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HIGHLIGHTS

e Spine MRI image segmentation using a patch extraction (PE) based deep NN.

e PENN extracts discriminative features for precise representation of spine structures.

e PENN outperforms existing vertebrae and tumor segmentation methods.

e Achieves accuracy (93.2%) with clinical applications for diagnoses and treatment planning.
e Addresses limitations of traditional methods, providing accurate MRI image segmentation.

ARTICLE INFO ABSTRACT
Keywords: Background and objective: Magnetic resonance imaging (MRI) plays a vital role in diagnosing spinal diseases,
Gadolinium-enhanced T1 MRI including different types of spinal tumors. However, conventional segmentation techniques are often labor-
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intensive and susceptible to variability. This study aims to propose a full-automatic segmentation method for
spine MRI images, utilizing a convolutional-deconvolution neural network and patch-based deep learning. The
objective is to improve segmentation efficiency, meeting clinical needs for accurate diagnoses and treatment
planning.

Methods: The methodology involved the utilization of a convolutional neural network to automatically extract
deep learning features from spine data. This allowed for the effective representation of anatomical structures.
The network was trained to learn discriminative features necessary for accurate segmentation of the spine MRI
data. Furthermore, a patch extraction (PE) based deep neural network was developed using a convolutional
neural network to restore the feature maps to their original image size. To improve training efficiency, a com-
bination of pre-training and an enhanced stochastic gradient descent method was utilized.

Results: The experimental results highlight the effectiveness of the proposed method for spine image segmen-
tation using Gadolinium-enhanced T1 MRI. This approach not only delivers high accuracy but also offers real-
time performance. The innovative model attained impressive metrics, achieving 90.6% precision, 91.1%
recall, 93.2% accuracy, 91.3% F1-score, 83.8% Intersection over Union (IoU), and 91.1% Dice Coefficient (DC).
These results indicate that the proposed method can accurately segment spine tumors CT images, addressing the
limitations of traditional segmentation algorithms.

Conclusion: In conclusion, this study introduces a fully automated segmentation method for spine MRI images
utilizing a convolutional neural network, enhanced by the application of the PE-module. By utilizing a patch
extraction based neural network (PENN) deep learning techniques, the proposed method effectively addresses
the deficiencies of traditional algorithms and achieves accurate and real-time spine MRI image segmentation.
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W. Chen et al.
1. Introduction

The spine is a vital component of human anatomy, serving as the
central support structure of the body. It connects the skull at the top, the
ribs in the middle, and the hip bone at the bottom. As the backbone of
the human body, it plays crucial roles in supporting the torso, protecting
the spinal cord, and safeguarding internal organs. But in modern society,
due to people’s accelerated pace of life, heavy work pressure and other
reasons, spine Patients with spondylosis continue to show a younger
trend. According to statistics, at the age of 40. The number of people
suffering from related diseases in the following groups accounted for
more than 40 % [1]. Spinal tumors rank among the most prevalent tu-
mors, with an incidence rate of 6 % to 10 % among all human bone
tumors. Primary spinal tumors are quite rare, comprising no more than
5 % of cases, whereas metastatic tumors make up over 95 %. These
metastatic tumors predominantly affect the thoracic spine (70 %), fol-
lowed by [2]. the lumbar spine (20 %) and the cervical spine (10 %). The
spine is the most common site for malignant tumor metastasis, and about
30 % to 70 % of malignant tumor metastases will have spinal metastasis
[3].

Previous experimental data show that the deep learning-based spinal
image segmentation method can extract deep feature information,
which significantly improves its accuracy, precision and segmentation
efficiency compared with conventional approaches [4]. Leveraging the
robust image feature extraction capabilities and high accuracy of deep
learning technology, it has steadily emerged as the mainstream
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approach for spinal tumor image segmentation. In spinal tumor diag-
nosis, MRI outperforms CT in differentiating soft tissues. It can clearly
show the spinal cord, nerve roots, intervertebral discs and paravertebral
soft tissues, and can accurately determine the relationship between the
tumor and the surrounding soft tissues. CT has a weaker ability to
distinguish the position, size, shape and relationship between the spinal
cord and nerve roots in the spinal canal. In addition, MRI can be imaged
in multiple directions, and can comprehensively observe the whole
picture of the tumor, understand its range, growth direction and rela-
tionship with surrounding structures.

