 
segmentation method, which requires manual 
initialization. As shown in Table 6, networks 
pretrained on the COCO2016 dataset exhibited 
a 20% increase in DSC over those without pre-
training. Pretraining with the ImageNet dataset 
resulted in a 190% improvement in perfor-
mance, surpassing the level-set technique’s 
accuracy.

Performance comparison with different mod-
els

Comparing DSC scores (U-Net: 0.68, Intra-ob-
server: 0.64), U-Net slightly outperforms in-
tra-observer segmentation. Furthermore, in 
recognizing 2D (87.1, 73.1) transverse and 
3D reconstructed images of femoral cartilage, 
U-Net outperforms U-Net++ (83.8, 73.1). This 
is due to U-Net++’s increased structural com-
plexity, stemming from additional pathways and 
skip connections that enable it to incorporate 
more image information. Despite these im-
provements, optimal results are not achieved in 
femoral cartilage image recognition. The inte-
gration of the U-Net model with a Siamese net-
work structure in Siam-U-Net allows for the use 
of two cropped images as inputs, one for pre-
liminary segmentation and the other for precise 
segmentation. This multi-level segmentation 
architecture improves the model’s ability to pre-
serve fine details while handling larger images, 
resulting in a slight increase in DSC from U-Net 
(0.64) to Siam-U-Net (0.70). Preprocessing 
also plays a significant role in performance, as 
demonstrated by DSC scores in Mask R-CNNs. 
Preprocessing the COCO dataset increased the 
DSC score from 0.67 to 0.80, with similar en-
hancements observed in other datasets. These 
improvements were due to the extraction of 
relevant features, noise reduction, and the use 
of data augmentation techniques that enriched 
the data and improved the model’s generaliza-
tion capability.

Discussion

Summary

The literature reviewed in this article demon-
strates the partial application of DL for the 

segmentation of femoral cartilage in knee 
ultrasound images. The article begins with an 
introduction to common data types used in DL, 
followed by an overview of publicly available 
datasets and preprocessing methods for data 
management. Various methods suitable for 
femoral cartilage segmentation in knee ultra-
sound images are discussed, with a focus on 
the U-Net architecture and its variants, which 
have been predominantly used. Other models, 
such as Mask R-CNNs, have also shown prom-
ising results. During the review, it was noted 
that some studies employed less common eval-
uation metrics, and many relied on non-public 
datasets. The performance of various models 
is highlighted, with the DSC being the most fre-
quently used evaluation metric.

Challenges

Despite these advancements, challenges re-
main in the DL segmentation of femoral car-
tilage in knee ultrasound images. First, there 
is a lack of large-scale, publicly accessible 
datasets specifically for knee femoral cartilage 
ultrasound imaging. While data augmentation 
and the fusion of supervised and unsupervised 
learning can help alleviate this issue, the ef-
fectiveness of the models is still constrained 
by their inherent limitations. Thus, the creation 
of a standardized, publicly available dataset is 
crucial. Second, early research on knee femoral 
cartilage ultrasound segmentation often failed 
to incorporate the latest neural network mod-
els and architectures, leading to performance 
gaps compared to newer approaches. Ongoing 
research is expected to address these gaps. 
Additionally, there is growing interest in intel-
ligent medical devices for medical image pro-
cessing. However, the significant computational 
power required for processing medical images 
presents challenges in ensuring both accuracy 
and real-time performance when deploying 
models on medical devices. The model size is 
also a critical factor. These challenges may be 
gradually overcome with advancements in the 
miniaturization of DL models for medical image 
segmentation and the development of intelli-
gent medical devices.

Future research directions

Future research in automated femoral cartilage 
detection, powered by DL, aims to enhance re-
al-time operational efficiency, accuracy, and us-
er-friendliness of the model. By integrating the 
model with ultrasound images of femoral carti-
lage obtained via the probe, immediate identi-
fication could be achieved, thus improving the 
efficiency of healthcare providers and strength-
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ening the reliability of clinical decision-making. 
Another key focus is the development of a com-
prehensive public dataset for femoral cartilage. 
As the dataset grows, model detection accuracy 
is expected to improve. Simultaneously, given 
the current data limitations, there is a need for 
progress in identifying various distinct morpho-
logical forms of femoral cartilage. Therefore, 
a major research direction is to enhance the 
model’s ability to generalize and identify these 
unique cartilage morphologies.

Conclusion

This research reviews the latest advancements 
in DL for knee ultrasound image segmentation 
and compiles publicly accessible medical data-
sets and methods employed in femoral carti-
lage segmentation. The study also includes an 
analysis of several evaluation metrics. DL has 
the potential to significantly enhance the diag-
nostic efficiency of physicians. For patients in 
medically underserved areas, online availability 
of trained models could provide substantial 
support, improving medical services. This sur-
vey aims to offer valuable insights and encour-
age further research on femoral cartilage seg-
mentation in knee ultrasound images.
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Introduction

Breast diseases encompass a range of condi-
tions affecting breast tissue, including mastitis, 
breast hyperplasia, fibroadenoma, and breast 
cancer, with female being the primary demo-
graphic affected [1]. In 2023, the National 
Health Commission of the People’s Republic of 
China underscored the significance of breast 

cancer as a leading malignancy threatening 
women’s health, emphasizing the need for 
prioritizing the prevention and management of 
breast diseases.

Early diagnosis is crucial for improving treat-
ment outcomes and survival rates for breast 
cancer patients. Breast ultrasound plays a 
key role in early screening and diagnosis by 

Abstract

Breast ultrasound image segmentation is vital in medical imaging, enabling precise delineation of tissues and 
lesions, which contributes to the diagnosis and treatment of breast diseases. This article reviews both tradition-
al methods and recent advancements in deep learning techniques for breast ultrasound image segmentation. 
The discussion begins by highlighting the significance of image segmentation in breast disease diagnosis and its 
background within medical imaging. Traditional segmentation methods, such as thresholding, edge detection, and 
region growing, are examined, with an analysis of their applications and limitations in breast ultrasound segmen-
tation. Subsequently, the focus shifts to deep learning approaches, including classic models like Convolutional 
Neural Networks, Fully Convolutional Networks, and U-Net, along with their improved algorithms. These methods 
learn hierarchical features directly from raw data, reducing reliance on manual preprocessing. U-Net, in particular, 
is highlighted as the benchmark for medical image segmentation due to its efficient data usage and ability to pre-
serve fine-grained details. Comparative analysis demonstrates the advantages of deep learning in enhancing seg-
mentation accuracy, reducing noise, and handling complex texture structures. The article concludes by summariz-
ing current achievements and challenges in the field, while offering an outlook on the future developments aimed 
at advancing breast ultrasound image segmentation for improved diagnosis and treatment of breast diseases.
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Highlights
● Comparison of Methods: This article compares traditional techniques, such as thresholding and edge detection,

with deep learning-based methods for breast ultrasound segmentation.
● U-Net’s Effectiveness: U-Net is identified as the benchmark for medical image segmentation due to its efficiency

and ability to preserve details.
● Advantages of Deep Learning: Deep learning models, like CNNs and FCNs, improve segmentation accuracy by

learning directly from raw data, while also mitigating noise.
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accurately segmenting breast tissue and other 
regions in ultrasound images, thereby providing 
high-resolution, detailed tissue information. 
This segmentation process is vital in the diag-
nosis and treatment of breast diseases. Howev-
er, challenges arise due to the complex nature 
of breast tissue, including noise, low contrast, 
and image blur, which complicate the differenti-
ation between the breast area and surrounding 
tissues. Moreover, the interpretation of ultra-
sound images heavily relies on the experience 
and skills of clinicians, leading to variability in 
diagnostic accuracy.

