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Highlights

¢ A systematic review of deep learning (DL) approaches for femoral cartilage segmentation in knee joint ultrasound
images.

¢ Evaluation of popular DL models (U-Net, U-Net++, Siam U-Net, Mask R-CNNs) using various metrics.

« Discussion on dataset scarcity, data preprocessing methods, and future directions for DL-based ultrasound segmenta-
tion.

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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Introduction damage, commonly detected during arthroscop-

ic examinations, contributes to patient discom-
The knee joint, one of the body’s largest and fort, functional impairment, and decreased
most complex structures, endures substantial quality of life [1]. As populations age and life-
stress during daily activities. Femoral cartilage styles evolve, the prevalence of knee joint disor-
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Table 1. Literature on knee femoral cartilage segmentation using deep learning and ultrasound imaging

Methods Evaluation metrics

Authors

U-Net DSC ROI DSCUB

U-Net++ DSC A/VPD HD
Siam-U-Net DSC CE
Mask R-CNNs DSC, Jaccard

Antico et al.(2020) [23]

du Toit et al. (2022) [24]
Dunnhofer et al. (2020) [25]
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.

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-
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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-
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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.

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.
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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 sighal-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 biologj-
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-
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Figure 1. The fundamental architecture of CNNs. This figure is cited from [35]. CNNs, convolutional neural net-

works.

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
GooglLeNet [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,
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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].
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Figure 2. The fundamental architecture of U-Net. This figure is cited from [15].
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Figure 3. The fundamental architecture of U-Net++.
This figure is cited from [41].

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.
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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

5
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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-
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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-
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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 ROls; (c) Each ROl 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.

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-
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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



Medical Artificial Intelligence 2025; 1 (1): 1-13. MAI24090366

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

server Expert

Mean DSC Min/Max DSC
Results 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++

U-Net++ Mean-DSC

Results U-Net Mean-DSC
2D Transverse 87.10+4.60

3D Reconstruction 73.10+3.90
P-value 0.063

83.80+2.90
74.30£1.70
0.064

Note: DSC, Dice Similarity Coefficient.

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.

|R1NR2|
|R1|+|R2|

DSC = 2 % (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 O 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
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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
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Table 5. Comparison of mean DSC among Siam-U-Net, Temporal and Spatio-Temporal Tracking, U-Net, and

Léger's U-Net

Mean DSC Mean DSC
Results Temporal tracking  Spatio-temporal Siam-U-Net U-Net Léger's U-Net [47]
1 0.74+0.15 0.73+0.16 0.7410.15 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 0.6910.16 0.7010.15 0.6910.16 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 0.671£0.20
6 0.6940.15 0.68+0.16 0.6940.15 0.63+0.23 0.62+0.28
Overall 0.68 0.71+0.16 0.7010.16 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.

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
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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
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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 COC02016 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
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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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