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Xuemei Wang!?

LSchool of Information Engineering, Shandong Huayu University of Technology, DeZhou, China, 253034
2 Department of Information Technology, Pavel Sukhoi State Technical University of Gomel, Gomel, Belarus,246029
1% Corresponding author. E-mail: Xuemeiwang37@outlook.com

Received July 22, 2026; accepted Aug. 24, 2026

Medical imaging through Computed Tomography (CT) performs critical functions because it provides essential
support for both diagnosing and developing treatment plans for spinal disorders. The process of preoperative
planning and surgical procedures depends on accurate lumbar spine segmentation together with 3D recon-
struction of CT images. The process of lumbar spine segmentation faces major difficulties which arise from
three factors: low-contrast areas, imaging artifacts, and different anatomical structures. The current methods
are unable to solve these operational obstacles because they produce results with both reduced precision and
diminished productivity. The research presents a new solution with its Context-Aware 3D Attention U-Net
model which combines the Marine Predators Algorithm (MPA) for feature selection optimization. unneces-
sary elements while boosting learning efficiency. A hybrid loss function which combines include intensity
normalization and resampling and Region of Interest (ROI) cropping to produce high-quality data input.
The post-processing stage enhances segmentation output through processes which produce a seamless 3D
reconstruction. The proposed model demonstrates superior performance compared to baseline methods while
achieving a Dice score of 0.951 and an IoU of 0.907 and a precision of 0.963 and a recall of 0.944. The boundary
error (HD95) measurement shows significant improvement because it decreased to 2.18 mm, which indicates
better segmentation results and boundary detection performance. The method provides an accurate lumbar
spine segmentation solution that people can use across various clinical settings which involve low-contrast CT
scans.
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1. Introduction clinical field needs accurate lumbar vertebrae segmentation
together with 3D reconstruction because these processes en-
Medical imaging serves essential functions in three key ar- able various medical functions which include preoperative

eas which include diagnosing spinal disorders and creating planning and spinal alignment assessment and implant po-

treatment plans as well as assisting in surgical operations sitioning and fracture detection. Computer-aided diagnosis

[1]. CT emerges as the most effective imaging method since systems have enhanced modern healthcare systems by in-

it provides exceptional detail for examining bony struc- creasing their ability to support medical decision-making

tures throughout the lumbar spine (L1-L5) region [2]. The processes [3]. The process of manually segmenting verte-
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brae from volumetric CT data requires extensive labour and
takes a long time to complete while results show different
levels of accuracy between observers [4].

The examination of lumbar spine analysis remains dif-
ficult because of multiple factors which continue to exist
despite current technological developments. The different
dimensions and shapes of vertebrae which each patient
possesses create major difficulties because of their complex
anatomical structure [5]. The system experiences problems
with segmentation because of two different factors which
include low tissue contrast and imaging artifacts and noise
and partial volume effects [6]. The presence of osteoporosis
and disc degeneration and spinal stenosis and fractures
causes further vertebral structure distortion which makes
boundary delineation more difficult [7]. The analysis of 3D
CT volumes which contain high-dimensional data needs
extensive computational power which results in greater
memory needs and longer training durations.

The development of multiple Deep Learning (DL) based
segmentation techniques which include 2D U-Net 3D U-
Net and Attention U-Net architectures has been initiated
to solve these problems [8]. Most current methods use raw
voxel intensities for analysis without using optimized fea-
ture selection systems which results in unnecessary feature
extraction.

Tao et al. [9] created, functions as a context-aware sys-
tem that enables 2D and 3D vertebra tracking through its
ability to monitor spatial connections between multiple
slices. The method shows that contextual learning needs to
be developed for better spine analysis which depends on
accurate identification of vertebral structures. The method
shows that complete 3D spinal structure reconstruction re-
mains achievable through the use of minimal projection
data yet the technique requires X-ray imaging which func-
tions differently than volumetric reconstruction methods
that use CT imaging.