Accurate breast ultrasound image segmenta-
tion enables rapid and accurate identification 
of disease types and locations. Recent ad-
vancements in image processing and computer 
vision have significantly enhanced the segmen-
tation efficiency. While traditional image seg-
mentation techniques, such as thresholding, 
edge detection, and region growing, have been 
extensively applied in breast ultrasound image 
segmentation, they often struggle to handle the 
complex textures and indistinct boundaries in 
ultrasound images, resulting in inaccurate or 
inconsistent segmentation. To overcome these 
limitations, there has been a growing focus 
on deep learning-based methods for breast 
ultrasound image segmentation. Deep learning 
techniques, particularly convolutional neural 
networks (CNNs), can automatically learn deep 
features from large datasets, demonstrating re-
markable performance improvements in image 
segmentation tasks [2]. These approaches not 
only enhance the differentiation of breast tis-
sues and lesions but also reduce the impact of 
individual and device-related image variations, 
providing doctors with more reliable diagnostic 
tools.

Traditional breast ultrasound segmentation 
methods

Threshold based segmentation method

Threshold-based segmentation methods are 
commonly categorized into two types: binary 
segmentation and multi-level segmentation, de-
pending on the number of resulting segments 
[3]. Binary segmentation is the most used 
threshold segmentation method, dividing the 
image into two regions: foreground (e.g., white) 
and background (e.g., black), as illustrated in 
Figure 1 [4]. This technique is generally applied 
in simpler image segmentation tasks, such as 
object detection and image binarization.

In contrast, multi-level segmentation is em-
ployed for more complex images, where the 
image is divided into multiple regions, each 
representing a different category. This method 
uses several thresholds to allocate pixels to 
different categories based on their grayscale 
values, creating a multi-valued image suitable 
for complex image segmentation tasks. How-
ever, in practical applications, using multi-level 
thresholds for image segmentation may en-
counter difficulties, such as parameter selec-
tion, over-segmentation, high computational 
complexity, and sensitivity to noise, neces-
sitating a careful consideration of the trade-
offs based on specific circumstances when 
selecting an appropriate segmentation method 
[3]. Breast ultrasound delineation involves ac-
curately and automatically segmenting breast 
tissue from surrounding tissues in ultrasound 
images. This process integrates principles from 
multiple fields, including image processing 
and machine learning. By comparing the pixel 
grayscale values of breast ultrasound images 
with predefined thresholds, the image can be 
segmented into breast tissue and background 
regions. The selection of thresholds significant-
ly influences the results and is most effective 
for relatively simple image scenarios.

In the 1990s, with advancements in digital 
image processing and computer vision, the uti-
lization of computer algorithms for medical im-
ages analysis started to be explored. Automatic 
segmentation of breast ultrasound images has 

Figure 1. Breast ultrasound image segmentation based on threshold value. This figure is cited from [4].
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emerged as a significant research direction, 
attracting increasing attention. In 2001, Horsch 
et al. proposed a computationally efficient 
algorithm for segmenting breast masses in 
ultrasound images [5]. This algorithm maximiz-
es utility functions defined on segmentation 
boundaries using grayscale value thresholds 
in preprocessed images. The performance of 
the segmentation algorithm was evaluated in 
a database containing 400 cases using two 
methods. The first method compared the com-
puter-delineated boundaries with the manually 
outlined ones, and the second method com-
pared the performance of computer-aided diag-
nostic techniques on edges delineated by the 
computer versus those delineated manually [5]. 
The results demonstrated that the automatic 
classifier developed by Horsch et al. achieved 
Area under the ROC Curve (AUC) values of 0.91 
and 0.87 for distinguishing between benign 
and malignant breast lesions in fully automat-
ed segmentation and manual segmentation, 
respectively.

Furthermore, when integrated with their au-
tomatic classifier, the performance of the 
algorithm in distinguishing breast lesions was 
comparable to manual segmentation [5]. In 
another study, Cui et al. designed a method 
for automatically segmenting breast masses in 
ultrasound images. This method automatically 
estimated an initial contour based on a man-
ually identified point near the mass center [6]. 
It then employed a two-stage Active Contour 
(AC) approach to iteratively refine the initial 
contour. The segmentation results were subject 
to self-inspection and correction, with perfor-
mance evaluation comparing computer-based 
segmentation to those performed by experi-
enced radiologists. The results demonstrated 
that their Computer-Aided Diagnosis (CAD) 
system performed similarly to manual segmen-
tation by experienced professionals [6].

Recently, researchers have made new advance-
ments. Zebari et al. proposed an improved 
segmentation model based on thresholding 
and trainable techniques for extracting regions 
of interest [7]. Furthermore, they developed a 
hybrid segmentation method for breast region 
and chest muscle boundary segmentation in 
breast X-ray images, integrating thresholding 
and machine learning techniques. In this ap-
proach, wavelet transform bands were removed 
to highlight the breast region and optimize the 
estimated breast boundary. This novel thresh-
olding technique contributes to determining the 
initial breast boundary and partially overcomes 
the limitations of manual image segmentation.

Method based on edge detection

Edge detection is a commonly used method 
for image segmentation that involves detecting 
edge information within an image [8]. Edges 
typically correspond to boundaries between 
objects or transitions between regions, mak-
ing them crucial for segmenting an image into 
distinct areas or objects [9]. This method seg-
ments the image by detecting contours and 
boundaries, effectively outlining the contours 
of the breast region in ultrasound images. The 
edge detection-based segmentation approach 
generally follows these steps: first, edge de-
tection is performed; next, edge tracking, edge 
linking, or region merging is conducted based 
on the detected edge information to achieve 
image segmentation. This approach is suitable 
for breast tissues with clearly defined edges 
but may be less effective for complex or poorly 
defined breast tissue structures.

To address these challenges, researchers have 
been developing enhanced techniques. In 
2019, Rampun et al. proposed a modified ver-
sion of the Holistically-Nested Edge Detection 
network method to accurately segment the pec-
toralis major muscle from breast X-ray images, 
showing that the modified Holistically-Nested 
Edge Detection network model could segment 
the muscle more effectively with higher accu-
racy and robustness compared to traditional 
methods [10]. In 2022, Daoud et al. proposed 
an edge-based approach to improve the lo-
calization of Region of Interest (RoI) in breast 
ultrasound images, overcoming the limitations 
of single-object detection models in diverse 
scenarios [11]. This method integrates results 
from multiple deep learning-based object de-
tection models to process ultrasound images 
and obtain their respective RoI localizations. 
Subsequently, edge detection algorithms, such 
as the Canny edge detector, are utilized to ex-
tract edge information from the images. Based 
on the edge information, the RoIs generated by 
the different models are filtered and merged to 
achieve more precise RoI localization. Further 
details on the application of edge detection in 
breast-related research can be found in Table 1.

Region growing algorithm

The region growing algorithm is a widely used 
image segmentation technique based on seed 
points, which partitions images into regions 
with similar characteristics. Starting with one 
or several seed points, it progressively clusters 
adjacent pixels into a unified region via incre-
mental growth or pixel amalgamation, partic-
ularly suitable for segmenting homogeneous 
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backgrounds and contiguous breast regions. 
Its fundamental principle involves expanding 
the region from the seed point by adding neigh-
boring pixels that share similar characteristics, 
typically based on grayscale or color value dif-
ferences, until a predefined stopping criterion 
is met [17]. Pixels whose differences fall below 
a specified threshold are grouped into the 
same region. Despite demonstrating resilience 
to noise and the ability to manage local image 
features without a prerequisite on the number 
of regions to be segmented, this algorithm still 
has limitations. Its performance is sensitive to 
the initial seed point selection, and the process 
of setting appropriate parameters can be com-
plex. To address these challenges, researchers 
introduced enhancements in seed point selec-
tion and region propagation in the early 21st 
century. For example, Xia et al. introduced a 
best-first approach to enhance seed accuracy, 
which simplifies the bipartite matching process 
to unipartite matching by utilizing epipolar and 
continuity constraints [18]. Additionally, they 
implemented a dynamically adaptive window, 
replacing the traditionally used larger one, thus 
improving both the temporal and spatial effi-
ciency of the search process.