In the diagnostic process, it is often essential to segment the spinal
region of interest in MRI scans using computer assistance. This seg-
mentation, combined with three-dimensional reconstruction and visu-
alization technologies, allows doctors to observe and analyze diseased
areas more intuitively and clearly. Such capabilities significantly
enhance the efficiency and success rate of disease treatment. However,
during the imaging process of spine MRI images, the images are easily
affected by equipment noise, so there is a certain amount of noise in the
image, and there is no obvious boundary phenomenon between the
spine boundary and other tissue boundaries, and the spine morphology
changes irregularly and has a complex structure. etc. These all bring
certain challenges to spine image segmentation. Aiming at the above
problems, researchers have proposed many algorithms for spine image
segmentation. For example, Kalidindi et al [5]. The proposed approach
utilizes the super pixel method for segmenting spine images. The algo-
rithm consists of several key steps: first, it preprocesses the images to

pinal tumor patch

>

\ertebrae patch

anpow-34

Other regions patch

v

l..lll.. TIMRI- .l.l.'.nﬂalanudll.l
2RJ0 S ARJUNEEE T III

I—ISpmal tumor patch

b] n C|
‘ Vertebrae patch [: Other regions patch (7) T1MRI-module patch points

T1MRI-module

Trained dataset

|opow paulel]
Buisseooid-1sod

Pooling Pooling Pooling

o
x

Training patches (|

o
N
&

Convolution

RelU RelU

Convolution

Output

0 — Spinal tumor patch

1 — Vertebrae patch

2

SoftMax
Activation
Function

— Other regions patch

Flatten %
Layer ™

Fig. 1. An illustration of the architecture of our patch extraction based neural network (PENN) technique. This framework clearly depicts the processing of spinal
MRI data from the scanning machine through a patch-based deep learning approach, culminating in final post-processing that delivers relevant segmentation results

to enhance the efficiency of clinical examinations for spinal tumors.
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Fig. 2. An illustration of the PE-module applied to a T1-weighted MRI scan of the spinal region, showcasing the corresponding segmented components and

their labels.

eliminate noise and identify the candidate region of interest (ROI). Next,
the superpixel method clusters the target and background within the
ROI to achieve the segmentation result. Additionally, morphological
closing and opening operations are applied to enhance the accuracy of
the segmentation. Compared to manual segmentation of vertebral im-
ages, this method significantly increases the speed of the segmentation
process. Suzani et al [6] utilizes the mean shape information of the spine
obtained from the statistical shape model method to achieve semi-
automatic segmentation. During the segmentation process, the initial
step involves manually identifying the spine’s position within the image.
Subsequently, prior information, including the shapes and gradients of
the models introduced, is employed as constraints to facilitate the seg-
mentation. Pang et al [7] proposed an enhanced level set method (LSM)
for segmentation. However, during practical implementation, it was
found that the level set function (LSF) is particularly sensitive to image
noise, resulting in difficulties in accurately segmenting the irregular
boundaries of the spine.

The study utilizes the image ladder method, where the evolution of
Level Set Functions (LSF) based on degree information can enhance
accuracy. Aubert et al. [8] introduced statistical shape information of
spine images to initialize the LSF, but this approach increased the
computational complexity of the Level Set Method (LSM) despite
improving segmentation accuracy. This research paper’s main contri-
bution is the proposal of a fully automated segmentation method for
spine MRI images, employing a convolutional-deconvolutional neural
network that leverages deep learning techniques. The paper presents an
efficient and accurate model, namely patch-based deep learning (PDL).
It requires no human intervention or prior information and addresses the
limitations of traditional segmentation algorithms. Furthermore, we
utilize a patch extraction based neural network (PENN) to restore
feature maps to their original image dimensions. This innovative com-
bination of networks enables precise segmentation of spinal tumor MRIs,
enhancing both efficiency and accuracy. To address the class imbalance
issue during training, we implement the TIMRI module to sample an
equal number of patches from both spinal tumor and non-spinal tumor
categories. Ultimately, we showcase the effectiveness and efficiency of
our approach using the tumor dataset from Xiangya Hospital of Central
South University.