Hayat and Z. Yugqian [10] created MSAE-U-Net, which
functions as a multiscale attention-based U-Net system to
segment abdominal cancer cases. Their approach shows
that attention mechanisms combined with multiscale fea-
ture extraction methods can enhance segmentation accu-
racy, which proves essential for processing medical images
that have low contrast. Abel et al. [11] studied DL meth-
ods for 3D lumbar spine MRI reconstruction which they
used in surgical planning. The study proves that recon-
structed MRI volumes reach CT measurement precision
which shows the clinical advantages of 3D reconstruction
techniques. Haida et al. [12] developed a combined three-
dimensional robotic system which they used to demon-
strate how 3D imaging technology benefits actual surgical

procedures. Their research demonstrates how medical fa-
cilities are implementing advanced imaging methods for
use during actual patient treatment. Altorfer et al. [13]
investigated robotic pedicle screw placement through 3D
MRI registration methods to minimize radiation exposure
during spine surgery. The research demonstrates that accu-
rate 3D spine models have become essential for directing
surgical procedures. The existing reconstruction methods
that use sparse X-ray information cannot make use of all
the volumetric CT data according to research [14]. The
attention-based segmentation models feature representa-
tion capabilities but they do not provide the optimal so-
lution for processing low-contrast CT images. Current
3D reconstruction research depends mainly on MRI data
which has different properties compared to CT imaging
modalities according to research.

2. Materials and methods

The proposed framework for lumbar spine segmentation
and 3D reconstruction begins with data collection from
the CTSpinelK dataset, followed by pre-processing steps
like HU windowing, resampling to uniform voxel spacing,
and ROI cropping. The team extracts intensity, texture,
and spatial features, segments using Context-Aware 3D
Attention U-Net, refines, stacks slices, applies Marching
Cubes, and assesses performance in Figure 1.
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Fig. 1. The Overall Proposed Work

2.1. Feature Extraction

Feature extraction derives informative voxel-level charac-
teristics from CT images to improve segmentation accu-
racy using intensity, texture, and spatial context features
for precise lumbar vertebrae detection. Low-contrast CT
characteristics make direct voxel discrimination difficult
because vertebral and surrounding tissue intensities can
overlap. The combined HU intensity, GLCM and Gabor
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texture, and spatial context features provide complemen-
tary information for distinguishing vertebral structures and
maintaining anatomical continuity. These selected features
support contextual learning in the Context-Aware 3D At-
tention U-Net for accurate lumbar vertebrae segmentation.

2.1.1. Intensity Features (HU)

Voxel-level intensity features are derived directly from HU
values in CT images, representing tissue radiodensity and
differentiating bone from soft tissues through higher inten-
sity ranges, preserving HU information for effective spine
segmentation.

2.1.2. Texture Features (GLCM and Gabor)

Texture features characterize intensity variations across
adjacent image regions, providing structural information
through GLCM contrast, correlation, homogeneity, while
Gabor filters extract texture across various scales and ori-
entations. Gabor filters used 4 orientations (0°, 45°, 90°,
135°) and 3 scales with spatial frequencies of 0.05, 0.10, and
0.20 cycles/voxel, producing 12 filter responses. Kernel
size was 15 x 15, Gaussian bandwidth was 4, aspect ratio
was 0.5, and feature aggregation used mean magnitude.
The GLCM-derived contrast, correlation, and homogeneity
features characterize local intensity relationships within
vertebral regions, helping distinguish consistent vertebral
texture patterns from surrounding tissues in challenging
anatomical regions. These texture characteristics support
the identification of vertebral structures were low contrast
complex anatomical boundaries.

2.1.3. Spatial Context | Neighbourhood Features

Spatial context features use information from nearby vox-
els to trace anatomical continuity and identify structural
connections, preserving structures and reducing errors in
ambiguous anatomical regions. The selected HU intensity,
GLCM texture, Gabor filter responses, and neighbourhood
information collectively represent lumbar vertebral char-
acteristics through complementary intensity, texture, edge,
and spatial information. HU, GLCM, and Gabor features
capture radiodensity, texture, and edge information, while
neighbourhood information preserves spatial continuity.
This combined representation enhances contextual feature
learning and vertebral boundary identification during low-
contrast CT segmentation.

