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This study presents the development of a deep learning-based two-stage network designed for the 
efficient and precise segmentation of the femur in full lower limb CT images. The proposed network 
incorporates a dual-phase approach: rapid delineation of regions of interest followed by semantic 
segmentation of the femur. The experimental dataset comprises 100 samples obtained from a hospital, 
partitioned into 85 for training, 8 for validation, and 7 for testing. In the first stage, the model achieves 
an average Intersection over Union of 0.9671 and a mean Average Precision of 0.9656, effectively 
delineating the femoral region with high accuracy. During the second stage, the network attains 
an average Dice coefficient of 0.953, sensitivity of 0.965, specificity of 0.998, and pixel accuracy of 
0.996, ensuring precise segmentation of the femur. When compared to the single-stage SegResNet 
architecture, the proposed two-stage model demonstrates faster convergence during training, reduced 
inference times, higher segmentation accuracy, and overall superior performance. Comparative 
evaluations against the TransUnet model further highlight the network’s notable advantages in 
accuracy and robustness. In summary, the proposed two-stage network offers an efficient, accurate, 
and autonomous solution for femur segmentation in large-scale and complex medical imaging 
datasets. Requiring relatively modest training and computational resources, the model exhibits 
significant potential for scalability and clinical applicability, making it a valuable tool for advancing 
femoral image segmentation and supporting diagnostic workflows.
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CAD	� Computer-aided diagnosis
MONAI	� Medical open network for artificial intelligence
ITK	� Insight tool kit
GPU	� Graphics processing unit
CPU	� Central processing unit
CT	� Computed tomography
MRI	� Magnetic resonance imaging
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The incidence of hip fractures has risen exponentially in recent years, with approximately 90% of cases attributed 
to age-related declines in Bone Mineral Density (BMD) at the proximal femur and an increased likelihood of 
falls1. Elderly hip fractures typically involve femoral neck, intertrochanteric, or subtrochanteric fractures, all of 
which are associated with high mortality and disability rates. These rates are further exacerbated by conservative 
treatments2. These outcomes are further exacerbated by the limitations of conservative treatments. Timely 
diagnosis and surgical intervention remain critical for managing such fractures effectively, with imaging serving 
as the primary diagnostic tool3.

Amid rapid advancements in computational technology, the importance of computerized image processing 
methodologies in medical imaging has become increasingly prominent4. Using computers for medical image 
analysis facilitates the identification of clinical diseases and the formulation of treatment plans. Refining image 
quality through processes such as denoising5, enhancement6, and segmentation7 accentuates key features and 
information within the images. Moreover, Computer-Aided Diagnosis (CAD) has become an indispensable 
tool in the medical field, assisting physicians in analyzing medical imagery, extracting relevant features, and 
segmenting lesions for classification or quantification. It provides invaluable support in decision-making, 
enhances diagnostic accuracy, and reduces both omission and false-positive errors8.

The intricate anatomy of bone tissue, which often appears in a grayscale similar to that of adjacent tissues, 
muscles, and joints, makes its differentiation in medical images a challenging task. Achieving swift and accurate 
segmentation of bone tissue presents a significant challenge, and precision in bone tissue segmentation is crucial 
for computer-aided diagnosis and preoperative planning in various fracture scenarios9, which makes it holds 
substantial practical importance within the clinical milieu.

Traditional segmentation methods
It often focuses on extracting low-level features from scenes. While traditional segmentation methods offer 
advantages in computational resources, efficiency, and simplicity, their performance often degrades when 
handling complex medical images, particularly those characterized by high noise, weak intensity variations, or 
blurred boundaries. Furthermore, these methods rely heavily on the expertise of physicians and radiologists, 
making them increasingly inadequate for the practical demands of medical image segmentation10,11. Traditional 
image segmentation methods12,13 (Table 1) can be broadly categorized into edge-detection-based methods14,15, 
threshold-based methods16, region-based methods17,18, graph-based segmentation methods19,20, clustering-
based methods21,22, energy functional-based methods for medical image segmentation23–28, atlas-based methods 
for medical image segmentation29–32 and specific theories-basedmethods33,34.