2. Methods

The methodology of this study involved using a convolutional neural
network (CNN) to extract deep learning features from spinal images,
providing a detailed representation of the anatomical structures. The
CNN was carefully trained to identify the key features necessary for
accurate segmentation of spinal MRI images. To tackle the issue of class
imbalance, we sampled an equal number of patches from the T1 MRI
module, including both spinal tumor patches and non-spinal tumor
patches, during the training phase.

The pre-training phase involved initializing the CNN with weights
acquired from a distinct but related task or dataset, enabling the network
to gain valuable preliminary knowledge before fine-tuning on the spe-
cific spine MRI dataset. Subsequently, the improved SGD method was
implemented to further refine the network’s performance by profi-
ciently updating the network’s weights during the training process,
thereby steering it towards an optimal solution. The research process is
shown in Fig. 1. By harnessing the potential of patch-based deep
learning, the aforementioned methodology aspired to augment the
automated analysis and segmentation of spinal tumor images, thereby
fostering more accurate diagnostic procedures and enncing the quality
of tumor patient care.

2.1. Preprocessing

To enhance the distinction between vertebrae and surrounding tis-
sues, the primary goal of the preprocessing step is to identify bone pixels
and eliminate noise from the image. We opted to employ the thresh-
olding method to effectively remove noise artifacts from the entire MRI
image. The input MRI data of the spine is volumetric data and needs to
be processed slice by slice. Compared to other tissues, vertebrae can be
distinguished from soft tissues by applying thresholding due to the high
pixel intensity of the vertebrae in the MRI scan.

To differentiate between vertebrae and other structures in MRI im-
ages, we utilize deep learning models. The MRI images are then
smoothed using a Gaussian filter with a sigma value of 2 to make sure
that there are no intensity singularities and that the image gradients are
well defined. The data is normalized to 0, 1, and 2. We use the PE
module to extract overlapping patches of size n x n from the input MRI
data at a certain pixel spacing. A (32 x 32) size patch image contains a
total of 1024 pixels. If the total number of pixels within the patch is
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Fig. 3. The category distribution in the plaque extraction reflects the sampling height imbalance. The category balancing of the image patches will be realized by the
T1MRI module. The number of patches are deliberately reduced in this figure to illustrate the fundamental concept.

equal to or greater than 60 %, it is labeled as 1 (spine tumor); otherwise,
it is labeled as 1 (vertebral patch) and (other regions), respectively. The
PE module constructs overlapping patches on 2D slices with a specific
pixel step size, which is applied to the sliding window. As an image
segmentation module, the PE module has been successfully applied to
network training of patch-based deep learning models with improved
categorization accuracy.

2.2. Magnetic resonance imaging

Because the spine’s area in the MRI data is too tiny in relation to the
backdrop, the number of image plaques following the PE module ex-
hibits an imbalance. Due to the majority of patches being labeled as 0,
the classifier may be biased in the background. There is some value in
great sensitivity from a medical perspective. However, a high false-
negative rate is inappropriate from a practical standpoint [9]. There-
fore, in order to resolve and overcome this problem, it is essential to
balance the size of the positive and negative training image patches. The
T1MRI-module selects a portion of the majority class (background
patches) in order to balance the training data.

Random image fragments in the majority class are removed in this
module. (Fig. 2). The majority class is represented as class B, while the
minority class is labeled as class F. The ratio of the sizes of these classes is
defined as r. We conducted T1 MRI scans on class B to achieve a
balanced ratio of r. After applying the TIMRI-module, the balanced
ratios were Tnon-spinal tumor patch = 0.6 and Tspinal tumor patch = 0.4,
compared to the imbalanced ratios of 0.94 and 0.06 prior to the TIMRI-
module. This adjustment led to improvements in both the accuracy and
convergence speed of the network during model training [10]. However,
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the balanced image patch categories were not part of the testing phase.

A key element of convolutional neural networks (CNNs) is the auto
encoder (AE), which consists of three layers: an input layer, a hidden
layer, and an output layer. Each layer in an AE is fully connected to the
nodes in the other layers. By stacking multiple AEs, we can create a
multilayer neural network. In our work, we enhance the three-layer CNN
by stacking three AEs and pretraining the model using a greedy layer-
wise approach specific to CNNs. Notably, this pertaining is conducted
in an unsupervised manner, meaning that label (ground truth) infor-
mation is not utilized.