However, in practical applications, the region 
growing algorithm is infrequently employed in 
isolation. Instead, it is commonly combined with 
other image processing techniques to support 
breast cancer diagnosis. Nonetheless, it offers 
effective segmentation, feature extraction, 
and quantitative analysis in breast ultrasound 
image processing, aiding in the diagnosis and 
treatment of breast diseases. Consequently, re-
search into enhancing the region growing algo-
rithm remains an ongoing endeavor. Recently, 
Wang et al. introduced a segmentation method 
for breast ultrasound images, leveraging adap-
tive region growing with variable level set tech-
niques [19]. This approach seeks to address 
challenges associated with breast ultrasound 

images, including high noise levels, blurred 
boundaries, and substandard imaging quality. 
Notably, the results demonstrated diagnostic 
values exceeding 0.99 for both Jaccard and 
Dice indices in benign tumor segmentation, 
highlighting the method’s potential to improve 
segmentation accuracy in breast ultrasound 
images.

Application of deep learning in breast ultra-
sound segmentation

Deep learning, a subset of artificial intelligence, 
is a pivotal machine learning technique that 
primarily employs neural network models to 
capture and represent intricate data patterns 
[19, 20]. Its defining feature is the ability to 
perform feature learning and representation 
learning via multi-layer neural networks, which 
facilitates the automatic extraction of relevant 
features from data, enabling the modeling and 
resolution of complex problems. Common neu-
ral network structures utilized in deep learning 
include Multi-Layer Perceptrons (MLP), CNNs, 
and Recurrent Neural Networks [21]. These 
structures refine their weight parameters via 
the backpropagation algorithm, consistently 
enhancing the learning capabilities and overall 
performance.

Deep learning has led to remarkable achieve-
ments in various fields, including computer vi-
sion, natural language processing, and speech 
recognition. In image processing, it has proven 
effective in tasks such as image classification, 
object detection, and image segmentation. In 
medical imaging, deep learning is widely em-
ployed in tasks like breast ultrasound image 
segmentation, tumor detection, and disease di-
agnosis, significantly enhancing both accuracy 
and efficiency. Traditional image segmentation 
methods often require manual design of fea-
ture extractors and segmentation rules, limiting 
their performance and making them vulnerable 

Table 1. Literature on the application of edge detection in breast diagnosis
Authors Methods Evaluation metrics

Chakraborty et al. [12] (2016) A new automated edge detection tech-
nique integrates Sobel edge detection 
with an active contour model.

Accuracy=92.5
Sensitivity=93
Specificity=85

Guo et al. [13] (2019) A strong image segmentation method 
based on interval uncertainties

PSNR (The Canny filter outperforms 
other methods for low-variance salt-
and-pepper noise.)

Anjum et al. [14] (2021) HOG, Canny Recall=0.94

Gupta et al. [15] (2022) Canny Accuracy=88.88 
Sensitivity=94.44
Specificity=83.33

Triwibowo et al. [16] (2023) Canny, SVM Accuracy=95

Note: HOG, Histograms of oriented gradient; SVM, Support Vector Machine. 
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to noise and other interferences. In contrast, 
deep learning techniques, through multi-lay-
er neural networks, can automatically learn 
features from breast ultrasound images and 
offer robust capabilities for nonlinear fitting, 
making it more capable of handling complex 
image structures and variations [2]. In fact, 
deep learning has superseded conventional 
detection methods. For instance, Freitas et al. 
demonstrated the use of a novel neural net-
work approach to replace the Sobel filter, uti-
lizing it to an automatic method for calculating 
depth edges in breast contours [22].

Deep learning common neural networks

MLP

MLP is one of the most fundamental and widely 
utilized structures within artificial neural net-
works [23]. It consists of an input layer, one 
or several hidden layers, and an output layer, 
forming a fundamental architecture, as depict-
ed in Figure 2.

The input layer functions as the gateway for 
the MLP, receiving feature vectors as input 
data. The hidden layers, or the intermediate 
layer, which may contain one or multiple layers 
of neurons, process this input. Each neuron 
receives the output from the preceding layer 
as its input and applies a nonlinear transfor-
mation via an activation function. The output 
layer, located at the final stage, produces the 
MLP’s results. The number of neurons within 
the output layer depends on the specific task: 
a single neuron is sufficient for binary classifi-
cation, whereas multiple neurons are required 
for multi-class classification, with sigmoid or 
softmax activation functions typically used for 
classification.

Despite its simplicity and effectiveness, the 
MLP has limitations when handling complex 
tasks such as image processing. Its expressive 
power is constrained, making more advanced 
architectures like CNNs better suited for such 
tasks.

CNNs

CNNs emerge as one of the most prominent ar-
chitectures in artificial neural networks, widely 
used for tasks such as image recognition and 
computer vision. As a type of feedforward neu-
ral network, CNNs are particularly effective at 
automatically extracting features from images 
and processing data with a grid-like structure. 
Key components of CNNs include convolution-
al layers, pooling layers, and fully connected 
layers [24]. A simplified structure of a CNNs is 
depicted in Figure 3 [25]. The convolutional 
layers perform feature extraction by convolving 
the input image with specific convolutional ker-
nels, resulting in a series of feature maps. Pool-
ing layers reduce the dimensionality of these 
feature maps, thus decreasing computational 
complexity and improving the network’s ro-
bustness. Fully connected layers then map the 
feature maps from the pooling layers to their 
corresponding labels, completing the classifica-
tion process.

In addition to the previously mentioned compo-
nents, CNNs also incorporate activation func-
tions, loss functions, and the backpropagation 
algorithm. Figure 4 [25] depicts a representa-
tive CNNs structure, where activation functions 
(e.g., ReLUs) are applied between the convo-
lutional and pooling layers, followed by one or 
more fully connected layers also utilizing ReLUs 
activations to enhance learning and feature 
mapping.

Fully Convolutional Network (FCNs)

Figure 2. Multi-layer perceptron.

Figure 3. A simple CNN architecture. This figure 
is cited from [25]. CNNs, convolutional neural net-
works.
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FCNs, are specialized type of neural network 
introduced by Jonathan Long, Evan Shelhamer, 
and Trevor Darrell in 2015 [26]. Their inno-
vation lies in applying FCNS to the complex 
task of image semantic segmentation. The 
key distinction of FCNs is the replacement of 
traditional CNN’s fully connected layers with 
convolutional layers. This modification enables 
FCNs to process input images of arbitrary 
sizes. In standard CNNs, convolutional layers 
are responsible for extracting pertinent image 
features, whereas fully connected layers subse-
quently map these features into classification 
or regression outputs. Conversely, FCNs accom-
plish the intricate transformation from feature 
maps to output maps solely through convolu-
tional layers, allowing them to handle images of 
diverse sizes and generate output images with 
corresponding dimensions. The development 
of FCNS was motivated by the need to address 
a critical limitation of traditional CNNs, namely 
their inability to process input images of varying 
sizes [26, 27].

Deep learning algorithm applied to image seg-
mentation

U-Net

U-Net, a specialized form of CNNs, is specifi-
cally tailored for image segmentation tasks. Its 
architecture, illustrated in Figure 5, operates 
at a low resolution of 32×32 pixels. Initially 
proposed by Ronneberger et al. in 2015, U-Net 
addresses the challenge of spatial information 
loss during the inter-layer transmission within 
CNNs, a limitation that can potentially compro-
mise image segmentation accuracy [28]. Unlike 
traditional CNNs, U-Net incorporates skip con-
nections to preserve information, enabling de-
coder layers to directly access both shallow and 
deep features from the encoder. Consequently, 
it mitigates issues such as information loss 
and vanishing gradients, thereby enhancing 
the spatial accuracy and semantic coherence 
of segmentation results. Owing to these advan-
tages, U-Net is well-suited for tasks like breast 
ultrasound image segmentation.

The introduction of U-Net established a solid 
foundation for its subsequent utilization in 
breast ultrasound image segmentation. In 
2018, Almajalid et al. implemented the U-Net 
architecture to segment breast ultrasound 

Figure 4. Common CNN structures. This figure is cited from [25]. CNNs, convolutional neural networks.