Deep learning-based algorithms
Traditional segmentation techniques struggle to meet the demands of high precision and automation. The 
diversity of medical imaging, along with the complexity of pathological features, unclear lesion boundaries, 
and noise interference, all contribute to challenges in achieving accurate and generalizable image segmentation. 
With the advancement and rise of artificial intelligence, deep learning algorithms have demonstrated impressive 
capabilities in medical image segmentation35. Deep learning, particularly Convolutional Neural Networks 
(CNNs), utilizes multi-layered neural network architectures to automatically learn and extract image features 
ranging from simple to complex. This approach effectively captures pathological changes and anatomical 
structures in medical images, thereby improving segmentation accuracy and robustness. Currently, deep 
learning-based medical image segmentation methods can be broadly categorized into five types: CNN-based 

Segmentation technique Explanation Merits Demerits

Edge-detection-based Detecting the boundaries of the target region 
and connecting the edges to form a region Simple and efficient

Lack of edge continuity and closure causes fragmented 
edges in detailed areas and difficulty balancing noise 
resistance and precision

Threshold-based
Set different thresholds to divide the pixels 
into background and target regions with 
distinct grayscale levels

It is easy to understand and 
implement, with low computational 
complexity and high efficiency

It lacks pixel spatial features, is sensitive to noise, and has 
poor robustness

Region-based Divide the image into regions based on the 
similarity of pixels within the same category

It utilizes the local spatial information 
of the image, exhibiting favorable 
regional features

It has high computational costs and is prone to holes and 
over-segmentation

Graph-based
The segmentation of the graph is 
transformed into an optimization problem of 
an undirected weighted graph

It effectively preserves the image 
boundaries

It is slow, inefficient, computationally complex, and may 
exhibit “small cut” behavior and leakage

Clustering-based Iterative clustering The algorithm is conceptually simple The segmentation results are highly sensitive to parameters

Energy-functional-based
Gradient information drives contour 
evolution via partial differential equations, 
with continuous curves representing the 
target boundary

Effectively separates the target region 
from the background in the image

The Snake model is noise-sensitive, with performance 
dependent on the initial contour. It struggles with curve 
topology changes, causing boundary leakage, and it has 
high computational complexity

Atlas-based Construct a graph to apply prior knowledge 
for segmenting the target image

Make full use of the advantages of 
manual segmentation. Transform the 
image segmentation problem into an 
image registration problem

It requires significant memory and time. When there is a 
large morphological difference between the target image 
and the graph, registration alone is insufficient for accurate 
segmentation

Table 1.  Explanation and merits/demerits of traditional image segmentation.
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methods, Transformer-based methods, Mamba-based methods, semi-supervised learning methods, and weakly 
supervised learning methods36.

CNN-based methods
Prior to 2021, most networks employed the U-Net37 architecture as the foundation for improving medical 
image segmentation, with variants such as V-Net38, Unet3 + 39, Attention U-Net40, nnU-Net41, and Dense-U-
Net42. These architectures primarily leverage Convolutional Neural Networks (CNNs) to extract inductive bias 
information from images. The key feature of U-Net is its distinctive encoder-decoder framework with skip 
connections, where the encoder effectively extracts hierarchical features and the decoder uses skip connections 
to reconstruct the segmented image. However, its focus on local features limits further improvements in 
segmentation accuracy.

Transformer-based methods
Unlike CNNs, Transformer architecture is a deep learning method based on self-attention mechanisms. It 
leverages multi-head self-attention layers in the encoder to capture long-range dependencies in the encoding 
process43. Examples include Convolution-Free Networks44, such as Swin-Unet45. However, the performance of 
Transformer architecture is often limited by the insufficient availability of medical image data. This has led 
to the development of hybrid architectures that combine Transformer and CNNs, such as TransUNet46, DS-
TransUNet47, and UNETR++48.

Mamba-based methods
Recently, Mamba has emerged as a novel variant of the selective State Space Model (SSM), addressing the 
limitations of Convolutional Neural Networks (CNNs) in global modeling while maintaining linear complexity. 
It has demonstrated significant potential in medical image segmentation49. Examples include VM-UNet50, 
LightM-UNet51, and Swin-UMamba52.

 Semi-supervised and weakly supervised learning methods
To address the challenges posed by the limited availability of medical datasets and the need for large amounts of 
labeled data, semi-supervised and weakly supervised learning methods have been developed for medical image 
segmentation53. These methods train models using a small number of annotated samples. Semi-supervised 
learning methods include UA-MT54, SASSNet55, and ACTION++56. Weakly supervised learning methods 
include CCNN57, DFTNet58, and Cluster-Re-Supervision59. However, incomplete or inaccurate labeling can 
significantly impact model performance by leading to incorrect feature learning.