We consider that x = (x1,x2, -+, X,) expresses the autoencoder input
vector, ¥ = (y1,¥2,,¥Yn) €xpresses the recon-structed representation
vector of x, and the equation is z = (21,22, ---.,2,) expresses k hidden
node activation vector. Because the autoencoder uses the intermediate
hidden layer to recreate input features on the output layer, it uses the
weights w and bias b; to encode the input x to = f(w1x + by). Using the
decoding weights @ and bias b, the activation vector y in the hidden
layer decodes the output. Then, y transfers the hidden layer latent rep-
resentation to the output z using the formula y = f(w2y + b2). We used
the following cost function to build a L, regularized sparse autoencoder:

n

P 2
= % Z Z <le - xij) + }“Qweights + ﬂQsparsity @
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Keep in mind that the AE network parameters are W (weights) and b
(bias), that the first portion of the equation is mean squared error (MSE),
and that the training data sample size is p. The L, regularization on the
encoding weights is the second part of the cost function, and A represents
the penalty coefficient of the L, regularization term. The third part of the
cost function is sparsity regularization, where g is the sparsity
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Fig. 4. Integrating CNNs with sigmoid regression mapping for classification of tumor plaques, vertebrae, and other regions.
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Fig. 5. Sagittal examples of the spinal tumor dataset using Gd-e T1 MRI (T1 sequence scanning parameters: slices:15; FOV red: 260 mm; FOV phase: 235.6 mm; Slice
thickness: 3 mm; TR: 774; TE: 8.7; Averages: 2; concatenations: 2; Flip angle: 160; acq matrix: 244 x 384; Base resolution: 384; TA: 1.25 min). (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)

regularization coefficient and Qg is the Kullback-Leibler (KL)
divergence, which is expressed as follows:
_ - 1 pj 1 1 —Dj
prarxity *;POgEJF(l 7:0) ng (2)
To balance the training dataset, a subset of the majority class
(background patches) was chosen for the TIMRI module. This module
removes random image patches from the majority class, as illustrated in
Fig. 3. Given that the CNN employs an unsupervised learning approach,
unlabeled data was utilized to train each layer of the network. Input
reconstruction was generated using a feature vector, which the classifier
employs to categorize the input data of the stacked sparse auto encoder.
To distinguish between spinal tumor and non-spinal tumor patches, we
employed a sigmoid regression layer (Fig. 4). Other classifiers that can
be used in place of the sigmoid layer are MLP and SVM. The over-fitting
issue causes the MLP, a feed-forward neural network with multiple
layers and many nodes in each layer, to become trapped in local minima.
By reconstructing the score vector, SVM classifiers, on the other
hand, require a great deal of generalization to generate a probability
image. They do this by determining whether a pixel belongs to the target
or background class based on its posterior probability value. But the
sigmoid layer allows the joint to fine-tune the deep framework as a
whole. One method for binary classification in supervised learning is
sigmoid regression. By lowering the cost function, the output probabil-
ities determine the likelihood coefficient vector for each class label.

_ 1
T 1l—ex

o(x) 3)
The output sigmoid function is denoted as o, while x represents the
input. During the supervised learning phase, the pre trained CNN and
the sigmoid layer are combined into a unified classification model. To
fine-tune the entire model, each iteration of the scaled gradient descent
technique simultaneously adjusts the weights of all CNN layers along
with the parameters of the sigmoid layer. [13].

3. Model training and evaluations
3.1. Dataset

We utilized the spinal tumor MRI dataset sourced from Xiangya
Hospital of Central South University, covering the years 2010 to 2024.
Patients underwent examinations using a Siemens SKYRA 3.0 T mag-
netic resonance imaging system, which included both plain spinal MRI
scans and gadolinium-enhanced imaging. Examples of images from the

dataset are presented in Fig. 5. The inclusion criteria are as follows: (1)
The subjects’ examination data are complete; (2) The subjects’ general
information and examination data are complete; (3) There is at least one
spinal cord tumor lesion; (4) No treatment has been received. Exclusion
criteria: (1) The scanning sequence is incomplete; (2) The image has
artifacts. The cancer center has MRI images of the lumbar and cervical
spine of 68 adults aged between 16 and 42 years old. Specifically, the
MRI (Gd-e T1 sag) scanning parameters are: Ex: 32123; Se: 13; Im: 1/18;
TR: 774; TE: 8.7; 3 mm; W: 2762; L: 1381. The lumbar spine MRI dataset
contains 10 images of 50 lumbar vertebrae and the associated manual
reference ground truth. The slice thicknesses is 3 mm. Each of the spinal
tumor images was manually segmented to create a binary mask based on
the vertebrae, spinal tumor, and the other tissue regions [14,15].