Figure 5. U-net architecture. This figure is cited from [28].
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images [29]. Their approach began with pre-
processing techniques, including histogram 
equalization to enhance contrast and anisotro-
pic diffusion filtering to reduce speckle noise. 
Subsequently, to expand the training dataset, 
they employed data augmentation techniques, 
such as rotation and elastic deformation. Fol-
lowing this, noise regions were excised from 
the segmentation outcomes. Employing double 
cross-validation, the U-Net model was trained 
and tested on a dataset encompassing 221 
breast ultrasound images, achieving an av-
erage DICE score of 82.52%, demonstrating 
its robustness and accuracy for tumor image 
segmentation. Similarly, Yap et al. proposed 
a patch-based LeNet and U-Net model, along 
with a transfer learning approach utilizing a 
pre-trained FCNS-AlexNet [30]. Their study 
compared these methods to four advanced le-
sion detection algorithms: radial gradient index, 
multifractal filtering, rule-based region ranking, 
and deformable part models. Additionally, they 
conducted a comparative analysis on datasets 
obtained from two distinct ultrasound systems, 
improving the overall performance of deep 
learning-based techniques for lesion detection.

Multiple automatic methods have been pro-
posed for detecting and segmenting breast 
lesions. Nevertheless, challenges persist due 
to ultrasound artifacts and the complex shapes 
and locations of lesions, which hinder accurate 
segmentation. To address these issues, Amiri 
et al. introduced a two-stage approach, where 
U-Net was initially employed for lesion detec-
tion, followed by a second U-Net for segment-
ing the identified lesion areas [31]. They also 
developed a test-time augmentation technique 
to evaluate the effectiveness of the detection 
phase, which resulted in a 1.8% improvement 
in the average Dice score. In 2021, Guo et al. 
proposed an enhanced U-Net with an extended 
training method, which preserved the textural 

nuances and edge characteristics 
of breast tumors in output maps 
[32].

Notably, training U-Net with gray-
scale probability labels acceler-
ated the process compared to 
conventional labeling methods, 
leading to clearer tumor bound-
aries and improving the safety 
and precision of robot-assisted 
breast surgeries. In 2022, Zhao 
et al. proposed a breast tumor 
ultrasound image segmenta-
tion method based on the U-Net 
framework, combining residual 
blocks and attention mechanisms 

[33]. Meanwhile, Yan and Liu et al. developed 
an attention-enhanced U-Net model with mixed 
dilated convolutions (AE U-net with HDC) for 
tumor segmentation in breast ultrasound im-
ages [34]. Recently, Pramanik et al. presented 
a novel network structure, dual branch U-Net 
(DBU-Net), which improves upon the classical 
U-Net architecture [35]. DBU-Net incorporates 
a dual-branch structure to enhance segmen-
tation accuracy and robustness by handling 
feature information at different scales. One 
branch captures global and contextual informa-
tion, while the other branch focuses on local 
and detailed information. This dual-branch ap-
proach allows DBU-Net to better capture tumor 
structures in breast ultrasound images, demon-
strating significant improvements in segmenta-
tion performance over traditional U-Net. These 
advancements highlight the potential clinical 
applicability of DBU-Net in breast tumor image 
segmentation.

UNet++

UNet++, an extended version of the U-Net al-
gorithm, was proposed in 2018 by a research 
team led by Zhou from Indonesia. Its network 
structure, shown in Figure 6, aims to enhance 
the performance of image segmentation tasks 
[36]. The primary improvement of UNet++ lies 
in its feature propagation and reuse capabili-
ties, which are achieved by introducing multiple 
down-sampling and up-sampling pathways 
[36, 37]. Unlike the original U-Net architecture, 
which has a single down-sampling and up-sam-
pling path, UNet++ introduces deeper feature 
fusion pathways by incorporating multiple 
nested, dense skip connections. These skip 
connections enable the network to propagate 
and reuse feature information across different 
levels, significantly improving segmentation ac-
curacy.

Figure 6. U-net++ architecture. This figure is cited from [36].
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UNet++ has found wide applications in medi-
cal image segmentation due to its numerous 
advantages. Wu et al. utilized UNet++ as the 
base structure and substituted its standard 
convolutions with dilated convolutions [38]. 
This modification increased the receptive field, 
allowing the model to incorporate more global 
contextual information, thereby enhancing or-
gan segmentation accuracy.

Currently, the utilization of UNet++ in breast-re-
lated tasks primarily focuses on segmenting 
breast cancer cell nuclei. In 2020, Wang et 
al. proposed an improved breast cancer cell 
nucleus segmentation method using UNet++, 
with Inception-ResNet-V2 as the backbone [39]. 
The performance of this enhanced UNet++ was 
compared with the original UNet++ architecture 
using a breast cancer cell nucleus segmenta-
tion database, demonstrating the superiority of 
the improved version. The following year, Dinh 
et al. introduced a novel approach combining 
UNet++ with pre-trained EfficientNet as the 
backbone architecture for breast tumor cell 
nucleus segmentation, along with multi-organ 
transfer learning methods [40]. This new ap-
proach outperformed other techniques in seg-
menting breast tumor cell nuclei, significantly 
increasing accuracy. More recently, You et al. 
proposed a novel EfficientUNet++ model for 
breast tumor segmentation [41]. This model 
integrates ResNet18 as the encoder, a channel 
attention mechanism, and deep supervision to 
address the issue of gradient vanishing and en-
hance feature extraction. The channel attention 
module further improves the model’s accuracy, 
particularly in handling tumor boundaries.

SegNet

SegNet is a CNN architecture designed for 
semantic image segmentation tasks. Initially 
proposed in 2017 by a team from the Computer 
Laboratory at the University of Cambridge, in-
cluding Badrinarayanan, its network structure 
is shown in Figure 7 [42]. SegNet’s design 
focuses on pixel-level image segmentation, 

incorporating an encoder for feature extraction 
and a decoder for feature restoration and seg-
mentation.

Compared to U-Net, it offers satisfactory 
segmentation performance while requiring 
lower computational and storage resources, 
making it suitable for resource-constrained 
environments. In contrast, U-Net is specifically 
optimized for medical image segmentation, 
considering factors such as high resolution 
and complex structures, which contribute to its 
superior performance in medical imaging tasks 
[43].

U-Net and SegNet were both applied to lesion 
segmentation in breast ultrasound images by 
Vianna et al. in 2021, with comparative analy-
sis conducted using paired sample t-tests [44]. 
The results demonstrated U-Net’s superior 
performance in their task settings. Among the 
configurations tested, U-Net with Dice as the 
loss function and ReLU as the activation unit 
achieved the best results, with higher Dice sim-
ilarity coefficients and shorter training times. 
This study concluded that, despite SegNet’s 
efficiency, U-Net outperformed it in dataset seg-
mentation tasks. In the same year, Vianna et 
al. presented a performance analysis of SegNet 
for automatic breast ultrasound image segmen-
tation [45]. The results showed that SegNet 
achieved accuracy similar to other models, 
although performance varied depending on the 
specific configurations used.

While the U-Net algorithm remains the primary 
choice for breast ultrasound image segmenta-
tion, SegNet offers advantages such as high 
computational efficiency and low memory 
usage, making it a promising candidate for 
other medical image processing tasks. SegNet 
has also been successfully applied to retinal 
vessel segmentation in fundus images, where 
accurate segmentation of vessel networks is 
crucial for the early detection and treatment of 
conditions like diabetic retinopathy and hyper-
tensive retinopathy [46]. Moreover, SegNet has 

Figure 7. SegNet architecture. This figure is cited from [42].
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demonstrated utility in lesion segmentation in 
liver and lung CT images, as well as in brain 
MRI images, particularly in applications related 
to brain imaging [47-49]. However, the applica-
bility and performance of SegNet should be val-
idated experimentally for each specific domain, 
depending on the task and dataset.

DeepLab

DeepLab is a series of image segmentation al-
gorithms proposed by the Google team, utilizing 
deep convolutional neural networks and prob-
abilistic graphical models, such as conditional 
random fields, for pixel-level image classifica-
tion. Since its first introduction in 2014 by Chen 

et al., the DeepLab series has evolved through 
multiple versions, including DeepLab v1, v2, 
v3, and v3+ [50, 51].