Femoral segmentation in medical imaging
Recent studies have attempted to address the challenges of femur segmentation in medical images. The primary 
challenge in bone tissue segmentation is the lack of contrast between bones across joints. The femur exhibits 
low contrast with adjacent joints and soft tissues, and its complex anatomy further complicates segmentation. 
As a result, traditional image processing techniques, such as threshold-based, edge-based, and region-based 
segmentation algorithms, face certain limitations60. Most femur segmentation methods rely on techniques such 
as atlas-based and/or Statistical Shape Models (SSM) and deformable models, which improve segmentation 
performance by iteratively adjusting numerous hyperparameters and shape priors61–67. Additionally, atlas-based 
methods have been used to achieve semi-automatic and unsupervised femur segmentation, although they still 
require some human intervention68. Machine learning approaches, such as Random Forest Classifiers69, Decision 
Trees70, and Bayes decision rule71 decision rules, have also been applied for femur segmentation. Although these 
classifiers do not require prior anatomical knowledge, they typically rely on manually extracted features.

Deep learning, with its powerful feature extraction capabilities and ability to learn complex patterns, can 
adaptively learn and extract multi-level features from large datasets. This results in high accuracy, robustness, 
and scalability, making it well-suited to meet the demands of high dimensionality, complexity, and precision 
required for medical image segmentation. Numerous studies have attempted to address these challenges using 
deep learning approaches72–81. Overall, as deep learning-based segmentation models continue to evolve through 
the addition of modules and structural improvements, segmentation performance is progressively enhanced. 
However, this also places increasing demands on the training process and computational resources82,83. 
Therefore, we focus on improving segmentation performance with limited computational resources by altering 
the segmentation pipeline, particularly when handling large datasets (such as bilateral lower limb CT scans). 
This approach aims to enhance segmentation rather than solely relying on modifications and/or additional 
modules within the segmentation network.

Our contributions
This paper introduces a novel two-stage deep learning network for fully automated femoral segmentation in 
bilateral lower limb CT scans. The proposed pipeline integrates object detection and semantic segmentation to 
achieve end-to-end automation. By adopting a two-stage framework, the network achieves high segmentation 
accuracy with reduced computational overhead compared to single-stage architectures such as SegResNet. The 
dual advantage of enhanced precision and efficiency underscores its capability to handle complex segmentation 
tasks, making it a promising solution for clinical applications.
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Methods
3D data processing in the first stage
In the first stage, we use Digitally Reconstructed Radiograph (DRR)84 technology to process bilateral lower limb 
full-length CT scans, creating coronal (frontal) and axial (transverse) views, which capture the structure and 
intensity distributions within the volume. The proposed workflow consists of four components. The processing 
in the first stage is shown in Fig. 1.

Ray marching for 2D projection generation
The 3D CT data is processed to generate 2D coronal and axial projection images using ray marching. These 
projections are essential for capturing structural information from different orientations, enabling effective 
visualization and subsequent analysis.

Object detection using YOLOv8
YOLOv8, an object detection framework, is applied to the generated 2D images. Separate models or pipelines 
process the coronal and axial projections to detect and localize regions of interest, producing bounding boxes 
for each projection.

3D bounding box construction
The 2D bounding boxes obtained from the coronal and axial views are geometrically fused to derive a 3D 
bounding box. This process involves calculating the intersection and extrapolation of the detected regions in the 
two views to ensure precise spatial localization within the 3D volume.

Cropping the original CT data
The computed 3D bounding box is applied to the original CT data to extract a subvolume containing the region 
of interest. This cropping step reduces the data size and isolates relevant structures for subsequent analysis, such 
as segmentation, classification, or quantitative assessment.

Segmentation of Femur in the second stage
In the first stage, YOLOv8’s primary objective is to accurately detect approximate bounding boxes around the 
Regions of Interest (ROIs) in femur medical images. In the second stage, SegResNet utilizes the highlighted 
femur region generated by YOLOv8 to perform the segmentation task and output the predicted femur mask. 
The abstract structure of the Second stage is shown in Fig. 2. By leveraging YOLOv8 to eliminate unnecessary 
regions, the SegResNet segmentation task experiences reduced memory usage and are less influenced by negative 
samples from irrelevant regions.