3.2. Performance evaluation

The effectiveness of vertebral tumor segmentation using PENN is
compared with other current methods using evaluation metrics [16].
These metrics are commonly used and well-known in medical image
analysis. The quantitative assessment metrics for segmentation perfor-
mance evaluation in this article are precision, recall, accuracy, F1-score,
intersection over union (IoU), and Dice coefficient (DC). By contrasting
the ground truth images with the anticipated segmented images, we
assessed true positive (TP), false positive (FP), true negative (TN), and
false negative (FN). The calculation methods of these indicators are
shown in Equations (4) to (9).

TP

Precision = T 7P @
Recall = % (5)
Accuracy = (TP+TN)/(TP+ TN + FP —FN) (6)
Fl =score =5 Ti)ig; T FN @
Intersection over Union = :: B E: =TT EII; TN (8)
DC — 2|ANB| - 2TP )

~ |A|+|B|  2TP+FP +EFN
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Fig. 6. Performance of the suggested method with various architectures in terms of precision, accuracy, recall, F1-score, IoU, and DC. Each layer has hidden nodes

(N) and a number of hidden layers (HL).

3.3. Model training

A total of 167,330 image patches were acquired for the model’s
training, of which 412,030 were spinal tumor patches and 112,080 were
non-spinal tumor (vertebra) patches. We chose 161,024 image patches
for validation and 80 % for training at random. The training patches are
organized into 10,064 mini-batches, while the validation patches are
divided into 2,516 mini-batches, each with a size of 64 to facilitate
effective training. The proposed method consists of five network layers:
an input layer with 1,024 neurons, three hidden layers each containing
200 neurons, and a final sigmoid layer with two neurons corresponding
to the two output classes. This approach was implemented using MAT-
LAB 2018 on a system equipped with a 1.80 GHz i7 CPU, 32 GB of RAM,
and an NVIDIA GeForce MX250 GPU. The segmentation time of a
512x512 image took the algorithm about 23.42 h and 9 s to train.

A visualization model underpins the five-layered CNN, illustrating
the feature representations from the first, second, and third hidden

layers. The first hidden layer, comprising 200 nodes, captures the
learned feature representations of the vertebrae and other structures.
The second and third hidden layers, each also containing 200 nodes,
represent higher-level feature learning derived from image patches. The
squares in the visualization indicate the weights connecting the original
image’s pixels to the hidden nodes. White pixels in the weight matrix
indicate positive values, while gray pixels indicate negative values.

Various architectures may be selected based on the application’s
requirements. Based on DC requirements, we selected a CNN architec-
ture with three layers, each of which has 200 hidden nodes. The training
and randomly chosen test case outcomes are displayed individually in
the confusion matrices in Fig. 6. displays the performance metrics that
were computed for each conceivable combination of hidden layers and
nodes.
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Table 1
Comparison of Performance Metrics (Precision, Recall, Accuracy, F1-Score, IoU,
DQ).

Methods Precision Recall Accuracy F1- IoU DC
(%) (%) (%) score (%) (%)
(%)

MultiResuNet  86.8 85.7 90.2 88.2 80.6 88.4
Our method 90.6 91.1 93.2 91.3 83.8 91.1

Note The bold indicates the optimal indicator.

Table 2

The segmentation performance comparison (F1-score, IoU, DC).
Methods F1-score(%) ToU (%) DC (%)
UNet 79.8 70.4 82.5
D-TVNet 78.3 74.7 85.2
MultiResuNet 88.2 80.6 88.4
SAU-Net 87.6 81.8 88.3
OP-convNet 90.2 82.3 89.9
Our method 91.3 83.8 91.1

Note The bold indicates the optimal indicator.
4. Results and discussion
Our method for segmenting vertebral tumors is based on PENN. The

model we constructed demonstrated 90.6 % precision, 91.1 % recall,
93.2 % accuracy, 91.3 % F1-score, 83.8 % IoU, and 91.1 % DC in trials.