2.2. Feature Selection Using MPA

MPA selects essential features from high-dimensional lum-
bar CT data, reducing redundant information and compu-
tational costs while improving segmentation accuracy.

2.2.1. Owverview of MPA

MPA is a metaheuristic optimization algorithm inspired by
the foraging behaviour of marine predators. The process
starts with the creation of solution process uses position
update formula to iteratively improve each solution until
it reaches the elite status in Eq. (1)

X! = X!+ R (Blite! - X! (1)

Here, Xf is current solution, Elite’ is best solution at
iteration ¢, R is random vector controlling movement. MPA
selects informative combinations of HU intensity, GLCM
texture, Gabor filter responses, spatial context features for
lumbar spine segmentation. The candidate subsets opti-
mized through exploration exploitation, while fitness func-
tion considers segmentation error feature count reduce
redundant features. The selected feature subset then pro-
vided Context-Aware 3D Attention U-Net lumbar vertebrae

segmentation.

2.2.2. Lévy Flight and Brownian Motion for Global Search

The algorithm uses Brownian motion for local exploration
and Lévy flight for global exploration. The Lévy flight
method permits extended space exploration which enables
the algorithm to investigate different feature combinations
in Eqn. (2)

u

— s — 2
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where 1 and v are random variables, B defines Lévy
distribution, « is a scaling factor.

2.2.3. Fitness Evaluation and Optimization

The fitness function evaluates quality of each candidate
feature subset through its assessment of segmentation ac-
curacy together with its measurement of feature count in
Eqn. (3)

Fitness = A - Error + (1 — A) - [Fsetecteal 3
‘ EF total |

where Error represents segmentation error, |Fygjected | 15
number of selected features, |Fya1| total number of features,
and A balances accuracy and feature reduction.

The MPA used 30 solutions over 50 iterations, with ex-
ploration, transition, and exploitation phases of 0-16, 17-33,
and 34-50 iterations. Brownian and Lévy coefficients were
1 and 0.01, with A = 0.1, a binary threshold of 0.5, and
bounds [0,1]. Convergence used a tolerance of 1 x 10~4
and 10-iteration patience, stopping at 50 iterations or con-
vergence.
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2.3. Context-Aware 3D Attention U-Net Segmentation of
Lumbar Spine

Medical image segmentation uses U-Net-based architec-
tures, with 3D Attention U-Net expanding 64 to 512 chan-
nels, final convolution for CT segmentation in Figure 2.
The integration of MPA with the Context-Aware 3D Atten-
tion U-Net is motivated by their complementary functions,
where MPA selects informative intensity, texture, spatial
features, context attention mechanisms capture multi-scale
anatomical relationships and emphasize relevant vertebral
regions. This combination reduces redundant feature infor-
mation before segmentation, enabling focus on discrimina-
tive lumbar structures for low-contrast CT segmentation.
The selected features are passed to Context-Aware 3D At-
tention U-Net for lumbar vertebrae segmentation. The re-
fined segmentation undergoes post-processing to improve
segmented mask before reconstruction. The processed seg-
mented slices are then reconstructed using Marching Cubes
algorithm to generate final 3D lumbar spine model.
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Fig. 2. Architecture of 3D Attention U-Net for CT Image
Segmentation

The context module processes the input to extract multi-
scale relationships together with worldwide contextual
information which it shows in Eqn. (4)

F = fcontext (Fe) = Zle W * Fe(s) 4)

The number of scales is S while Fe<S> serves as feature
map which exists at scale s. The network needs to con-
centrate its processing power on important spinal areas
through the use of an attention gate which generates atten-
tion coefficients Eqn. (5)

K=0 (waTtt (F.+Ej) + batt> )

The network is trained using a combination of Dice,
Focal, and Boundary loss functions. The combined loss is
defined as in Eqn. (6)

L = MLpice + A2LFocal + /\3£Boundary (6)

The hybrid loss function assigns weights of 0.5 to Dice
Loss, 0.3 to Focal Loss, and 0.2 to Boundary Loss, with a
total weight of 1. The weighted combination addresses
class imbalance and improves edge detection, contributing
to accurate lumbar spine segmentation.