Fig. 1.  The original CT data is divided into two 2D coronal and axial projection images using DRR techniques. 
These images are processed by YOLOv8 to generate two bounding boxes, which are then fused to create a 3D 
bounding box. The 3D bounding box is used to crop the original CT data, extracting the region of interest 
(ROI) subset as the output.
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We employ YOLOv885 to detect the femoral region. The advantages of YOLOv8 as a target detection 
framework are evident. YOLOv8 is a representative model for one-stage object detection, utilizing a single 
neural network to make predictions on the entire image. A single forward pass generates detection results for 
all objects, making it faster compared to traditional algorithms like Fast R-CNN86. The simplicity of YOLOv8’s 
overall network structure greatly facilitates the training process and parameter tuning. YOLOv8 introduces the 
C2f. module87, which enhances the network’s feature fusion ability, increasing inference speed and achieving 
further lightweight performance. SegResNet88 combines the residual structure of ResNet89 with the encoding–
decoding structure of U-Net to enhance the accuracy and effectiveness of semantic segmentation tasks. We 
employed it as the network for the second stage of femur segmentation.

Experiments and results
Dataset
The experimental dataset used in this paper is from the Hospital. There are 100 sets of experimental data sets 
used in this research in total: 85 sets for training sets, 8 sets for validation, and 7 sets for testing. The study 
was approved by the Ethics Committee of Xiangya Hospital, Central South University (No: 202310926).  A 
requirement for informed consent was waived for this study by the approval of the Ethics Committee of Xiangya 
Hospital, Central South University. Clinical data was de-identified and analyzed anonymously. The study was 
compliant with the ethical guidelines of the Declarations of Helsinki.

The resolution of the data varies, with values including 0.76  mm × 0.76  mm × 0.8  mm, 
0.85 mm × 0.85 mm × 1 mm, and 0.8262 mm × 0.8262 mm × 0.75 mm. To standardize the input data to a unified 
size, a resampling layer is applied in SegResNet as part of the data processing pipeline. The size of each data layer 
is 512 × 512, and the number of slices ranges from 1123 to 1769. The original dataset format is DICOM, which 
is then converted to nii.gz to ensure patient privacy. The resolution and image size are preserved during this 
conversion, remaining consistent with the original DICOM format.ITK-SNAP is the software used to display 
the original image, examine the labeled femur regions, and present the final 3D reconstruction results. The 
system operates on a 64-bit Windows 11 platform with a built-in CPU frequency of 3.20 GHz. The training and 
prediction processes primarily rely on the graphics card, an NVIDIA GTX A4000 with 16 GB of memory. The 
programming environment utilizes PyCharm as the development IDE, with Python 3.9 as the programming 
language. The deep learning segmentation algorithm is based on the Medical Open Network for Artificial 
Intelligence (MONAI), while the deep learning object detection algorithm is implemented using MMYOLOv8. 
The Insight Toolkit (ITK) is employed for data processing.

Model training and prediction
Dimensionality reduction is performed on the original CT data using Digitally Reconstructed Radiograph (DRR) 
technology. The processed data are then used to train the YOLOv8 model, which is responsible for cropping the 
CT images and highlighting the femur regions.

The outputs from the first stage serve as input for training the SegResNet model, which generates precise femur 
masks for both sides. During the training process, a validation step is performed every five iterations to evaluate 
the predictions on the validation set. The validation loss value is used as a metric to guide the optimization 
process. The training concludes once the specified number of iterations is reached, and the model with the 
best performance on the validation set is saved locally. The model parameters for YOLOv8 and SegResNet are 
detailed in Tables 2 and 3, respectively. The model prediction process follows the same two-stage framework. 
First, the YOLOv8 model predicts the femur regions, and second, the SegResNet model generates the femur 
masks. All data processing steps are seamlessly integrated within the network pipeline. During prediction, the 
algorithm takes the original CT scan images as input and outputs the predicted femur masks, which maintain 
the same resolution and size as the input images.

Fig. 2.  The second stage performs semantic segmentation based on SegResNet. The cropped data from the 
first stage (YOLOv8) is used as input, and the decoder of the SegResNet architecture gradually extracts image 
features. These features are passed through the encoder to restore the image’s spatial resolution and generate 
the femur mask as the segmentation output.
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Evaluation metrics
Given the two-stage architecture of our model, the evaluation metrics have been correspondingly divided. In 
the first stage, the precision of object localization is assessed using the Intersection over Union (IoU) metric, 
while the accuracy of object category prediction is evaluated through a suite of measures: Precision, Recall, the 
Precision-Recall (P-R) curve, Average Precision (AP), and mean Average Precision (mAP). The performance of 
our segmentation model was thoroughly evaluated using the Dice coefficient, along with metrics for sensitivity, 
specificity, and pixel accuracy.