The DeepLab algorithms have been continu-
ously optimized by researchers, improving the 
structure and parameters of deep convolutional 
neural networks and probabilistic models to en-
hance the accuracy of semantic image segmen-
tation [52]. This progression has contributed 
significantly to the field of computer vision, of-
fering valuable insights for understanding and 
analyzing breast ultrasound images. Shia et al. 
proposed a method for semantic segmentation 
of breast ultrasound images using the DeepLab 
v3+ model [53]. They analyzed a total of 684 

          Table 2. New techniques for breast diagnosis
Authors Methods Results
Shu et al. [56] (2020) CNN (DenseNet169 + max pooling) Mass:

AUC=0.87 ACC=0.796
Calcification:
AUC=0.805 ACC=0.707

Ekici et al. [57] (2020) CNN ACC=98.95
Heidari et al. [58] (2019) CNN, SVM Accuracy=92 

Sensitivity=89
Specificity=95

Nyayapathi et al. [59] (2019) DSM AUC=0.8451
Wang et al. [60] (2020) ResNet-50 MS MI AUC=0.862
Zhao et al. [33] (2022) Improved residual U-Net Dice=92.10

IoU=85.10
MAD=4.99

Ning et al. [61] (2021) SMU-Net Dice=88.27
IoU=80.57
F1=88.31
Sensitivity=89.69
Precision=89.07

Gare et al. [62] (2022) W-Net ACC=0.852
MIoU=0.507

Chen et al. [63] (2022) C-Net Accuracy=97.51
Jaccard=72.41
Precision=82.70
Recall=82.42
Specificity=99.13

Chen et al. [64] (2022) AAU-net Jaccard=69.10
Precision=78.83
Recall=82.22
Specificity=98.82
Dice=78.14

Alruily et al. [65] (2023) GAN, U-Net3+ Dice=95.49 
Accuracy=95.67
Precision=95.59
Recall=95.68

Tekin et al. [66] (2023) Tubule‑U‑Net Dice=95.33
Recall=93.74
Specificity=90.02

He et al. [67] (2023) HCTNet Dice=97.23
Accuracy=97.41
Jaccard=94.63
Precision=95.59
Recall=97.14

Note: CNN, Convolutional Neural Network; SVM, Support Vector Machine; DSM, Dual scan mammoscope; MS, 
Multiscale; MI, Multi-Instance; SMU-Net, Saliency-guided morphology-aware U-Net; W-Net, Waveform-Net; C-Net, 
Cascaded Convolutional Neural Network; AAU-net, adaptive attention U-net; GAN, generative adversarial networks; 
U-Net3+, A Full-Scale Connected U-Net; HCTNet, hybrid CNN-transformer network; AUC, Area Under the Curve; 
ACC, Accuracy; Dice, Dice Similarity Coefficient; IoU, Intersection over Union; MAD, Mean Absolute Deviation; F1, 
F1-score; MIoU, Mean Intersection over Union. 
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breast tumor images and evaluated and found 
that DeepLab v3+ with a ResNet-50 decoder 
outperformed previous architectures in seman-
tic segmentation tasks, particularly in identify-
ing malignant features associated with BI-RADS 
malignant classifications in breast ultrasound 
(BUS) images. Additionally, Zhou et al. proposed 
a new deep learning-based breast region ex-
traction method that integrates preprocessing 
techniques, including median filtering for noise 
suppression and contrast limited adaptive 
histogram equalization (CLAHE) for contrast 
enhancement, followed by semantic segmenta-
tion using the DeepLab v3+ model [54]. More-
over, this approach demonstrated state-of-the-
art performance in extracting breast regions 
from mammography images. While DeepLab 
is less frequently applied in breast ultrasound 
segmentation, it has been widely used for 
segmenting human organs such as the brain 
[55]. Other literature on the application of deep 
learning in breast ultrasound image segmenta-
tion is presented in Table 2.

Discussion

Early research in breast disease diagnosis 
primarily focused on traditional image process-
ing techniques for breast ultrasound image 
segmentation, such as thresholding, edge 
detection, and region growing. These methods 
typically rely on features such as grayscale in-
tensity, texture, and shape for segmentation. 
For instance, tumor regions can be extracted 
using thresholding segmentation methods, 
which classify image pixels into distinct cate-
gories based on one or more thresholds; Edge 
detection methods, utilizing operators like Can-
ny, Sobel, Roberts, and Laplacian, detect edges 
in the image to delineate the boundaries of the 
tumor region; Region growing methods, on the 
other hand, progressively merge adjacent pix-
els or regions into a unified area, starting from 
seed points and continuing until predefined 
stopping criteria are met.

However, as the incidence of breast diseases 
has risen globally, traditional ultrasound image 
segmentation methods have shown limitations 
like strong subjectivity and high sensitivity to 
noise, making them less effective for clinical 
applications. Consequently, breast ultrasound 
image segmentation has become a widely stud-
ied topic, garnering significant attention from 
numerous researchers.

In recent years, with the rapid advancement of 
deep learning technology, breast ultrasound 
image segmentation methods based on deep 
learning have garnered extensive attention and 

research. These methods typically use deep 
learning models such as CNNs to automatically 
learn and extract features from large datasets, 
achieving more accurate and robust segmen-
tation results. Notable deep learning models, 
such as U-Net, UNet++, SegNet, and DeepLab, 
have shown remarkable success in medical 
image segmentation. Among them, U-Net algo-
rithm has demonstrated strong performance in 
breast ultrasound image segmentation, while 
UNet++, SegNet, and DeepLab algorithms, 
although less commonly used in breast im-
aging, have proven effective in other medical 
domains, showcasing substantial potential for 
broader use.

This study primarily focuses on algorithm im-
provements, evaluation of segmentation perfor-
mance, and their clinical applications in breast 
disease diagnosis. Despite progress, challeng-
es persist, such as poor image quality and the 
complex morphology of tumors, which continue 
to hinder segmentation accuracy. Furthermore, 
issues related to computational efficiency and 
real-time performance remain significant ob-
stacles. As a result, no single algorithm has yet 
proven optimal across all scenarios. In practical 
applications, it is crucial to consider the spe-
cific characteristics of the images and the re-
quirements of the task, selecting or combining 
algorithms accordingly for the best results.

Conclusion

This article reviews the various breast ultra-
sound image segmentation techniques, with 
a focus on traditional methods and the appli-
cation of deep learning. Segmentation plays a 
crucial role in early breast cancer screening, 
tumor measurement, and surgical planning. 
While traditional techniques like thresholding 
and edge detection provide some value, they 
often struggle with noise and complex shapes. 
In contrast, deep learning methods offer im-
proved accuracy, though challenges like data 
annotation and high computational demands 
remain. Future advancements in this field are 
expected to focus on multimodal image fusion, 
improvements in deep learning approaches, 
and the integration of ultrasound with MRI and 
X-ray for enhanced diagnostic accuracy and 
clinical utility.
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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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cal image processing. This paper explores the application of the U-Net family of models in ultrasound imaging. The 
network architecture of the original U-Net, comprising encoder and decoder components, is first delineated. Next, 
classical variants, such as U-Net++, Attention U-Net, and ResU-Net, are introduced. The application of U-Net mod-
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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



29

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

Medical Artificial Intelligence

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].
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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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Introduction

Pancreatic cancer is a highly malignant tumor of 
the digestive system and one of the most com-
mon malignant tumors worldwide, ranking 7th 
in cancer-related mortality [1]. Due to its subtle 
early symptoms, most patients are diagnosed 
at an advanced stage, making treatment chal-
lenging and the prognosis poor. Statistics show 
that pancreatic cancer was responsible for 
466,003 deaths in 2020, making it the seventh 
leading cause of cancer-related deaths, with a 
5-year survival rate of only 10% [2]. Projections 
suggest that by 2030, pancreatic cancer will 
become the second leading cause of cancer-re-
lated deaths [3, 4].

The biological clock is an internal rhythm 
developed over evolutionary time, allowing 

organisms to adapt to periodic environmental 
changes such as temperature and light. It coor-
dinates physiological, biochemical processes, 
and the metabolism of materials and energy 
across tissues, organs, cells, and molecules. 
In mammals, the biological clock consists of 
a central clock in the suprachiasmatic nucle-
us (SCN) of the hypothalamus and peripheral 
clocks distributed throughout various organs, 
including the brain, muscle, adipose tissue, 
liver, colon, and pancreas. The SCN detects the 
24-hour light-dark cycle through the retina and 
transmits synchronized signals to peripheral 
clocks via neural, hormonal, and body tempera-
ture cues, maintaining bodily homeostasis [5, 
6]. This biological clock is especially important 
for the endocrine system, as its function relies 
on the precise timing of communication among 
organs to ensure proper responses to environ-
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mental changes or stressors [7]. Biological 
clock genes regulate circadian rhythms and 
processes such as cell metabolism and pro-
liferation, and their dysregulation is closely 
linked to the occurrence, development, me-
tastasis, and treatment resistance of many 
diseases, including cancers (Figure 1) [8-10].