Patient 1

Patient 2

Patient 3

Journal of Bone Oncology 49 (2024) 100649

Our approach is contrasted with the well-known MultiResuNet model to
demonstrate the efficacy of Ly regularized CNN.

The second and third parts of the cost function in Equation (1)
become a three-layered stacked AE (MultiResuNet) model if the penalty
coefficient 1 and the sparsity regularization coefficient g, of the L, reg-
ularization term are set to zero. The precision, recall, accuracy, F1-score,
IoU, and DC means of our method and the MultiResuNet comparison
model are shown in Table 1. The results show the significance of the L,
regularized CNN of our method that is in superior performance
compared to MultiResuNet in all metrics.

Additionally, a number of deep learning models are compared with
the suggested PENN method. Table 2 compares our method with popular
segmentation techniques such as U-Net [22], D-TVNet [23,24], Multi-
ResuNet [25], SAU-Net [26], and OP-convNet [27]. The results indicate
that our proposed model outperformed all other models regarding F1-
score, IoU, and DC in (Table 2). It’s important to note that we used
the same experimental setup for the MultiResuNet results, except for the
sparsity regularization parameter A in the hidden layers. Our model
achieved higher F1-score%, IoU%, and DC% compared to the classical
UNet, D-TVNet, MultiResuNet, SAU-Net, and OP-convNet..

The original photos, along with their labeled counterparts, predicted
segmented images, and the predicted segments overlaid on the original
images, are presented in rows as qualitative examples of segmentation
results for 2D axial images (Fig. 7). The results demonstrate that our
proposed method achieved effective segmentation with high
performance.

The performance comparison outlined in Figs. 8 and 9 highlights the

(d)

Fig. 7. Examples demonstrating the segmentation results: (a) axial plane images; (b) ground truth; (c) our predicted segmented images; and (d) prediction images
overlaid on the original images. We conducted experiments on two samples (Patient 1 and Patient 2) using MRI scans of tumors that are slightly off-center from the
spine, while Patient 3's scan aligns directly with the center of the spinal cord, revealing the hidden vertebrae in the back.

N
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Fig. 8. Performance Comparison of Various Methods for Image Segmentation, Highlighting Precision, Recall, Accuracy, F1-Score, IoU, and Dice Coefficient (DC).

efficacy of our proposed method against the established MultiResU-Net
model in thyroid nodule segmentation. Our method demonstrates su-
perior performance across all evaluated metrics, with precision reaching
90.6 %, a significant improvement over the 86.8 % achieved by
MultiResU-Net. This increase in precision is complemented by enhanced
recall (91.1 % vs. 85.7 %), indicating not only a reduction in false
positives but also an ability to accurately identify more true positive
cases. The higher accuracy of our method (93.2 %) further reflects its
robustness in correctly classifying the samples, resulting in an F1-score
of 91.3 %, which underscores a balanced trade-off between precision
and recall.

Moreover, our method outperforms MultiResU-Net in both the
Intersection over Union (IoU) and Dice Coefficient (DC), with values of
83.8 % and 91.1 %, respectively, compared to 80.6 % and 88.4 % for the
baseline model. The improvements in these metrics illustrate our
method’s effectiveness in capturing the spatial overlap between the
predicted and actual segmentation masks, which is crucial for precise
nodule delineation. The results underscore the potential of our approach
to enhance diagnostic accuracy in clinical settings, ultimately contrib-
uting to better patient outcomes by providing more reliable segmenta-
tion of thyroid nodules in ultrasound images.

The use of a CNN in patch-based classification for automatic verte-
bral segmentation utilizing three different MRI spine tumor datasets is
unprecedented, as far as we are aware. Our method demonstrated CNN’s
powerful capacity to automatically partition vertebrae by leveraging

deep learning’s superior data mining advantage on large data. With no
human involvement, training, or analysis, our method might operate as
fully automated CAD software; no handcrafted characteristics would
need to be selected. In the hectic clinical settings of today, this is a
crucial aspect of CAD [28,29].