Experimental results
YOLOv8
The results of the experiment are shown in Table 4. The stabilized average Intersection over Union (IoU) of 96.71% 
indicates that the femur region is correctly framed, and the mean Average Precision (mAP) reaches 0.9656. 
These results demonstrate that YOLOv8 can effectively recognize the femoral region with high performance, 
providing accurate data for the subsequent SegResNet step. This ensures that the final femur segmentation 
remains unaffected. During training, we found that setting the threshold to 0.3 effectively distinguished the 
bone tissue from the surrounding soft tissue, and thus, the threshold was set to 0.3.

Two-stage SegResNet
The specific evaluation metrics of Two-stage SegResNet based on test sets are shown in Table 5. The table 
shows that Two-stage SegResNet has large differences in sensitivity and Dice coefficient metrics and that Dice 
coefficient and sensitivity also differ between subjects, mainly due to differences in segmentation of the femoral 
canal. However, such differences do not affect the primary objective of segmenting the femoral region from its 

Subject no IoU AP (IoU ≥ 0.3) Averaged IoU mAP

1 0.97 0.9510

0.9671 0.9656

2 0.96 0.9600

3 0.96 0.9460

4 0.99 0.9710

5 0.96 0.9620

6 0.96 0.9810

7 0.97 0.9880

Table 4.  Evaluation table of YOLOv8 on test sets.

 

Training Parameters Parameter Value

Max epochs 300

Patch size (160, 160, 160)

Batch size 4

Resampled spacing (1.0, 1.0, 1.0)

Normalize intensity range (-100, 500)

Blocks down (1, 2, 2, 4)

Blocks up (1, 1, 1)

Initialization Filter 16

In channels 1

Out channels 2

Dropout rate 0.2

Loss function Dice loss

Table 3.  Two-stage SegResNet training parameters table.

 

Training Parameters Parameter Value

Max epochs 120

Training Batch Size per GPU 32

Number of Workers for Training 4

Minimum Area Ratio 0.01

Table 2.  YOLOv8 training parameters table.
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adjacent tissues. The specificity and pixel accuracy evaluation metrics are stable with less variation and higher 
values, indicating that the Two-stage SegResNet segmentation network is accurate for femoral segmentation.

Comparison of segmentation models of the femoral region
The same dataset is used to train and test both the two-stage semantic segmentation and the SegResNet models. 
A comparison is made between the two-stage model presented in this paper and the original SegResNet model. 
Since the input data for the non-two-stage SegResNet is larger compared to the two-stage SegResNet, a higher 
maximum number of epochs is set to ensure convergence.

The comparison of training time and inference time between the two models is presented in Table 6. The 
two-stage model not only drastically reduces training time and average inference time on test data but also 
significantly improves the best Dice coefficient. Figures 3 and 4 illustrate the visual performance of segmentation 
for both models.

 The results of the comparison of accuracy and loss values between the two models are shown in Fig. 5. The 
horizontal axis represents the number of network epochs, while the vertical axis displays the loss per epoch 
on the validation set. The visuals demonstrate that as the number of epochs increases, the overall loss for the 
two-stage model is lower than that of the Non-Two-Stage model, with the two-stage model showing a faster 
reduction in loss. Moreover, the overall accuracy of the two-stage model is higher and increases and converges 
at a faster rate compared to the non-two-stage model.

Compare with state-of-the-art works
We compared the proposed SegResNet model with the TransUNet model using the same GPU and test set (CT 
data cropped by YOLOv8). The results are presented in Table 7 below. After both models underwent the first-
stage cropping, SegResNet outperformed TransUNet in both averaged inference time on test data and the Dice 
coefficient. This is further analyzed in section "Analysis of the results compared with TransUNet".

Discussion
Automating femur segmentation in medical imaging presents a significant challenge, yet it holds substantial 
practical importance. The diversity of imaging modalities, coupled with inherent challenges such as irregular 
grayscale values, low contrast, and high noise levels, makes bone tissue segmentation a complex task. This 
complexity is further compounded by the considerable inter-individual anatomical variability.