As one of the organs most significantly affected 
by the biological clock system, the pancreas 
not only possesses its own intrinsic clock but 
also maintains normal physiological functions 
through regulation by the SCN and non-light 
signals. Given that pancreatic function is close-
ly linked to the endocrine system, dysregulation 
of biological clock genes may greatly impact its 
physiological functions [11]. Based on this un-
derstanding, clinical trials have focused on opti-
mizing treatment timing to enhance pancreatic 
function and improve therapeutic outcomes 
[12, 13].

The role of biological clock genes in pancreatic 
cancer is gradually being uncovered. This re-
view focuses on the relationship between the 
biological clock system and the cell cycle, as 
well as the involvement of tumor suppressor 
genes and oncogenes in cancer development. 
Additionally, the latest research progress on 
biological clock disorders and their implications 
in pancreatic cancer are summarized, which 
may help discover new treatment strategies.

Molecular mechanisms of the biological clock 
gene

The mammalian biological clock primarily oper-
ates through a Transcription-Translation Feed-
back Loop, which regulates circadian rhythm 
and involves multiple key molecular genetic 
networks. The core transcription factors, CLOCK 
and BMAL1 form complexes that bind to the 
promoters of target genes, playing a positive 
regulatory role [14]. At the onset of the inactive 
phase, this complex induces the expression 
of inhibitory factors, including Period (PER1-3) 
and Cryptochrome (CRY1, CRY2). During this 
phase, other two core transcription factors, PER 
and CRY proteins form a complex that prevents 
the CLOCK: BMAL1 complex from entering the 
nucleus, inhibiting the transcriptional activity of 
their target genes and thus creating a feedback 
loop. At the end of the inactive phase, the ex-
pression levels of the target genes regulated by 
BMAL1/CLOCK reach their peak (Figure 2A).

Another feedback mechanism involves the 
retinoic acid receptor-related orphan receptor 
α (RORα) and the heme-regulated nuclear re-
ceptor α/β (Reverse Erythroblastosis Virus α/
β [Rev-Erbα/β]), which regulate BMAL1 expres-
sion by binding to ROR response elements [15]. 
The CLOCK: BMAL1 heterodimer promotes the 
transcription of Rev-Erbα, which then enters 
the nucleus and inhibits BMAL1 production by 
blocking its transcription. Meanwhile, the PER: 

Figure 1. Biological clock regulatory network. SCN, Suprachiasmatic nucleus; GC, Glucocorticoid; ATCH, Adreno-
corticotropic hormone; ANS, Autonomic nervous system.
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CRY protein complex also inhibits the transcrip-
tion of Rev-Erbα. At the end of the night phase, 
RORα binds to the BMAL1 promoter, promoting 
BMAL1 expression and creating favorable con-
ditions for the cycle to restart. These molecular 
mechanisms oscillate over a roughly 24-hour 
period (Figure 2B) [16].

Under normal circumstances, biological clock 
genes support regular cell growth and metabol-
ic functions. However, when the biological clock 
is disrupted, cell growth and metabolism may 
be adversely affected, potentially leading to tu-
mor formation and progression [17]. Increasing 
evidence from studies shows that disruptions 
in the biological clock are closely linked to the 
development of pancreatic cancer [18, 19]. 
Abnormal expression of biological clock genes 
in pancreatic cancer tissues may disrupt tumor 
metabolism, alter the immune microenviron-
ment, and promote tumor growth. For instance, 
the downregulation of the biological clock gene 
BMAL1 in pancreatic cancer tissues has been 
associated with the malignant progression of 
the disease [20]. Additionally, biological clock 
genes may influence pancreatic cancer devel-
opment by regulating key signaling pathways, 
including the p53 tumor suppressor pathway 
and the transforming growth factor β (TGF-β)/
MAD4 pathway [21, 22].

Research progress on the role of biological 
clock genes in pancreatic cancer

Abnormal expression of biological clock genes: 

Alterations in core biological clock gene ex-
pression in pancreatic cancer tissues

Significant alterations in the expression of core 
biological clock genes have been observed in 
pancreatic cancer tissues. An analysis based 
on The Cancer Genome Atlas database re-
vealed that the expression of multiple biological 
clock genes (e.g., CRY1, BTRC, CLOCK, CUL1, 
FBXL3, PER2, PER3, PRKAA1, PRKAA2, NR1D1, 
NR1D2, RRB, and NFIL3) was significantly high-
er in pancreatic cancer samples compared to 
normal samples [23]. Conversely, genes such 
as DBP, CSNK1D, ARNTL, CSNK1E, SKP1, and 
RORA were expressed at lower levels, while 
CRY2 showed no significant difference between 
normal samples and tumor samples. Addition-
ally, research found that the expression of the 
BMAL1 gene was downregulated in pancreatic 
cancer tissues, acting as a tumor suppressor 
gene, with its expression correlating with clin-
icopathological characteristics of the disease 
[24]. Another study reported that the biological 
clock genes PER1 and PER2 were downregulat-
ed in human pancreatic cancer SW1990 cells, 
and the silencing of Epithelial Cell Transfor-
mation Sequence 2 via siRNA inhibited cancer 
cell proliferation and induced apoptosis by pro-
moting the expression of PER1 and PER2 [25]. 
Moreover, the expression levels of biological 
clock genes such as PER1, PER2, PER3, CRY1, 
CRY2, TIPIN, TIM, CK1β, BMAL-ARNTL, and 
ClOCK in pancreatic cancer tissues were sig-
nificantly lower than those in matched adjacent 
tissues [26]. These changes in the expression 

Figure 2. Molecular regulatory mechanisms of the biological clock. (A) Molecular mechanisms of Transcription/
Translation Feedback Loop regulation; (B) Regulation of BMAL1 expression.
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of biological clock genes may be closely related 
to the occurrence and development of pancre-
atic cancer. Abnormal expression of these bio-
logical clock genes may lead to metabolic dis-
turbances within the tumor, alterations in the 
immune microenvironment, and other changes 
that accelerate cancer progression.

Biological clock genes and key signaling path-
ways in pancreatic cancer

Biological clock genes play a crucial role in the 
occurrence and development of pancreatic can-
cer, regulating the disease through multiple key 
signaling pathways. A prominent pathway is the 
p53 tumor suppressor pathway, which governs 
cell proliferation, survival, and metabolism [27]. 
Abnormal expression of biological clock genes, 
such as BMAL1, may impact the activity of this 
pathway. The study confirmed that overexpres-
sion of BMAL1 significantly inhibits the prolif-
eration and invasion of pancreatic cancer cells 
while inducing G2/M phase cell cycle arrest 
[28]. The mechanism involves BMAL1 directly 
binding to the p53 gene promoter, promoting its 
transcription and activating downstream tumor 
suppressor pathways in a p53-dependent man-
ner, thereby exerting anti-tumor effects. This 
interaction not only reveals a novel function of 
biological clock genes in pancreatic cancer but 
also provides a theoretical basis for developing 
new therapeutic strategies targeting this path-
way (Figure 3).