Algorithm 1. Context-Aware 3D Attention U-Net for
Lumbar Spine Segmentation

Require: 3D CT volume X
Ensure: Segmented mask Ypreq
1: Initialize model parameters
2: forepoch =1 to N do
3: for all input X do

4: Encoder

5: F, = Conv3D(X)

6: Context module

7: F. = Multiscale(F,)

8: Attention

9: F, = Sigmoid(F;)
10: Fyt =a - F.
11: Decoder
12: F; = UpSample(Fatt)
13: # Output
14: Ypred = Slgmmd(Fd)

15: Loss

16: Loss = Dice + Focal + Boundary
17: Update

18: Update weights using Adam

2.4. Post processing

Post-processing refines the segmented mask by removing
noise, smoothing irregular boundaries, and filtering discon-
nected components. Morphological smoothing uses open-
ing and closing operations to remove minor disturbances,
fill small gaps, improve boundary smoothness. Connected-
component filtering removes non-lumbar small isolated
regions, preserving L1-L5 vertebral mask continuity before

three-dimensional reconstruction.

2.4.1. Connected Component Filtering

The connected-component analysis examines each seg-
mented mask to identify the regions to lumbar vertebrae
L1-L5. The components of the system {Cy,Cy,...,Cy} in
Eqn. (7)

M/ _ Ui‘:1 Cisorted (7)
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The prediction and binary mask thresholds are set to 0.5,
with a 26-connected neighbourhood used for connected
component filtering. Components smaller than 500 voxels
are removed, upto 5 components are retained based volume
anatomical centroid, 3 x 3 x 3 morphological kernel one
opening one closing iteration with 3D hole filling preserve
vertebral structures.

2.5. Data Collection

The CTSpinelK dataset [15] is used as the main dataset
because it contains more than 1000 three-dimensional CT
volumes with vertebra-level annotations.

Figure 3 presents representative lumbar spine CT im-
ages with varying contrast and clarity as input data, sup-
porting subsequent segmentation and 3D reconstruction
processes.

Fig. 3. presents representative lumbar spine CT images
with varying contrast and clarity as input data, supporting
subsequent segmentation and 3D reconstruction processes.

2.6. Data Pre-processing

2.6.1. HU Windowing (Bone Window)

Bone-specific HU windowing enhances vertebral contrast
by highlighting bony structures and segmentation. The
transformation is defined as in Eqn. (8)

L, I(x) <L
Iwindow(x) = I(X), L< I(X) <u (8)
U, I(x) > U

The process establishes two limits which are L for the
lower bound and U for the upper bound of the bone win-
dow. Bone-window HU preprocessing used a window
level of 300 HU and width of 1500 HU, corresponding to a
range of —450 to 1050 HU, followed by min—-max normal-
ization to [0,1] and 1 X 1 X 1 mm resampling.

2.6.2. Resampling to Uniform Voxel Spacing
The 3D convolutional operations experience negative ef-
fects from these inconsistencies. The resampling operation
is given by Eqn. (9)

’ Sorig

X =Xx- ’ Iresampled(x/) = I(x) )
Starget

where Sorig and starget indicates the original and in-
tended voxel spacing.

2.6.3. ROI Cropping (Lumbar Region Extraction)

ROI cropping extracts the lumbar spine (L1-L5) region,
reducing computational cost and enabling model to focus
on clinically relevant structures for segmentation shows in
Eqn. (10)

Iror = I(x)/x € Oumbar (10)

The spatial area which contains lumbar vertebrae is
defined by the term Qympar-

The ROI targets the L1-L5 lumbar vertebrae using a
3D bounding-box strategy based on vertebral annotations,
with a 10-voxel margin retained around the selected region.
After resampling to 1 X 1 x 1 mm spacing, the ROI dimen-
sions are fixed at 160 x 160 x 128 voxels, corresponding to
a physical size of 160 x 160 x 128 mm?3.