This paper presents a two-stage, deep learning-based semantic segmentation network, which has been 
meticulously trained, with finely tuned parameters and the optimal model carefully preserved. Empirical 
experiments were conducted using this advanced network, and the results were rigorously analyzed. The findings 
reveal that the proposed segmentation method achieves a mean Dice coefficient of 0.953 and a pixel accuracy of 
0.996 on the test set. Notably, the segmentation network operates without the need for manual intervention in 
image processing, resulting in a workflow characterized by both high efficiency and accuracy.

The use of object detection to quickly and accurately delineate the femoral region in complex medical imagery 
while simultaneously excluding irrelevant areas is crucial for reducing memory demands and minimizing the 
impact of excessive negative samples. YOLOv8 is employed as the object detection model in the first stage, 
providing fast detection speed and high accuracy, making it well-suited for the initial femur recognition task. The 
SegResNet network, used for the semantic segmentation stage, combines a residual architecture with an encoder-
decoder structure, effectively enhancing segmentation accuracy and performance. The residual connections 
facilitate better training of deep networks by addressing issues like vanishing and exploding gradients, while 
the encoder-decoder structure integrates low-level details with high-level semantic information90. Encoder-

Model Training time (s) Averaged inference time in test data (s) Best dice at convergence

Two-stage SegResNet 9755 61 0.9621

Non-Two-Stage SegResNet 21,251 87 0.7899

Table 6.  Comparison of two-stage and non-two-stage SegResNet.

 

Subject no Dice Sensitivity Specificity Pixel Accuracy

1 0.9327 0.9758 0.9957 0.9950

2 0.9092 0.9800 0.9937 0.9932

3 0.9722 0.9619 0.9992 0.9976

4 0.9624 0.9462 0.9992 0.9973

5 0.9667 0.9691 0.9984 0.9972

6 0.9634 0.9603 0.9989 0.9975

7 0.9644 0.9647 0.9985 0.9971

Averaged 0.953 0.965 0.998 0.996

Table 5.  Evaluation table of Two-stage SegResNet on test sets.
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Decoder structure preserves semantic accuracy and improves the recovery of object boundaries and detailed 
features, ultimately enhancing segmentation results and making it ideal for medical image segmentation91.

Under the same GPU and dataset conditions, the two-stage segmentation network achieved a Dice coefficient 
of 0.9621 at convergence, significantly higher than SegResNet’s 0.7899. Additionally, its inference time and 
training speed outperformed those of SegResNet. Comparing the validation loss and accuracy between the two 
models, the proposed network reached stable accuracy and lower loss more quickly, demonstrating its superior 
feature learning capability, higher efficiency, and ease of training. This discrepancy can be attributed to the fact 
that two-stage training effectively reduces redundant pixel areas in the predicted images, leading to a smaller 
denominator in the Dice coefficient calculation. While the numerator, representing the number of labeled pixels, 
remains relatively constant, this difference creates a notable gap in the Dice coefficient and accuracy calculations.

Moreover, the entire segmentation process does not require image cropping and is capable of automatically 
segmenting batch femur regions, thereby reducing the need for manual intervention. The dataset used in 
this study consists of comprehensive lower limb CT scans, with each slice being a 512 × 512-pixel matrix and 
the number of slices ranging from 1123 to 1769. The dataset represents a large volume of input data, which 
necessitates the use of high-performance computing resources. However, the model presented in this paper, 
even under less demanding computational conditions, significantly reduces both training and inference times 
while maintaining impressive segmentation precision. This evinces the Two-stage network process’s robust 
adaptability and a pronounced level of universality.

Comparison with related work
X-rays lack spatial and structural details of the skeleton, limiting the information available for femur 
segmentation92. Zhang et al.81. employed a two-stage convolutional network for femoral region segmentation 
from X-ray images, achieving end-to-end batch processing with relatively stable segmentation metrics. However, 
their network structure is complex, involving numerous parameters. Additionally, the limited size of the input 
block requires sliding window sampling for larger input data during image preprocessing, thereby increasing the 
computational load. Moreover, their 3D reconstruction based on X-rays shows deficiencies in spatial structure 
and detail. In response, the method proposed in this paper utilizes whole lower limb CT data without requiring 
any manual preprocessing steps or computationally demanding network architectures. This makes our approach 
more widely applicable. However, it is important to note that directly comparing the Dice coefficient between 
different studies is not scientifically valid, as the training and validation datasets may differ. CT imaging offers 