The TGF-β/SMAD4 signaling pathway is also in-
volved in regulating pancreatic cancer through 
biological clock genes. SMAD4 is a crucial 
component of the TGF-β signaling pathway, par-
ticipating in the regulation of processes such 
as cell growth, differentiation, and apoptosis. 
SMAD4 mutation in pancreatic cancer disrupts 
normal TGF-β signaling, resulting in increased 
proliferation, migration, and invasion of pan-
creatic cancer cells. These mutations are sig-
nificantly linked to local infiltration and distant 
metastasis of pancreatic cancer. In a study by Li 
et al., the interaction between circadian rhythm 
and the classical TGF-β signaling pathway was 
explored in SMAD4-positive and SMAD4-nega-
tive pancreatic ductal adenocarcinoma models 
[22]. They found that in SMAD4-positive pancre-
atic ductal adenocarcinoma cells, the expres-
sion of TGFβ1, SMAD3, SMAD4, and SMAD7 
oscillates according to circadian rhythm pattern. 
Disruption of the biological clock altered the 
mRNA dynamics of these genes. Additionally, 
the expression of circadian clock genes such 
as DEC1, DEC2, and CRY1 also depends on the 
status of SMAD4. Activation of the TGF-β path-
way leads to changes in the biological clock, 

resulting in cell cycle arrest, accelerated apop-
tosis, increased invasiveness, and enhanced 
sensitivity to chemotherapy. The influence 
of TGF-β on the biological clock depends on 
SMAD4.

The miR-135b-BMAL1-YY1 signaling regulatory 
circuit also plays a key role in the development 
of pancreatic cancer. This pathway influences 
tumorigenesis and progression by regulating 
key processes like cell self-renewal, prolifer-
ation, and differentiation [29]. Studies have 
shown that miR-135b directly targets the 3’ 
untranslated region of BMAL1, thereby disrupt-
ing the pancreatic biological clock [30]. This 
desynchronization between miR-135b and 
BMAL1 expression undermines the control of 
local circadian rhythm over tumor suppression, 
significantly promoting tumor growth in pancre-
atic cancer cells. YY1, a transcription factor, ac-
tivates miR-135b and forms a feedback regula-
tory loop with BMAL1, creating a pathway with 
considerable predictive and prognostic value in 
patients with pancreatic cancer.

Therefore, biological clock genes play a com-
plex role in regulating the occurrence and 
development of pancreatic cancer through 
multiple key signaling pathways, including the 
p53 tumor suppressor pathway, the miR-135b-
BMAL1-YY1 signaling regulatory circuit, and 
the TGF-β/SMAD4 signaling pathway. These 
findings provide new ideas and targets for the 
precise diagnosis and treatment of pancreatic 
cancer.

Disruption of the biological clock and prognos-
tic outlook in patients with pancreatic cancer 

Abnormal expression of biological clock genes 
is closely linked to tumor invasiveness, chemo-
therapy resistance, and survival rates in pan-
creatic cancer patients. Recent studies have 
increasingly focused on the role of biological 
clock genes in predicting pancreatic cancer 
prognosis. BMAL1 promotes the proliferation of 
pancreatic cancer cells in vitro by binding to the 
p53 gene promoter. Research by Jiang et al. 
demonstrates that silencing BMAL1 in pancre-
atic cancer BXPC-3 cells induces anti-apoptotic 
and growth-promoting transcriptomic changes. 
Conversely, upregulation of BMAL1 inhibits the 
proliferation and invasion of pancreatic cancer 
cells, promotes apoptosis, and induces cell 
cycle arrest at the G2/M phase [24]. Subcuta-
neous tumor formation in nude mice confirmed 
that BMAL1 also suppresses the proliferation 
and invasion of pancreatic cancer cells in vivo 
[24].



43

Medical Artificial Intelligence 2025; 1 (1): 39-48. MAI25050471

Medical Artificial Intelligence

The abnormal expression of biological clock 
genes also plays a significant role in che-
motherapy resistance. A study showed that 
down-regulation of the BMAL1 gene significant-
ly suppressed the expression of tumor suppres-
sor genes such as p53, p16, RB1, BRCA1, and 
PTEN in pancreatic cancer cells. This suppres-
sion promoted proliferation, migration, and in-
vasion of pancreatic cancer cells and enhanced 
chemotherapy resistance to gemcitabine [30]. 
This finding has important implications for pan-
creatic cancer treatment strategies, suggesting 
that monitoring the status of biological clock 
genes could help optimize chemotherapy regi-

mens and improve treatment outcomes.

The abnormal expression of biological clock 
genes is also closely associated with the surviv-
al rate of patients with pancreatic cancer (Table 
1). A study confirmed that the expression levels 
of PER1, PER2, PER3, CRY2, Tipin, and CK1β in 
tumor tissues from pancreatic cancer patients 
was significantly downregulated compared to 
benign lesion tissues [26]. Low expression lev-
els of PER1, PER2, PER3, CRY2, TIPIN, CK1β, 
ClOCK, and Bmal-ARNTL in tumors were sig-
nificantly linked to decreased survival rates in 
these patients. Another study indicated that 

Figure 3. Biological clock genes and key signaling pathways in pancreatic cancer. (A) The p53 tumor suppressor 
pathway; (B) The TGF-β/Smad4 signaling pathway. TGF-β, transforming growth factor β.
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variations in the CLOCK gene, including CLOCK-
Gain and CLOCKLoss, were associated with 
tumor suppression and promotion, respectively. 
Among them, pancreatic cancer patients with 
high expression of the oncogene CLOCK had 
worse survival outcomes [33]. Zhang et al. in-
vestigated the relationship between abnormal 
expression of clock gene and the prognosis of 
common abdominal malignancies and found 
that high expression of the CRY2 gene and low 
expression of the DEC1 gene were linked to 
better prognosis, clinical stage, and tumor dif-
ferentiation in patients with pancreatic cancer 
[32]. These findings underscore the crucial role 
of biological clock genes in the prognosis as-
sessment of pancreatic cancer.

By constructing prognostic models based on 
the expression of biological clock genes, the 
survival rate of pancreatic cancer patients can 
be predicted more accurately, facilitating the 
development of personalized treatment plans. 
Zhang et al. analyzed clinical data and biolog-
ical clock gene expression from 260 patients 
with pancreatic cancer in The Cancer Genome 
Atlas database and the International Cancer 
Genome Consortium database [33]. They 
identified 19 differentially expressed biological 
clock genes between pancreatic cancer tissues 
and normal tissues. Through LASSO regression 
analysis, 10 differentially expressed biological 
clock genes were identified as independent 
prognostic predictors for pancreatic cancer 
patients, leading to the development of a prog-
nostic risk scoring model. A prognostic nomo-
gram was then created, integrating clinicopath-
ological features (e.g., pathological stage) and 
the risk score, demonstrating high accuracy in 
predicting the prognosis of pancreatic cancer 
patients.

Therefore, the abnormal expression of bio-
logical clock genes plays an important role in 
various aspects of pancreatic cancer, including 
tumor invasiveness, chemotherapy resistance, 
and patient survival rates. The development of 
prognostic models provides more accurate pre-

dictive tools, aiding in the optimization of treat-
ment plans and improving both outcomes and 
prognosis for patients with pancreatic cancer.

Prospects for the clinical application of biologi-
cal clock genes

As diagnostic and prognostic markers

Circadian rhythm genes have the potential to 
serve as both diagnostic and prognostic bio-
markers for pancreatic cancer. Although the 
field remains in its early stages, next-generation 
sequencing technology offers a powerful tool 
for the rapid and accurate analysis of circadian 
rhythm biomarkers associated with the occur-
rence, prognosis, and therapeutic response of 
pancreatic cancer. Dagmura et al. investigated 
the association between PER2/PER3 gene 
tandem repeat polymorphisms (VNTR) and the 
susceptibility and clinical characteristics of pan-
creatic cancer. The results showed that the fre-
quency of 4R/3R, 3R/3R genotypes, 3R alleles, 
and the combined genotype PER2/PER3 VNTR 
4/5-4R/3R in peripheral blood mononuclear 
cells of pancreatic cancer patients was signifi-
cantly higher than in healthy volunteers [34]. 
The PER2 VNTR 4/5 genotype was associated 
with peripheral nerve infiltration in pancreatic 
cancer patients. Additionally, the PER2 VNTR 
3R allele may play a crucial role in the devel-
opment of the disease and could serve as a 
key biomarker for predicting pancreatic cancer. 
In a separate study, Zhang et al. screened ten 
differentially expressed biological clock genes 
between pancreatic cancer tissues and normal 
tissues using The Cancer Genome Atlas and 
International Cancer Genome Consortium data-
bases. A prognostic risk scoring model was de-
veloped and showed excellent predictive ability 
and discrimination for the prognosis of pancre-
atic cancer patients [32].