2.7. Hardware Software Requirements

The proposed framework was implemented on an Intel®
Core™ i9-14900K system with 32 GB RAM and Windows
11 Home using Python-based DL and medical imaging
libraries.

2.8. Hyperparameter Configuration of the Proposed 3D
Attention U-Net Model

The Adam optimizer with a learning rate of 0.0001 and
weight decay of 1.00 x 10~° supports stable optimization
and efficient convergence. ReduceLROnPlateau with 10-
epoch patience regulates learning when validation im-
provement plateaus, while batch size 2 and a maximum of
100 epochs provide controlled training of the 3D CT vol-
umes. Training and validation losses and Dice score were
monitored, with early stopping after 20 epochs without suf-
ficient validation improvement to maintain convergence
and training stability.

3. Results and discussion

The proposed Context-Aware 3D Attention U-Net with
MPA significantly outperforms 2D U-Net segmentation 3D
reconstruction metrics, statistically superior performance.

The computational complexity is characterized by 18.7
M trainable parameters and 112.6 G FLOPs, while execu-
tion time is 3.8 min per epoch, 6.3 h for total training, 0.84 s
per 3D volume, and 18.5 ms per slice, with GPU memory
usage of 7.8 GB.
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Table 1. Ablation Analysis of Individual Components of the Proposed Model

Model Configuration Dice IoU Precision Recall HD95 (mm)
Without Context Module 0936 0.881 0.950 0.928 291
Without Attention Mechanism 0.941  0.889 0.955 0.934 2.68
Without MPA 0.925 0.872 0.938 0.918 3.96
Without Hybrid Loss 0929 0.875 0.944 0.922 3.51
Full Proposed Model 0.951 0.907 0.963 0.944 218

Table 2. Segmentation Performance Across Different Segmentation Scenarios

Segmentation scenario Dice IoU  Precision Recall HD95 (mm)
Standard contrast 0.951 0.907 0.963 0.944 2.18
Mild low contrast 0.945 0.896 0.958 0.938 2.39
Severe low contrast 0.927 0.865 0.944 0.916 3.01
Noise-degraded 0.923 0.856 0.941 0.913 3.14
Boundary ambiguity 0932 0.872 0.949 0.920 2.94
Anatomical variation 0.931 0.871 0.948 0.919 2.96

3.1. Feature Importance

The MPA Selected Features show the key features influenc-
ing the segmentation process.

Figure 4 shows that the MPA identifies Gradient as the
most influential feature, followed by Neighbourhood, Ga-
bor, GLCM Texture, and HU Intensity, improving segmen-
tation accuracy.

MPA Selected Features

Gradient

Neighborhood

Features

GLCM Texture

HU Intensity

0.0 0.2 0.4 0.6 0.8
Importance Score

Fig. 4. shows that the MPA identifies Gradient as the most
influential feature, followed by Neighbourhood, Gabor,
GLCM Texture, and HU Intensity, improving
segmentation accuracy.

Table 1 shows the Full Proposed Model achieves Dice
0.951, IoU 0.907, Precision 0.963, Recall 0.944, HD95 2.18
mm, outperforming Individual Components ablated con-
figurations.

3.2. Segmentation of CT Slice 348

The Segmentation of CT Slice 348 shows the progression
from the original CT image to the ground truth mask, pre-
dicted mask and the overlay of the predicted mask on the
original image

Figure 5 displays the unprocessed CT slice, ground truth
mask, predicted mask, and predicted mask overlaid on the
original CT slice, showing segmentation accuracy.

Fig. 5. displays the unprocessed CT slice, ground truth

mask, predicted mask, and predicted mask overlaid on the
original CT slice, showing segmentation accuracy.