Fig. 3.  Femur masks from Two-stage SegResNet (b) and Non-Two-Stage model (a). The Non-Two-Stage 
model, without first-stage cropping, incorrectly and incompletely segments the femur mask (as the tibia), while 
the Two-Stage model segments the femur mask accurately and precisely.
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Fig. 5.  The accuracy (a) and loss values (b) of the two networks. As epochs increase, the Two-Stage model 
shows a lower and faster-reducing loss, along with higher and faster-converging accuracy compared to the 
Non-Two-Stage model.

 

Fig. 4..  3D reconstruction based on femur masks from Two-Stage SegResNet (b) and Non-Two-Stage model 
(a). Since the quality of femur masks determines the performance of 3D reconstruction, the non-two-stage 
model exhibits poor femur continuity, incomplete reconstruction, and significant non-femur structures 
(tibia and pelvic tissue). In contrast, the two-stage model generates a smooth and complete femur in the 3D 
reconstruction.
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superior spatial resolution, particularly for calcified tissues such as bone, thereby providing a more detailed 
representation and facilitating easier acquisition93. This advantage is especially beneficial for bone tissue 
segmentation and significantly enhances the precision of our model.

Analysis of the results compared with TransUNet
The suboptimal Dice coefficient observed in TransUNet can primarily be attributed to its reliance on patch-
based operations, which divide the original image into smaller regions for network input. In femur imaging, 
these localized patches often exhibit structural similarities, limiting the network’s ability to learn meaningful 
distinctions. In contrast, the SegResNet architecture leverages residual structures to address vanishing gradient 
issues during backpropagation, facilitating deeper network training and improving representational capacity. 
Residual blocks also enhance feature reuse, essential for capturing intricate details critical to medical image 
segmentation. While TransUNet excels at global context modeling, its patch-based strategy limits its applicability 
in domains with high local similarity, such as femur imaging. SegResNet’s robust residual structure offers 
improved segmentation accuracy, making it more suitable for such tasks. Future research could explore hybrid 
approaches that combine the strengths of both architectures.

Advantages of the proposed pipeline
The proposed approach capitalizes on the computational efficiency and reduced data requirements of 2D object 
detection models compared to 3D counterparts. Additionally, the pipeline effectively compensates for the loss 
of spatial information inherent in 2D projections by combining outputs from coronal and axial detections. 
This workflow is particularly valuable in medical imaging, where rapid and accurate anomaly localization is 
critical for diagnosis and treatment planning. Subsequent semantic segmentation and 3D reconstruction further 
enhance the utility of the approach. Future research could focus on optimizing the ray marching step for real-
time processing and integrating advanced 3D fusion techniques to improve bounding box accuracy. The modular 
nature of the pipeline also allows for incorporating more sophisticated detection models or multimodal imaging 
data, extending its applicability in clinical workflows.

Limitations and future directions
This study has several limitations. First, the number of models and comparison tests is insufficiently diverse. 
Second, the dataset comprises only normal physiological femoral images, lacking data from pathological 
conditions such as femoral fractures or hip dysplasia, which limits the clinical applicability of the model. 
Additionally, as with many supervised deep learning models, the proposed approach requires manual annotation 
during the early stages, increasing labor and time costs. Future work will involve collaboration with hospital 
imaging centers to collect images of relevant pathological conditions and the integration of advanced modules 
(e.g., D-LKA94) or networks (e.g., SNN95) to further enhance the generalizability and practical utility of the two-
stage segmentation process.

Conclusion
Image segmentation plays a critical role in medical image processing and quantitative analysis. However, 
medical image segmentation is challenged by several limitations inherent in imaging technologies, including 
variations in grayscale values, reduced contrast, high noise levels, and indistinct boundaries. This paper proposes 
a deep learning-based, two-stage segmentation network process specifically designed for femur segmentation 
in comprehensive lower limb CT scans. The results demonstrate both satisfactory performance and broad 
applicability. Segmentation of bone tissue is crucial for clinical assessment and management of fractures, 
underscoring its significant practical implications in medical practice.

Data availability
The datasets generated during and/or analyzed during the current study are not publicly available due to the pro-
tection of personal information and limitation of ethical approvement but are available from the corresponding 
author on reasonable request.
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