As a therapeutic target

Currently, the most effective treatment for 
pancreatic cancer combines surgical resection 

Table 1. Summary of representative studies
Gene and/or model 
system

Finding Reference

Kras-mutant mice Chronic jet lag accelerated the development of pancreatic cancer precursor 
lesions and lesion grade. Non-cell-autonomous clock dysfunction was respon-
sible for the expedited tumor development.

[31]

Bmal1 knockout mice Knockout of the core clock gene Bmal1 in pancreatic cancer cells led to fast-
er tumor growth, worse survival in mice, and enhanced chemotherapeutic 
resistance to standard chemotherapy agents used in the treatment of pan-
creatic cancer.

[26]

20 clock genes A prediction model was constructed based on 20 biological clock genes, 
highlighting the important role of these biological clock genes in pancreatic 
cancer prognosis and the development of potential biomarkers.

[32]
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with chemotherapy. Standard regimens include 
gemcitabine alone, gemcitabine with cisplatin, 
and combination therapies such as oxaliplatin, 
irinotecan, fluorouracil, and FOLFIRINOX. Other 
options include gemcitabine with docetaxel and 
capecitabine, or nanoparticle albumin-bound 
paclitaxel with gemcitabine. The primary mech-
anism by which gemcitabine works is by inhib-
iting DNA replication, thereby preventing tumor 
cell growth. However, clinical studies have 
shown that many patients develop resistance 
to gemcitabine, posing a significant challenge 
in treating pancreatic cancer [35]. Biological 
clock genes may influence the sensitivity of 
pancreatic cancer cells to chemotherapy drugs. 
For example, miR-135b promotes gemcitabine 
resistance by suppressing BMAL1. Schwartz et 
al. examined the effects of disrupting circadian 
rhythms using a BMAL1 knockout pancreatic 
cancer model and found that such disruption 
led to faster cancer growth, shorter survival, 
and increased resistance to chemotherapy 
[26]. Additionally, a study indicates that ASF1B 
may serve as a potential biomarker of pan-
creatic cancer and a novel therapeutic target. 
The study compared ASF1B expression levels 
in pancreatic cancer specimens with those 
in normal tissues, and found that ASF1B was 
commonly overexpressed in pancreatic cancer 
specimens [36]. By regulating the expression 
of the biological clock gene, it may be possible 
to improve the response of pancreatic cancer 
cells to chemotherapy, thereby enhancing treat-
ment outcomes.

Study found that down-regulation of PER3 gene 
expression in the mouse pancreatic cancer 
cell line Pan02 inhibited cell proliferation and 
migration, reduced the stemness of pancreatic 
cancer stem cells, and suppressed the expres-
sion of stemness marker mRNA [37]. Therefore, 
biological clock genes may serve as potential 
therapeutic targets for pancreatic cancer. Addi-
tionally, a study showed that after human pan-
creatic cancer PANC-1 cells were treated with 
the biological clock protein REV-ERB agonist 
SR9009 for 72 hours, cell viability decreased 
significantly in a concentration-dependent 
manner, accompanied by an increased apop-
tosis rate, upregulated expression of caspase 
3 protein and autophagy-related protein P62, 
and downregulated expression of autophagy-re-
lated protein 5 [38]. The observed cytotoxicity 
reduction further suggests that the biological 
clock protein REV-ERB agonist has a significant 
anti-tumor effect on human pancreatic cancer 
PANC-1 cells. Drug development targeting these 
biological clock genes may offer new therapeu-
tic solutions for pancreatic cancer.

Circadian rhythm therapy

In clinical practice, all processes regulated by 
the circadian rhythm are potential targets for 
new tumor treatments. Circadian rhythm ther-
apy involves targeting clock or clock-controlled 
gene products and timing treatments accord-
ingly. The first approach aims to target circadian 
components or restore normal rhythms. For 
instance, a study showed that the circadian 
clock component of REV-ERBs is an effective 
target for alleviating cancer-induced tactile 
allodynia [39]. L-theanine has been shown to 
attenuate the viability, proliferation, and migra-
tion, while promoting apoptosis of melanoma 
cells. Additionally, L-theanine significantly en-
hances the expression of BMAL1, a clock gene 
in melanoma cells. Notably, the downregulation 
of BMAL1 suppresses the anti-cancer effects 
of L-theanine on melanoma cells [40]. A study 
developed a model to identify regulatory factors 
of the peripheral biological clock system, finding 
that modulation of Bmal1 or Per2 transcription, 
most likely by temperature or nutrient exposure 
cycles, is most effective in regulating the clock 
[41]. Another study has shown that cisplatin 
can stimulate multiple classified molecules, 
including DNA repair factors, DNA damage 
recognition factors, and transcription factors, 
which modulate the circadian clock through 
two mechanisms: the circadian clock control of 
DNA excision repair and the effect of circadian 
clock disruption on apoptosis [42]. Since most 
drug targets exhibit circadian rhythm behavior, 
identifying the best times of day and night for 
treatment application is important for enhanc-
ing efficacy and safety. It is worth noting that 
our understanding of circadian rhythms remains 
incomplete. The clinical application of circadian 
rhythm therapy remains complex, as tumors 
are heterogeneous. Therefore, drug treatment 
protocols need to be optimized to improve their 
effectiveness and efficiency.

Limitations of current research and future di-
rections

Although some progress has been made in 
studying the relationship between biological 
clock genes and pancreatic cancer, several 
limitations remain. The primary issue is the 
relatively small sample size, which limits the 
generalizability and reliability of the findings. 
Additionally, while some studies have identified 
mechanisms through which biological clock 
genes influence pancreatic cancer, these mech-
anisms remain incompletely understood and re-
quire further research. Most importantly, there 
is a lack of large-scale, multicenter studies on 
biological clock genes in pancreatic cancer, 
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which impedes a comprehensive and in-depth 
understanding of their role.

Looking ahead, in-depth research on how circa-
dian clock genes regulate metabolism and im-
mune escape in pancreatic cancer will be a key 
focus. Metabolic reprogramming and immune 
escape are essential steps in the malignant 
progression of pancreatic cancer, and biolog-
ical clock genes may play important roles in 
these processes. Exploring these mechanisms 
could identify new targets for pancreatic cancer 
treatment. Additionally, integrating multi-omics 
data (e.g., genomic, transcriptomic, proteomic, 
and other types of data) will create new oppor-
tunities for studying biological clock genes in 
pancreatic cancer. This approach will allow for 
a more comprehensive understanding of the 
regulatory networks of biological clock genes, 
helping to identify key genes and pathways 
involved in pancreatic cancer development. 
For preclinical research, developing treatment 
strategies that target biological clock genes will 
be a crucial task in the future. Constructing ani-
mal models with knocked-out or overexpressed 
biological clock genes will help evaluate the ef-
fectiveness and safety of drugs targeting these 
genes, supporting clinical translation. Ultimate-
ly, improving the translational use of biological 
clock genes in diagnosing and treating pancre-
atic cancer is our main goal. By investigating the 
functions and mechanisms of biological clock 
genes in pancreatic cancer, we aim to develop 
clinically applicable diagnostic markers and 
therapeutic targets, ultimately leading to better 
patient outcomes.

Conclusions

Disruption of biological clock genes expres-
sion plays a vital role in the development and 
progression of pancreatic cancer. An increas-
ing body of evidence has demonstrated that 
abnormal expression of these genes is closely 
associated with malignant progression, chemo-
therapy resistance, and patient prognosis. A 
comprehensive investigation into the molecular 
mechanisms involving biological clock genes in 
pancreatic cancer will not only enhance our un-
derstanding of its pathogenesis but also open 
new avenues for targeted treatment. By exam-
ining how biological clock genes interact with 
key signaling pathways in pancreatic cancer, 
we can identify new therapeutic targets, refine 
treatment strategies, and improve patient out-
comes. Furthermore, the potential of biological 
clock genes as diagnostic markers and prog-
nostic indicators in clinical practice should not 
be underestimated. As research progresses 
and multi-omics data integration advances, bio-

logical clock genes are expected to play a signif-
icant role in supporting personalized treatment 
approaches for pancreatic cancer.
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