Table 2 shows segmentation performance across sce-
narios, with Dice 0.951-0.923, IoU 0.907-0.856, Precision
0.963-0.941, Recall 0.944-0.913, and HD95 2.18-3.14 mm.

3.3. Robustness to Low Contrast

The Segmentation Robustness to Low-Contrast shows how
well the model maintains its segmentation results when
facing different contrast situations.

Table 3 demonstrates robustness across CT conditions,
with overall Dice 0.941, IoU 0.884, and HD95 2.91 mm;
standard CT achieved Dice 0.951, while artifacts yielded
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CT condition / subgroup N Dice IoU Precision Recall HD95 (mm)
Standard-quality CT 80 0951 0.907 0.963 0.944 2.18
Low-contrast CT 30 0927 0.865 0.944 0.916 3.01
High-noise CT 25 0923 0.856 0.941 0.913 3.14
Artifact-affected CT 20 0918 0.849 0.936 0.907 3.28
Anatomically challenging cases 25  0.931 0.871 0.948 0.919 2.96
Overall 180 0941 0.884 — — 291

0.918.

3.4. Model Performance and Comparison

The 3D Segmentation Comparison of Different Models
shows all other segmentation methods.

Table 4 demonstrates that the proposed Context-Aware
3D Attention U-Net significantly outperforms baseline
models across all segmentation and 3D reconstruction met-
rics (p < 0.05).

3.5. 3D Reconstruction Quality

The 3D Reconstruction of Lumbar Spine Segmentation
shows how segmentation evolved from its initial frag-
mented state to reach complete 3D reconstruction accuracy.
The Marching Cubes algorithm converts the stacked seg-
mented volume into a three-dimensional surface represen-
tation. It establishes connectivity between neighboring vox-
els to generate a continuous surface across the segmented
lumbar vertebrae. This process preserves the anatomical
surface continuity required for accurate 3D lumbar spine
reconstruction.

Table 5 presents the reconstructed lumbar spine valida-
tion, achieving surface continuity of 0.952, anatomical con-
tinuity 96.1%, reconstruction success 98.4%, expert agree-
ment x = 0.89.

The improved performance in low-contrast CT images is
attributed to the context-aware and attention mechanisms,
which capture spatial relationships across the 3D volume
and emphasize relevant vertebral regions.

Table 6 compares lumbar spine CT segmentation meth-
ods, with proposed method achieving highest Dice 0.951,
IoU 0.907, precision 0.963, recall 0.944, and lowest HD95
2.18 mm.

Table 7 validates external generalization, with the Ex-
ternal Test achieving Dice 0.934, IoU 0.879, Precision 0.951,
Recall 0.928, and HD95 2.74 mm, versus internal results.

Table 8 reports Dice 0.951, external Dice 0.934, worst-
case Dice 0.918, HD95 2.18-3.28 mm, 18.7 M parameters,
7.8 GB memory, 0.84 s inference, and 96.10% continuity.

3.6. Discussion

The proposed Context-Aware 3D Attention U-Net outper-
formed conventional 2D U-Net and 3D U-Net models for
lumbar spine segmentation 3D reconstruction, achieving
superior Dice score, IoU, Precision, Recall, and HD95 met-
rics. MPA feature selection and hybrid loss improved seg-
mentation accuracy, reduced boundary errors, enhanced
3D structural continuity, anatomical accuracy, and robust-

ness.

