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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.

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

breast diseases.

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

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
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Figure 1. Breast ultrasound image segmentation based on threshold value. This figure is cited from [4].

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
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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
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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.
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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 (Rol) 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 Rol 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 Rols generated by
the different models are filtered and merged to
achieve more precise Rol 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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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.

A strong image segmentation method

based on interval uncertainties

Guo et al. [13] (2019)

Anjum et al. [14] (2021) HOG, Canny
Gupta et al. [15] (2022) Canny
Triwibowo et al. [16] (2023) Canny, SVM

Accuracy=92.5

Sensitivity=93

Specificity=85

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

Recall=0.94

Accuracy=88.88

Sensitivity=94.44
Specificity=83.33

Accuracy=95

Note: HOG, Histograms of oriented gradient; SVM, Support Vector Machine.

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

Medical Artificial Intelligence

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
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Figure 3. A simple CNN architecture. This figure
is cited from [25]. CNNs, convolutional neural net-
works.

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.
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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)
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Figure 5. U-net architecture. This figure is cited from [28].

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
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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 32x32 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
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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
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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.
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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,
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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 RelLU 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
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Table 2. New techniques for breast diagnosis

Authors Methods

Results

Shu et al. [56] (2020)

Ekici et al. [57] (2020) CNN
Heidari et al. [58] (2019) CNN, SVM
Nyayapathi et al. [59] (2019) DSM

Wang et al. [60] (2020)
Zhao et al. [33] (2022)

Ning et al. [61] (2021) SMU-Net
Gare et al. [62] (2022) W-Net

Chen et al. [63] (2022) C-Net

Chen et al. [64] (2022) AAU-net
Alruily et al. [65] (2023) GAN, U-Net3+
Tekin et al. [66] (2023) Tubule-U-Net
He et al. [67] (2023) HCTNet

ResNet-50 MS Ml
Improved residual U-Net

CNN (DenseNet169 + max pooling) Mass:

AUC=0.87 ACC=0.796
Calcification:
AUC=0.805 ACC=0.707
ACC=98.95
Accuracy=92
Sensitivity=89
Specificity=95
AUC=0.8451
AUC=0.862

Dice=92.10
loU=85.10
MAD=4.99
Dice=88.27
loU=80.57
F1=88.31
Sensitivity=89.69
Precision=89.07
ACC=0.852
MloU=0.507
Accuracy=97.51
Jaccard=72.41
Precision=82.70
Recall=82.42
Specificity=99.13
Jaccard=69.10
Precision=78.83
Recall=82.22
Specificity=98.82
Dice=78.14
Dice=95.49
Accuracy=95.67
Precision=95.59
Recall=95.68
Dice=95.33
Recall=93.74
Specificity=90.02
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; loU, Intersection over Union; MAD, Mean Absolute Deviation; F1,

F1-score; MloU, Mean Intersection over Union.

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

DeeplLab 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
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et al., the Deeplab series has evolved through
multiple versions, including DeeplLab 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 DeeplLab
v3+ model [53]. They analyzed a total of 684
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breast tumor images and evaluated and found
that DeeplLab 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 DeeplLab
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
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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 DeeplLab,
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 DeeplLab 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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