The segmentation performance comparison presented in Fig. 10
highlights the effectiveness of various methods in accurately segmenting
images, measured through the F1-score, Intersection over Union (IoU),
and Dice Coefficient (DC). Among the methods evaluated, our proposed
approach demonstrates superior performance, achieving an F1-score of
91.3 %, an IoU of 83.8 %, and a DC of 91.1 %. These results not only
surpass those of established techniques such as UNet, D-TVNet,
MultiResU-Net, SAU-Net, and OP-convNet but also indicate a significant
enhancement in segmentation accuracy. Notably, OP-convNet, which
previously held the highest metrics, shows a lower Fl-score and DC
compared to our method, suggesting that our approach effectively bal-
ances precision and recall better than existing models. The improve-
ments observed with our method may be attributed to its advanced
architecture and the incorporation of self-attention mechanisms, which
allow for a more nuanced understanding of spatial features within the
ultrasound images, ultimately leading to enhanced diagnostic precision
in clinical applications.

In unsupervised learning, we utilized convolutional neural networks
to extract high-level features from overlapping patches. Our method
effectively classified vertebrae, tumor patches, and other regions based
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on these advanced criteria. To enhance classification accuracy, these
high-level features were integrated into a sigmoid regression layer. The
proposed approach demonstrates accuracy, reliability, and robustness,
yielding strong overall performance in clinical applications. Given that
CNNs are a type of neural network, the model’s capability to classify
image patches was significantly influenced by the convergence of the
training process. Insufficient training epochs could result in a prema-
turely trained CNN, leading to suboptimal performance. Therefore, a
convergence test is necessary to determine the optimal number of
epochs in deep learning. In our experiments, we employed 500 epochs
for pretraining, which helped prevent time waste and ensured conver-
gence during training.

Neural network architecture is yet another important factor. As
previously said, there are no universal standards for creating the ar-
chitecture of a neural network. In fact, the complexity of the data being
used determines the best neural network architecture [31]. In our case,

optimization studies could give an early indication of CNN architecture
design. Additionally, we discovered that in order to construct deep
feature representations that had a beneficial effect on the fine-tuning
stage, sparse regularization was required during training. Sparsity
forces the filters to extract finer details from image patches during
training. When compared to other well-known models, the performance
comparison demonstrated the efficacy and superior capabilities of our
technique [20,32].

The test patches are successfully classified into tumor patches,
vertebral patches, and other locations using our suggested method. The
vertebral tumor is subsequently separated from the image patch
reconstruction. Every level of the spine has a unique set of vertebral
patterns. Nevertheless, certain images of spinal tumors are still not well
segmented. In the spinal column, there are significant morphological
differences between widely spaced vertebrae, such as the lower lumbar
and upper thoracic vertebrae. This variability complicates the accurate
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segmentation of vertebral tumor images [33]. Our proposed model faces
challenges in segmenting tumors in the upper thoracic vertebrae (T1-T3)
due to the presence of rib structures, and the L5 vertebra also demon-
strated lower Dice Coefficient (DC) values compared to other vertebrae.
In future implementation, we can utilize machine learning coupled with
advanced modelling and optimization techniques [11,12,17-21] to
develop an image retrieval system [30] for bone cancer [34] followed by
segmentation of the critical regions for a more detailed oncological
analysis [35].

5. Conclusion

This study introduces a patch-based deep learning (PDL) system for
the automated segmentation of spinal tumors. We extracted overlapping
patches from 2D image slices for model training. The proposedpatch
extraction based neural network (PENN) approach leverages these
image patches to capture a high-level feature representation of pixel
intensity in an unsupervised manner. A sigmoid layer utilizes these high-
level features to accurately classify patches into vertebrae and non-
vertebrae categories. After optimizing key parameters such as the
number of hidden layers, the size of hidden nodes, and the number of
epochs, our method achieved optimal performance. It is also shown that
sparsity requirements on hidden layers are effective. Additionally, we
show that our method is effective and feasible on the tumor dataset,
which qualifies it for use in clinical settings. It was found that in order to
construct feature representations that favorably impact the last super-
vised tuning stage, training with sparsity regularization is required.
False positives are also reduced by the method of identifying vertebral
areas using picture patches as opposed to individual pixels. The PENN
approach shows great promise in addressing problems brought on by
differences in vertebral morphology. Our PDL approach outperformed
several state-of-the-art vertebral tumor segmentation techniques,
including U-Net, D-TVNet, MultiResU-Net, SAU-Net, and OP-convNet, in
terms of segmentation accuracy. We also undertook further research to
identify the limitations of our method, especially concerning different
types of spinal tumors. To strengthen our strategy in these situations,
future research will create a deep neural network architecture that is
more discriminative.
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