4. Conclusion and future work

This research proposes a Context-Aware 3D Attention
U-Net integrated with the Marine Predators Algorithm
(MPA) for accurate lumbar spinal segmentation and three-
dimensional reconstruction from low-contrast CT scans. By
combining optimized feature selection, attention mecha-
nisms, and advanced pre- and post-processing techniques,
the framework achieves robust performance under chal-
lenging imaging conditions such as low contrast, noise,
and structural variations. The Context-Aware 3D Atten-
tion U-Net enhances the segmentation process by learning
multi-scale spatial relationships and emphasizing clinically
relevant vertebral regions through attention mechanisms.
In addition, the hybrid loss function consisting of Dice, Fo-
cal, and Boundary losses improves the handling of class
imbalance and boundary delineation. The subsequent mor-
phological processing and connected-component filtering
refine the segmentation masks by removing isolated re-
gions, reducing noise, and preserving the continuity of
L1-L5 vertebral structures. Experimental results show sig-
nificant improvements over the baseline model, increas-
ing the Dice score from 0.925 to 0.951, IoU from 0.872 to
0.907, and improving Precision and Recall while reducing
the HD95 boundary error from 3.96 mm to 2.18 mm. The
model also maintains strong performance on low-contrast
images, and future work will focus on integrating MRI
data and developing real-time clinical tools for surgical
planning and evaluation.
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Table 4. Statistical Comparison Between Baseline and Proposed Model Metrics

Metric Baseline Mean Proposed Mean t-value p-value Significant (p < 0.05)
Dice Score 0.93 0.951 5.21 0.0003 Yes
IoU 0.87 0.907 4.87 0.0006 Yes
Precision 0.947 0.963 412 0.0011 Yes
Recall 0.915 0.944 4.45 0.0009 Yes
HD95 (mm) 3.28 2.18 5.78 0.0002 Yes
Surface Continuity 0.9 0.95 4.63 0.0007 Yes
Visual Smoothness 0.89 0.94 4.28 0.0009 Yes
Structural Integrity 0.88 0.93 451 0.0008 Yes

Table 5. Anatomical and Clinical Validation of Reconstructed Lumbar Spine

Validation measure Obtained Value
Surface continuity 0.952
Surface smoothness 0.941
Structural integrity 0.934
Anatomical continuity rate 96.10%
Mean vertebral centroid error 1.72 mm
Mean vertebral height error 1.84 mm
Mean vertebral width error 2.11 mm
Intervertebral distance error 1.96 mm
Mean surface-to-surface distance 1.87 mm
Vertebral identification accuracy (%) 97.3
Anatomical continuity (%) 96.1
Reconstruction success rate (%) 98.4
Clinical visualization acceptability (1-5) 472+£0.21
Vertebral morphology preservation (1-5) 4.65+0.24
Spinal alignment preservation (1-5) 4.61+0.27
Surface reconstruction quality (1-5) 4.68£0.23
Overall clinical usefulness (1-5) 4.69 £0.22
Expert agreement (Cohen’s x) 0.89

Table 6. Comparison of Lumbar Spine CT Segmentation Methods

Method Architecture Dice IoU Precision Recall HD95 (mm)
U-Net [16] 2D CNN 0.842 0.731 0.856 0.828 6.25
nnU-Net [17] Self-configuring 3D CNN 0.903 0.795 0.912 0.897 4.35
3D Multi-object CNN 3D CNN 0.921 0.854 0.934 0.914 3.02
VerFormer Transformer-based 0.928 0.866 0.941 0.919 2.87
Proposed Method Context + Attention + MPA  0.951 0.907 0.963 0.944 2.18

Table 7. External Dataset Validation
Dataset Evaluation Set Dice IoU Precision Recall HD95 (mm)

CTSpinelK Internal Test 0951 0.907 0.963 0.944 2.18
External Dataset External Test 0.934 0.879 0.951 0.928 2.74




Journal of Applied Science and Engineering 35 (2026) 26035070 9

Table 8. Experimental Validation of the Proposed
Context-Aware 3D Attention U-Net

Evaluation aspect Obtained Value
Internal test Dice 0.951
External validation Dice 0.934
Worst-case robustness Dice 0.918
Internal HD95 2.18 mm
External HD95 2.74 mm
Worst-case HD95 3.28 mm
Trainable parameters 18.7M
GPU memory 7.8 GB
Inference time/volume 0.84 s
Anatomical continuity 96.10%

4.1. Limitations
¢ The model may struggle with CT images that con-
tain high levels of noise and artifacts because these
elements disrupt its ability to accurately segment the

images.

¢ The model faces limitations in practical use because
its computational needs exceed what resource-limited
environments can provide.
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